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Foreword

Traffic crashes cause substantial physical, psychological and economic burdens
whenever they occur. While it is well known that there is an unequal distribution of this
burden across communities, less is known about factors that contribute to disparities or
practical ways for transportation professionals to address them. The AAA Foundation for
Traffic Safety commissioned this work to inform approaches aimed at achieving safer
mobility for all road users.

This report reviews the current state of knowledge on disparities in traffic safety across
multiple U.S. communities, explores the relative influence of different contributing
factors nationally and in four states, and collects perspectives from key stakeholders
regarding potential countermeasures. Recommendations consider the Safe System
approach to provide practical and evidence-based solutions to improve traffic safety.
This report should be of interest to transportation policy makers, researchers, advocates,
and practitioners interested in promoting safe mobility across all communities.

C.Y. David Yang, Ph.D.

President and Executive Director

AAA Foundation for Traffic Safety
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Executive Summary

Background

Road safety continues to pose a public health challenge in the United States, with
persistent disparities in crash outcomes across diverse demographic and geographic
groups. These disparities are influenced by a combination of historical developments in
transportation infrastructure, uneven resource allocation, and long-standing policy
decisions. In addition, sociodemographic factors such as gender, sex, age, race, and
socioeconomic status often interact in complex ways that may affect individuals’
exposure to risk and severity of injury in traffic crashes. Understanding these
relationships is critical for identifying at-risk populations and informing equitable
strategies that improve safety outcomes for all communities. Together, these components
provide a foundation for understanding where disparities exist, why they persist, and
how they can be addressed through targeted, equity-centered solutions.

This study examines and addresses disparities in traffic safety through three
primary objectives. It begins by identifying and analyzing differences in traffic safety
outcomes across various sociodemographic and socioeconomic groups. Next a
comprehensive quantitative analysis explores the interconnected sociodemographic,
infrastructural, and systemic factors that may contribute to these disparities. Finally, the
study develops targeted policy recommendations and solutions based on both interview
data and quantitative analysis, with the goal of promoting more comprehensive safety
outcomes. These proposed interventions may help reduce the most significant disparities
while also offering broader benefits to all road users.

Methods

The study framework consists of three main components: a review of existing
literature to establish context, a quantitative analysis to identify and measure disparities,
and a qualitative assessment that uses interviews to gain deeper insights and inform
policy recommendations. The quantitative and qualitative analyses are conducted at the
national level and in four states: Arizona, Maryland, North Carolina, and Oregon.

The literature review focused on studies examining crash disparities across
various sociodemographic and socioeconomic groups in the United States, primarily
covering the years 2019 to 2024, and was further divided into crashes involving motor
vehicles, pedestrians, and bicyclists. The quantitative analysis began by analyzing crash
rates nationally and within the four selected states, disaggregated by sex, age group, and
race for drivers, pedestrians, and bicyclists. Crashes were mapped to geographic
boundaries using an area-based method. To identify crash risks, double-bootstrap data
envelopment analysis and machine learning models were applied at the county level
nationwide and the census tract level in four selected states. Finally, interviews were
conducted with individuals from federal and state agencies, industry, and the academy



to explore underlying factors contributing to these disparities and possible policy
interventions.

Results

The study revealed significant variations in traffic safety outcomes across
demographic groups and geographic regions. Nationally, male fatality rates were
approximately 3.5 times higher than female rates per 100,000 population, with notable
state-by-state differences observed across the United States. American Indian and Alaska
Native (Native American) populations experienced the highest fatality rates among racial
groups, while Arizona consistently showed higher pedestrian and bicyclist fatality rates
across nearly all demographic categories compared to both national averages and other
benchmark states (Oregon, Maryland, and North Carolina).

Data envelopment analysis results indicated that crash risks and injury severity
patterns differ substantially by both demographic composition and geographic location.
While higher poverty rates were consistently associated with higher crash risks, other
variables such as racial characteristics differed across state- and national-level findings.
In Arizona, higher proportions of White, Black, and Hispanic residents were linked to
greater risks. In Maryland, risks rose with Black, Asian, Hispanic, and multiracial
populations, while White populations experienced safer outcomes. In Oregon, risks were
higher in areas with more White, Asian, Hispanic, and multiracial residents, but lower in
areas with higher Black and Pacific Islander residents. Machine learning analysis
confirmed that no single demographic group or community maintained consistently
higher or lower risk levels across all regions, with injury severity and crash-related costs
showing strong regional dependence.

Qualitative findings highlighted data limitations related to tribal communities and
emphasized the importance of community-centered engagement approaches. The
interview findings also revealed institutional biases toward motorist safety in
transportation planning practices, along with the compounded challenges faced by
lower-income communities. These populations frequently experience both deficient
transportation infrastructure and greater reliance on higher-risk transportation modes,
creating a dual disadvantage in traffic safety outcomes.

Conclusions

Data and interviews from this study reveal persistent, place-based disparities in
traffic safety, highlighting the complex interplay of demographic, geographic, and
socioeconomic factors that shape outcomes across population groups and regions. The
findings emphasize the need for community-tailored interventions that account for
localized risk patterns while addressing systemic challenges. By combining diverse
analytics and data-driven information with meaningful community engagement,
transportation agencies can develop more effective safety strategies that prioritize high-
risk populations and generate solutions that create safer outcomes for all road users.

X1



This study highlights the potential to move from traditional standardized
approaches toward more nuanced and targeted solutions, underscoring the importance
of sustained stakeholder collaboration, culturally responsive planning, and strategic
infrastructure investments in underserved communities with the greatest need. These
insights offer guidance for policymakers aiming to align equity objectives with practical
measures to improve safety for all road users, including through targeted infrastructure
investments, revised decision-making standards, and community-driven planning
approaches. The findings also underscore the need to identify and address gaps in data
that may obscure disparities or limit the effectiveness of safety interventions.
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Introduction

The landscape of surface transportation in the United States bears the enduring
imprint of historical inequities, which have shaped transportation infrastructure,
funding, education, and policies (Fry et al., 2020). These deeply-rooted disparities,
stemming from practices like redlining and policy biases, have fostered systemic and
intersectional inequalities across communities and demographic groups (Schell et al,,
2020). In 2023, 40,901 people were Kkilled in traffic crashes across the U.S. (National
Highway Traffic Safety Administration [NHTSA], 2024) and evidences indicate that
underserved communities are more prone to such crashes (Chimba et al., 2018). Due to
systematic and intersectional inequities and other contributing factors, traffic safety is
not experienced at similar levels across different communities and demographic groups
(Glassbrenner, 2022). Research looking into sociodemographic differences in crash injury
severity outcome is well documented with research showing crash risks differing by sex
(Ryan, Tainter, et al., 2022), age groups (Edwards & Leonard, 2022), race and ethnic
groups (Johnson et al., 2019), and socioeconomic status (Yocum & Gayah, 2022). In recent
years, more safety studies have also begun to include more extensive demographic
variables across different road user types in their analyses to ensure more equitable
designs and policies (Hurwitz et al., 2023). Research has also linked the built
environment to traffic safety (Merlin et al., 2020), highlighting the need for a
comprehensive understanding of how exposure intersects with sociodemographic
factors. Different population groups often reside in areas with distinct built
environments that shape their exposure to crash risks (Ulak et al., 2025).

The observed disparities in crash outcomes stem from the complex interplay of
multiple interconnected factors. Key determinants include sociodemographic
characteristics, racial and ethnic disparities, behavioral differences across population
groups, and socioeconomic inequalities. These inequities are further compounded by
intersecting variables such as age, educational attainment, geographic location, gender
identity, disability status, and cultural background (Anderson & Galaskiewicz, 2021;
Holler et al., 2021; Morris et al., 2020; Smith et al., 2021). A comprehensive analytical
approach that examines how key demographic factors including gender, sex, age, race,
and socioeconomic status impacts crash occurrence and injury severity is essential for
understanding how sociodemographic characteristics influence traffic safety risks
(Babaei et al., 2022). This multidimensional perspective is particularly important because
single-factor analyses often fail to capture the complex ways these characteristics
intersect to affect traffic safety. By considering how these elements interact,
transportation professionals can better identify vulnerable populations and develop
more targeted safety interventions that can in turn benefit all individuals and
communities.



This study develops and demonstrates an integrated framework to examine the
influence of sociodemographic factors on traffic safety outcomes through multiple
analytical approaches. Statistical significance testing analyzes crash rate disparities
across sex, race, and age groups. Data envelopment analysis (Simar & Wilson, 2007) is
applied to evaluate how sociodemographic and socioeconomic factors affect crash risk
while accounting for exposure through road mileage and population size. Machine
learning models are used to identify correlations between sociodemographic
characteristics and both injury severity outcomes and associated costs at census tract
and county levels. Following, interviews with transportation agency officials and
organizational representatives investigate the policy implications of these disparities and
how equity considerations are incorporated into transportation planning and safety
interventions.

Research Objectives

This study systematically examines and addresses equity disparities in traffic
safety through three key objectives:

1. Characterize Traffic Safety Disparities: Identify and analyze inequities in
traffic safety outcomes across racial, ethnic, educational, socioeconomic, and
demographic dimensions including race, age groups, gender, sex, and
geographic region. This objective seeks to answer the core question: What
traffic safety disparities are experienced by different groups of people?

2. Determine Contributing Factors: Investigate the intersecting
sociodemographic, infrastructural, and systemic factors that drive observed
disparities, recognizing that identity groups are multidimensional and
overlapping. This objective seeks to answer the core question: What factors
explain these disparities and how do they interact across subgroups?

3. Identify Targeted Solutions: Propose solutions and policy changes obtained
from interviews and quantitative findings to advance equitable safety
outcomes. This objective seeks to answer the core question: What policies or
interventions can reduce the largest disparities?

These three objectives integrate quantitative analysis of disparities, qualitative
investigation of contributing factors, and the development of targeted, actionable
solutions to address traffic safety inequities in a comprehensive and evidence-driven
manner. The policies and interventions are designed to benefit not only the identified
target populations but also the broader community. By focusing on solutions that
improve safety for the most vulnerable groups, these efforts ensure that positive impacts
extend across the entire population.



Research Scope

This study focuses exclusively on physical safety outcomes in surface
transportation, analyzing crash frequency and severity. The investigation is limited to
these measurable safety metrics and does not address other safety-related factors such as
personal security or harassment. Additionally, while the research examines
sociodemographic disparities in crash outcomes, it does not evaluate broader
transportation equity dimensions such as accessibility, affordability, or mobility justice.

Terminologies

Transportation equity and social justice generally refer to the fair distribution of
the benefits and burdens of transportation systems across different populations and
geographies, with a central concern for how access, mobility, and negative externalities
are experienced by different marginalized communities (Karner & Niemeier, 2013;
Pereira et al., 2017). It involves questions of “equity of what,” “for whom,” and “how
much,” with access to opportunities often identified as the core benefit (Karner et al.,
2020). In this research, equity is defined as a condition in which crash-related risks,
including injury severity and crash occurrence, do not differ across sociodemographic
groups or communities. Throughout this document, terminology used to describe racial
and ethnic groups reflects common usage in research and official reporting. Because
different agencies and organizations use varying terms in their data, some labels are
used interchangeably in this report to refer to the same population groups. For example,
“Black” and “African American,” “Hispanic” and “Latino/a,” and “American Indian or
Alaska Native” and “Native American” are used interchangeably; however, for the sake
of clarity, the labels used in this report have been standardized to Black, Hispanic, and
Native American.



Literature Review

A systematic literature review was conducted to examine the influence of social
equity factors, which included gender, sex, age, race, ethnicity, socioeconomic status, and
other impacting factors, including infrastructure and geography, on road safety.
Searches were carried out in Scopus, ScienceDirect, Taylor & Francis, and Transport
Research International Documentation (TRID), following Transportation Research Board
(TRB) recommendations (Avni et al., 2015) and Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) reporting guidelines (Page et al., 2021). The search
of literature was confined to U.S.-based studies published between 2019 and 2024
focused on aspects of transportation safety related to crashes and excluded other
transportation safety concerns such as harassment or comfort. Additional literature
sources were identified through the snowballing method, where articles cited within the
initially selected studies were systematically reviewed to uncover relevant references.
After screening and removing duplicates, a total of 353 studies were selected for review,
out of an initial pool of 454, based on their alignment with the core concept of equity in
transportation safety.

The literature review identified articles across three modes: motor vehicles,
pedestrians, and bicycles/motorcycles, and across six factors: gender and sex, race and
ethnicity, age, socioeconomic status, infrastructure, and geography. The following
subsections summarize the key findings from the literature review, highlighting the
relevant studies and insights.

Motor Vehicles

Existing literature has extensively explored disparities in injury rates and severity
across genders and sexes. While sex (biological attributes) and gender (sociocultural
roles) are distinct concepts, many studies conflate the two, primarily analyzing
differences between male and female populations without accounting for gender-related
influences, nor specifying in the data which factor the authors are referring to. As a
result, it remains challenging to disentangle the effects of biological sex from gender-
related influences in these analyses, limiting one’s ability to accurately assess disparities.
Therefore, this distinction is not addressed separately in this review.

Empirical evidence suggests a higher incidence of severe and fatal injuries among
males relative to females. Additionally, males tend to be overrepresented in crash-
related incidents compared to their female counterparts. Nickkar et al. (2024) found that
the likelihood of severe injuries was higher among male drivers, and this risk increased
further with age. Jashami et al. (2023) examined contributing factors to right-turn
crashes at signalized intersections using five years of Oregon crash data and findings
revealed that male drivers exhibited a significantly higher risk of severe crashes when
executing right turns at signalized intersections.
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Other studies have identified that females have a higher risk for crash occurrence
and injury severity outcome in similar crash conditions (Ryan, Tainter, et al., 2022).
However, this is crash-type dependent in some cases; for example, while female drivers
show higher involvement in single-vehicle run-off-road crashes compared to males, they
experience lower rates of fatal/severe injuries in such events (Duddu et al., 2020).
Longitudinal analysis of 1975-2010 crash data revealed that females sustain greater
injury severity in crashes of equivalent magnitude (Kahane, 2013). Ryan, Tainter, et al.
(2022) identified distinct injury patterns between sexes in comparable crashes, with
female drivers more frequently sustaining abdominal, chest, neck, and lower extremity
injuries, while male drivers more often had no injury or general/back injuries. Ryan and
Knodler (2022) further found these patterns held for angle and rear-end crashes, with
females consistently less likely to avoid injury regardless of airbag deployment. Although
airbags reduced injuries for both sexes, females remained at greater risk of injury than
males in equivalent crash scenarios.

Concerning racial disparities, Haggerty et al. (2021) found that Black residents in
Multnomah County, Oregon, experienced nearly double the traffic fatality rate of White
residents from 2013 to 2017. Johnson et al. (2019) determined that in comparison to all
other races, people who are White were less likely to be involved in motor vehicle
crashes. Haddad et al. (2024) reported that Black individuals had a lower risk of
potential, non-incapacitating, and serious injury crashes than White people.
Discrepancies in crash race reporting were evident in Lombardi and colleague’s (2022)
analysis, which revealed greater representation of Black and Hispanic individuals in
hospital records compared to crash reports (36.7% vs. 46.0% White representation).
Dumbaugh et al. (2020) observed racial differences in crash risk primarily in lower-
income areas, with disparities diminishing in wealthier neighborhoods. Patwary et al.
(2024) likewise explored the connection between traffic safety and disadvantaged
communities and found that a higher proportion of Black and Native American
individuals were linked to a greater frequency of fatal crashes compared to other groups.

In analyzing injury severity across age groups, minors (generally under 18 years
of age), and seniors (generally 65 years of age or older) exhibited a higher propensity for
experiencing severe crash outcomes compared to those between these age groups.
Individuals at the lower end of the minor age range, aged 15 to 17, reported the highest
rate of crash involvement (Edwards & Leonard, 2022). While younger drivers exhibited
elevated crash rates, those aged 20 and below demonstrated a reduced likelihood of
severe injury or fatality crashes, whereas individuals aged 75 and older showed an
increased likelihood of such severe outcomes (Yocum & Gayah, 2022). In studies relating
age groups and crash hotspots, the minor age group exhibited fewer identified hotspots
compared to other age groups, with most occurrences observed during midday off-peak
hours. Yet, they still demonstrated a higher probability of crash involvement compared
to the mid-aged group (Kocatepe et al., 2019; Mafi et al., 2019). Concerning the mid-aged
group, the largest number of hotspots also occurred during mid-day off-peak hours (Mafi



et al., 2019). Conversely, the senior age group showed fewer hotspots than the mid-aged
group, yet it experienced a higher frequency of severe injury crashes during daytime
hours (Kocatepe et al., 2019; Mafi et al., 2019).

Research demonstrates a clear association between socioeconomic factors and
motor vehicle crash outcomes. Gu et al. (2022) discovered that the median household
income of drivers’ domiciles significantly impacts the likelihood of at-fault crashes in
interchange crashes. Liu et al. (2024) identified spatial correlations between contributing
elements such as demographics, traffic exposure, road attributes, and crash rates and
observed that areas characterized by a higher number of low-income workers, increased
employment, greater household diversity, and a higher percentage of households
without cars generally exhibit higher frequencies of crashes. Yocum et al. (2022) found
that Pennsylvania counties with lower socioeconomic status (higher
poverty/unemployment) experienced more fatal and injury crashes than wealthier
counties. Additionally, Okaidjah et al. (2023) observed that median income serves as a
socioeconomic factor associated with an increase in the frequency of intersection
crashes. Concerning poverty rates, Roberts et al. (2021) found that higher poverty rates
were significantly linked to an increased frequency of crashes among participants
during the first 12 months after obtaining their license.

Pedestrians

Studies have also investigated variations in pedestrian crash involvement and
injury severity across sociodemographic and socioeconomic groups. Study results have
identified elevated risks for male pedestrians, particularly in unlit non-intersection areas
during weekend nights (Hossain, Sun, Thapa, et al., 2023) and among distracted middle-
aged male pedestrians on poorly-lit road segments (Hossain et al., 2024). Their work also
established higher overall pedestrian crash involvement rates for males at both crossings
and mid-block locations. Li and Fan (2022) further quantified these differences, finding
males had a 60.4% greater likelihood of sustaining incapacitating injuries despite lower
fatality rates compared to females. In another study, the results indicated that young
female pedestrians (15-24 years) walking against traffic flow were associated with more
severe pedestrian crashes (Hossain, Sun, Zafri, and Codjoe, 2023).

Raifman and Choma (2022) analyzed racial and ethnic disparities in traffic fatality
rates using exposure adjusted metrics based on person-miles traveled. They found that
fatality rates while walking were more than twice as high for Black individuals
compared to White individuals, with Hispanic individuals also experiencing elevated
rates. These disparities persisted across modes but were especially severe in vulnerable
modes such as walking and cycling. Yu et al. (2022) demonstrated that areas with higher
proportions of Black, Indigenous, and People of Color (BIPOC) and low-income residents
experience significantly greater numbers of pedestrian—vehicle crashes, particularly
fatal and injurious ones, with no statistically significant variations in no-injury crashes.



Dumbaugh et al. (2024) observed that pedestrian crashes in Black neighborhoods exhibit
the highest rates of fatality and injury outcomes, irrespective of affluence. Furthermore,
Glassbrenner (2022) found Asian pedestrians accounted for 29% of fatalities while
walking 50% more than White pedestrians, with Hispanic individuals showing similar
fatality rates to White individuals despite 30% more walking. Edwards and Leonard
(2022) highlighted disparities in pedestrian crash victims, noting that White seniors were
significantly overrepresented as victims in pedestrian and bicycle crashes; although
White individuals comprised approximately 47% of overall cases, they accounted for
more than 57% of crashes involving seniors. Similarly, Black individuals were identified
as overrepresented among pedestrian and bicycling crash victims.

