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Acronyms and Abbreviations

AASHTO
AB
ACS
AMI
APR
BEV
CalEPA
Caltrans
CAP
CARB
CARS
CDPH
CEC
CES 3.0
CHP
CNK
CNT
COVID-19
CSA
CTC
CTPP
CVMT
CVRP
DI

DMV
DOI
DPR
EFMP
EPA
ESRI
FFIEC
FHA
FHWA
FICO
FTA
GHG
GIS
GMAC
GPS
GTFS
HCD

American Association of State and Highway Transportation Officials

Assembly Bill

American Community Survey

Area Median Income

Annual percentage rate

Battery electric vehicles

California Environmental Protection Agency
California Department of Transportation
California Bureau of Aut omot ram
California Air Resources Board

Car Allowance Rebate System

California Department of Public Health

California Energy Commission

CalEnviroScreen 3.0

California Highway Patrol

Center for Neighborhood Knowledge

Center for Neighborhood Technology
Coronavirus disease 2019

Combined Statistical Area

California Transportation Commission

Census Transportation Planning Products
Commute vehicle miles traveled per worker

Clean Vehicle Rebate Project

Disability Insurance

California Department of Motor Vehicles
California Department of Insurance

California Department of Parks and Recreation
Enhanced Fleet Modernization Program

US Environmental Ratection Agency
Environmental Systems Research Institute
Federal Financial Institutions Examination Council
Federal Housing Administration

US Department of Transportation Federal Highway Administration
Fair Isaac Corporain

Federal Transit Administration

Greenhouse gas

Geographic Information System

General Motors Acceptance Corporations

Global Positioning System

General Transit Feed Specification

California Department of Housing an@@munity Development
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ZCTA

Caltrans Highway Design Manual

Home Mortgage Disclosure Act

High-Quality Transit Location
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Housing and Transportation Index

Longitudinal EmployeiHousehold Dyninics

LEHD Origin-Destination Employee Statistics
Limited English Proficiency

Metropolitan Planning Organizations

Metropolitan statistical areas

Manual on Uniform Traffic Control Devices
National Association o€ity Transportation Officials
Non-HispanicWhite

National Transit Database

California Office of Environmental Hazard Assessment
Office of Statewide Health Planning and Development
Plugin Electric Vehicle

Plug-in hybrid electric vehicles
Person miles traveled
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Regional Transportation Plan Sustainable Communities Strategy
Statistical Analysis System

Senate Bill

South Bay Bicycle Coalition

Southen California Association of Governments
Strategic Growth Council

Smart Location Database

South of Market

Statewide Integrated Traffic Records System
Standard & Poor

Transportation Injury Mapping System

Universily of California, Los Angeles
Unemployment Insurance

US Smallarea Life Expectancy Estimates Project
US Postal Service

Workplace Area Characteristics

Veterans Affair

Vehicle miles traveled

ZIP code tabulation area
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Glossary of Key Terms

The following provides a short description of key terms. More details can be found in the body of the
report.

Access to HighQuality Transit Locations: Availability of nearby transit stops with high service level.
This indicatordefines a highlquality transit location as being within a quarter mile of transit stops with a
high level of service during the morning commute. Planners generally accept the quarter mile as the
distance a typical person is willing to walk to local trassitvice.

Automobile Insurance Premium: Average auto insurance premium in dollars for comparable coverage
(same level of liability and similar driver and vehicle characteristics)

Availability of Bikeways: Availability of bikeways per population, weigdt by class of bikeways

Availability of Public -Parks: Availability of nearby publiepark spaceneasured as park area within and
near a given census tract divided by the populatitimin and near that tract

Clean Vehicles:Vehicles that fully orpartial v use energy sources other the
clean vehicles include vehicles with model years |
vehicles with model years 2012 and earlier.

Clunkers Vehicles:Vehicles with a model yeaf 1997 or earlier.

CVMT: Estimated average annual commute vehicle miles traveled per worker.
HVMT : Estimated average annual vehicle miles traveled per household.

Job AccessAccessibility to employment opportunities estimated as number of jobs inversigihted
by distance.

JobDensity Jobs divided by a neighborhoodbs geographi
Jobs Housing Fit: Number of lowwage jobs relative to number of affordable rental housing units.

Lending Barriers: The proportion of mortgage loans with high interests serves as a proxy for auto
lending barriersHigherpriced loans are thoseth interest rates above the prevailing rate for the typical
borrower These loansften reflect riskier or subprimeans For this project, we consider mortgage loans
despnat ed gg iftleidgHeransod as subprime | oans.

Neighborhood: For this project,tte geographic extent of a neighborhd®dquivalent tahe censugract.
The two terms are used interchangedbtpughout this report

Neighborhood ChangeDifference h socioeconomic and housing characteristics between two time
points.

Relative Neighborhood IncomeA census tractds medi an household ir
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median income.

Traffic Collision per Roadways: Estimated number of reported collis®per lanaveighted roadways.

Transportation networks: An infrastructure system that facilitates the movement of people and goods
(e.g., roads, transit routes, sidewalks)

15



Abstract

This report documents the UCLA Centerf Nei ghbor hood Knowledgebs devel
database and data/mapping portal that displays céramidevel variables and indicatdisat the existing

literature and previous research have documented as being associated edtiséseltaracteristics, and
consequences of transportation access disparte. project covers vehicle ownership, public transit,

active transportation, and transportation networks. The information is designed for decision makers,

public agencigsand communitygroups that are working to address systematic transportation-access

related inequities, including their root causes and outcomes.

The projectds maj or obj ec trélatedworkdhroeghthquse)lands upport C,
compilation of new and innovige data, and (2) make that information accessible to other stakeholders
working to ensure that | ower income popul ations al
changepoliciesand have their transportation needs met to facilitate access, pealib, economic, and

guality-of-life improvements.

The projectds distributional analysis found and gl
several challenges: greater barriersveéebivkebasol e o)
(defined as vehicles that fully or partially use energy sources other than gasoline or diesel) and more
Afclunkerso (defined as ) wmeralimited absity tatgaeet(asldstrajeedlsyr s and
less access to private vehiclesldowervehicle miles travelédand less access to infrastructure that

supports active transportation. The other major finding is a significant diversity in transportation

characteristics among lower income neighborheaigh as differences in acceggpublic transit,

bikeways and economic opportunities

The diversity of transportation characteristics indicate that California has a complex and highly

het erogeneous neighborhood syst-semzeandppr mgeld to |
equitable sustainable development. Practical solutions to address transportation access disparities and

their root causes and outcomes should be customized to the particular needs and opportunities of each

place.

! To access the data/mapping portal visit:
https://experience.arcgis.com/template/9¢13f35df3904dcb80530d0df49bdf9
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Executive Summary

Background: This report documents the development and construction of a statewide database,
data/mapping portgland screening tool thighlight indicators thathe literature and previous research
have documented as beiagsociated witlthe causes, characteristi@nd consequences of transportation
disparities.The database contains census tlagel variables and indicatothat were informed by and
prioritized with the help of an Advisory Committee that included planning and health experts, academics
andressacher s, and community organizations. The proj ¢
equity work and its efforts to address climate change per Assembly Bill (AB) 32, Senate Bill (SB) 375, SB
535, SB 350, and SB 150. The project covers dispgiiti@rivate vehicle ownership, public transit, active
transportation, and transportation networks. praectprovidescritical information for decision makers,
public agencies, and community groups addressing systematic inequality in transportatiteteddsues

(e.g., sustainable community strategies, prioritizing neighborhoods for investments).

Objectives: The projectds major objectives are to suppor
innovative data related to transportatioequities ad making that information available to stakeholders

wor king to ensure that | ower i ncome communities
changepolicies

The project had six major tasks to fulfill the pr

1 Task 1 involved ersgement with stakeholdeusingthe Advisory Committee to solicit input and
review preliminary findings to ensure that the final products are relevant and useful.

1 Task 2 identified and prioritized indicators that were technically feasible, within th¢ grct 6 s
resources to collect, and consistent with input from the Advisory Committee.

9 Task 3 centered on the construction of a transportation disparity database, using recent available
data from multiple sources, and utilizing existing and new analy&chhiques.

1 Task 4 developed a data/mapping portal that can identify neighbehineldtransportation
disparities, needsand investment opportunities, particularly for the most economically
disadvantaged communities.

9 Task 5 focused on developing a sofibéged but accessible wdiased information, visualizatipn
and mapping portal.

i Task 6 documented the project and produced guidelines and a guidebook for users.

Methods and Indicator Construction: The transportation disparity database contains 4@atalis that

can be sorted into two categories: (1) preexisting indicators (27 in total) and (2) newly constructed indicators
(13 in total). The set of preexisting indicators includes four that were previously developed by UCLA Center
for Neighborhood Knovddge (CNK) for a project funded by CARB and Caltfaarsd 23 from other
sources, which were evaluated to determine relevancy for inclusion. To constdgnéve indicators that

fall into the second category, CNK followed five steps:

0 Step 1: Acces and assemble data from multiple sources: readily available public data (e.g., from
the U.S. Census Bureau), specialized data from public agencies (e.g., clean and clunker vehicles),
anddatafrom other nonpublic entities (e.g., insurance premiums).

2To access the data/mapping portal visit:
https://experience.arcgis.com/template/9¢13f35df3904dcb80530d0df49bdf9e

% See Ong, P. M., Pech, C., Cheng, A., & GonzaleR. (2018). Developing Statewide Sustaindlbenmunities
Strategies Monitoring System for Jobs, Housing, and Commutes (Caltrans Agreement No. 65A0636). UCLA Center
for Neighborhood Knowledge.
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Step2: Assess potential input data for quality, timeliness, precision and accuracy, and consistency.
Step 3: Use spatial tools to construct metrics (e.g., the availability of nearby parks to neighborhood
residents).

Step 4: Evaluate newly constructed metfdy comparing them to similar preexisting ones.
Step 5: Rank the metrics where appropriate.

¢ O«

Resultsand Findings: A key objective and outcome of this project was the creation of the transportation
disparity database and its accompanying data/mappingl portonstructing this database, the researchers
conducted various assessments of the data to determine the most appropriate method for reporting indicator
values in the database and data/mapping portal. For many of the constructed indicators, theteasear
determined that it was most appropriate to report indicators as decile rankings because they perform
reasonably well to captureelative positions of census tracts, but the underlying numerical value is
imprecise and can be misleading. For exanglerage vehicle miles traveled per household uses a mix of
data sources, includirgata from California Bureau of Automotive Repair, which is collected every other
year and biased to older vehicles, and CARRBY, which collects a stock of vehicles by admr this

reason, average vehicle miles per household is reported in deciles in the database and in quintiles in the
mapping tool(quintiles are easier shade for visual representatiimy contents of Chapter 2: Indicator
Construction in this report makekear reporting/display method in the database and mapping tool.