Empirical evidence suggests that age plays a factor in injury severity with younger
(less than 26 years of age) and middle-aged (26 to 65 years of age) pedestrians having a
significantly lower risk of crashes than those in the older age group (Kakhani et al.,
2024). Older adults were shown to experience more severe injuries in pedestrian crashes,
with studies indicating that crash severity increases with age. The elevated risk of
serious injuries or fatal outcomes was especially noted among 55+ groups (Kakhani et al.,
2024). Children’s pedestrian safety was also identified as a significant concern,
underscored by the tragic statistic of 922 children aged 7-12 killed in pedestrian crashes
between 2012 and 2021 (Schwebel et al., 2024).

Regarding crash severity and outcome differences across socioeconomic groups,
Zhu et al. (2023) conducted a comprehensive analysis coupling the driver and
pedestrian/bicyclist involved in the same incident to gain deeper insights into the
socioeconomic and demographic characteristics of both parties, alongside the
geographical distribution of these crashes and contributing factors. Their findings
revealed that crashes involving low-income drivers and BIPOC victims were more likely
to occur in areas with increased pedestrian/bicyclist exposure, higher speed limits, and
wider roads. Younes et al. (2023) explored the association between minority and low-
income communities and non-motorist crashes, uncovering a disproportionate
occurrence of non-motorist crashes in these populations. Additionally, Tokey et al. (2023)
identified urban areas, regions with low median incomes, fewer seniors, and a higher
mix of Black, White, and Hispanic residents as significantly linked to increased
occurrences of non-motorist crashes. Soto et al. (2022) revealed a strong correlation
between the proportion of individuals earning less than $30,000 annually and the
prevalence of households without a vehicle with pedestrian crashes. Moreover, they
noted that an increase in the fraction of households without a vehicle corresponded to a
rise in the likelihood of pedestrian crashes. Another study by Haule et al. (2019) observed
that individuals in low-income areas were more likely to experience crashes at greater
distances from their residences. Additionally, they found that higher residential property
values were linked to a lower probability of elderly pedestrian crashes occurring close to
home. Lastly, Guerra et al. (2020) examined the association between pedestrian crashes
and neighborhood socioeconomic status, finding increased pedestrian crashes in



neighborhoods with lower socioeconomic status and a higher proportion of Black
residents during both weekdays and weekends.

Bicycles and Motorcycles

Studies highlight significant differences in bicycle and motorcycle crash outcomes
across sociodemographic groups. Lu et al. (2022) found that male and alcohol-impaired
drivers cause more severe cyclist injuries, while Dong et al. (2019) found that male non-
motorists, compared to female non-motorists, were significantly more likely to
experience higher injury severity in pedestrian-involved crashes. However, this gender
difference was not statistically significant in bicyclist-involved crashes, suggesting that
the effect of gender on injury severity is more evident among pedestrians than cyclists.
Shah et al. (2021) reported higher male involvement in cyclist-vehicle crashes, while
finding that females were more involved in e-scooter crashes. Males generally face
greater risks of fatal or minor cycling injuries (Lin & Fan, 2021b, 2021a), though the same
studies also found that male cyclists were 21.21% less likely than female cyclists to
experience possible injuries at non-intersection locations, potentially due to differences
in physical condition, reaction time, and riding behavior between genders. Motorcycle
literature revealed male dominance in fatalities and spine injuries (Allen et al., 2022).
Conversely, some studies have indicated that female cyclists exhibit higher serious injury
rates in traffic crashes (Alnawmasi & Mannering, 2023; Liu et al., 2020, 2021), with
female e-bike riders more prone to braking failures due to hand positioning (Chai et al,,
2022). Das et al. (2023) observed that male cyclists more frequently are left uninjured.

Analyzing racial disparities, Dadashova et al. (2022) analyzed crash data from
2010 to 2017 to examine how equity-related factors relate to bicycle crash outcomes.
They found that block groups with a higher percentage of Black residents experienced
increases in both fatal/injury and property damage only bicycle crashes, with fatal/injury
crashes increasing by 1.2% and property damage only crashes by 1.1% per unit increase
in the Black population. This suggests a slightly stronger link between Black population
concentration and more severe crash outcomes. Glassbrenner et al. (2022) observed that
while Asian cyclists had higher cycling rates than Black, Hispanic, and Native American
individuals, they exhibited the lowest traffic fatality rate per 100 million miles cycled
among all race and ethnicity groups. Additionally, Das et al. (2023) found that White
bicyclists had an increased risk of minor injuries but decreased likelihood of severe and
no injury outcomes. Furthermore, Hosseini et al. (2022) analyzed cyclist injury outcomes
in California using yearly models from 2012 to 2017, identifying consistent racial and
ethnic disparities. Black cyclists were associated with a reduced likelihood of
experiencing no injuries in most annual models (2013, 2014, 2015, 2016, and the pooled
2012-2017 model). Hispanic cyclists were linked to an increased likelihood of sustaining
severe injuries in the 2015 and 2016 models. White cyclists were also associated with a
lower probability of experiencing no injuries in multiple models (2012, 2014, 2015, 2017,
and the pooled model). Meanwhile, Braun et al. (2021) found that White and Asian
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bicyclists were associated with lower fatality risk, while Hispanic individuals were
associated with higher fatality risk.

Research consistently demonstrates that socioeconomic factors significantly
influence bicycle and pedestrian crash risks. Dadashova et al. (2022) revealed that the
frequency and severity of bicyclist crashes were higher in low-income and racially
diverse communities. Younes et al. (2023) identified that cyclists involved in crashes in
impoverished areas face an elevated risk of fatality, indicating a stark disparity in safety
outcomes based on economic circumstances. Adding depth to the discussion, Mahmoud
et al. (2021) highlighted how the increase in the proportion of the population below the
poverty line contributes to more vulnerable users on the road, leading to increased
bicycle crashes. Expanding on these insights, Gehrke et al. (2023) found a correlation
between a rise in the percentage of households earning less than $75,000 annually and a
higher probability of bicycle-related crashes within certain geographical areas.
Mahmoudi et al. (2023) observed a correlation between increased pedestrian and bicycle
crashes at intersections and a higher proportion of low-wage workers and households
lacking access to private vehicles within the census block group. Their findings suggest
that reliance on alternative transportation modes may amplify crash risks, leading to a
heightened incidence of pedestrian and bicycle crashes at intersections. Lee et al. (2020)
discovered that a higher percentage of households below the poverty line correlates with
an increased probability of bicycle fatal crashes, particularly in models incorporating
bicycle miles and bike hours. Contrarily, in models integrating bicycle miles and hours,
the fraction of households below the poverty line exhibited a favorable effect on other
crash rates, indicating a complex relationship between poverty and crash outcomes.
Rebentisch et al. (2019) noted the highest pedestrian/bike collision rates in the poorest
New York City boroughs (excluding Manhattan) and disparities in protected bike lane
installations, which were least likely in wealthier areas.

Summary of Literature Review

The comprehensive literature review presented here sheds light on the intricate
relationship between social equity factors and road safety outcomes in the United States.
Through rigorous analysis of research spanning multiple dimensions of equity, the
literature review identifies significant disparities and underlying determinants
influencing transportation safety. Research shows clear disparities in motor vehicle,
pedestrian, bicycle, and motorcycle crash involvement and severity across sex, race, age,
and socioeconomic status. Males generally face higher risk across all modes, though
females sometimes experience more severe outcomes. Racial and ethnic minorities
particularly Black, Hispanic, and Native American populations are consistently
overrepresented in crash data. Low-income and disadvantaged communities also exhibit
significantly higher crash rates and injury severity. Age plays a key role, with older
adults more susceptible to severe outcomes and younger age group identified as a
particularly vulnerable group.



The existing literature on road safety equity presents several limitations that
hinder a comprehensive understanding of disparities. A primary concern is the frequent
conflation of biological sex and sociocultural gender in crash analyses. Most studies do
not distinguish between these concepts, making it difficult to identify whether observed
differences are due to physiological factors or socially influenced behaviors. This lack of
clarity limits the development of targeted interventions.

Research also often overlooks the complex interactions between exposure,
infrastructure, and sociodemographic characteristics. While disparities in crash
outcomes are well-documented, few studies explore how these factors mediate safety
outcomes relative to actual exposure and infrastructure. As a result, it remains unclear
whether certain communities face higher crash burdens due to elevated risk or systemic
inequities in the built environment. Spatial analysis within the field remains
inconsistent. Studies tend to focus either on large-scale regions or highly localized areas,
with limited integration across scales. This fragmented approach limits the ability to
generalize findings or conduct meaningful cross-jurisdictional comparisons.
Additionally, there is a notable absence of longitudinal research that tracks how safety
risks change over time, especially in response to policy or infrastructure changes
affecting vulnerable populations.

Methodologically, the field is reliant on quantitative approaches, which often
overlook the contextual and lived experiences influencing safety outcomes. Few studies
incorporate qualitative insights to enrich or validate statistical findings. Moreover,
evaluations of whether safety interventions benefit all demographic groups equitably
are rare, leaving decision-makers with limited guidance for equitable policy design.
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Selected Literature Review Findings

Motor Vehicles

Males: Higher severe/fatal crash rates.

Females: More severe injuries in similar crashes (e.g., neck/abdominal vs. male back injuries).
Race: Black individuals face higher fatality rates; disparities worsen in low-income areas.
Age: Minors (15-17) and seniors (65+) at highest risk.

SES: Lowerincome = more crashes.

Pedestrians

Males: More nighttime crashes.

Seniors/kids: Higher fatal injury risk.

Race: Black/Hispanic pedestrians face two times higher fatality rates than White pedestrians.
SES: Low-income areas have more deadly crashes, often on high-speed roads.

Bicycles & Motorcycles

Males: More fatalities.

Females: Higher severe injury risk in e-bike crashes.

Race: Black/Hispanic cyclists more likely to sustain severe injuries.
SES: Poorer areas = more frequent/severe cyclist crashes.
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Methodology

The next component of this study conducted a quantitative analysis integrating
equity and safety metrics to characterize traffic safety disparities and to examine
contributing factors. This was complemented by expert interviews to contextualize the
findings and to identify targeted recommendations.

Quantitative Analysis

The quantitative analysis comprised four distinct components. First, crash rates
were analyzed across sex, age, and race for drivers, pedestrians, and bicyclists. Second,
chi-square tests were employed to examine whether injury severity varied substantially
across sex and age groups. Not all case study states collected race information in state
crash databases, therefore analyses did not examine injury severity by race. Third, a
double bootstrapping data envelopment analysis model was implemented using road
miles and population as inputs. Lastly, two types of machine learning models were
developed: one to identify sociodemographic and socioeconomic factors associated with
higher injury severity, and another to examine the factors linked to higher crash costs at
the county and census tract levels.

Study Area and Datasets

This study employed a multi-level geographic approach, conducting analyses at
both national and state levels. Nationally, the research examined patterns across U.S.
counties, while state-level investigations focused on census tract analyses within four
representative states: Arizona, Maryland, North Carolina, and Oregon. Numerous
datasets were explored and analyzed for which results are presented in the main text of
this report and appendices. Table 1 represents the different datasets used in this study.
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Table 1: Datasets used in the study.

Dataset Type Dataset Name US | AZ | MD | NC | OR
Fatality Analysis Reporting System (FARS) v
Arizona Crash Information System (ACIS) v
Crash Maryland Crash Data v
Oregon Crash Data v
North Carolina Crash Data v
Infrastructure | CENSUS TIGER/Line Shapefile vV oV VoY
American Community Survey (ACS) vV |V VoY
Demographics | LEHD Origin-Destination Employment Statistics VoYY VoY
Social Vulnerability Indes VoI v v v
Stop Stanford Open Policing vV 4
Health National Emergency Medical Services Information System v

(NEMSIS)

v'Used in primary analysis
v"Used in supplementary analyses (in Appendices)

Crash Assignment

To accurately account for crashes occurring near the edges of census tracts, a
spatial weighting approach was developed. Census tract boundaries were obtained from
the TIGER (Topologically Integrated Geographic Encoding and Referencing) Line
Shapefiles, a digital database of geographic features developed and maintained by the
U.S. Census Bureau. These were converted into polylines using the “Polygon to Line” tool
in ArcGIS. Crash data containing geographic coordinates was imported and spatially
evaluated to determine each crash’s proximity to tract and county boundaries. Crashes
were classified as either boundary or interior based on their distance from the boundary
lines (Siddiqui & Abdel-Aty, 2012). To determine a suitable buffer threshold for this
classification, the “Generate Near Table” tool in ArcGIS was used to calculate distances
from crashes to the nearest tract boundaries. These distances were analyzed by plotting
cumulative distributions at 50-foot intervals. The buffer threshold was selected at the
point where the curve leveled off, indicating diminishing returns in additional crash
coverage.

Using the selected buffer distance, crash buffers were created and intersected
with surrounding census tracts or counties to calculate area-based weights. Crashes that
overlapped multiple boundaries were assigned proportional weights based on the
percentage of the buffer area within each geographic unit. This allowed for a more
accurate representation of crash influence across community boundaries and is referred
to in this study as the “Area Method.” Interior crashes that did not fall near boundaries
were assigned fully to the tract or county in which they occurred as seen in Figure 1.
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Figure 1: Boundary and interior crashes as determined using the area method

Data Envelopment Analysis

This study employs Data Envelopment Analysis (DEA) to assess the relative
efficiency of different geographic areas in managing crash severity and occurrence
relative to their exposure levels, as measured by roadway length or population size. DEA
benchmarks each area against the most efficient peers to identify those achieving better
safety outcomes, meaning fewer or less severe crashes than expected based on their
infrastructure or population. For illustration, this concept can be compared to evaluating
the performance of grocery stores. Consider one large store with many employees and
significant space that generates only modest profit, and a smaller store with fewer
employees and limited space that achieves higher profit. DEA would identify the smaller
store as more efficient because it produces better outcomes relative to its resources.
Similarly, in this study, a geographic area with extensive roadway networks or a large
population that nonetheless maintains relatively low crash rates is considered more
efficient in promoting road safety. To deepen the analysis, a two-stage DEA approach is
used, which incorporates intermediate variables such as sociodemographic and
socioeconomic factors. These intermediate variables help explain how community
characteristics influence safety efficiency, allowing for a more comprehensive
assessment that accounts for underlying social and economic differences. This
methodology provides a clearer understanding of transportation safety performance and
helps target areas where improvements are most needed.
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DEA is a non-parametric, linear programming-based method used to evaluate the
relative efficiency of decision-making units (DMUs) that utilize multiple inputs to
produce multiple outputs. For example, in the context of grocery stores, each store can
be viewed as a DMU, with inputs such as employees and floor space compared against
outputs like profit to determine efficiency. In this study, census tracts (in state level
analyses) and counties (in national analyses) serve as the DMUs, where inputs include
roadway length or population and outputs are represented by safety outcomes such as
crash frequency and severity. Developed by Charnes et al. (1978), DEA differs from
conventional statistical methods by eliminating the need for predefined assumptions
about production relationships. Rather than imposing a specific functional form, DEA
empirically constructs an efficiency frontier based on the most productive DMUs. All
other units are then evaluated relative to this benchmark, with their efficiency measured
by the distance from this optimal frontier.

This study utilizes a two-stage bootstrap DEA approach (Simar & Wilson, 2007)
that builds upon but differs from both the original DEA model framework (Charnes et al.,
1978) and standard two-stage DEA methods. Traditional DEA models focus exclusively on
direct inputs and outputs, while the two-step DEA models incorporate intermediate
factors. These intermediate factors represent important system influences that are
neither direct inputs nor outputs but can pointedly affect results if omitted. In our
analysis, these intermediate factors consist of demographic characteristics at the census
tract and county levels. The two-stage DEA methodology involves an initial optimization
process where inputs and outputs are evaluated to generate efficiency scores,
representing the relative performance of DMUs in terms of either maximizing outputs
given inputs or minimizing inputs for given outputs. In the subsequent stage, these
efficiency scores are analyzed in relation to intermediate variables through regression
techniques.

The double bootstrap DEA approach developed by Simar and Wilson (2007)
addresses critical limitations in conventional two-stage DEA analysis by providing
statistically valid estimates of how intermediate factors influence efficiency scores. This
method offers three principal advantages for empirical research: first, it explicitly
incorporates contextual variables like demographic factors as intermediate inputs in the
efficiency analysis; second, it employs bootstrapping techniques to correct for inherent
biases in DEA efficiency estimates; and third, it produces more reliable statistical
inferences than traditional DEA models. Error! Reference source not found. presents
the DEA framework used in this study.
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Figure 2: Presentation of the data envelopment analysis framework used in this study

Input. This study implemented two distinct DEA model types to evaluate road
safety efficiencies. The first model utilizes total roadway miles within each geographic
unit as its primary input variable. This approach specifically examines infrastructure-
based exposure to crash risks, recognizing that longer road networks typically support
greater traffic volumes and consequently present increased opportunities for crashes to

occur.

The second DEA model employed population counts within each geographic unit
as its key input variable. This population-based approach captures demographic
exposure to crash risks, acknowledging that areas with higher population experience
greater vehicle and pedestrian activity, leading to higher crash probabilities.

Intermediate Factors. The analysis incorporated a set of sociodemographic and
economic variables as intermediate factors to examine how community characteristics
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influence the relationship between crash exposure and safety outcomes. These variables
capture two critical dimensions: sociodemographic representation and socioeconomic
status. Racial and ethnic composition measures include percentages of White, Black,
Native American, Asian, Pacific Islander, other races, and multiracial populations, along
with the proportion of Hispanic residents. Educational attainment, poverty rate, and
unemployment rate were added as socioeconomic factors. These intermediate factors
help control unobserved heterogeneity across geographic units, ensuring that efficiency
estimates more accurately reflect actual safety performance rather than being
confounded by underlying demographic or economic differences.

Output. The number of crashes weighted according to the area method for each
geographical area was the output. This weighted crash frequency for each geographical
unit was further weighted according to the Equivalent Property Damage Only method
(Ryan et al., 2021). This approach standardizes different crash severity types into a single
comparable metric. Each fatal, injury, or possible injury crash was assigned a weight of
21, while property damage only crashes received a weight of 1. This method was adapted
from the original cost method developed by Federal Highway Administration (FHWA)
(Harmon et al., 2018). Compared to the cost method, the 21/1 weighting method allows
for a more realistic and balanced consideration of injury crashes compared with fatal
outcomes. The cost method, on the other hand, very heavily weights fatal outcomes
compared to injury crashes, which leads to a phenomenon of “chasing fatal crashes,”
even when these are rare events. Furthermore, injury crashes can often almost result in
a fatal outcome; one minor variable (such ambulance arrival time) could make all the
difference. Thus, this weighting scheme has been shown to produce more robust safety
models compared to the cost method, or considering all crash types evenly (Ryan, Ai, et
al., 2022; Massachusetts Department of Transportation, n.d.).

Since crashes represent undesirable outcomes, higher crash frequencies indicate
poorer safety performance. However, DEA conventionally interprets larger output values
as indicators of better performance. To align with this methodological assumption, the
Equivalent Property Damage Only values were transformed by calculating their
reciprocals. This transformation effectively inverts the scale, such that higher
transformed values correspond to better safety outcomes, consistent with DEA’s
evaluation framework. To accommodate geographic areas with zero crashes, where the
reciprocal is undefined, a small positive constant (0.01) was added to these cases. This
adjustment preserves all observations for analysis while ensuring computational
feasibility.
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Machine Learning and SHAP Interpretation

The two-stage DEA provided insight into how community characteristics influence
roadway safety efficiency; however, the DEA approach does not provide a complete
picture because it relies on aggregate exposure measures such as roadway length and
population. To complement DEA analyses and more directly examine the factors
contributing to crash outcomes, a machine learning modeling framework was further
considered. This study applied a machine learning framework combined with SHAP
(SHapley Additive exPlanations) analysis to investigate equity-related disparities in
traffic safety outcomes. The aim was to identify and interpret the factors that contribute
to differences in crash severity and fatality frequency across sociodemographic groups.
Machine learning refers to a subset of artificial intelligence methods that utilize
algorithms to iteratively learn complex, nonlinear relationships within high-dimensional
datasets, enabling modeling without relying on pre-specified parametric assumptions. By
leveraging this data-driven approach, the models can capture intricate interactions
among a diverse set of explanatory variables, including detailed sociodemographic
indicators such as age distribution, racial composition, educational attainment,
unemployment rates, and poverty levels. Two types of models were developed: injury
severity models and crash cost models.