The project conducted a distributional analysis to determine patterns of transportation disparities across
neighborhoods (census tradtse two terms are used interchangeablfis was doe by comparindpwer

incomenei ghborhoods with more affluent ones, which a
relative to the regional average. The analysis found and quantified thdahdome mrighborhoods
experience several challengawrebarriers to vehicle ownership, disproportionately fewer clean vehicles

and more clunkers, more limited ability to travel (less access to private vehicles and lower VMT), and less
access to infrastructure supporting active transportation. Differenceshdoother indicators (e.g.,
neighborhood change, jbhousing fit, job density) also show systematic inequalities. The other major
finding is a significant diversity in transportation characteristics anmmgrincome neighborhoods (and

higher income ones)For example, while most lower income neighborhoods mrblic park poor
(consequently, lower ability to engage in walking and other activities because of a relative lack of
availability to green spacegome are not (albeit disproportionately fewer in berh Not all lower income

nei ghborhoods are identical in terms of their tr
complex and highly heterogeneous neighborhood system means that equity policy should go beyond a
simplsiiZeme aopmmoting edfuitakile and just sustainable development.

Conclusion/Recommendations:T h e projectobs dat abase and di strib
information that CARB, other state and local governmeatsipnal agenciesnd stakeholders can utiiz

in their efforts to redress systematic transportation disparities. However, theor&hlimpacts of this

project will depend on actively using, analyzing, and updating and refining the information to inform the
development and modificatiomf equity pdlicies, programs,and actions. There are four major
recommendations.

1. The first recommendation is fromote greater usag€ARB should actively promote the data
system, conduct workshops for stakeholders, and regularly publish reports that include £xample
of how the information can be used, research based on the data, and updates to the data system.

2. The second recommendation is to conduct additional analyses and research that build upon this
work and other past research and projects to improve thediymtience of people in lower income
communities and communities of color. This recommended future work can be included in the
proposed CARB publications. This includes conducting similar distributional analysis using the
definitiono f A di s a d v anitiesaidprified ly then@Galifornia Environmental Protection
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Agency (Cal EiPRAdomendc dithmuwni ti esd as defined in
important is supporting research on the determinants and consequences of transportation inequality.
This will provide insights into how best to eliminate the root (systemic) causes of transportation
inequality, and into prioritizing intervet i on s to ma X i mdoleeefitsigdyo wnst r e
improvinghealth).

The third recommendation is to continuously updaterafine indicators, and the wdlased data

and mapping portal based on the latest available information. This is particularly important given
recent events. The COVID9 pandemic has upended peopledbds 1|
likely to be longterm impacts and changes that will transform and exacerbate the neighborhood

level causes, characteristics, and consequences of transportation disparities.

The last recommendation is to explicitly address racial disparities transportation. While Pnopositio

209 limits the use of race in allocating funds and services, it does not prohibit conducting analyses

to understand how unequal access to transportation and transpeeddied resources
marginalize people of coloCARB and other state agencies skdoagsemble a panel of experts on

racial, social, and economic inequality to develop a research agenda that can explicitly assess and
improve institutional practices regarding equity within these organization$ofigreerm outcome

of such a research agendan produce insightlat identify the social and economic mechanisms

that generate inequality and enable the state to develop policies and programs to address those
unfair processes.
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Chapter 1 Introduction

This report details the process undertakg the UCLA Center foNeighborhood Knowledgm develop a
statewide transportation disparity database, detpping portaland screening tool. (Screening is done
through a filtering process in the data/mapping portal that enables users to seletiasadt®n their
specific neighborhood characteristiésThe database contains variables and indicdtasthe existing
literature and previous research have documented asdmsngiated witthe causes, characteristics, and
consequences of transpoidat disparities. This report also provides details on the new indicators
constructed by the projeanhformation regardindhow these indicators differ across neighborhoods by
economic status (relative Area Median Income, or AMI), and information on haecess and utilize the
data.

The project supports and builds wupon Californiaéds
of 2006 (also known as Assembly Bill or AB 32) and to do so in a way that equitably benefits all
Californians, especiallthose living in disadvantaged almv-income communities. The specific AB-32

related laws and policies that this project builds from and supports include:

0 Senate Bill (SBB75, whichrequires that the California Air Resources Board (CARB) set regional
GHG reduction targets related to lergnge regional and transportation planning and that each
metropolitan planning organization ( MPO) adopt
describing how the regional target will be met.

SB 350, which requead CARB to develop and publish a study on barriers foritmeme
customers to zeremission and neaeroemission transportation options, including those in
disadvantaged communities, as well as recommendations on how to increase access to zero
emissionand neaizeraemission transportation options to kmcome customers, including those

in disadvantged communities. This study wasublished in 2017 and contained many
recommendations th&ARB and other agencies are now pursuing.

SB 150, which tasked CARwith issuing a report every four years analyzing progress made

under SB 375.The report must assess progress made toward meeting the regional SB 375
greenhouse gas emissions reduction targets, includedaparted metrics for strategies utilized

to meet the targetandinclude a discussion of best practices and challenges faced by MPOs in
meeting the targets, including the effect of state policies and funding.

(@]

The project also contributes to the s tndudirgd s com
disadvantaged populations and neighborhoods, will benefit from its climate cpalngesand related
policies’The projectos final products wil/ contribute
these climate change mandates.

1.1 Background and Process

The project was designed to contribute to CARBb6s e
and stakeholder organizations in four key wdgnsst, the project covers four main forms of transportation

related disparities: priva vehicle ownership, access to public transit, access to infrastructure that support

active transportation (bikeways, parks), and transportation networks (an infrastructure system that
facilitates the movement of people and goods [eogds, transit raes, sidewalks]). Second, the products

will assist efforts to reduce these disparities by addressing their root causes, offsetting deficits in

4The final scope of work is not identical to that in thigimal proposal because of agreed upon changes as a result
of priorities identified by CARB and the Advisory Committee during the project.

SCaliforniaodts climate change policies SBi3sandAB6s7.t he pr e\
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transportation resources and thereby ameliorating downstream outcomes. Third, the products will be useful
to a wde range of users addressing various elements of transportation disparities: state agencies (e.g.,
CARB, Caltrans, Strategic Growth Council, Office of Planning and Research, Department of Housing and
Community Development), regional and local jurisdictics@mmunity and nonprofit groups (particularly

those involved in environmental justice), and funders (e.g., major foundations supportintygdede
strategies and solutions). The products are intended to be helpful to sophisticated professionadsée.g., th
using largescale regional economic, lade and transportation models) as well as nontechnical
individuals (e.g., neighborhood leaderb). addition, the project includes some information related to
employment and healtl.astly, the project include neighborhood effects, particularly as they relate to
neighborhood change in terms of housing and socioeconomic characteristics.

This project has six major components, or tasks, as showigume 1-1. The firstthree tasks established

the foundation of this research. Task 1 focused on engaging staketibtdeighthe involvement of an
Advisory Committee to ensure that twelevetiedbpgné ct 6 s p
ultimately useful to keyonstituencies. This Advisory Committee included planning and health experts,
academics and researchers, and community organizations, and the research team solicited their input in all
stages of the project. Task 2 focused on identifying and prioritizatg a@nd indicators using multiple
sources. Prioritization is very important because
construct information most consistent with a causal understanding of transportation di$paritiso

important to prioritize based on what nsost appropriate for policies and stakeholders. The Advisory
Committee played a crucial role in prioritizing which indicators should be included in our products. Task 3
focused on the construction of a transportati@patity database, combining information from existing

sources with new information where needed. The objective was to produce a database characterized by
high-quality inputs, sound methods for constructing indicators, and consistency with outcomeslExtern
experts and practitioners were consulted to vet data sources and construction methods for appropriateness
and accuracy.
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Figurel-1. Over view of Projectds Major Components
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| Specify applications |
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Task 5: Information Visualization Portal
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v v

| Existing functions || New functions |

| Develop portal ‘

The next three tasks integrdtine indicators and populated these data into the data/mapping portal. Task 4
developed a screening tool (filtering) that can identify neighbortewal transportation disparities, negeds

and investment opportunities, particularly for tleevest incomecommunities. The objective was to

promote better selection and matching of neighborhoods to the particulars of policies, apidns
investments. Task 5 focused on the development of a data/mapping portal, which helps users visualize the
geographic patterrthrough interactive maps. The objective was to provide a high level of accessibility to

those agencies and organizations that can address transportation disparities. Task 6 focused on documenting
the project, producing guidelines that can enhance thelusabiy of t he projectoés pr
record that can contribute to future development.

The project directl y c¢ on alignswith $BS3%equiemedts, Ridobequiree qui t y
that California Environmental Protection Agency (CRIE) fiidenti fy disadvant agc¢
i nvest ment opportunitieso and that Afadmi ni stering
communi t i prgectds ndthmeantt o redefine or substitute for
Adi s adv aighboehgodsddhenproject provides additional information that can be useful to refine
policies and programs as it relates to CARB and C
contribute to the ability of CARB and other organizations tfilfthese mandates. These products will

serve potential stakeholders working on related policies, plans, and programs, and will enhance the
effectiveness, reach, and sustainability of transportagtaied investments, interventions, and other

efforts toimprove employment, educational, and health outcomes. The prdlidutlp informinvestments

pursuant to SB 535
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1.2 Assessing the Data, Indicators, and Measures

Given the range of what is directly and indirectly related to transportation and healtitidsthere is a

wide spectrum of possible dimensions to measure and include in our statewide transportation disparity
database and data/mappjpgrtal. Additionally, there are a variety of methods for measuring and tracking

four major transportation dugrities: private vehicle ownership, public transit, active transportation, and
transportation networks. Because time and resources are limited, development of our products are based on
prioritized metrics identified through input from an Advis@gmmittes, otherstakeholders, and CARB.

The indicators identified and included in our database and data/mapping portal will highlight disparities in
root causes, transportation resources, quality of transportation resources, access to opportunities with
availabk transportation resources, and neighborhood changes across California. The data and indicators
will augment and complement other databases used by CARB and other agencies, thus increasing their
ability to pinpoint specific transportatienelated needs anmhonitor and evaluate progress in addressing
these needs.

Data collection, assessment, and construction have many alternativesdandfs associated with certain

data sources and methods. In our process of constructing the indicators for our stdstabdse of
indicators and variables, data/mapping portal, we found a wide range of data quality (e.g., timing in
reporting, errors, inconsistencies), which can impact the quality of our constructed indicators (e.g., errors
in data that trickle down interroneous results). In addition, there were issues with potentially incompatible
application of existing formulas and parameters toward the construction of accessibility miedoess

be especially problematic when scaling up to larger levels (e.og gmm census tracts to ZIP code
tabulation areas). Some of the data and indicators used by this project also have similar issues and
limitations. To minimize any data problems and methodological shortcomings, we corrected when possible
and tested alteative approaches.

In each indicator construction chapter, we detailed the data source, data coverage, accuracy, and consistency
with other data sources. Doing so provides us with confidence in the validity of our indicators and results.
Through this procss, we identified gaps and addressed issues in the data prior to indicator construction. As

a result, some of our indicators represent the most complete database available, based on our knowledge of
the field and a review of related studies.