The injury severity analysis employed machine learning techniques to analyze
high severity crash injury outcomes, with model interpretation conducted through SHAP
analysis. Crash records were spatially assigned to their corresponding census tracts for
state-level models and to counties for the national-level model. Each geocoded crash
record was then enriched with sociodemographic characteristics from the U.S. Census
Bureau’s American Community Survey data, based on its assigned geographic unit. After
evaluating multiple machine learning approaches, the XGBoost algorithm demonstrated
superior predictive performance, particularly in recall metrics, and was consequently
selected for the final SHAP interpretation. The modeling framework treated each
individual crash as a distinct observation in the dataset, with the injury severity outcome
serving as the target variable and the sociodemographic factors as predictors.

The crash cost analysis employed a standardized costing methodology to quantify
the economic impact of traffic crashes across different geographic areas. Following
FHWA guidelines (Harmon et al., 2018), injury and property damage costs were
calculated for each census tract (state-level analysis) and county (national-level analysis).
The original 2016-dollar values from FHWA were adjusted to 2018-2022 equivalents
using inflation rates derived from the Bureau of Labor Statistics Consumer Price Index.
For each geographic unit, total crash costs were computed by aggregating all applicable
injury and property damage expenses associated with reported crashes. These cost
estimates served as the target variable for subsequent predictive modeling. Machine
learning algorithms analyzed relationships between these economic outcomes and
various sociodemographic indicators, with SHAP values subsequently applied to
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interpret the models and identify the most influential factors contributing to higher
crash-related expenses. The modeling framework treated each geographic unit (census
tract or county) as an individual observation, with total crash costs as the dependent
variable and community characteristics as predictors. The XGBoost Regressor model was
used as this model had the lowest root mean squared error amongst all models, and
hence ensured high precision compared to all other models.

Qualitative Analysis

This study further employed a qualitative research approach using primary and
probe-based question interviews to examine the systemic factors that contribute to
traffic safety disparities and explore how transportation agencies integrate equity
considerations into their policies and practices. The methodology was designed to
complement the quantitative DEA analysis by capturing expert perspectives on the
underlying causes of inequities and current approaches to addressing them.

A series of questions were created to form a semi-structured interview. The
questions focused on four core discussion topics, which included the following:

1. Data Collection and Analysis: How agencies gather and utilize demographic
and crash data to identify disparities

2. Investment and Prioritization: The role of equity metrics in funding
decisions and infrastructure improvements

3. Policy Implications: Challenges and opportunities in addressing inequities
through legislation, enforcement, and community engagement

4. Validation of Findings: Professional interpretations of the study’s results,
including unexpected trends or gaps in existing data

Based on the findings of the quantitative analysis, interview questions were
tailored for each case study state and to capture a national perspective. For an indicative
list of interview questions, see Appendix A. The interview was approved by the
University of Arizona Institutional Review Board and outreach to potential participants
occurred in March and April of 2025.

Participant selection followed a purposive sampling strategy to capture
specialized knowledge from key stakeholders in the field. The recruitment pool was
strategically categorized to capture both state-specific and national perspectives on
transportation safety equity. Representatives from the four focus states (Arizona,
Maryland, North Carolina, and Oregon) provided targeted insights into their respective
states’ unique safety trends, data collection practices, and policy responses to identified
inequities. Complementing these state-level perspectives, federal agency representatives
and experts from other regions (including Washington, DC) contributed broader
understandings of nationwide patterns, funding allocation mechanisms, and systemic
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barriers impacting equitable safety outcomes across the United States. Interviews were
conducted until data saturation, when interviews no longer provided new insights.

The prospective participants were contacted via email in which a meeting was
requested, additional information regarding the nature of the project was provided, and
a statement as to why the individual was being contacted was included. Interviews were
arranged at mutually convenient times. Figure 3 displays an overview of the distribution
of participants across the four states and at the national level.
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Figure 3. Distribution of interview participants

Between March 2025 and April 2025, a total of 27 individuals were interviewed
with their positions varying by agency at the state, local, and federal level, along with
those at universities and in industry. Figure 4 displays this distribution. All interviews
except for one were conducted via ZOOM® online meetings. One was conducted via
Microsoft® Teams at the request of the participant. After obtaining consent from the
participants, the interview was recorded and transcribed verbatim. Interviews lasted 30
to 50 minutes and all transcripts underwent rigorous individual review by the research
team to ensure accuracy before analysis.
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Figure 4. Distribution of interviews across agencies.
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The transcripts then underwent systematic coding to categorize and analyze
responses thematically. This coding process facilitated the identification of recurring
patterns and critical insights. Finally, the coded data was synthesized into concise
summaries to distill key findings as presented in the results.
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Results

The research findings are presented in two integrated segments, beginning with
the quantitative results and followed by qualitative insights. The first segment reports
the comprehensive quantitative analysis, including comparative crash rate statistics,
crash risk differences from data envelopment analysis models, and patterns identified
through machine learning algorithms, all derived from the datasets and methodologies
outlined in the methods section. The second segment presents the key thematic findings
from expert interviews, which provide contextual understanding, practical
implementation perspectives, and policy-relevant interpretations of the quantitative
results.

Quantitative Analysis Findings: Statistical, DEA, and Machine Learning Results

The quantitative findings are organized into three subsections. The first
subsection presents crash rate results across drivers, pedestrians, and bicyclists using
data from the national level as well as from Arizona, Maryland, North Carolina, and
Oregon. The second subsection presents the results of the Data Envelopment Analyses,
nationally and in the four case study states. Finally, the third subsection presents results
from the machine learning models, nationally and the four case study states. Additional
analyses supporting the main findings, including injury severity patterns, EMS
responses, traffic stop rates, and DEA model results across states, are presented in
Appendices.

Crash Rates

The crash rates are presented below, summarizing crash rates for three distinct
user types: drivers, pedestrians, and bicyclists. This study primarily focused on assessing
fatal outcomes, with an emphasis on understanding how these incidents vary across
different sexes, races, and age groups. Suspected serious injury rates by sex and age
group for the four states are also provided in Appendices B and C. Traffic stop rates for
Arizona, Maryland, and North Carolina are included in Appendices D through F.

Drivers—Overall Crash Rates. The crash rates for various injury severity levels
across the four states analyzed are shown in Figure 5. North Carolina consistently stands
out with the highest fatality rates, ranging from 11.7 to 14.6 per 100,000 people, while
Maryland maintains the lowest fatal outcome rates, ranging between 4.8 and 6.0 per
100,000 people. Oregon showed increases in both suspected serious injury rates and
suspected minor injury rates from 2018 to 2022, highlighting a rise in non-fatal
outcomes. Both Arizona and Oregon experienced the highest percentage increases in
fatal outcome rates over the years analyzed, with Arizona witnessing a 27.5% rise from
2018 to 2022 and Oregon seeing a 28.6% increase between 2019 and 2021.
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North Carolina consistently records the most crashes per 100,000 people across all

severity levels, with its crash rates for fatal outcomes as well as for lower-severity

injuries being significantly higher than the other three states. Oregon, while maintaining
lower overall crash rates, shows a sharp rise in both suspected major injuries and minor

injuries in recent years, suggesting a growing severity in crash outcomes. In contrast,

Maryland exhibits the most consistent crash rates across all injury categories, with
minimal changes throughout the five-year period, indicating more consistent traffic
safety outcomes compared to the other states.
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Figure 5: Comparison of crash severity rates across four states per 100,000 people (2018-2022)

Drivers—Sex-Related Differences. Male and female fatality rates were
calculated by dividing the fatal crash counts for male drivers by the male population to
obtain the male fatality rate. Similarly, the female fatality rate was determined by
dividing the fatal crash counts involving female drivers by the female population. Figure
6 illustrates the fatality rates for male and female drivers as well as the male driver to
female driver ratio for fatal outcome rates across Arizona, Maryland, North Carolina,
and Oregon, along with the national ratio from 2018 to 2022. The ratios consistently
exceed 2.5, demonstrating that male drivers were significantly more likely to experience
fatal outcomes than female drivers throughout the five-year period. These ratios remain
consistent at the census tract level with male drivers exhibiting higher crash rates in
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both urban and rural census tracts across all four states. Appendix G presents maps
displaying crash rates at the census tract level.

Maryland exhibited the highest disparity between male and female fatal outcome
rates, as particularly noted in 2020 and 2021, where male drivers were approximately
four times more likely to sustain fatal outcomes than females. Arizona and Oregon
displayed fluctuations in their ratios, with Oregon peaking at about 4.26 in 2020 before
declining to approximately 3.79 in 2022. Meanwhile, the national average remained
stable, ranging from 3.4 to 3.7, with a slight increase observed toward the end of the
reporting period.
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Figure 6: Fatality rate and ratio across sexes for drivers per 100,000 people (2018-2022)

As an extension, differences in primary symptoms by sex, as well as chief complaint
anatomic locations in traffic crashes as reported in the National Emergency Medical
Services Information System (NEMSIS) and Maryland EMS data, are presented in
Appendices H and I, respectively.

24



Drivers—Age-Related Differences. Figure 7 highlights fatality rates for drivers
across four age groups over five years in Arizona, Maryland, North Carolina, Oregon, and
at the national level. Overall, the 25-44 age group consistently showed higher fatality
rates across most states, particularly in North Carolina, where the rates remained higher
than others. In contrast, the 15-24 and 45-64 age groups experienced some fluctuations
but generally stayed within a moderate range. The 65+ age group exhibited more varied
trends, with some states seeing increases in recent years while others, like Maryland,
maintained relatively lower rates for this older population. Appendix J presents the
maps displaying crash rates at the census tract level.
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Figure 7: Fatality rate across age groups for drivers per 100,000 people (2018-2022)
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Arizona showed a steady upward trend across all age groups, peaking in the most
recent years, suggesting rising fatality risks statewide. Maryland maintained the lowest
rates among the states, particularly for younger and older drivers, although it also
showed some variability year by year. Oregon presented a mixed pattern, with increases
for middle-aged and older drivers in certain years. North Carolina consistently reported
the highest fatality rates across nearly all groups, indicating a persistent safety concern.
Nationally, the trend mirrored some of these state-level patterns, with middle-aged
drivers facing the greatest risk and slight improvements or stability among older drivers.
Additionally, differences in primary symptoms and chief complaint anatomic locations
by age group, based on NEMSIS and Maryland EMS data, are shown in Appendices H
and I.

Drivers—Race-Related Differences. Fatality rates were calculated by dividing
the fatal crash counts for each race by the total population of that race to obtain the
rates. The races analyzed were White, Black, Native American, and Asian. The fatality
rates for drivers from 2018 to 2022 reveal significant differences across different racial
groups as shown in Figure 8, with Native Americans consistently experiencing the
highest fatality rates across most states. In North Carolina, the fatality rate for Native
Americans peaked at 43.67 per 100,000 in 2022, nearly 20 times higher than the rate for
Asian populations. Oregon also exhibited concerning rates for Native Americans,
reaching 32.56 per 100,000 in 2021.

Black populations generally faced higher fatality rates compared to their White
and Asian counterparts. In North Carolina, the fatality rate for Black drivers increased
from 14.63 fatalities per 100,000 people in 2018 to 20.77 fatalities per 100,000 people in
2022. Maryland presented an exception, with Black and White rates showing a closer
alignment. Meanwhile, Asian populations consistently recorded the lowest fatality rates
nationally, ranging from 1.72 to 2.52 fatal injuries per 100,000 people between 2018 and
2022. However, Arizona witnessed a notable increase in Asian fatality rates, rising from
3.34 fatal injuries per 100,000 people in 2020 to 7.06 fatal injuries per 100,000 people in
2022.

State-specific trends further underscore the disparities, as North Carolina
consistently reported higher fatality rates across all racial groups compared to other
states and the national average. Arizona exhibited an upward trend in fatality rates for
all races from 2018 to 2022, while the national fatality rate saw a general increase from
2018 to 2021, followed by a slight decrease in 2022. Overall, the national fatality rates for
2022 were 13.75 per 100,000 people for Native American individuals, 9.42 fatalities per
100,000 people for Black individuals, 8.54 fatalities per 100,000 people for White
individuals, and 1.81 fatalities per 100,000 people for Asian individuals.

In addition, differences in primary symptoms and chief complaint anatomic
locations by race, based on NEMSIS and Maryland EMS data, are provided in Appendices
Hand L.
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Figure 8: Fatality rate across races for drivers per 100,000 people (2018-2022).

Pedestrian—Sex-Related Differences. The sex-related differences in pedestrian
fatality rates are shown in Figure 9. The data consistently shows that male pedestrian
fatality rates were higher than female rates across all states and time periods, often by a
factor of two to three.
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Figure 9: Fatality rate across sexes for pedestrians per 100,000 people (2018-2022).

Arizona emerged as a state with high fatality rates, surpassing both national
averages and those of the other states. Over the five-year period, the male pedestrian
fatality rate in Arizona increased from 4.9 to 6.0 per 100,000, while the female rate rose
from 2.1 to 2.6, significantly exceeding national figures, which rose from 2.8 to 3.2 for
males and remained stable at around 1.2 to 1.3 for females.

North Carolina ranked second in fatal pedestrian rates amongst the states
analyzed, with male rates rising from 3.15 to 3.76 per 100,000 and female rates
fluctuating between 0.97 and 1.64. Maryland showed similar male pedestrian fatality
rates, remaining stable between 3.1 and 3.7 per 100,000. Oregon’s male pedestrian
fatality rates were lower but increased notably from 2.47 to 3.79 over the same period.
The national averages indicate a general stability over time, with male rates showing a
slight increase from 2.8 to 3.2 per 100,000, while female rates remained largely
unchanged. Overall, the data reveals an upward trend in fatal pedestrian rates,
particularly among males, who were more likely than females to be fatal by a factor of
over two.

Pedestrians—Age-Related Differences. The pedestrian fatality rate data by age
group across five years, as seen in Figure 10, indicates higher fatality rates among
middle-aged and older adults. The 25-44 and 45-64 age groups recorded higher fatality
rates in most states, with Arizona and North Carolina consistently reporting higher rates
compared to national averages. Maryland’s rates were more stable and lower across all
groups, while Oregon displayed fluctuations, including a spike among older pedestrians
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in recent years. The 65+ age group often had higher fatality rates, especially in Oregon
and Arizona, underscoring ongoing challenges for older pedestrians.
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Figure 10: Fatality rate across age groups for pedestrians per 100,000 people (2018-2022)

Across the board, pedestrian safety appears to be a persistent concern, with no
state showing consistent improvement across all age groups. Arizona and Oregon
showed increases in later years, especially among middle-aged and elderly populations.
North Carolina exhibited moderate but steady growth in pedestrian fatality rates for
younger adults. National data reflected a gradual increase across all age groups, with
middle-aged pedestrians seeing the highest rates.
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Pedestrians—Race-Related Differences. The pedestrian fatality rates indicate
that Native American and Black populations consistently face higher fatality rates across
states and years as shown in Figure 11. Native Americans exhibit the highest rates,
particularly in states like Arizona, Oregon, and North Carolina. In Arizona, the Native
American pedestrian fatality rate peaked at 11.96 fatalities per 100,000 people in 2018
and remained high at 11.09 fatalities per 100,000 people in 2022. Similarly, Oregon saw a
sharp increase for Native Americans, rising from 2.13 fatalities per 100,000 people in
2018 to a staggering 19.53 fatalities per 100,000 people in 2021. North Carolina
experienced a notable rise, with the Native American fatality rate reaching 13.1 fatal
injuries per 100,000 people in 2022.

Black populations also show elevated pedestrian fatality rates compared to White
and Asian groups. Nationally, Black fatality rates ranged between 3.12 and 4.11 per
100,000 people from 2018 to 2022, with Arizona seeing an increase from 4.91 in 2018 to
6.42 per 100,000 people in 2022. In contrast, Asian populations consistently report the
lowest fatality rates, with national rates between 0.77 and 1.32 fatal injuries amongst
pedestrians per 100,000 people, although Oregon showed slightly higher rates for Asians
compared to other states.

State-specific trends highlight the persistence of these disparities. Arizona
demonstrates consistently higher rates for all racial groups compared to national
averages, while North Carolina shows growing disparities, particularly for Native
American and Black populations. Oregon exhibits high variability, especially for Native
Americans, with their rates fluctuating dramatically over the years.

On a national scale, pedestrian fatality rates for most racial groups increased from
2018 to 2021, with a slight decline in 2022. Native Americans consistently had the highest
national rates (5.46 per 100,000 in 2022), followed by Black populations (3.63), White
populations (1.92), and Asian populations (0.77). The data underscores race-based
differences in pedestrian fatality risks, with Native American and Black populations
disproportionately affected across most states and years examined.
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Figure 11: Fatality rate across races for pedestrians per 100,000 people (2018-2022)

Bicycle—Sex-Related Differences. The analysis of bicyclist fatality rates
highlights significant sex-related differences across various states and years as shown in
Figure 12, underscoring the persistent trend of higher male fatality rates compared to
their female counterparts. This disparity is particularly visible at the national level,
where male cyclist fatality rates are 7 to 8 times higher than those of female cyclists.

In Arizona, the trend of high fatality rates is significant. By 2022, the male cyclist
fatality rate in Arizona reached 1.1 male bicyclist fatalities per 100,000 males, while the
female rate stood at 0.279 female bicyclist fatalities per 100,000 females. This fourfold
difference highlights the heightened risk faced by male cyclists in the state. The state has
witnessed a steady upward trajectory in fatality rates for both sexes from 2018 to 2022,
with the male fatality rate nearly doubling during this period, from 0.6 fatalities to 1.1
fatalities per 100,000 males.
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Figure 12: Fatality rate across sexes for bicyclists per 100,000 people (2018-2022)

Oregon presents an interesting case, highlighting the most volatile patterns in
cyclist fatality rates among the states examined. The male fatality rates peaked in 2021 at
0.72 fatalities per 100,000 people before experiencing a sharp decline to 0.28 fatalities per
100,000 in 2022. Female fatality rates in Oregon were higher than those in other states,
indicating an upward trend. Maryland and North Carolina exhibit more moderate rates,
aligning with national trends but with some unique characteristics. Maryland
experienced periods of zero female fatalities between 2018 and 2019. Male fatality rates
in Maryland showed considerable year-to-year variation but remained lower than those
in Arizona and North Carolina. North Carolina also reported stable fatality rates for both
sexes.

At the national level, cyclist fatality rates have shown relative stability overall,
with the male fatality rate increasing slightly from 0.5 fatalities to 0.6 fatalities per
100,000 males between 2018 and 2022. Female fatality rates, on the other hand, have
remained consistently low, fluctuating between 0.07 fatalities and 0.08 fatalities per
100,000 females during the same period.

Bicycle—Age-Related Differences. The analysis of bicyclist fatality data as seen
in Figure 13 shows geographic and demographic variations in fatality rates patterns
across states. Arizona exhibits changing crash rates with significant annual fluctuations,
particularly among middle-aged cyclists, while maintaining consistently higher fatality
rates than other states and national averages. Maryland shows relatively stable fatality
trends overall, with occasional increases in specific age groups. North Carolina reports
higher fatality rates for cyclists aged 45-64, though other age groups demonstrate lower
fatality rates compared to most states. Oregon displays atypical patterns that contrast
with national trends, especially for younger cyclists, with fatality rates second only to
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Arizona across most age groups. The national data indicates two persistent concerns:
steadily rising risks for older cyclists and consistently stable vulnerability among

younger riders.
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Figure 13: Fatality rate across age groups for bicyclists per 100,000 people (2018-2022)

Bicycle—Race-Related Differences. Figure 14 shows the bicyclist fatality rate
across different races. Nationally, Native American bicyclists consistently experienced
the highest fatality rates across all years, ranging from 0.36 to 0.55 fatalities per 100,000
people. In contrast, Asian bicyclists had the lowest rates, between 0.13 and 0.15 fatalities
per 100,000. White and Black cyclists showed relatively similar fatality rates, averaging
around 0.3 fatalities per 100,000. Across the five-year period, national rates remained
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relatively stable with slight variations, though Native Americans faced
disproportionately higher fatality rates.

State-specific data highlighted stark differences. Oregon saw a dramatic spike for
Native American bicyclists in 2020, with a fatality rate of 6.57 per 100,000 people, while
North Carolina consistently recorded higher rates for this group compared to others.
Arizona showed an upward trend, with fatality rates for White bicyclists nearly doubling
between 2018 and 2022, and Black bicyclists reaching 1.22 fatalities per 100,000 in 2022.
Maryland generally had lower fatality rates across all racial groups, with no consistent
trend.
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Figure 14: Fatality rate across races for bicyclists per 100,000 people (2018-2022)

Overall, Native Americans faced disproportionately higher fatality rates in several
states, with spikes in Oregon and North Carolina. Meanwhile, Asian bicyclists often
showed zero fatalities in almost all states. The pandemic year of 2020 saw notable spikes
across different racial groups, particularly in Oregon and Arizona, with an overall
upward trend in fatal injuries observed from 2018 to 2022.
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[Note: Although a spike in Native American bicyclist fatality rates was observed in
Oregon in 2020, there were only three bicyclist fatalities in 2020 and none in other years.
Given the small population size of minority race groups and the low incidence of bicycling
fatalities, fatality rates for bicyclists across race should be interpreted with caution.]

Statistical Analyses: National Perspective. This study applies chi-square tests of
independence with standardized residual analysis to assess whether severe injury rates
among different demographic groups are disproportionately high or low relative to their
share of the total population. The analysis is done across drivers, pedestrians, and
cyclists.

Table 2: Chi-square test results for fatal crashes nationally

Severity Rate
Road-User Type Group (Per 100,000 Pop.) p-value
Male 14.5
<0.001
Female 4
15-24 4.8
Drivers
25-44 5.2
<0.001
45-64 4.2
65+ 4
Male 3.5
<0.001
Female 1.4
15-24 0.7
Pedestrians
25-44 1.3
<0.001
45-64 1.4
65+ 1.2
Male 0.6
<0.001
Female 0.1
15-24 0.1
Bicyclists
25-44 0.1
<0.001
45-64 0.2
65+ 0.2

Table 2 presents national chi-square test results examining fatal crash severity
rates (per 100,000 population) across demographic groups. Among drivers, males had a
substantially higher fatal crash rate (14.5) than females (4.0) (p < 0.001). Severity rates by
age group also varied significantly (p < 0.001), peaking at 5.2 for the 25-44 age group,
followed by 15-24 (4.8), 45-64 (4.2), and 65+ (4.0).
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For pedestrians, males again had a higher fatality rate (3.5) than females (1.4)
(p < 0.001). Age-based disparities were also notable (p < 0.001), with rates highest among
the 45-64 group (1.4), followed by 25-44 (1.3), 65+ (1.2), and lowest among 15-24 (0.7).

Bicyclist fatality rates followed the same trend, with males at 0.6 compared to 0.1
for females (p < 0.001). By age group, rates were slightly higher for 45-64 and 65+ (both
0.2), while younger groups (15-24 and 25-44) had the lowest rate at 0.1. These differences
were also statistically significant (p < 0.001). Overall, the results indicate consistent and
significant demographic disparities in fatal crash severity across road user types.
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Statistical Analysis: Case Study States. A chi-square test was conducted to
evaluate whether serious injury severity rates among drivers differ significantly across
sex and age groups within individual states. Table 3 presents the statistical results for
Arizona, Maryland, North Carolina, and Oregon.

Table 3: Chi-square test results analyzing serious injury differences across sex and age groups
amongst drivers

Severity Rate
State Group (Per 100,000 Pop.) p-value
Male 124.9
<0.001
Female 60.0
. 15-24 65.8
Arizona
25-44 64.7
<0.001
45-64 50.8
65+ 311
Male 63.7
<0.001
Female 25.6
15-24 27.0
Maryland
25-44 29.3
<0.001
45-64 18.6
65+ 114
Male 72.7
<0.001
Female 294
15-24 71.2
North Carolina
25-44 77.6
<0.001
45-64 54.2
65+ 38.8
Male 59.1
<0.001
Female 31.7
15-24 57.7
Oregon
25-44 59.3
<0.001
45-64 54.2
65+ 44.6

Across all four states, male drivers consistently exhibited higher serious injury
rates than female drivers, with all comparisons yielding statistically significant
differences (p < 0.001). In Arizona, the male injury rate was 125 per 100,000 persons,
compared to 60 for females (p < 0.001). Large disparities were observed in Maryland
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(63.7 vs. 25.6; p<0.001), North Carolina (72.7 vs. 29.4; p < 0.001), and Oregon (59.1 vs. 31.7;
p <0.001).

Age group comparisons indicate that the 15-24 and 25-44 age groups consistently
experienced the higher serious injury rates compared to older cohorts across all states,
while the 65+ age group experienced the lowest rates. All age-based differences were
statistically significant (p < 0.001), confirming demographic disparities in serious injury
severity. Full results from the statistical analysis on these three modes of transportation
can be found in Appendix K.

Data Envelopment Analysis: National Perspective

To examine how safety outcomes vary across counties with similar levels of
exposure and contextual characteristics, a two-step bootstrapped DEA was conducted
using county-level data across the United States. Two separate DEA models were
developed. The first model used total road miles as the input, while the second model
used total county population. This approach allows for the identification of counties that
achieve relatively better or worse safety performance despite having comparable
population sizes and infrastructure given their sociodemographic compositions. In both
models, the output was defined as the inverse of the number of reported crashes, such
that higher output values reflect better safety outcomes (that is, fewer crashes). A
consistent set of intermediate variables representing sociodemographic and
socioeconomic conditions, such as racial composition, education level, poverty rate, and
unemployment rate, were included in both models to capture contextual influences that
are not directly controlled by the counties but are known to impact safety performance.

Interpreting DEA Results

Positive Value: An increase
in that variable will lead to
lower crash and injuryrisk

The factor weights, or coefficients, assigned to
intermediate variables provide insight into the relative
influence of each condition on safety efficiency. A positive
weight indicates that higher values of the corresponding
variable are associated with improved safety outcomes. In

contrast, a negative weight suggests that the variable is Negative Value: An increase

associated with decreased safety outcome. For example, a
positive coefficient for education level would imply that
counties with higher educational attainment tend to be
more efficient in preventing crashes. Conversely, a negative
coefficient for poverty rate would indicate that higher
poverty levels are linked to reduced safety performance.
The magnitude of the coefficients reflects the relative
strength of association with safety efficiency. Positive
coefficients indicate a stronger association with higher
safety efficiency (i.e., lower crash risk), while negative
coefficients reflect stronger associations with lower safety
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higher crash and injuryrisk.

Statistical Significance:

If the 2.5% and 97.5% bounds
are both positive or both
negative, the result is
statistically significant at the
95% confidence interval. If
the bounds have mixed signs
(i.e., one positive, one
negative), it is not statistically
significant.



efficiency (i.e., higher crash risk). Larger absolute values signify stronger relationships in
either direction. These findings offer valuable insight into the structural and community-
level factors that either support or hinder efficient safety outcomes and can inform
targeted interventions aimed at enhancing transportation safety across diverse
demographic and infrastructural contexts. Table 4 presents the results from the DEA
model, which analyzes data at the national level for fatal injuries only from the NHTSA
(2024) Fatality Analysis Reporting System (FARS). In conjunction with the two DEA
models completed in this section, a separate sensitivity analysis was performed utilizing
(a) the Activity Diversity Index (ADI) and (b) Centers for Disease Control and Prevention
and Agency for Toxic Substances and Disease Registry’s Social Vulnerability Index (SVI)
to further explore additional variables that could influence crash rates and injury
severity with full results found in Appendix L.

Table 4: Results from the DEA models from FARS data.

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%

(Intercept) 3963.64* 8914.97  10994.63 110.84* 515349  12142.71
Unemployment Rate 646.10* 110626  1273.50 119.73 -310.18 217.17
Male-to-Female Ratio | -1210.99* -2401.88 -2111.16 | -1481.56* -2927.28  -2069.42
% White -495.87* -999.7  -890.81 | -3333.93* -6507.16  -5414.64
% Black ~77.06* -17591  -147.04 580.66* 936.88  1472.98
% Native American -761.4* -1522.76  -1334.96 -933.38* -2024.34  -534.49
% Asian 160.96* 255.52 310.16 1305.86* 2075.35  2503.59
% Pacific Islander -92.67* -184.84  -126.94 | -1206.85* -2344.81  -114.12
% Other Race 184.34* 293.33 355.05 1546.67* 251256  2981.95
% Two or More Race 63.10* 69.70 118.37 1704.06* 2875.00  3300.66
% Hispanic 319.61* 564.38 633.47 2253.44* 3819.26  4378.99
:/;’lfg‘;;:‘:;ssf ~127.64* 26495  -21613 | -528.16*  -1320.74  -614.05
z’r[:(ilitf:hom -319.91* -634.85  -557.78 | -3829.23* -7445.38  -6748.75
% Graduate Degree 125.30* 214.89 251.78 -459.46* -1063.96  -587.38
% Below Poverty -551.19* -1090.67 -957.50 -1636.07* -3216.46  -2721.48

*Indicates statistical significance at the 95% confidence level

The county-boundary DEA analysis, incorporating road mile length, revealed
significant sociodemographic influences on weighted crash counts. Poverty levels
(% Below Poverty) and male-to-female ratios showed strong negative coefficients
(-551.19 and -1210.99), indicating reduced efficiency (i.e., higher crash risks) in areas
with greater economic disadvantage or higher male-to-female ratio. Educational
attainment showed a significant association with crash occurrence and severity, with
tracts having higher percentages of residents without high school diplomas exhibiting
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experiencing higher crash rates per mile as well as per resident population. Racial
composition analysis yielded divergent patterns: predominantly Asian (coefficient:
+160.96) and Hispanic (+319.61) areas correlated with higher safety efficiency (lower
crash risks), while White-majority tracts showed markedly lower safety efficiency
(coefficient: -495.87), suggesting high crash likelihoods. Counties with higher percentage
of Native American and Black residents also had negative coefficients indicating higher
fatal crash risks among these communities.

The population-adjusted DEA model demonstrated consistent racial disparities in
crash outcomes. White population percentage maintained a strong negative association,
contrasting with positive coefficients for Black, Asian, Hispanic, and multiracial
communities indicating their protective effects against crash incidence. However, areas
with higher proportions of Native American and Pacific Islander residents showed
increased crash risks. Socioeconomic factors proved equally consequential: poverty rates
(% Below Poverty) and lower educational attainment (% Education Less than High School
and % High School Graduate) were strongly associated with higher crash rates per
capita. Regarding the sensitivity analysis, neither model indicated an impact on crash
risks due to either ADI or SVI (Appendix L).

The differences between DEA models that use road miles and those that use
population highlight how the exposure metric affects the interpretation of crash risk
patterns. When the results differ between these models, it shows that sociodemographic
factors impact crash outcomes differently depending on whether risk is measured by
road infrastructure or resident population. These variations demonstrate that crash risk
is complex. Some areas may have higher crash rates per mile of road due to traffic
volume or road conditions, while others may have higher crash rates per capita because
of population density, travel behavior, or demographic characteristics. Examining both
models provides a fuller understanding of transportation safety disparities and helps
design interventions tailored to specific risk factors in different communities.

Data Envelopment Analysis: Case Study—States

Like the models at the national level, two types of DEA models were developed.
The first one considers length of road in census tracts as input while other considers
population as the input. The output is the inverse of the crash count as detailed in the
methodology. The subsequent sections present the results for each of the four states with
additional tables found in Appendix L of the supplementary analysis that considers ADI
and SVI compared against total road miles and population at the state and national level.

Arizona. The results of the two DEA models developed for Arizona are presented
in Table 3. The analysis identifies key sociodemographic characteristics at the census
tract level that are significantly associated with both increased and reduced risks of
crash occurrence and injury severity.
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Table 3: Results from the DEA models for Arizona.

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) -602.79* -4685.12  -3534.81 | -442.16*  -3527.49  -2579.29
Road Miles -3059.37%  -4883.58  -3246.59
Population 2980.52* 5143.131 6908.204

Unemployment Rate 5420.89* 2939.608  7353.295 |  4508.90* 4896.01 7084.66
Male-to-Female Ratio -65.75* -12437  -89.0878 ~53.44* -115.12 ~84.45
% White -23377.96*  -41296.90  -33071.00 | -18909.60*  -34888.10  -32566.57
% Black ~3883.98* ~7046.66  -5956.31 | -3191.12*  -5982.16  -5618.02
% Native American 1815.53* 2958.809 4734.36 | 1721.34* 3352.26 4446.33
% Asian ~1496.18* -2702.91  -2268.41 | -1216.32*  -232670  -2127.37
% Pacific Islander 224.53* 657.2736  1019.801 213.63* 499.97 657.13
% Other Race ~2163.50* -3914.29  -3248.89 | -1757.28*  -3340.09  -3142.63
% Two or More Race | -2966.77* 475397  -3127.92 | -2388.16*  -4115.64  -3611.91
% Hispanic -6914.53*  -11761.90  -8577.38 | -5555.08*  -10043.25  -9188.58
:ﬁ:g‘;g";;jﬁ -3332.92*  -6271.87  -4959.35 | -2723.69*  -5248.79  -4359.73
Z’::;gul;ts:hml ~5208.28* -8170.21  -5218.70 | -3838.87*  -6699.40  -5810.44
% Graduate Degree ~8499.90* -147364  -11699.2 | -6891.88*  -12518.1 -11540.84
% Below Poverty ~1378.50* -3166.54  -2285.13 | -913.42*  -2276.56  -1764.59

* Indicates statistical significance at the 95% confidence level

The DEA model results reveal significant associations between sociodemographic
factors and crash risks in Arizona, with consistent patterns across both the mile-based
and population-based models. Higher proportions of White, Black, and Hispanic
populations show negative coefficients, indicating increased crash risks in areas with
greater representation of these groups. Conversely, census tracts with higher
percentages of Native American residents demonstrate positive coefficients, suggesting
reduced crash likelihoods. Educational attainment and poverty levels follow expected
patterns, where lower education percentages and higher poverty rates correlate with
higher crash risks. The percentage of college graduates was excluded from the DEA
models due to computational constraints; thus, higher education here refers to graduate
degree holders, while lower education reflects those with less than a high school diploma
or only a high school degree. The male-to-female ratio maintains a negative association
across models. Additional results from the sensitivity analysis indicate that a higher
proportion of communities that are classified as experiencing social vulnerability have
an increased crash risk when considering both road miles and total population of the

area (Appendix L).



The models show structural consistency despite their different input
specifications (i.e., road miles versus population). Unemployment rates show positive
coefficients in both models, potentially indicating areas with better employment
infrastructure may experience higher traffic exposure. Racial composition variables
exhibit particularly strong effects, with White population percentages showing the
largest negative coefficients among all demographic factors. The graduate education
variable demonstrates the strongest negative association among socioeconomic
indicators, which may be partly explained by Arizona’s higher than average urban
population (Berman, 2019), where over 86% of crashes occur (Arizona Department of
Transportation [ADOT], 2023) and where individuals with higher education levels are
more likely to reside (Carlsen et al., 2016).

Maryland. The results from DEA models for Maryland are presented in Table 4.
These results reveal distinct sociodemographic patterns associated with crash risks,
showing both similarities and differences compared to the Arizona findings.

Table 4: Results from the DEA models for Maryland.

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) ~9611.44*  -22548.69 -21333.78 | -8661.29* -19505.90 -18637.08
Road Miles 691.65* 800.07 3595.74
Population -21563.05%  -42400.66  -39168.25

Unemployment Rate | -26974.08*  -52928.33  -50753.48 | -22992.73* -45164.20 -38847.32
Male-to-Female Ratio |  -285.59* -658.27 -474.06 ~250.23* -621.44 -376.29
% White 10677.22* 1990819  21474.70 | 16680.02*  29080.10  32869.54
% Black -86905.52* -169350.20 -161789.50 | -75247.32* -149608.33 -142031.09
% Native American -6819.43*  -1352344 -12575.04 | -6008.76* -12016.67 -10314.63
% Asian -26374.91* -50751.62  -46778.40 | -23737.41*  -46954.02  -39897.44
% Pacific Islander -1806.20*  -3737.05  -3219.01 | -1593.49*  -3405.63  -2366.04
% Other Race ~11226.21%  -21582.62  -19500.63 | -9940.56* -19748.68  -17041.00
% Two or More Race | -26678.81* -51693.81 -48136.61 | -22938.33* -45218.21  -36673.49
% Hispanic -23922.32%  -46351.96  -43040.73 | -21163.20*  -42010.77  -37107.73
:ﬁ:ﬂ‘;;:‘;’;ﬁf -23773.80%  -46440.40 -43898.34 | -20116.08* -39943.83  -35846.47
z’rl;l(iigulz‘f:h“l -31501.17%  -62160.31  -59376.47 | -24789.06*  -48670.48  -42162.97
% Graduate Degree | -36037.56* -69509.75  -64721.11 | -30373.08* -59889.23  -53005.84
% Below Poverty -23160.70*  -45348.51 -43298.31 | -19559.42*  -38512.32  -33254.86

* Indicates statistical significance at the 95% confidence level
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Both models (mile and population) consistently demonstrate that census tracts
with higher proportions of Black, Asian, Hispanic, and multiracial populations tend to
have elevated crash risks, as indicated by their negative coefficients. Areas with higher
White population percentage shows a positive association, contrasting with most other
racial/ethnic groups. The male-to-female ratio maintains a negative relationship with
safety outcomes, while unemployment rates show a negative correlation. The sensitivity
analysis indicates that both communities experiencing social vulnerability and lower
activity diversity, based on road miles, are more likely to experience higher crash risks
whereas no significance was found based on total population (Appendix L).

The models further highlight education and poverty as significant predictors of
crash risks, with all education level variables and poverty measures showing substantial
negative coefficients. This suggests that areas with lower educational attainment and
higher poverty concentrations experience significantly worse traffic safety outcomes.
The consistency between the mile-based and population-based models reinforces the
robustness of these findings, though the population model generally shows slightly
reduced effect sizes.
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Oregon. The results from DEA models for Oregon are presented in Error! Not a
valid bookmark self-reference.. The population-based DEA analysis for Oregon
identified several noteworthy sociodemographic patterns in crash risk distribution.

Table 5: Results from the DEA models for Oregon.