The statewidelatabase includes total of40 indicators ofwhich 17are CNK-constructed indicators. Of
the 17, 13 are newly constructed for this projectémere adopted and/or refined from a previous project
conducted by the research&s CARB and Caltrarfs Theremaining23 indicatorsaarefrom other sources
(e.g., ACS, CalEnviroScreen 3.0, EPA, OSHPD, USALEHRBRhIe 1-1 list all 40 indicators included in
the database

We use the following categories to group indicatdrsl ) ATr ans por vehiderelatedd r ef e
characteristics; (2) AAccessibilityd refers to sp
refers to the characteristics of the housinty o c k and i n h alema&Eacnotnso;mi (c®) rfeS ceca
social, demographic, aretonomicc har act eri stics of the popealthati on;
related characteristics of the population or neighborhood. Some indicators may fall into more than one
category but the assignment is based oatwe consider to be the primary classification.

6 See Ong, P. M., Pech, C., Cheng, A., & Gonzalez, S. R. (2018). Developing Statewide Sustaimablmities
Strategies Monitoring System for Jobs, Housing, and Commutes (Caltrans Agreement No. 65A0636). UCLA Center
for Neighborhood Knowledge.
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Tablel-1. Indicators inthe Transportation Disparity Database

Indicator Category Source
Indicators Constructed by CNK
Auto Insurance Premium Transportatio UCLA CNK
Lending Barriers Transportation UCLA CNK
ANewer 6 Clean Vehi cl eTransportation UCLA CNK
AOl der o Cl ean Vehi cl eTransportation UCLA CNK
ACl unkero Vehicles Transportation UCLA CNK
VMT perHousehold Transportation UCLA CNK
Commute VMTPerWorker Transportation UCLA CNK
Caltrans (65A0636JCLA
Accessibility to Employment Opportunities Accessibility CNK
Availability of PublicPark Spaceer Population Accessibility UCLA CNK
Availability of Weighted Bikewayger Population Accessibility UCLA CNK
Traffic Collisionsper Weighted Roadways Health UCLA CNK
Neighborhood Change, Housing Variables Housing UCLA CNK
Neighborhood Change, Socioeconomic Variab SocicDemaoEcon UCLA CNK
Neighborhood Income Relative to Regional AN SocioDemaEcon UCLA CNK
Caltrans (65A0636)CLA
Job Density SocioDemacEcon CNK
Caltrans (65A0636)/CLA
Job$g Housing Fit Accessibility CNK
Caltrans (65A0636)CLA
Access to HigkQuality Transit Locations Accessibility CNK
Indicators Constructed by Other Sources
% Bike far Job Commute Transportation ACS
% Carpooled for Job Commute Transportation ACS
% Drove Alone for Job Commute Transportation ACS
% Households Paying B89% of Income Tward
Housing Costs Housing ACS
% Households Paying 50% or More of Income
TowardHousng Costs Housing ACS
% Households with No Vehicle Transportation ACS
% No Health Insurance Health ACS
% Poverty SocioDemcEcon ACS
% Public Transportation for Job Commute Transportation ACS
% RenterOccupied Households Housing ACS
% Walk for Job Conmute Transportation ACS
% with Medicaid Health Insurance Only Health ACS
Average Travel Time to Work (Minutes) Transportation ACS
Housing Unit Density Housing ACS
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Indicator Category Source
Largest Ethnoracial Group SocioDemoEcon ACS
Median Household Income SocioDemacEcon ACS
Population Density SocioDemacEcon ACS
VehiclesPerHousehold Transportation ACS
Asthma Prevalence Health CalEnviroScreen 3.0
Cardiovascular Disease Health CalEnviroScreen 3.0
Walkability Index Health EPA (Version 2.0)
Primary Care Shortage Areas Health OSHPD
Life Expectancy at Birth Health USALEEP

The remainder of this report is organized by analytic tasks, as follows:

0

(@]

(@]

Chapter 2 details eadiNK-constructed indicator. Each indicatimcludesa brief background
discussion followed bydiscussio of the data source, construction method, its consistency with
other similar indicators, and results illustrated through charts and maps.

Chapter 3 provides one way of examining how transportation disparities vary across neighborhoods
in Californimbycoducting a distributional analysis of
income (AMI)i based neighborhoods.

The final chapter, Chapter 4, summarizes our research efforts, outlines our major conclusions, and
offers recommendations for future expandeéaesh.
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Chapter 2 Indicator Construction

This chapter details the development of the transportation disparity database and construction of indicators.
The chapter contains t hr @revidesa briefioeerview of duhaggach tor s t | f
constructing the indicators. The subsequent section discusses the assessment of input data and the criteria
used to determine how the indicators are reported (e.g., decile rankings). The third section provides detailed
discussion of how each of tinew CNK indicators were constructed

2.1 Approach

The transportation disparity database contains two types of indicators. The first includes those previously
developed by CNK prior to this project and preexisting ones from other sources, which were etvaluated
determine which are relevant for inclusion. The second type of indicators includes new ones constructed
by the project. The latter effort involved five steps.

1. The first was to access and assemble data from multiple sources: readily available pufdigdat
from the U.S. Census Bureau), specialized data from public agencies (e.g., clean and clunker
vehicles), andlatafrom other nonpublic entities (e.gnsurance premiums).

2. Step two assessed potential input data for quality, timeliness, precisibracuracy, and
consistency.

3. Step three used spatial tools to construct metrics (e.g., the availability of nearby parks to
neighborhood residents).

4. Step four evaluated those newly constructed metrics by comparing them to similar preexisting ones
(wherepossible).

5. Step five ranked the metrics where appropriate.

The transportation disparity database includes a total of 40 indicators: 1-‘Z@iskucted indicatord,of

which were either adopted entirely or updated (with more current data) from a preseasch project
funded byCARB and Caltrarfsand 23 indicators from other sources. These include indicators constructed
by CNK using the American Community Survey (AGBatdid not require much altering and indicators
not constructed by CNK but obtashéom other sources (e.galEnviroScreen 3.0).

In this chapter, we detail the construction of the 13 new indicators constructed specifically for this project
and provide descriptiorend a summary of the construction metfmdthe4 indicators adoptedntirely or
updated from the previous CARB and Caltréunsded project. Descriptions of the remainirgjrdicators

can be found in AppendiR.

For each of the 1B3ewly CNK-constructed indicators, the following outline is used to describe their
construcdion: 1) briefbackground?2) an overview of the data used to construct the indicator; 3) construction
method; 4) an assessment of indicator; 5) maps of the indieatb®) a list of references.

2.2 Assessing Input Data and Criteria for Reporting

Because somof the indicators are constructed by mixing inputs of varying quality and precision, they are
reported as rankings only. The following factors are used to determine the quality and reporting of the
CNK-constructed indicators. Construction of the indicatieequires a considerable amount of data and

7 See OngP. M., Pech, C., Cheng, A., & Gonzalez, S. R. (2018). Developing Statewide SustGioalsteinities
Strategies Monitoring System for Jobs, Housing, and Commutes (Caltrans Agreement No. 65A0636). UCLA Center
for Neighborhood Knowledge.
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calculation. Data for each indicator varied in the following key dimensimezision fidata sources 0
sample sizgbiases methodological complexitygeographic coverageandgeographic resolution

0 Precision
3 What is the relative size of standard error or coefficient of variance within a tract or other
small reporting geographies
0 Data Sources
3 Was the indicator constructed by mixing two or more different data soy@a&Psources
may not be completely coisgent with each other
0 Sample Size
3 How many records were captured in the data?
0 Biases
3 Are there biases in the underlying data? Is the sample representative of the primary
population of interest, or does it capture only a nonrandom subset of the mopofati
interest?
0 Methodological Complexity
3 Did the indicator construction result in multiple imputations, transformation, estimates, and
weights? Do the calculations result in extreme nonlinear values and/or extreme outliers?
0 Geographic Coverage
3 Are data awilable for all of California?
0 Geographic Resolution

Are data available at the census tract level (unit of analysis) or estimated using spatial
allocation of original data into tracts?
Reporting Method in Final Dataset
" Based on an assessment of the kayedisions above, a decision was made on how to report
the final indicators (e.g. decitankings numerical values

Table2-1 summarizes our assessment of the input data based on the key criteria and requirecnesési

in the preceding textWe find considerable heterogeneity in the quality of the information. There are
considerable differences in geographic resolution (e.g., automobile insurance premiums are by ZIP code,
while ACS data are in ZCTAs and tracgample size (e.g., fivgear ACS is based on a sample of about 12
percentof the households, while BAR data covers about half of older vehicles), and completeness (e.g.,
data from theHome Mortgage Disclosure Aabr HMDA, includes all loan applicationsshile the parks

data does not include all open public spaces). Some input data also have other limitations, such as
underreporting (e.g., trafficollisiony, and inconsistency in reporting by different agencies (e.g.,
bikeways). It should also be notedathihere is a general lack of timeliness for most input data, which is
unavoidable because of the time required for agencies to collect, assemble, asdieiease information
Because of the data limitations, users should use the indicators witmca\uéqgartially address the data
limitations through minimizing reporting false precision, which is discussedTaitde2- 1.

The assessments are used to determine how the indicators are regitinerdas deciles or as numerical
values Some indicatar are reported as decile ranking because they perform reasonably well to capture
relative positions of tracts but the underlying numerical value can be misleading. For example, average
vehicle milesraveledper household uses a mix of data sources, ingjudata from California Bureau of
Automotive Repair, which is collected every other year and biased to older vehicles, andDBARB

which collects a stock of vehicles by age.

There are some indicators where the observations cannot be evenly distntoutitiles because there is

at least one cluster of observations with the same value and that comprises more than apgentbr{fl0

of the total This often happens at either (top or bottom) end ranges or both. For example, more than a tenth
of the tiacts in California are places where no residents are withuaeer mileof a highquality-transit
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location; consequently, the lowest category has more than a tenth of the observations. The availability of
the bikewayso-population indicator is anothexample; more than a tenth of tracts have no availability of
bikeways infrastructure. In some rare cases, this phenomenon (clustering of large numbers of observations
greater than a tenth of all tracts) can also happen with values away from the two xaarethis type

of clustering occurs, users should be careful in interpreting the distribution because it is impossible to create
equal decilegiFor example, users should not state a census tract is in the top tenth if that ranking has more
than a tentlof the observation.)

Thereporting matrix is only applicable to 13 indicators that CNK constructed for this privjditators
that are not constructed by CNife explained in Appendi®: Other Indicatorsand have their values
reported ass (numericalvalues) in the transportation disparity databddeese include indicators from
American Conmunity Survey (ACS), CalEnvira®een (CES) 3.0).S.Environmental Protection Agency
(EPA), andU.S.SmallArea Life Expectancy Estimates Project (USALEEP).
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Table2-1. Indicator Reporting Matrix