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) ~114.33*  -2024.61  -1181.97 ~197.59%  -472548  -3092.25
Road Miles -399.82*  -1591.19 -257.42
Population -3716.53  -3912.34 5489.31

Unemployment Rate -1064.91  -1127.01 160442 | -2183.59*  -4305.76  -2586.61
Male-to-Female Ratio 529650  -6348.10 5629.26 8871.97%  14400.63  17826.93
% White -5869.39  -6222.58 8908.85 | -11589.12*  -21620.47  -15436.70
% Black 225809  -3150.59 2383.38 3831.50* 4699.80 7407.10
% Native American -137.11 -163.88 126.77 ~243.60 -668.79 1156.98
% Asian -122630  -1308.40 1690.90 | -2305.35*  -4583.94  -2855.74
% Pacific Islander 540.98 -898.09 558.22 922.98* 1020.69 2111.80
% Other Race -544.89 -598.71 767.63 | -1108.73*  -2369.76 -911.63
% Two or More Race -1880.38 -2004.25 2569.64 -3597.96* -6757.61 -4816.56
% Hispanic -935.27 -986.59 1531.35 | -1950.68*  -3873.53  -2315.56
:ﬁ:j‘;;:‘;‘;:‘;f 1167.64  -1259.12  1259.03 | 1768.35* 243334  3704.46
Z/;"rl;l(ilgul;f:hool -984.12  -1131.75 1621.84 | -2381.86*  -4753.65  -3258.14
% Graduate Degree -3553.14  -3796.27 5015.08 | -6628.92* -12255.99  -7396.21
% Below Poverty 102478  -1102.69 1105.50 1509.15* 1790.13 3296.81

* Indicates statistical significance at the 95% confidence level

The model shows higher crash risks in census tracts with higher percentages of

White, Asian, Hispanic, and multiracial residents, as evidenced by their negative

coefficients. Conversely, areas with greater Black and Pacific Islander populations

appear associated with reduced crash likelihoods. An unexpected positive relationship
emerges for the male-to-female ratio, diverging from Arizona’s and Maryland’s results.
Educational attainment presents complex associations, with both higher education levels
and areas containing more residents without high school diplomas correlating with
different risk patterns.

Poverty rates demonstrate an inverse relationship with crash risk, suggesting
potentially unique socioeconomic dynamics in Oregon’s traffic safety outcomes. The road
mile-based DEA model did not produce statistically significant predictors for Oregon. A
possible explanation for why this occurred could be due to the high concentration of
roadway miles within a small area of the state, known as the Willamette Valley, that



comprises approximately 3.5% of the total area of the state and contains around 75% of
the total population. Areas within the state that have lower diversity rates and have
higher unemployment are rural or frontier counties that typically do not have many
roadways running through them. When considering the sensitivity analysis there was no
indication that either the active diversity or social vulnerability index impacted
communities (Appendix L).

North Carolina. The North Carolina DEA model results analysis is shown in

. It is noteworthy that North Carolina’s models are slightly different from the
other three states as the model only considers fatal and serious injury outcome due to
constraints regarding the availability of location data.

Table 6: Results from the DEA models for North Carolina.

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) 6715.73*  -1713490 -15434.46 | -4103.31* 1694729 -13105.05
Road Miles -1710439*  -16927.16  -5211.06
Population 54914.35% 9972241  108526.11

Unemployment Rate | -27145.87*  -53450.03 -48960.86 | -32718.53* -61949.76 -57785.23
Male-to-Female Ratio | -1533.91*  -3035.81  -2265.77 | -2391.19*  -4133.13  -3264.25
% White -83459.18*  -163811.30 -141823.70 | -108639.30% -197712.26 -174282.56
% Black ~16208.19%  -31820.99 -28017.23 | -24942.78* -45775.17 -37409.74
% Native American -6405.45* 1348867 -11079.57 |  -7374.85* 1467189 -12220.55
% Asian 39839 -3323.91 19454 | -2138.04*  -3393.76  -966.50
% Pacific Islander -3322.41*  -6825.71  -5701.93 | -3808.26*  -773147  -6703.66
% Other Race ~14302.26*  -29287.12  -27453.19 | -17346.19% -33622.36 -30962.44
% Two or More Race | -14640.64*  -29136.97 -26667.21 | -19243.41* -35482.94 -31611.80
% Hispanic 78274 -3168.59  -109948 |  -5071.14*  -7634.24  -3037.77
:ﬁ:g‘;;:‘;;ﬁf -6399.66*  -1223559  -9003.12 | -1044448* -18769.01 -14060.58
Z’::;gul;ts:hml -37379.81%  -73405.46  -65224.96 | -47451.30% -87969.99 -79159.16
% Graduate Degree | -12710.70*  -2522621 2260639 | -17340.15* -31018.37 -27132.94
% Below Poverty -6711.33*  -12680.69  -8394.64 | -11827.17* -20551.69 -15102.27

* Indicates statistical significance at the 95% confidence level

Both the mile-based and population-based DEA models reveal consistent
sociodemographic patterns associated with severe crash outcomes in North Carolina. The
models show strong negative coefficients for all racial/ethnic groups with the highest
risks seen in communities with higher White, Black, and multiracial population
percentages, indicating these groups face heightened risks of fatal/serious injuries. There
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was evidence of an association with education level, with areas containing more high
school graduates or higher showing particularly high crash risks. Poverty rates
demonstrate a negative association in both models, suggesting economically
disadvantaged areas experience worse traffic safety outcomes.

The male-to-female ratio shows negative relationship in both models while
unemployment rates show a negative correlation indicating census tracts with higher
unemployment rate are more prone to fatal or serious injury risks. While most
racial/ethnic groups follow similar patterns across both models, the Hispanic population
shows a weaker association in the mile-based specification compared to the population
model. The consistent findings across both model types strengthen confidence in these
crash risks across sociodemographic groups. Additionally, communities with a lower ADI
are more likely to experience higher crash rates whereas communities with a higher SVI
are less likely to experience higher crash rates when considering road miles with full
results available in Appendix L.

The mile-based and population-based DEA models for North Carolina consistently
showed negative coefficients across nearly all sociodemographic variables. This pattern
occurs because two-stage DEA models measure how effectively census tracts minimize
severe crashes relative to their population or road infrastructure. A negative coefficient
means that as a given variable increases (e.g., poverty rates or racial/ethnic population
shares), the likeliness of fatal and serious injury crashes per capita or per mile also rises.
The universal negativity of these coefficients suggests that none of the included
sociodemographic characteristics are associated with lower crash rates as their
proportions increase. Instead, areas with higher poverty levels, lower educational
attainment, or larger proportions of all racial and ethnic groups consistently show higher
rates of fatal or serious injury crashes as their proportions increase.
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Data Envelopment Analysis: Selected Findings

National

* Higher Crash Risks: Associated with poverty, lower education, and higher male-to-female
ratios.

* Elevated Risk: White-majority, Native American, and Black communities.

* Lower Risk: Asian and Hispanic-majority areas show protective effects.

Arizona

* Increased crash risks in White, Black, and Hispanic communities.
* Reduced risks in Native American areas.
* Strong link between low education, poverty, and higher crash rates.

Maryland

* Black, Asian, Hispanic, and multiracial communities face higher crash risks.
* Poverty and low education strongly correlate with worse safety outcomes.

Oregon

* Higher crash risks in White, Asian, Hispanic, and multiracial areas.
* Black and Pacific Islander communities show lower risks.

North Carolina

* Allracial/ethnic groups face high fatal/serious injury risks.
* Poverty and unemployment linked with worse outcomes.

Poverty & Education: Consistently linked to higher crash risks nationwide.
Racial Inequities: Crash risks vary significantly by race/ethnicity and location.
State Variations: Local demographics and infrastructure shape unique risk profiles.

Machine Learning Models: National Perspective

One machine learning model was analyzed identifying factors related to higher
fatal crash counts across counties. Error! Reference source not found. presents the
results from the XGBoost model with SHAP values, which provide valuable insights into
the factors influencing fatality counts across census tracts nationally. In SHAP results
figures, each dot represents a county’s data point and is colored according to the factor’s
value, with red for high values and blue for low values (see box: Interpreting SHAP
Plots). For example, if the factor is total population, a county with a large population is
red, while a small-population county is blue. The horizontal axis shows the SHAP value,
which indicates whether the factor increases or decreases predicted fatal crashes. Dots to
the right indicate an increase in predicted crashes, and dots to the left indicate a
decrease.
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When more red dots appear on the right, it }
indicates that more counties with high values of the
factor generally have higher predicted crashes. For Top ranked variable =
example, a large-population county appearing as a red More important

dot on the right suggests that high population

increases crash risk. When more red dots appear on Red on Right: A

the left, it shows that high values reduce predicted DO IOl
. . thatvariable will

crashes, such as a highly populated county with el

effective traffic safety measures. Similarly, when more injury severity.

blue dots appear on the right, it indicates that more

counties with low values of the factor experience
higher predicted crashes, for example, more small
rural counties with few residents and more dangerous
roads. When more blue dots appear on the left, it
shows that low values reduce predicted crashes, such

Blue on Right:
A lower value of
that variable

as a smaller counties with few residents and safe U.‘Jlll le‘?q u
d higher injury
roads. severity.
The bulge, or area where most dots cluster, Bottom ranked variables =
represents the typical effect of the factor for most Lesserimportance

counties. A bulge toward the right or left shows

whether the factor generally increases or decreases predicted crashes. The spread, or the
full horizontal range of the dots, indicates how much the factor’s effect varies across
counties. For example, if red dots are widely spread in the left for total population, it
suggests that higher population generally leads to more crashes, but the strength of the
effect differs across counties. When there is a spread without a clear bulge, it indicates
that the factor consistently affects counties in one direction, though the intensity varies.
The number of dots reflects how many counties the factor influences, with more dots
indicating broader relevance.

The analysis illustrated in Figure 15 reveals that certain sociodemographic factors
were strongly associated with higher fatality counts. Specifically, an increase in the
population of the county, as well as a higher proportion of residents aged 65+, were both
linked to a higher number of fatalities. Additionally, counties with a higher male-to-
female ratio and those with a larger percentage of individuals with a high school
diploma or less also show a higher likelihood of increased fatality counts. The presence
of higher percentages of American Indian and Pacific Islander populations within a
county was similarly associated with a higher number of fatalities.
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Figure 15: SHAP results for the fatality count and sociodemographic factors across counties.

On the other hand, counties with higher proportions of Asian, Black, or Hispanic
populations tend to exhibit lower fatality counts. This suggests that these demographic
groups may have different risk profiles or contribute to factors that reduce fatality rates.
The impact of socioeconomic variables, such as the percentage of people living below the
poverty line and the unemployment rate, is more complex. These factors show mixed
results, indicating that their influence on fatality counts is not straightforward and may
vary depending on other contextual variables within each census tract.

Machine Learning Models: Case Study—States.

The results from the machine learning models are explained in two subsections
corresponding to the two types of analysis conducted. The first analysis depicts how
likeliness of higher injury severity varies across where the crash occurred. This analysis
is done at the crash level. The second analysis indicates how crash costs of a census tract
are related to the sociodemographic composition of that census tract.

Injury Severity Models. Figure 18 through Figure 18 depict the results from the
injury severity model for the three states. North Carolina’s analysis for this model was
not possible due to non-availability of less severe injury data.
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The SHAP analysis of Arizona crash data revealed distinct sociodemographic
associations with injury severity. Census tracts with higher percentages of older
residents (65+), Native American populations, individuals without high school diplomas,
and those below the poverty line show increased severe injury likelihood. Areas with
greater male representation also demonstrate higher severity risks. Conversely, tracts
with higher proportions of Asian or Pacific Islander populations, higher overall
population, and higher percentages of graduate degree holders tend to experience lower
injury severity. Unemployment rates showed no clear effect on the models.
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Figure 16: SHAP results identifying how sociodemographic factors may be associated with high
injury severity across census tracts for Arizona.

Maryland’s injury severity model produced different patterns, with higher
severity linked to tracts containing greater proportions of White, Hispanic, and
American Indian populations, along with higher unemployment rates and areas with
higher poverty rates. Only higher percentages of high school graduates show a protective
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effect against severe injuries. Most other variables display ambiguous relationships with
injury outcomes.
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Figure 17: SHAP results identifying how sociodemographic factors may be associated with high
injury severity across census tracts for Maryland.

Oregon’s SHAP analysis identified education level and race as key severity
predictors. Tracts with more high school/some college-educated residents and higher
Asian or Hispanic populations correlate with increased severity, as did areas with higher
median incomes and population. In contrast, predominantly White tracts and those with
more bachelor or graduate degree holders show reduced severity. Unemployment rates
demonstrate mixed effects without clear directional trends. These state-specific analyses
collectively demonstrate that while certain patterns appear consistent, the
sociodemographic drivers of crash severity vary substantially by region.
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Figure 18: SHAP results identifying how sociodemographic factors may be associated with high
injury severity across census tracts for Oregon.

Cost of Injury Models. Figure 19 presents the results identifying how the
demographic composition of a census tract is related to the cost incurred by the census
tracts. The SHAP results revealed distinct state-specific patterns in how
sociodemographic factors correlate with crash-related costs.
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Figure 19: SHAP results identifying sociodemographic factors within census tracts that are highly
correlated with higher and lower injury costs to that census tract.

In Arizona, census tracts with higher poverty rates, larger populations, larger

Feature value

male-to-female ratios, and greater proportions of high school-educated residents tended
to incur significantly higher injury costs.
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Maryland’s analysis showed that areas with larger populations, more elderly
residents (65+), higher percentages of individuals with only high school education, and
greater American Indian or Pacific Islander populations were associated with increased
crash costs. Conversely, tracts with more White or Hispanic residents and higher
graduate degree attainment demonstrated lower financial impacts from crashes.

North Carolina’s injury cost model (limited to fatal/severe crashes) found that
more populous tracts and those with higher American Indian representation correlated
with greater crash costs. Areas with higher unemployment rates and more educated
populations showed reduced cost burdens.

Oregon’s results indicated strong cost correlations with population, poverty levels,
and sex distribution, with higher male percentages linked to greater costs. Tracts with
more American Indian, Black, or Hispanic residents showed increased crash costs, while
Asian populations were associated with lower costs. These findings collectively
demonstrate that while population size consistently predicts higher crash costs across
states, other sociodemographic factors like education, race, and poverty show varying
state-specific relationships.

Qualitative Analysis Findings: Key Themes from Expert Interviews

The study engaged 27 participants representing diverse transportation
organizations, including state, local, and federal agencies, as well as academic
institutions and industry organizations. Following the methodology outlined in the
qualitative analysis methodology section, all interview transcripts were processed
through a systematic coding procedure to identify and categorize recurring themes. The
following section presents the key thematic findings that emerged from this rigorous
qualitative analysis.

[Note: The names of interviewees and specific references to report titles, and agency
names have been generalized to focus on substantive issues while protecting sources from
potential professional consequences. This anonymization allows for open discussion of
these important planning challenges without jeopardizing individuals or agencies.]

Data Gaps in Tribal Communities

At a national level, those who identify as Native American are at higher crash
frequency and severity risks despite reports indicating lower crash rates in state level
analyses. Participants were asked to clarify what factors might be contributing to these
crash rate differences. Transportation and public health officials attributed persistent
challenges in obtaining comprehensive crash data from tribal communities and existing
infrastructure as meaningful contributions to the disparities.
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At the state level, the Arizona Department of Transportation (ADOT) has worked
to support data sharing with tribes by offering access to the Traffic and Criminal
Software system and funding for recording equipment. However, at present, only one of
Arizona’s twenty-two tribes regularly submits crash data to ADOT. Factors impacting the
decision of tribal communities to participate in these collection efforts were attributed to
sovereignty concerns and long-standing trust issues leading to a “blind spot” in
understanding safety disparities on tribal lands, making it challenging to address traffic
safety issues effectively.

Other state departments of transportation in the country have chosen to approach
the issue through the construction of new roadway infrastructure. This is due to tribal
communities’ challenges with speeding and emergency medical service response times.
Working together with tribal communities to incorporate traffic calming measures such
as roundabouts has seen some success in reducing crash frequency and severity;
however, there is still a need to ensure that the concerns of each individual community
are addressed in a way that is most beneficial to them. It was consistently noted that
higher crash rates may be associated with income levels in different tribal communities,
as well as the fact that many residents often walk to their destinations along roadways
that, while not necessarily designed for high-speed travel, are frequently used as such.

While progress has been made in fostering collaboration between tribal
communities and government agencies to improve data collection and roadway
infrastructure, lingering mistrust remains. This mistrust is shaped by historical
injustices, including broken treaties, displacement, and exclusion from decision making
processes that have impacted tribal lands and communities. This creates a barrier to
collecting critical information, such as citation and health data. As noted by participants,
it will require sustained effort working with these communities and their elders to build
trust and confidence that transportation agencies are seeking to help and not harm.

Equity vs. Data-driven Approach Focus

Interviewees were asked about steps taken to integrate equity into safety plans
and how this consideration aligns with data-driven decision-making in traffic safety
planning. The discussions revealed a tension between prioritizing locations with the
highest fatality and serious injury rates and addressing the needs of underserved
communities through equity-focused approaches.

At the state level, Arizona has continued to approach addressing high fatal and
serious injury crashes using traffic volume and crash data, focusing on targeting hotspot
locations where crash frequency and/or severity are overrepresented in relation to
comparison sites. There is a desire to focus on funding projects by hotspot analysis
rather than by some version of equity score. An interviewee from Massachusetts also
indicated that the focus is more on using a data-driven approach, but that many of the
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same locations highlighted were consistent with environmental justice communities. In
contrast to the data driven approach, Maryland has focused on the Justice40 initiative to
help with analyzing the number of fatalities and serious injuries occurring in census
tracts that have been identified as transportation disadvantaged. Through the use of this
approach, the state is able to refine its use of equity metrics leading to an eventual
outcome of 40 percent of funding or efforts being directed toward transportation
disadvantaged areas. The state of Washington includes an equity approach into their
decision-making processes through a Vulnerable Road User Characteristics Index, in
which projects are graded on a zero to ten scale, with higher levels indicating that a
greater number of socioeconomic characteristics are being met through the delivery of a
particular project. By overlaying this with existing crash data analysis, it addresses both
current and potential crash issues, while taking into consideration social indicators such
as lower income communities having inadequate infrastructure and higher speeds.

Motorist Prioritization in Transportation Policy

When asked about policy changes, the interviewees echoed the need for policies
that caters to all road users. The interviews revealed deep-seated institutional
preferences for motorists in current transportation planning practices, with several
experts calling for fundamental policy reforms to create a more balanced approach that
prioritizes the safety and needs of all road users including pedestrians, cyclists, and
drivers equally.

One interviewee in North Carolina noted that the North Carolina Department of
Transportation (NCDOT) has traditionally prioritized driver safety, which is often
justified by citing traffic volume data as an indicator of higher exposure to risk for
drivers. NCDOT seeks to counter this by bringing into focus that while drivers are
protected by a vehicle, vulnerable road users do not have the same safety protection.
Arizona is also a state that has a vehicle-orientated design culture in which wider roads
encourage higher speeds, and a lack of separated pedestrian infrastructure creates
inherently dangerous conditions for non-motorists. Oregon noted that the state
Department of Transportation was originally founded as the Highway Division and as
such, has been dominated by a highway-focused culture. Over the years, it has increased
its focus on all modes of transportation by creating divisions focusing on non-vehicle
alternatives indicating that there is some movement away from prioritizing vehicles.
Experts agree that transportation agencies need to move beyond motorist-centered
approaches. However, this shift is often constrained by long-standing practices, vehicle-
oriented engineering standards, historical infrastructure investments focused primarily
on motor vehicles under the premise of maximizing efficient mobility, and funding
structures that continue to prioritize vehicular travel.
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Transportation Inequities in Low-Income Communities

Interviewees were asked about the reason why high poverty areas consistently
ranked as disproportionally unsafe throughout all states analyzed and nationally. The
interviews revealed consistent patterns linking poverty, transportation mode choice, and
increased crash vulnerability. Multiple experts highlighted how economically
disadvantaged populations face compounded risks due to inadequate infrastructure and
limited transportation options.

In North Carolina, lower-income urban residents lack vehicle access which led to
a reliance on walking, biking, and taking transit in areas with inadequate supporting
walking and biking infrastructure such as sidewalks and bicycle lanes for these modes of
transportation. As such, this led to a significant increase in crash exposure and injury
severity potential. Similarly, in Arizona, the lack of vehicle access led to vulnerable travel
patterns as individuals traveled longer distances to reach jobs leading to a greater
exposure to crash outcomes.