Reporting
Indicator Precision = Data Sources  Sample Size Biases Methodologlcal Geographic Geographlc MEthOd n
Complexity Coverage Resolution Final
Dataset
Auto Insurance|Assumed to |Constructed [DOI data covers [ProPublica not|Some tracts DOI covers (ZIP code |Decile
Premium be relatively [using a all ZIP codes in |weighted by |required all of spatial
fair to good: |combination of |California; some |insured share (regression modqCalifornia. |allocation of
based on two different |ZIP codes were |market; DOl [and spatial ProPublica i{census
insurer data on missing from tle |basic coveraggautocorrelation |missing a |blocks to
reporting to |insurance ProPublica datas{does not to fill in missing |few ZIP ZIP code
survey premiums: CA |andnumber of  [account for data codes. and then
DOl and reporting units pe|spatial blocks to
ProPublica ZIP code not larg{variation in tracts
vehicle and
driver
composition
Lending BarrieffProxy is One source: |Not based on Relies on Simple Covers all of Census trac{Decile
(proportion of |moderately |HMDA as sampling; numbe|mortgagewith |calculation of [California
mortgage lans |correlated |reported by of obsenations |an APR higher|rates using
with high with auto Consumer varies across than the observed HMDA
interest rates |lending Financial tracts because of|average prime|accounts
serves as a barrier; Protection ownership and |offer rateas a
proxy for auto |precisionis |Bureau transaction rates |proxy for auto
lending barrier)|low lending barrier
Clean Vehicles|Assumed to [One source: |Not based on Vehicle counts|Simple Covers all of Block group [ Decile
( Ainewer |berelatively [DMV as sampling; large |may include |calculation of |California |(aggregated
fi ol das r &|high: tabulated by |number of business rates using to census
Share of Total |administrativ| CARB observations vehicles observed DMV tracts)
Vehicle Stock |e, recording based on data
of vehicle administrative
model, data
vintage and
fuel type is
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Indicator

Precision

Data Sources

Sample Size

Biases

Reporting

Methodological Geographic Geographic Method in

Complexity Coverage Resolution Final
Dataset
most likely to
be correct
Clunker Assumed to |One source: |Not based on A Cl unk eSimple Covers all of Block group |Decile
Vehiclesas a |be relatively |[DMV as sampling; large |defined by age|calculation of |California |(aggregated
Share of Total |high: tabulated by |number of rather than rates using to census
Vehicle Stock |administrativ| CARB observations operating observed DMV tracts)
e, recording based on condition; data
of vehicle administrative  |vehicle counts
model, data may include
vintage and business
fuel type is vehicles;
most likely to unregistered
be correct vehicles not
counted
VMT Per Assumed to |Mixing BAR, |Based on high [VMT data Multiple and Covers all of Census traciDecile
Household be relatively DMV, and ACSsampling of based on BAR|cumulative California
fair: average |data vehicles captureddata, not all  [imputations and
VMT report by BAR; DMV |vehicles are |estimates
for vehicles not based on required to go
grouped into sampling but in for smog
multiyear complete check,
categories administrative  |primarily
file; ACS based |captures older
on fair size vehicles
sample of
households
(approximately
more than 12%).
Commute VMT|Assumed to [Mixing LEHD |Not based on Does not Multiple and Covers all of Census trac{Decile
per Worker be relatively |commute flows|sampling for include cumulative California
fair to good: |and ACS meanworker trips in  |workers outile
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Reporting
Methodological Geographic Geographic Method in

Indicator Precision = Data Sources  Sample Size Biases Complexity Coverage Resolution Final
Dataset
uses census |of LEHD, but on of the imputations and
tract transportation |administrative  |Unemploymeniestimates
centroids to |data records; ACS Insurance and
estimate based on fair sizg Disability
travel sample of worker]Insurance
distances, an (approximately |programs
uses HERE more than 12%).
network
distance for
only one
speific
period
Availability of |Unknown Mixing Dept. of|Not based on Certain types d Generated usingCovers all of Park area |Decile
Public Park precision: no{Parks and Rec{sampling; large |public spaces [tract and California.
Space per all public with ACS number of are not likely tdsurrounding No
Population. spacesre observations be included |buffer area, prevailing
accounted based on some park spacqdstandard on
administrative can be in more |walkable
shapefiles than one tract |buffer size
surrounding
tract.
Availability of |Unknown Mixing Not based on Inconsistent in|Weights were |Does not |Line, spatial|Rankingto
Weighted precision: bikeway and |sampling; assignment of |created for cover all of |join to accountfor
Bikeways per |incomplete |ACS observations bikeway different California. |census tracticlustering
Population and based on classification |classifications ofIncludes at the
inconsistent administrative bikeways. most MPOs bottom
data shapefiles Weights maybe |and some
collection by imprecise. local
local jurisdiction.
jurisdiction No
prevailing
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Indicator

Precision

Data Sources

Sample Size

Biases

Reporting

Methodological Geographic Geographic Method in

Complexity Coverage Resolution Final
Dataset
standard on
walkable
buffer size
surrounding
tract.
Traffic Unknown Mixing separat¢Not based on Selection of |Generated usingCovers all of Point Decile
Collisionsper |precision: collisionand |sampling; large |surroundng surrounding California  |(location of
Weighted unknown street network [number of buffer size maybuffer; some collisions);
Roadways number of |data observations not be correct;|collisionscan be geocoding
collisionsthat based on does not in more than on¢ may not be
go under administrative  |capture all tract. No precise for
reported data collisions(e.g.,|prevailing some
less severe |standard of collisions
collisiong weighting of some
roadway collisionsare
classifications. not
Weights maybe geocoded
imprecise.
Neighborhood [Assumed to |Mixing two 5 |Relies on ACS |[May be Indicator Covers all of Census traciDecile
Change be relatively [year ACS data that is baseqaffected by constructed California
(socioeconomiqfair aggregated on a sample shortterm using principal
& housing) statistical data |(approximately |business cycle|component
(composite 12% of analysis
score) population)
Neighborhood |Assumed to |Mixing reporteqRelies on ACS [May be Indicator based |Covers all of Census trac{Ratio
Income Relativ{be relatively |aggregated data that is baseqaffected by on relation to  |California
to Regimal fair ACS statistics |on a sample shortterm regional AMI
AMI ratio and microlevel |(approximately |business cycle
ACS PUMS  |12% of
data population)
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Reporting