Conversations with those in other states, such as Washington and Massachusetts,
noted the lack of available or safe infrastructure for those taking local transit to their
destinations. One interviewee noted that plans, which appear effective on paper, may
not be accessible in reality due to a failure to consider those within the community who
might have concerns about mobility issues, safety issues, or limited access to reliable
infrastructure needed to reach transit facilities. Additionally, many lower-income
neighborhoods with inadequate infrastructure are also located in areas with higher
speeds, which when combined with walking or biking leads to a greater risk of high-
severity and fatal crashes. Those in Oregon and Washington noted that with
gentrification happening in larger cities such as Portland and Seattle, many people are
being priced out of housing located in walkable communities.

The interviews collectively reveal a pattern in which transportation disadvantage
compounds safety risks for low-income populations. As most experts noted, lack of
vehicle access forces residents to rely on walking, biking, and public transit, all modes
that immediately classify them as vulnerable road users. This creates a dangerous
paradox: where communities least equipped to withstand transportation injuries are
systematically funneled into the riskiest travel modes across poorly established surface
transportation infrastructure. Interview data suggests this is not coincidental, but rather
a structural feature of how transportation systems have evolved. Economically
disadvantaged neighborhoods frequently suffer from double jeopardy where they
contain the highest proportions of resident’s dependent more on vulnerable modes,
while simultaneously having the most outdated and dangerous infrastructure to support
those modes.
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Authentic Community Engagement in Transportation Planning

Interviewees were asked how their agencies incorporate diverse communities
into their processes and what challenges they face in doing so. The interviews revealed
unanimous agreement about the necessity and current shortcomings of meaningful
community involvement in transportation safety initiatives.

Those working at state agencies emphasized engaging in active conversation with
communities to ensure that their input is meaningfully considered in planning processes.
Interviewees in Maryland elaborated that current practice spans the gamut between a
superficial outreach approach and genuine engagement seeking an active incorporation
of community input during planning processes. One recently adopted approach to
increase access has included making public meetings available both virtually and in-
person. In Oregon, those running public meetings have noted the issue of timing and
financial strain to attending these meetings, which might be held during work hours. To
facilitate the inclusion of all members of the community, a reimbursement structure has
been created to ensure that barriers from participating in these meetings are removed.
This includes compensating individuals for their time, covering travel costs such as
mileage, and providing meal reimbursements. These measures are intended to ensure
that individuals from underserved or low-income backgrounds are not excluded due to
financial constraints. The Oregon Department of Transportation has also provided
training to ensure that those working on projects are able to recognize biases that might
be unintentional to ensure that all voices are heard.

However, substantial barriers to equitable participation remain, particularly for
marginalized groups. In Arizona, obstacles have been identified at the cultural level that
prevent many Hispanic and disadvantaged communities from engaging with those at
transportation agencies. Individuals from more privileged backgrounds, including those
in wealthier neighborhoods, are often more likely to engage with agencies and advocate
for improvements. In contrast, underserved communities may be less likely to engage, in
part due to longstanding mistrust, past experiences of being overlooked or excluded
from decision making, or a lack of access to resources such as time to participate.
Policymaking has also been identified as an area where there is often a disconnect
between decision-makers and the daily realities of the communities they serve. Policies
may be implemented that overlook or inadequately address on-the-ground needs due to
a lack of consideration for lived experiences of local road users.

Experts highlighted key principles for effective community-driven approaches,
emphasizing the need for ongoing, adaptive engagement that aligns with community
norms and includes multiple levels of involvement. However, substantial barriers
remain, including resource disparities, cultural and language challenges, and historical
distrust in government institutions. Overcoming these requires a sustained commitment
to building trust, providing equitable resources, and fostering inclusive outreach that
goes beyond superficial efforts.
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Expanding Accessibility

Interviewees were asked about programs focused on educating diverse
communities on traffic safety while addressing cultural or linguistic barriers. The
interviews revealed growing but uneven efforts to create transportation safety materials
that serve diverse linguistic communities. Several experts shared insights into their
agencies’ efforts to ensure that safety education reaches underrepresented communities,
with a focus on both language and cultural considerations.

Multiple participants brought up the provision of driver’s manuals being made
available in multiple languages, representing an important step in accommodating non-
English speakers. While some agencies might primarily focus on translating official
documents, others are looking to provide comprehensive safety communication
strategies. The Maryland Department of Transportation has incorporated educational
materials that also consider those with lower literacy levels and include diverse imagery
to ensure that community members can comprehend the content.

Those in the State of Washington noted the use of translator services to
communicate with immigrant communities, noting that all written documents are
translated into the eight major languages to ensure greater accessibility. Oregon has built
on this approach as well with the mindset that educational documents regarding safety
might be the only source of information available to certain groups. These documents
are formatted to be accessible to those who might read at a lower grade level and have
been translated into 41 different languages.

Intersection of Rural Living and Transportation Safety for White Communities

When asked about the reasons for communities with higher percentages of White
residents being more vulnerable to transportation-related risks, the interviewees noted
that these groups tend to live in more rural areas and have fewer socioeconomic
opportunities. This geographic isolation, combined with long commutes, raises the risk of
being involved in crashes. Cultural factors were also mentioned, including a tendency
among individuals in more rural areas to be less likely to wear seatbelts. In some cases,
this may stem from the belief that driving inherently involves risk and that such risks
are simply part of daily life. In other instances, resistance to seatbelt use may be tied to
perceptions of government enforcement interfering with their freedom of choice.

Local and Federal Influence on Equity

Through these interviews, it was found that many states have different
approaches to incorporating equity into their transportation policies both at the state
and local levels. For Arizona, while equity has not been a primary focus in
transportation policies, several local and regional initiatives have incorporated elements
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of equity into their safety plans, largely due to federal mandates and the initiatives of
individual agencies. In contrast, the State of Washington has passed a variety of
legislation that incorporate equity within all executive state branches. King County,
Washington, which includes the City of Seattle and is home to nearly 30 percent of the
state’s population, passed the “Fair and Just Ordinance” in 2010. This ordinance requires
that equity-focused reforms be implemented across all county agencies and departments,
not just at the executive level.

At the state level, many agencies have incorporated equity into their Strategic
Highway Safety Plan with varying levels of success. Due to national pushbacks, some
states have reduced emphasizing the inclusion of equity within their plans reflecting the
broader challenges in making equity a central pillar in statewide safety strategies. Others
have noted their gradual success in the inclusion of equity and that at the end of each
three-year cycle, a review is held to ensure that underrepresented groups are being
included as well as utilizing annual public opinion surveys to ensure that drivers of these
groups feel that their voices are being heard. Overall, in some states, while broader
transportation policies may not heavily emphasize equity, several cities and counties
have proactively integrated equity components into their safety action plans, driven by
federal guidance and local leadership.

Shifts in Equity-Focused Safety Planning

As the current federal administration advances major changes in the
transportation sector, interviewees noted a noticeable shift in how transportation
agencies are approaching equity within safety planning efforts. While some agencies
continue to maintain their stance on incorporating equity into the framework of their
projects and decision-making policies, there are others who fear the repercussions
certain terminology might have on their agencies. At the state level, a transportation
official described carefully modifying planning documents in response to new directives.
The agency has systematically removed or replaced specific terminology related to
equity from their materials, operating under the assumption that reviewers may
evaluate documents based on the presence of certain keywords rather than substantive
content.
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Interviews: Key Themes

Data Gaps in Tribal Communities: Native American communities face high crash risks but
remain underrepresented in state crash data due to sovereignty concerns and mistrust.

Equity vs. Data Dilemma: Hotspot focused states (e.g., Arizona) prioritize crash data, while
others (e.g., Maryland, Washington) integrate equity metrics (e.g., Justice40, VRUCI scores).

Car-Centric Culture: DOTs still favor drivers; multimodal shifts are slow but growing.

Poverty = Higher Crash Risks: Low-income communities face dangerous conditions:
inadequate infrastructure, high-speed roads, and forced reliance on unsafe modes.

Rural White Communities at Risk: Geographic isolation, long commutes, and cultural
resistance to safety measures (e.g., seatbelts) increase crash severity.

Equity Progress Uneven: Some states (e.g., Washington, Maryland) mandate equity; others
retreat due to politics.
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Discussion

This study identifies factors associated with increasing crash risks across sex, age,
race, and other socioeconomic and sociodemographic factors. The crash rates across
these sociodemographic groups were presented, followed by the results of the DEA
analysis and machine learning models. Finally, interviews were conducted to
understand the underlying pattern of inequities across sociodemographic groups. The
findings highlight critical disparities in serious injury and fatality patterns across
demographic groups and geographic regions, reinforcing existing literature while
providing new insights into state-specific risk factors.

Males were found to be consistently overrepresented in fatal and serious injury
crashes in alignment with previously identified trends (Al-Balbissi, 2003; Amarasingha &
Dissanayake, 2014). Similar results were found in census tracts where male
representation was high. Literature often cites behavioral and exposure differences
amongst males and females contributing to increased crash and injury risks among
males (Cullen et al., 2021; Turner & McClure, 2003). This study supports those findings
and further highlights that, on a per capita basis, males experience higher rates of injury.
However, it is important to note that this analysis did not differentiate by crash type or
injury type, as previous research suggests these factors may result in higher injury risk
for women in certain crash scenarios (Kelley-Baker & Romano, 2010; Ryan & Knodler,
2022). Without segmentation by crash or injury type, the results of this study indicate
that males experience higher overall crash risk and injury severity across all
sociodemographic and user groups examined, indicating that sex-based differences in
crash outcomes may be universal.

Age-related risks in literature have been very mixed. Some research indicates
younger age groups to be more prone to serious injury crash risks (Mafi et al., 2019),
other studies identified mid-age and older age groups to be more prone to serious
injuries (Kocatepe et al., 2019; Mafi et al., 2019). The crash rates obtained in the present
study indicate that mid-aged individuals (25-44 years of age) were the most risk prone to
severe injuries. For bicyclists, older age groups were the most vulnerable. Although the
age composition of census tracts and counties were not considered in DEA models, they
were considered in SHAP analysis, where areas with a higher proportion of older road
users were prone to higher injury severity as well as higher crash costs. Scant literature
was identified associating age characteristics of a geographic area with crash risks,
presenting an opportunity for future research.

When considering racial characteristics, the results varied widely across different
geographic areas. Crash rates indicate Native Americans were the most vulnerable racial
group for all types of road users. Previous research often identifies Native Americans as
the most vulnerable racial group in terms of crash frequency and injury severity (Oh et
al., 2017), often linking these disparities to behavioral factors prevalent among Native
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American drivers, such as lower restraint use and higher rates of alcohol impairment
(Grossman et al., 1997). Beyond these behaviors, their increased vulnerability is also
driven by lower vehicle ownership, leading to greater reliance on more dangerous travel
modes, longer average travel distances, and residence in rural, low-income areas with
limited infrastructure and emergency services (Blumenberg et al., 2007). The DEA results
indicate that although these communities have higher vulnerability as described by
national data, they were found to be safer communities in Arizona when normalized
against road miles or population. This contradicts previous documented results
describing these communities to be generally more vulnerable (James & Russo, 2019;
Piontkowski et al., 2015). Interviews with Arizona officials indicated data limitations
affecting tribal communities with only one of Arizona’s twenty-two tribes reporting
crash data to the Arizona Department of Transportation, a possible contributor to the
inconsistency. More consistent with previous findings (Iragavarapu et al., 2015; Vachal,
2020), interviews revealed that longstanding mistrust, jurisdictional complexity, and
sovereignty-related concerns continue to hinder the collection of reliable crash data in
these regions. These data limitations generate systemic gaps in safety reporting at state,
and thus, correspondingly, national levels. When transportation agencies base funding
decisions solely on these partial datasets, underrepresented communities may be
excluded from critical safety improvements. This problem aligns with the concept of
“equity biases” (Ricord & Wang, 2023) where systematic data deficiencies can
disproportionately affect marginalized groups and may perpetuate disparities.

The results across Arizona, Maryland, and Oregon reveal both consistent and
divergent patterns in how sociodemographic characteristics shape traffic safety
outcomes, offering both support for and extensions to prior research (Balakrishnan et al.,
2019; Sagar et al., 2021). A key takeaway is that racial and ethnic composition plays a
variable role across states. For instance, in Arizona, higher proportions of White, Black,
and Hispanic populations are linked to increased crash risks, while areas with more
Native American residents appear safer. In contrast, Maryland shows elevated risks in
tracts with higher Black, Asian, Hispanic, and multiracial populations, while higher
White population percentages are associated with safer outcomes. Oregon presents yet
another pattern where higher crash risks are found in areas with more White, Asian,
Hispanic, and multiracial residents, while Black and Pacific Islander populations show a
protective association. These patterns support previous research showing that traffic
safety outcomes are deeply shaped by local context and the intersection of race with
spatial inequality, infrastructure quality, and mobility patterns (Karner et al., 2020;
Spray et al., 2022; Weiwu, 2024). This variation underscores the need to interpret racial
and ethnic disparities in crash risk within the unique context of each location’s urban
design, infrastructure, and socioeconomic conditions. It further emphasizes that elevated
crash risk is not inherently linked to an individual’s racial or ethnic identity. Instead,
these disparities arise from the intersection of race and locational factors, where
structural factors such as uneven temporal and spatial exposure to hazardous
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environments and disparities in access to quality infrastructure shape observed
differences in crash outcomes.

Across all the states analyzed, areas with higher Hispanic populations are
consistently associated with elevated crash risks. This pattern may be partially explained
by behavioral and structural factors often cited in prior research, including lower rates
of seat belt use and higher incidences of speeding, unlicensed driving, and alcohol
involvement (Harper et al., 2000; Romano et al., 2006). Additionally, Hispanic drivers are
more likely to own older vehicles (Harper et al., 2000), which may lack modern safety
features, further increasing vulnerability in the event of a crash. Further, results
indicated that Black drivers and pedestrians had higher fatal crash rates. This
corresponds with previous literature where numerous behavioral and cultural factors
were attributed to such outcomes. The factors included drinking and driving, aggressive
and reckless driving, and inconsistent seat belt use (Cordy et al., 2002). Possible
explanations to consider also include systemic underinvestment in pedestrian and
cycling infrastructure in communities of color, disparities in emergency response,
variations in quality of care and outcomes, limited access to medical insurance, and
economic constraints (Raifman & Choma, 2022).

Census tracts and counties with a higher proportion of White population were
found to have high crash and injury severity risks nationally, as well as in three of the
four states analyzed. Interviews indicated that this might be attributed to the fact that a
lot of counties and census tracts with larger White populations are rural areas where
residents drive longer distances and other behavioral and infrastructure factors
constrain individual safety factors. Literature regarding rural areas indicate lack of
sidewalks, lower use of traffic control devices, less seatbelt compliance, as well as
frequency of driving under influence, as major factors behind increased risk in rural
roads (Ossenbruggen et al., 2001; Rakauskas et al., 2009).

Areas with higher poverty rates were consistently associated with elevated crash
risk and injury severity across three of the four states analyzed, as well as at the national
level. This pattern aligns with extensive literature documenting the strong correlation
between socioeconomic disadvantage and transportation safety outcomes (Li et al., 2022;
Males, 2009). Lower-income communities often lack critical infrastructure such as
sidewalks, crosswalks, and adequate lighting, making them more dangerous for all road
users, particularly pedestrians and cyclists. These areas also tend to be located along
high-speed arterial roads where traffic volume and severity of crashes are elevated
(Dumbaugh et al., 2022). The interviews highlighted that economically disadvantaged
neighborhoods frequently suffer from double jeopardy, where the highest proportions of
residents depend on vulnerable modes, while simultaneously having the most outdated
and inadequate infrastructure to support those modes. Literature also often points to the
fact that drivers in these communities drive older vehicles that are less safe (Haddad
et al.,, 2024).
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Pedestrian fatalities in this study followed similar demographic patterns, with
comparably higher risks in Arizona. This aligns with earlier research highlighting
increased pedestrian fatality rates among Native American populations in the state
(Campos-Outcalt et al., 2002). These disparities have often been attributed to alcohol-
related factors and the prevalence of rural areas with inadequate pedestrian
infrastructure (Campos-Outcalt et al., 2002). The current analysis further reveals higher
pedestrian fatality risks among Black pedestrians, particularly at the national level.
These results point to persistent structural and environmental inequities that
disproportionately affect vulnerable communities and emphasize the need for targeted
pedestrian safety improvements.

The present study responds to calls in the literature (Patwary et al., 2024) for more
holistic approaches that account for both spatial analysis and community-specific needs
analysis. The findings support previous work showing that crash risks are not evenly
distributed across space (Ziakopoulos & Yannis, 2020) or populations (Merlin et al., 2020)
and that standard, uniform safety interventions are often inadequate (Li et al., 2022). The
study further reinforces the importance of combining technical analysis with community
engagement. Modeling alone can identify where disparities occur, but understanding the
underlying causes requires engagement with the communities affected. This dual
approach reflects the discussions of Linovski and Baker (2023), who emphasize that lived
experience is critical to designing effective and equitable transportation policies.
Addressing disparities in transportation safety will require both better tools and better
relationships with the communities most at risk.

The qualitative interviews highlighted both existing policy frameworks and
emerging needs in transportation equity. Traditional data-driven approaches, while
emphasizing efficiency and measurable outcomes, often perpetuate disparities by
prioritizing high-volume corridors over systemic inequities. As Karner and Marcantonio
(2018) argue, standard public engagement processes tend to marginalize underserved
communities, limiting their influence over transportation decisions. Their
recommendation to establish dedicated funding mechanisms for priority community
needs offers a more bottom-up approach that aligns with equity initiatives such as
Maryland’s Justice40 program, where solutions are shaped by local priorities.

The persistent prioritization of motorists over vulnerable road users in
transportation policies, as seen in the interviews, reflects a deeply rooted institutional
bias in transportation planning. Norton (2011) documented how mid-20th-century
transportation policy entrenched car-centric infrastructure at the expense of other
modes. This legacy continues to disadvantage low-income and marginalized groups, who
often experience unsafe environments and restricts mobility, conditions that Bullard et
al. (2004) describe as transportation racism. Similarly, the elevated crash risks observed
in rural White communities and discussed in interviews align with prior research
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linking geographic isolation, longer travel distances, and cultural resistance to safety
measures with increased fatality rates (Adeyemi et al., 2022; Rakauskas et al., 2009).

Limitations and Future Work

This study has several limitations that should be considered when interpreting the
results. First, the analysis examined driver-level risk factors and community-level risk
factors separately across demographic categories including sex, age, and race. Although
demographic-specific crash rates were calculated and both DEA and SHAP analyses
identified key community characteristics linked to higher injury severity, these two
levels of analysis were derived from different data sources and are not inherently
aligned. The drivers involved in crashes may not accurately represent the demographic
composition of the communities where crashes occurred, necessitating caution when
interpreting combined individual-level and area-level results. Second, limitations in race
data reliability for serious injury cases, particularly in Maryland, may affect the accuracy
of race-specific comparisons for crash rates, and this constraint should be acknowledged
when drawing conclusions from these findings.

Furthermore, the study’s findings should be interpreted considering certain
methodological limitations. The analysis could not account for variations in crash
reporting practices across different jurisdictions and demographic groups, particularly
potential underreporting of non-fatal crashes, which may bias the calculated rates and
obscure true disparities. Additionally, while population and road mileage served as
exposure metrics, these proxies fail to capture more direct measures of risk exposure
such as vehicle miles traveled, time spent on roadways, or trip frequency, factors that
vary across communities and demographic groups. The absence of direct exposure data
restricts the precision of the rate calculations and may affect interpretation of risk
disparities. Finally, the interview sample was limited to 28 interviewees and spanned
multiple jurisdictions, resulting in limited representation within each geographic and
institutional context. This small sample design precludes definitive conclusions but
aligns with exploratory qualitative research aimed at identifying thematic patterns
rather than generalizable truths.

Future research should pursue several important directions to build upon this
work. First, investigations should examine the intersection between driver
demographics and community characteristics in crash risk assessment. Analyzing
whether drivers of particular demographic groups experience different risk profiles
across different communities could reveal meaningful contextual patterns in safety
outcomes. This line of inquiry would extend beyond the current focus on community
characteristics to incorporate driver-community interactions.

Second, expanding the range of intermediate variables in safety models
represents a critical research need. While this study concentrated on sociodemographic
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factors, future models should incorporate behavioral metrics such as typical speeds,
environmental conditions including weather and lighting, and vehicle characteristics to
provide more comprehensive risk assessments. Such multidimensional modeling could
better capture the complex interactions that shape crash outcomes.

Third, enhancing DEA models with additional input variables would improve
their precision and practical applicability. Incorporating behavioral exposure metrics
like average miles driven, trip purpose, or vehicle age could yield more accurate
efficiency measurements. These refinements would help account for variations in
mobility patterns when evaluating community-level safety performance, leading to more
targeted and effective interventions.
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Conclusions

This study used a mixed-methods framework combining quantitative and
qualitative approaches to examine traffic safety disparities. The research identifies
unequal safety outcomes across communities and users while investigating the
underlying factors contributing to these disparities through stakeholder interviews. This
integrated methodology provides both statistical evidence of transportation inequities
and contextual understanding of their systemic causes. Interpretation of the mixed
method results indicates some actionable strategies for stakeholders interested in
improving equity in traffic safety (see Box on page 70), including improving data
collection and reporting, prioritizing equitable infrastructure, shifting agency culture,
and advocating for locally appropriate solutions, equity impact assessments, and policies
that address the root causes of disparities.

The analysis reveals significant disparities in crash rates across demographic
groups and geographic regions. Male road users, middle-aged individuals, and Native
American populations experience disproportionately high crash impacts nationwide.
Geographic variations in these patterns are also present, with North Carolina exhibiting
consistently higher crash rates across all sociodemographic groups compared to the
other three states analyzed. However, the state demonstrates more balanced sex-related
disparities in fatal crashes compared to other regions. State-specific analyses uncover
distinct risk profiles with Maryland showing the most substantial sex-related disparity;
male fatalities occur nearly four times more frequently than female fatalities in
Maryland. Arizona emerges as dangerous for vulnerable road users, recording the
highest rates of pedestrian fatality and bicycle fatality across all age and sex groups.

National data indicates that Black road users face elevated fatality rates; however,
the DEA models show lower fatality rates in communities with higher Black populations.
This contrast may reflect differences between where people live and where crashes
occur. The SHAP analysis also suggests that while Black individuals are
disproportionately involved in crashes nationwide, their neighborhoods often have
comparatively better traffic safety outcomes. These patterns highlight the likelihood that
crash risk is shaped more by conditions along travel routes and travel patterns than by
residential demographic and infrastructure characteristics. However, this was not
explicitly explored in this investigation, and could be explored in future work to more
fully understand these relationships. These findings reinforce the need to consider both
community context and broader travel networks when addressing traffic safety
disparities.

Native American communities experienced some of the highest crash rates both
nationally and across the four states analyzed. These communities tend to be safer in
Arizona and Oregon, two states with a higher population of Native Americans in this
study. However, this apparent contradiction indicates a more complex reality. Interviews
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with transportation and public health professionals revealed that these discrepancies
are, in part, the result of persistent challenges in collecting comprehensive crash data
from tribal lands. Only one of Arizona’s twenty-two tribes regularly submits crash data
to the Arizona Department of Transportation. This limited participation is influenced by
sovereignty concerns and longstanding mistrust, creating a “blind spot” in safety data
that hinders understanding and therefore intentionally targeted interventions.

Asian communities were consistently found to have the lowest fatality rates
nationally as well as across all the four states reviewed, with both the DEA and SHAP
models indicating that communities with a higher percentage of Asian residents are
among the safest nationally. Educational attainment also plays a role, with communities
that had higher levels of education generally experiencing lower crash rates. Notably,
this trend varies by state.

Interviews revealed a consistent and concerning link between poverty,
transportation mode choice, and increased crash vulnerability across all states. The
quantitative analysis consistently identified higher poverty rate areas as more prone to
higher crash risks across all areas. Experts noted that economically disadvantaged
communities often face compounded risks due to limited transportation options and
outdated infrastructure. Lack of vehicle access forces residents to rely on walking or
biking, often in environments that are ill-equipped to support these modes, leading to
heightened crash exposure and injury severity. Gentrification in cities is also pushing
lower-income residents into less walkable, higher-speed environments. The collective
insight highlights a structural disadvantage faced by low-income communities, where
residents who rely on the most vulnerable modes of travel are often required to navigate
the most hazardous conditions. This double jeopardy, high exposure combined with poor
infrastructure, is a systemic outcome of inequitable transportation planning.

Transportation experts in Oregon and Arizona emphasized how cultural factors
shape both institutional practices and community engagement in safety planning. The
Oregon Department of Transportation’s legacy as a Highway Division has created a
persistent vehicle-centric culture within the agency, where even recent multimodal
initiatives sometimes struggle against entrenched norms. Simultaneously, cultural
barriers prevent meaningful participation from Hispanic and immigrant communities in
transportation discussions, resulting in planning processes that overlook their safety
needs.

In terms of equity initiatives, agencies across several states have launched
programs to embed equity into traffic safety efforts. These include translating driver
manuals and safety materials into multiple languages, adapting content for low-literacy
audiences, and incorporating culturally relevant visuals. Maryland and Oregon have led
in language accessibility, while Washington has implemented statewide equity
mandates. In King County, Washington, the “Fair and Just Ordinance” requires equity
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practices across all departments. Local and regional plans also reflect these efforts,
supported by federal guidance and agency leadership.

Interviewees highlighted several key policy solutions to improve transportation
safety equity. Building trust with American Indian communities through sustained
engagement with tribal elders was seen as essential for improving data sharing. Experts
further emphasized the need for transportation agencies to shift from a motorist-first
mindset to one focused on equity of use, ensuring safety for all road users. Some
interviewees also cautioned that future policy changes may deprioritize or intentionally
sideline equity, highlighting the need to ensure it remains a core focus in planning and
decision-making.

The present study also demonstrates that traffic safety risks vary substantially
across different communities and geographic regions, as evidenced by the DEA model
results. These variations reveal that traditional standardized approaches to safety
interventions are often inadequate, as different populations face distinct challenges
shaped by local conditions and sociodemographic factors. To effectively address these
disparities, transportation agencies must combine advanced analytical methods with
meaningful community engagement. Analytical tools help identify localized risk
patterns, while direct engagement uncovers the contextual factors behind these
disparities. Through this integrated approach agencies develop solutions that meet the
specific safety needs of diverse communities across different regions.

Moving forward, transportation agencies may consider adopting a more balanced
approach that integrates equity metrics with data-driven analysis, prioritizes
infrastructure improvements in high-risk areas, and fosters authentic and sustained
community engagement. By centering the voices of marginalized populations and
addressing structural barriers, policymakers can develop targeted interventions that
enhance safety for all road users. The insights from this study provide a foundation for
actionable recommendations, urging stakeholders to bridge the gap between equity goals
and on-the-ground implementation.
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Actionable Strategies

Improve Data Collection & Reporting

* Build trust with Native American communities to improve crash data reporting from tribal lands.
* Ensure consistent and inclusive data collection across race, income, sex and other
socioeconomic and sociodemographic factors.

Prioritize Equitable Infrastructure

* Focus safety improvements in low-income and high-crash neighborhoods.
* Mitigate displacement-related risks by retrofitting unsafe routes in areas where low-income
residents are relocated.

Shift Agency Culture & Planning

* Move beyond car-centric planningto prioritize all modes equally.
* Formalize equity criteria in funding decisions.

Policy & Advocacy

* Design interventions based on community context
* Require equity impact assessments fortransportation projects.
* Push forpolicies that address root causes.
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Appendix A: Interview Questions

Question 1

Primary Question

How does your agency collect and analyze data to identify safety disparities among
different demographic groups?

Probing Questions

1.
2.
3.

What types of data are primarily collected?

What types of analysis are performed to identify disparities?

Are there any groups that may be underrepresented in your data collection
process?

How do you define and measure “safety disparities” among different groups?
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Question 2

Primary Question

What steps has your agency taken to consider equity when developing and
implementing safety plans?

Probing Questions

1. What are the primary equity-related data currently considered?
2. How do sociodemographic factors influence investment decisions in the
development of safety-focused investment plans?

a.

b.

Are equity metrics incorporated into project prioritization processes? How
are they tracked? What tools are used to monitor or report metrics?

How is success defined for equity-focused initiatives? Who determines
these standards?

How does your agency involve disadvantaged communities in decision-
making processes for transportation safety projects?

Are there specific programs to address infrastructure gaps in high-risk/low-
income neighborhoods?

Are there programs aimed at educating diverse communities on traffic
safety while addressing cultural or linguistic barriers?

3. What are the barriers to considering sociodemographic factors?
4. Has your approach to integrating equity into safety plans changed recently?
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Question 3

Primary Question

Our preliminary findings suggests that communities with a higher proportion of
American Indian and Alaska Native residents tend to have the highest fatal crash risks.
Given your professional expertise, what factors might contribute to this observation?

Probing Questions

1. Have you seen this disparity in your state? If so, in what contexts?

2. Is this occurrence more associated with behavioral factors or community-related
factors or both? (Behavioral factors indicate that driver behavior may increase or
decrease crash risk while community-related factors might indicate infrastructure
or other social constructs impact crash risks) Given your professional expertise,
why is this the case?

1. Has your state implemented any measures to improve the safety of this
community?

Which measures have been more effective in decreasing this disparity?

What have been some of the challenges in implementing these measures?

Which measures have been less effective?

What barriers have you faced in identifying and implementing strategies to

mitigate this disparity?

po oo
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Question 4

Primary Question

Our preliminary finding suggests that communities with a higher proportion of White
residents have the second-highest fatal crash risk, following communities with a higher
proportion of American Indian and Alaska Native residents. Given your professional
expertise, what factors might contribute to this observation?

Probing Questions

1. Have you seen this disparity in your state? In what contexts?

2. Isthis occurrence more associated with behavioral factors or community-related
factors or both? (Behavioral factors indicate that driver behavior may increase or
decrease crash risk while community-related factors might indicate infrastructure
or other social constructs impact crash risks.) Given your professional expertise,
why is this the case?

3. Hasyour state implemented any measures to improve the safety of this
community?

Which measures have been more effective in decreasing this disparity?

What have been some of the challenges in implementing these measures?

Which measures have been less effective?

What barriers have you faced in identifying and implementing strategies to

mitigate this disparity?

po oo
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Question 5

Primary Question

Our preliminary findings suggest that communities with higher poverty rates tend to
experience higher crash risks. Given your professional expertise, what factors might
contribute to this observation?

Probing Questions

1. Have you seen this disparity in your state? In what contexts?

2. Isthis occurrence more associated with behavioral factors or community-related
factors or both? (Behavioral factors indicate that driver behavior may increase or
decrease crash risk while community-related factors might indicate infrastructure
or other social constructs impact crash risks.) Given your professional expertise,
why is this the case?

3. Has your state implemented any measures to improve the safety of this
community?

Which measures have been more effective in decreasing this disparity?

What have been some of the challenges in implementing these measures?

Which measures have been less effective?

What barriers have you faced in identifying and implementing strategies to

mitigate this disparity?

po oo
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Question 6

Primary Question
What are the key traffic safety inequities you have observed in your state?
Probing Questions

1. What do you think is contributing to these inequities (probe: behavioral patterns,
infrastructure investments, other)?

2. What are examples of policy changes that are required to address these
inequities?

3. Do you have any examples of policy changes that you were able to successfully
enact? What were some of the barriers and how did you overcome them?

4. Are there policies you would like to enact? What are the barriers to
implementation?
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Appendix B: Suspected serious injury rates of drivers across sexes
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Figure A1: Male-to-female driver suspected serious injury rates and ratios (per 100,000 people)

Figure A1 depicts the suspected serious injury rates of male and female drivers
across the four states from 2018 to 2022. These rates represent the number of suspected
serious injuries per 100,000 people, highlighting the disparities between male and female
drivers involved in serious injury incidents. In all states examined, the ratios indicate
that male drivers were at a higher risk of suspected serious injuries compared to their
female counterparts; however, the difference is lower than that seen in fatal outcome
cases. Maryland consistently exhibited the highest male-to-female suspected serious
injury ratio throughout the five-year period; the same was also seen in fatal outcome
cases. In contrast, Oregon had the lowest ratio among the states analyzed, with ratios
hovering around 1.6 to 1.7, indicating a smaller difference in serious injury risk between
male drivers and female drivers. Notably, Oregon was one of the states exhibiting higher
differences for fatal outcome cases. Arizona and North Carolina displayed stable ratios,
with minor fluctuations over the years, but both remained above 2, suggesting a
significant risk for male drivers compared to females.
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For male drivers, most states displayed stable injury rates over the observed
years. Arizona’s rates fluctuated between 39.3 and 46.9, while Maryland maintained a
consistent range of 42.2 to 46.2. North Carolina showed a notable increase, reaching
58.27 in 2021, indicating growing concerns for male driver safety. In contrast, Oregon
exhibited considerable variability, with male driver injury rates rising sharply from
36.88 in 2018 to 71.31 in 2022, reflecting an increasing risk for male drivers.

Similarly, female driver rates remained stable across most states. Arizona’s rates
ranged from 16.5 to 23.8, and Maryland’s fluctuated between 16.0 and 22.9, showing little
overall change. North Carolina’s female rates peaked at 25.17 in 2021, while Oregon’s
rates demonstrated significant variability, increasing from 19.90 to 42.72 during the
same period. This consistent increase in both male and female driver injury rates in
Oregon are notable in the context of relative stability observed/examined observed in
other states, underscoring a growing concern for driver safety in that region.
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Appendix C: Suspected serious injury rates across age groups
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Figure A2: Suspected serious injury rate across age groups by state (per 100,000 people)

The distribution of suspected serious injuries across different age groups and
states reveals significant differences as shown in Figure A2. Working-age adults aged 25-
44 years consistently bore the highest burden of injuries across all examined states. In
Oregon, the suspected serious injury rates in this age group reached as high as 76.6 per
100,000 in 2021, indicating a substantial risk for this demographic. Maryland and North
Carolina also show elevated rates in the 25-44 age group, though North Carolina’s rates
peaked at 69.4 driver serious injuries per 100,000 people. Arizona’s rates for this age
group fluctuated but typically remained less than the other three states.

Oregon demonstrated a troubling upward trajectory in injury rates across all age
groups, with particularly stark increases in recent periods. This trend is especially
pronounced in the 25-44 and 45-64 age groups, where Oregon’s rates have escalated to

93



double those of comparable populations in other states. For the 45-64 age group,
Oregon’s rates reached 34.5 serious injuries per 100,000 people, while North Carolina’s
rates also reflect significant concerns at 38.7 serious injuries per 100,000 people.

The data shows that younger populations (ages 0-24) experienced lower injury
rates compared to other age groups, with rates consistently falling below 30 serious
injuries per 100,000 people in most states. However, North Carolina had higher rates for
this age group, peaking at 27.53 serious injuries per 100,000 people in the most recent
year of data. In contrast, Maryland and Arizona maintained lower rates for the 0-24 age
group, typically ranging from 19 to 22 serious injuries per 100,000 people.

Older adults (65+ years old) exhibit varying vulnerability patterns across states.
Arizona and Maryland report stable and lower rates for this age group, with figures
ranging between 23 and 30 serious injuries per 100,000 people, although Arizona has
seen a decline in serious injuries in recent years. Conversely, Oregon’s elderly population
(65+ years old) has experienced a concerning increase in injury rates, reaching 53.5
serious injuries per 100,000 people in 2022. North Carolina also reports elevated rates for
older adults, at 27.5 serious injuries per 100,000 people, consistently surpassing the
figures observed in Maryland and Arizona across all age groups.
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Appendix D: Traffic Stop Rates: Arizona
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Figure A3: Traffic stop rate by race for Arizona (2015-2017)
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Figure A4: Traffic stop rate by sex for Arizona (2015-2017)
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Appendix E: Traffic Stop Rates: Maryland
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Figure A5: Traffic stop rate by race in Maryland (2012-2014)
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Figure A6: Traffic stop rate by sex in Maryland (2012-2014)
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Figure A7: Traffic stop rate by age in Maryland (2012-2014)
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Appendix F: Traffic Stop Rates: North Carolina
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Figure A8: Traffic stop rate by race in North Carolina (2013-2015)
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Figure A9: Traffic stop rate by sex in North Carolina (2013-2015)
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Figure A10: Traffic stop rate by age in North Carolina (2013-2015)

Analysis of traffic stop data from Arizona (2015-2017), Maryland (2012-2014), and
North Carolina (2013-2015) reveals persistent and substantial disparities in traffic stop
rates across demographic groups. The data, reported per 100,000 individuals and broken
down by race, sex, and where available, age, show clear and consistent patterns. In each
state, Black individuals were stopped at significantly higher rates than White individuals.
Males were also stopped more frequently than females. Furthermore, where age data
was available (Maryland and North Carolina), drivers in the 25-44 age group had the
highest stop rates.

These patterns are consistent with prior research. Studies have frequently
documented racial and ethnic disparities in stop rates, with minority groups, particularly
Black individuals, often being stopped at disproportionately higher rates than White
individuals, even after controlling for factors like driving behavior (Pareschi et al., 2020;
Rosenfeld et al., 2012). Similarly, research often indicates that males are stopped more
frequently than females, which can be attributed to a combination of factors including
driving patterns, risk-taking behavior, and targeted enforcement (Cordellieri et al., 2016;
Gonzalez-Iglesias et al., 2012). Age-related patterns similarly reflect legitimate exposure
differences, with working-age adults representing peak driving activity years when
travel distance per trip and overall mileage are highest, naturally resulting in increased
enforcement encounters (Rolison & Moutari, 2018).
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Appendix G: Male and Female Crash Rates across Census Tracts
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Figure A12 Weighted crash rates for female drivers in Arizona
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Figure A14: Weighted crash rates for female drivers in Maryland
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Figure A15: Weighted crash rates for male drivers in North Carolina (fatal and serious injuries only)
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Figure A16: Weighted crash rates for female drivers in North Carolina (fatal and serious injuries
only)
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Figure A18: Weighted crash rates for female drivers in Oregon
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Appendix H: National EMS Analysis

The data from National Emergency Medical Services Information System
(NEMSIS) was summarized to understand how primary symptoms and Chief Anatomic
Location differs across different sociodemographic groups. Age, race, and gender were
considered.

Chief Complain Anatomic Location across Gender, Race, and Age Group

Figure A19 displays the distribution of chief complaint anatomic locations in EMS-
responsive crashes across gender, race, and age groups. The percentages represent the
proportion of reported chief complaint anatomic locations for each demographic
subgroup, relative to the total number of incidents within that subgroup.

The plots reveal several trends in how the chief complaint anatomic location
varies across sociodemographic groups involved in traffic crashes. Males were more
likely to sustain injuries to the head, upper extremities, and lower extremities, while
females were more likely to experience injuries to the neck, abdomen, and head. In
terms of age, younger individuals were more prone to head, abdomen, and lower
extremity injuries compared to older age groups, who tend to suffer more chest injuries.
Race-based differences show that individuals identifying as Native American were more
likely to experience head and lower extremity injuries. In contrast, Black individuals
were more likely to sustain back and lower extremity injuries. Asian individuals were
more likely to have chest and neck injuries compared to other racial groups.

Primary Symptoms Across Gender, Race, and Age Groups

Figure A20 illustrates the distribution of primary symptoms for EMS-responsive
crashes across gender, race, and age groups. The percentages represent the proportion of
a specific primary symptom reported within a sociodemographic subgroup, relative to
the total injuries reported by that subgroup.

The analysis highlights distinct trends in how primary symptoms vary across
sociodemographic groups involved in traffic crashes. Males were found to be more likely
to report symptoms related to pain, head injuries, and multiple injuries, while females
were more likely to report back pain, cervicalgia, and chest pain.

Age-wise, individuals aged 65+ were more likely to report chest pain as a primary
symptom compared to other age groups. Among racial groups, individuals identifying as
White were more likely to report head injuries, while Asians were more likely to report
chest injuries. Similarly, individuals identifying as Black or African American were more
likely to report back pain as their primary symptom compared to other racial groups.
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Figure A19: Chief complaint anatomic location across gender, race, and age groups for individuals in
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Figure A20: Primary symptoms across gender, race, and age groups for individuals in EMS-
responsive crashes
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Appendix I: Maryland EMS Data

The Maryland EMS data was obtained from the Maryland Institute for Emergency
Medical Services Systems and analyzed to assess differences in primary symptoms and
chief anatomic location across sociodemographic groups, including age, race, and
gender. While the NEMSIS dataset lacks state-level identifiers, preventing state-specific
analysis, the Maryland EMS dataset follows a similar format but is limited to cases within
Maryland.

Chief Complain Anatomic Location

Figure A21 displays the distribution of chief complaint anatomic locations in EMS-
responsive crashes across gender, race, and age groups for Maryland. The percentages
represent the proportion of reported chief complaint anatomic locations for each
demographic subgroup, relative to the total number of incidents within that subgroup.

Key patterns emerge in how injury locations differ across sociodemographic
groups. Consistent with national data, males in Maryland showed higher rates of head,
upper extremity, and lower extremity injuries, while females more frequently sustained
neck, abdomen, and chest injuries. Unlike national trends, however, Maryland males
were more likely than females to report back injuries. Age-related differences mirrored
national findings, with younger individuals more prone to head, abdomen, and lower
extremity injuries, while older groups experienced more chest injuries. Racial disparities
also aligned with broader trends: Native American individuals had higher rates of head
and lower extremity injuries, Black or African American individuals more often
sustained back and lower extremity injuries, and Asian individuals showed greater
likelihood of chest and neck injuries compared to other racial groups. These results
closely parallel to national-level observations.

Primary Symptoms

Figure A22 illustrates the distribution of primary symptoms for EMS-responsive
crashes across gender, race, and age groups. The percentages represent the proportion of
a specific primary symptom reported within a sociodemographic subgroup, relative to
the total injuries reported by that subgroup.

The analysis highlights distinct trends in how primary symptoms vary across
sociodemographic groups involved in traffic crashes. Males were found to be more likely
to report symptoms related to head injuries, and altered mental status, while females
were more likely to report general pain in injury-related cases.

Age-wise, individuals aged 65+ were more likely to report altered mental status as a
primary symptom compared to other age groups. Among racial groups, individuals
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identifying as White were more likely to report head injuries, while individuals
identifying as Black or African American were more likely to report acute pain as their
primary symptom compared to other racial groups.
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Figure A21: Chief complaint anatomic location for people involved in EMS-responsive crashes in
Maryland
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Figure A22: Primary injury outcome for people involved in EMS-responsive crashes in Maryland
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Appendix J: Crash Rates across Age groups
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Figure A23: Weighted crash rate for drivers aged 25-44 years in Arizona
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Figure A24: Weighted crash rate for drivers aged 45-64 years in Arizona
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Figure A25: Weighted crash rate for drivers aged 25—44 years in Maryland
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Figure A26: Weighted crash rate for drivers aged 45-64 years in Maryland
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Figure A27: Weighted crash rate for drivers aged 25—44 years in North Carolina (fatal and serious
injuries only)
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Figure A28: Weighted crash rate for drivers aged 45-64 years in North Carolina (fatal and serious
injuries only)
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Figure A29: Weighted crash rate for drivers aged 25—44 years in Oregon
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Figure A30: Weighted crash rate for drivers aged 45-64 years in Oregon
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Appendix K: Statistical Tests

Table Al: Chi-square test results analyzing serious injury differences across sex and age groups
amongst pedestrians

State Group Severity Rate

per 100,000 Pop. p-value
Male 12.2
<0.001
Female 5.7
15-24 49
Arizona
25-44 6.4
<0.001
45-64 5.6
65+ 3.3
Male 14.6
<0.001
Female 7
15-24 5.3
Maryland
25-44 6.5
<0.001
45-64 5.1
65+ 3.6
Male 3.5
<0.001
Female 14
. 15-24 0.7
National?
25-44 1.3
<0.001
45-64 1.4
65+ 1.2
Male 6.53
<0.001
Female 3.37
15-24 4.52
Oregon
25-44 5.39
<0.001
45-64 5.14
65+ 4.49

ANational estimates include fatalities only.
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Table A2: Chi-square test results analyzing serious injury differences across sex and age groups
amongst bicyclists

Severity Rate
State Group per 100,000 Pop. p-value
Male 4.3
<0.001
Female 1.1
15-24 1.3
Arizona
25-44 1.5
<0.001
45-64 1.7
65+ 1.3
Male 2.5
<0.001
Female 0.4
Jand 15-24 0.8
Marylan
o 25-44 0.7
0.1632
45-64 0.9
65+ 0.4
Male 0.6
<0.001
Female 0.1
15-24 0.1
National/
25-44 0.1
<0.001
45-64 0.2
65+ 0.2
Male 2.3
<0.001
Female 0.6
15-24 1.28
Oregon
25-44 1.51
<0.001
45-64 1.79
65+ 0.97

ANational estimates include fatalities only.

115



Table A3: Chi-square test results analyzing serious injury differences across sex and age groups
amongst drivers

Severity Rate

State Group per 100,000 Pop. p-value
Male 124.9
<0.001
Female 60.0
15-24 65.8
Arizona
25-44 64.7
<0.001
45-64 50.8
65+ 31.1
Male 63.7
<0.001
Female 25.6
15-24 27.0
Maryland
25-44 29.3
<0.001
45-64 18.6
65+ 114
Male 14.5
<0.001
Female 4.0
X 15-24 4.8
National®
25-44 5.2
<0.001
45-64 4.2
65+ 4.0
Male 59.1 <0.001
Female 31.7
15-24 57.7
Oregon
25-44 59.3
<0.001
45-64 54.2
65+ 44.6
Male 72.7 <0.001
Female 29.4
. 15-24 71.2
North Carolina
25-44 77.6
<0.001
45-64 54.2
65+ 38.8

AEstimates include fatalities only.

The chi-square tests examine whether observed severe injury rates differ
significantly from expected rates, assuming injuries would occur proportionally across
demographic groups. All injury rates are reported per 100,000 population. Results
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consistently demonstrated highly significant gender differences across all road user
types and geographic locations (p<0.001), with males showing higher severe injury rates
than females, most notably among bicyclists where the national gender gap reached
6-fold (0.6 vs 0.1). Age-related patterns showed more variability, with most comparisons
reaching statistical significance (p<0.001) except for Maryland bicyclists, where age
groups showed no significant differences in severe injury rates (p=0.163), suggesting that
local factors may influence risk distributions differently across geographic regions.
Drivers consistently exhibited the highest severe injury rates compared to pedestrians
and bicyclists, with younger driver age groups demonstrating elevated risk that
generally decreased with age. North Carolina crash data did not include pedestrian and
bicyclist crashes that did not result in a fatality and as such were not included in this
analysis.
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Appendix L: Supplementary DEA Model Results

Further exploration was conducted through a sensitivity analysis to determine
additional variables that could influence crash rates and injury severity at the national
and state level. Along with the sociodemographic variables which indicate the
demographic composition of an area, the ADI from the Longitudinal Employer-
Household Dynamics Origin-Destination Employment Statistics data, as defined in the
Smart Location Database (SLD), and the Centers for Disease Control and Prevention and
Agency for Toxic Substances and Disease Registry’s Social Vulnerability Index (SVI) were
added to assess their impact on safety risks in the state and national DEA models.

The following two variables were added:

1. Activity Diversity Index (D2b_E5Mix from SLD): This variable measures
employment diversity using five categories: retail, office, industrial, service,
and entertainment. It calculates how evenly employment is spread across
these types using an entropy formula, normalized by the number of
employment types present. Higher values indicate greater employment
diversity.

2. Social Vulnerability Index (RPL_THEMES in SVI): This variable is the overall
summary ranking that reflects the combined social vulnerability of an area. It
is calculated by summing the percentile ranks of the four themes, which are
socioeconomic status, household characteristics, racial and ethnic minority
status, and housing type and transportation, and then ranking these totals
across all census tracts. The final percentile ranges from zero to one, with
higher values indicating greater social vulnerability.

The models including these variables are presented in Tables A4 through A8
below:
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Table A4: National, with activity diversity index and social vulnerability index

_ Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) 298.93* 626.59 822.43 302.70* 606.57 788.66
Unemployment Rate 91.24* 160.41 181.08 81.93* 140.75 162.52
% White -89.18* 17827  -157.66 -92.31*  -18416  -160.11
% Black -67.62*  -13546  -119.46 -66.36*  -132.63  -113.85
% Native American -126.90*  -253.00  -221.36 -127.22% 25324  -217.45
% Asian 16.34* 26.92 31.98 16.70* 27.24 32.82
% Pacific Islander -6042*  -119.90  -103.21 -77.81*  -15421  -133.75
% Other Race 29.86* 49.93 58.61 32.56* 53.07 63.88
% Two or More Race ~14.40* ~30.84 ~26.06 ~19.75* ~40.83 ~33.58
% Hispanic 1.40%* 1.58 5.03 5.35* 8.33 12.95
Z’::(‘igul;ts:l;";iss -146.98*  -291.67  -258.85 -152.29*  -30211  -264.16
% Graduate Degree ~16.08* ~32.67 ~26.93 ~25.24* ~50.64 ~41.51
% Below Poverty -126.65*  -25143  -22151 -128.37%  -25467  -220.31
ADI 30.95* 52.79 6145 39.14* 66.00 77.62
SVI 81.11* 141.85 160.98 80.88* 138.95 160.39

The DEA models examined the relationship between community characteristics
and traffic fatalities using road miles (Mile Model) and population (Population Model) as
the input for national level fatality data. Both models revealed consistent patterns: lower
unemployment rates, greater percentages of individuals with low educational
attainment, and higher poverty levels were associated with increased fatality risks. Areas
with higher proportions of White, Black, Native American, and Pacific Islander
populations generally experienced lower safety outcomes, as indicated by significantly
negative coefficients. Conversely, the presence of Asian and individuals categorized as
Other Race was linked to safer outcomes, while the effects of Hispanic ethnicity were
small but positive. The ADI and SVI both showed positive associations with fatality
counts.
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Table A5: Arizona, with activity diversity index and social vulnerability index

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) -209.10* -4925.73 -3171.08 -126.14* -3923.12 -2490.74
Road miles -1053.25* -2019.66 -167.80
Population 961.68* 1689.04 3202.84

Unemployment Rate 1455.19* 3107.39 5338.78 289.56* 2729.02 4285.79
%65+ -3059.54* -5635.50 -3520.71 -2600.19* -4828.72 -3367.19
% White -55125.82* -145145.40 -124153.33 | -66015.93* -179665.00 -156169.80
% Black -20092.47*  -56465.27  -46813.16 | -25692.00* -73610.32 -62741.81
% Native American -32386.35* -102451.57  -81854.55 | -46207.00* -143261.00 -120630.00
% Asian -39599.44* -114466.43 -92621.58 | -52586.00* -153757.00 -128785.00
% Pacific Islander -5452.08*  -16017.18  -12925.61 -7340.82*  -21659.67 -18149.45
% Other Race -40175.70* -116709.77  -95841.28 -53088* -155661 -132261
% Two or More Race -24890.08*  -71081.67  -58542.78 | -32414.38*  -93831.23  -79696.28
% Hispanic -4685.37* -8831.85 -6447.10 -4061.23* -7570.17 -5797.61
% Some College 33014.43* 83549.67  104330.08 46925.98*  122702.79  145385.47
% Bachelor’s degree 25818.55* 65372.53 81954.39 37002.02* 96680.37  114933.01
% Graduate Degree 14133.84* 36909.65 47704.23 21611.03* 57387.40 69451.56
P

(/:rI::igul;tS:l;:(;lss 32034.77* 78035.99 96460.92 44199.13*  111603.66  132440.82
ADI -21.77 -65.66 32.28 -18.50 -76.12 40.78
SVI -3180.22* -6229.60 -4963.18 -2626.25* -4981.43 -3374.06

The DEA results for Arizona, using weighted crash counts as the output and road
miles or population as the input, highlight strong sociodemographic influences on traffic
safety. In the Mile Model, population size significantly increased fatality counts, while in
the Population Model, road miles had a similarly strong negative association, indicating
both exposure types play distinct roles in fatality distribution. Across both models,
higher unemployment rates were associated with lower injury risks. Older populations
(65+), along with greater percentages of White, Black, Native American, Asian, Pacific
Islander, Other Race, Two or More Race, and Hispanic residents, were consistently linked

to lower safety outcomes. In contrast, communities with higher proportions of

individuals with some college, bachelor’s, or graduate degrees experienced significantly
better outcomes. The ADI was not significantly associated with crashes in either model,
while the SVI showed a strong and negative relationship.
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Table A6: Maryland, with activity diversity index and social vulnerability index

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) -262.24*  -4621.90  -319317 | -1577.71*  -314435  -2880.23
Road miles 40.34* 72.55 79.65
Population -2843.68* -5212.70 -720.33

Unemployment Rate | -2156.33*  -4246.71  -2068.01 -42.66* -84.37 ~76.11
%65+ -4120.64*  -7837.75  -4854.84 | -105.25*  -207.62  -190.40
% White 8416.13* 1727529 2269543 -5515%  -135.08 ~89.24
% Black 9746.13*  19893.62  25709.45 -53.69%  -132.02 -86.48
% Native American 708.35* 66408 254712 4.78* 5.52 11.75
% Asian 9248.37* 1598518  19398.28 ~29.78* ~74.59 -47.28
% Pacific Islander 457260  8049.06  9531.28 29.34* 48.83 58.13
% Other Race 12008.00*  22775.38  25550.43 -48.48*  -120.26 ~76.59
% Two or More Race 3453.84* 568315  8465.06 ~21.88* -50.83 ~36.58
% Hispanic ~766.22*  -2320.31 ~293.02 ~38.61* ~76.86 -68.07
% Some College -18720.34*  -36970.35  -32085.72 ~23.95* -62.88 ~15.92
% Bachelor’s degree 5154.47*  -12429.71  -9625.94 30.57* 49.60 74.76
% Graduate Degree ~7036.56*  -16807.14  -13608.74 26.17* 38.31 71.74
(é’rl;l(ligutts:i::iss -19799.15*  -38614.48  -32519.00 13.83* 11.23 54.03
ADI -2058.88*  -3830.83  -2637.29 14.00* 24.88 27.64
SVI -4360.23*  -8432.08  -4310.17 35.06* 63.24 69.13

The DEA analysis for Maryland reveals contrasting patterns depending on

whether population or road miles were used as the input. In the Mile Model, higher
population size significantly decreased fatality counts, while in the Population Model,

increased road miles were associated with more fatalities. Across both models,

unemployment rate and percentage of population aged 65+ were consistently linked to
higher crashes. Racial and ethnic patterns diverged sharply by model: the Mile Model
associated higher percentages of White, Black, Asian, Pacific Islander, Other Race, and
Two or More Race populations with decreased crash risk, whereas the Population Model
linked most of these same variables to less safe outcomes. ADI and SVI were negatively
associated with fatalities in the Mile Model but showed positive associations in the
Population Model, suggesting these community factors may interact differently with
road infrastructure versus resident exposure.
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Table A7: Oregon, with activity diversity index and social vulnerability index

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) 39.97  -1520.91 -403.34 -132.04*  -608.26  -433.53
Road miles 0.49* 20.90 28.09
Population -1129.92* -1418.24 -738.74

Unemployment Rate -114.97 -166.84 106.92 -20.92*  -47.02 ~40.56
%65+ -769.61*  -1062.10 ~728.46 -10331*  -177.30  -15847
% White -51048.12* -116822.54 -106119.94 -57.67%  -126.73 ~73.44
% Black 12234.18*  -29656.13  -27163.24 29.12* 59.87 78.01
% Native American | -45539.08* -105342.02  -94934.80 -106.02*  -17418  -120.54
% Asian -26665.13*  -61469.44  -55705.56 -54.68*  -142.61 -114.35
% Pacific Islander -9079.13* -21589.15 -19696.74 38.63* 70.11 84.92
% Other Race -18406.35*  -42480.39  -38437.62 -1221*  -2450 -4.36
% Two or More Race | -17038.89*  -39375.07  -35809.20 -2971*  -70.81 ~52.49
% Hispanic -238.36* -371.91 ~180.79 -4170*  -63.11 ~54.67
% Some College 20011.54*  61766.04  67969.85 11.00*  -3848 -5.04
% Bachelor’s degree | 42321.29*  90300.88  99304.03 ~45.00 -44.51 4.06
% Graduate Degree | 25456.16* 5483357 6025457 13.17 -15.42 1451
?rljagutts:i::iss 37638.52*  78836.87  86962.90 53.02¢ 12213 161.96
ADI ~313.67 ~49.62 138.40 ~7.91*  -27.14 ~23.54
SVI 206.84* 215.13 399.38 11.82* 3.23 6.63

When including the ADI and SVI in the analysis it was found that neither index
has an impact on crash rates within Oregon. Other variables in both the Mile Model and
Population Model were found to confirm the results from the original two DEA models

with road miles having a higher impact on crash rates than total population.
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Table A8: North Carolina, with activity diversity index and social vulnerability index

Mile Model Population Model

Variable Coefficient 2.50% 97.50% Coefficient 2.50% 97.50%
(Intercept) -956.46*  -10458.59 -5733.31 | -828.48*  -2188.68  -1830.78
Road miles 29.94* 28.91 35.08
Population -12459.71*  -18116.77 -13531.58

g::’employme“t -22164.06* -34897.30  -31628.38 -34.3* -46.09 -39.86
%65+ -29468.34*  -47735.63  -42716.55 | -29.72* -48.80 -41.32
% White -95357.3* -157773.64  -136634.35 | -54.96* -128.33 -40.15
% Black -15047.68*  -22080.02  -18305.52 -53.5* -130.28 -43.68
% Native American | -17297.33* -29055.37  -26385.23 | -39.38* -113.66 -30.68
% Asian -18899.04*  -32859.2 -30720.7 | -76.16* -134.97 -77.77
% Pacific Islander -3118.74*  -6001.42 -4752.02 | -35.17* -28.65 -19.21
% Other Race -15867.8%  -27014.8  -23620.82 | -40.18* -68.47 -23.02
% Two or More Race | 38902.37*  56797.71 63187.74 |  -1.21 -26.96 2.75
% Hispanic 12668.29*  18265.82 21888.63 -2.68* -15.45 -12.63
% Some College -6164.49*  -8282.59 -2498.61 35.35* 40.05 127.8
% Bachelor’s degree 735.48 -2255.25 3647.32 19.70* 6.35 93.47
% Graduate Degree 1304.71 -431.87 3904.84 15.28* 7.37 94.10
z’::;guttsgl(::‘iss ~1242422*  -13492.85  -7898.94 |  38.48* 32.58 120.37
ADI -18191.21*  -28167.31  -24333.05 -3.63* -1.76 -1.04
SVI 3005.59*  13164.59 16351.73 12.2% 20.51 24.09

Both the ADI and SVI were found to have an impact on the Mile Model while none

was found for the Population Model. The diversity of activity that a community

experiences is found to lead to higher crash risks, whereas social vulnerability was
found to lead to lower crash risks. Notably, other variables found to be influential on

higher crash risks in the original DEA models were also found here.
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