Methodological Geographic Geographic Method in

Indicator Precision = Data Sources  Sample Size Biases Complexity Coverage Resolution Final
Dataset
Access to Assumed to |Mixing jobs Jobs data not Jobs data doegComplex Covers all of Census Decile
Employment |be relaively |data from based on not include involving the usqCalifornia  |blocks for
Opportunities [high LEHD LODES [sampling; large |workers outsid{of street networ} jobs
(index score and travel time|number of of the UI/DI with travel aggregated
capturing job and distance |observations programs. My [times, and into Census
opportunities from HERE based on be affected by |estimating tracts
accessible fron street network |administrative  |the shorterm |parameters for
a tract) data business cycle|different decay
functions
Access to High|Assumed to |Mixing GTFS |Transit schedulegDoes not Moderately Does not |Point Ranking to
Quality Transit |be relatively |datasets not based on include many [complex cover all of |location of |account for
Location high for compiled from |sampling; fair smaller transit [involving spatial|California. |transit stop, |clustering
(proportion of |locations withvarious transit |number of agencies. area estimates |Includes census at the
population sufficient agencies and |locationspecific only those |blocks for |bottom
within ¥2 mile |data U.S. Census |information base transit population
of HQTL) Bureau block [on available agencies thg
level data. schedule. report transif

data in

GTFS

format at the

time of

research.
Jobg Housing |Assumed to [Mixing Relies on data th{May be Moderately Covers all of Census traciDecile
Fit be relatively [aggregated is based on a affected by the|complex California
(ratio of low  |fair ACS, CTPP |sample shortterm involving
wage jobs statistical data |(approximately |business cycle|multiple
relative tothe 12% of imputations, dat
availability of population) matching and
nearby allocations.
affordable
rental housing
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Reporting

Methodological Geographic Geographic Method in

Indicator Precision = Data Sources  Sample Size Biases Complexity Coverage Resolution Final
Dataset
Job Density  |Assumed to [Mixing LEHD |Jobs data not Does not Simple Covers all of Census Decile
(jobs persquare|be relatively |LODES for based on include calculation of |California |blocks
mile) high jobs data and |sampling; large |workers outsid{density using aggregated
land area from |number of of the UI/DI observed data into Census
the U.S. Censs|observations programs. May tracts
Bureau based on be affected by
administrative  |the shorterm
data business cycle

Note Criteriacan be overlapping. For example, precision is a function of sample siz@@edying population variance
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2.3 Indicators

This section provides a detailed discussibthe construction of the 13 new CNK indicatdes/eloped for

this project andhe four indicators constructed by the researchers for a previous project sponsored by CARB
and Caltrans Each subsection includes information on the relevant literature, uhgat sources,
construction methods, assessment of consistency, and results. The section also includes maps of the
indicators along with brief descriptions of the broad and general spatial patterns for the state, the Bay Area,
and Los Angeles. Analyzing aedplaining the patterns is beyond the scope of the project, but the overview

is consistent with previous research that shows geographic differences and disparities in transportation
characteristics are associated with social and economic inequality. ddsefsd additional details for

specific neighborhoods by consulting the data/mapping portal, which is discussed in Afpendix

2.3.1Auto Insurance Premiums

This subsection describes the approach to constructing the auto insurance premium indicator.

Table2-2. Summary Table foAuto Insurance Premium Indicator

Key Indicator Information

Units Averageautoinsurance premiurim dollars
Category in Mapping Tool Transportation

Display Method in Mappin o : . -

Too? y ppIng Decile (visualized in quintiles)

Precision Fair to good, based on insurer reporting to survey

Some tracts required regression model and spatial autocorreld
to fill in missing data

ZIP code; spatial allocatioof census blocks to ZIP code and theg
blocks to tracts

Methodological Complexity

Geographic Resolution

Key Information about Data Sources Used to Construct Indicator

ProPublica
Data Sources Used to Constru (original .sources.: Quadrant California Department of
Information Services, S&P Insurance (DOI)
Global, Inc.)
All ZIP codes with sufficient
. information, and based on
Sample Size 1,816 ZIP codes

where insured vehicles are
garaged.
Basic coverage does not acco

Not weighted by insured share

Biases for spatial variation in vehicle
of market . "
and diver composition
Geographical Unit ZIP code(converted to ZCTAS)| ZIP code(converted to ZCTAS)
Geographic Coverage Missing a few ZIP codes Covers all of California
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Data Vintage

20072011

20142016

Other Important Notes (if
applicable)

For more informabn on
ProPublicabs s
data, see Angwin et al., 2017.

Data represent
on average premium for basic
coverage as required by law.

Background

Auto insurance premiums are another barrier to vehicle ownership rates. The difeneramverage
insurance costs across states have large and negative impacts on car ownership rates (Raphael & Rice,
2002). Insurance rates impact ann d i v ialility &d régsster a vehicle (Californiaggnd maintain
ownership (e.g.lnsurance paymentshsurance premiums are based on the type and level of insurance

cover age as

and estimated future miles driven (Ong & Gonzalez, 2019).

Insurance rates are alsa ls e d

on an i ndi vi

dual

6s ZI P code

we |l | -based riskislenmarized byeheibpast @riging veeordycurrent age,

creat

residents in rural areas who have lower rates compared to residents in urban areas, after accounting for

individual factors (Ong & Gonzalez, 2019). Arbased price setting Bso present within urban areas,

where insurance premiums can vary by a factor of two depending on where an individual lives (Ong &
Gonzalez, 2019). Actuadtyased risk price setting is a reasonable practice in a market economy, but there
may be less legitiate reasons for ardmsed setting given historical evidence of redlining for automobile

and home insurance (Center for Economic Justice, 1997; Marshall, 1940; Squires, 2003; Squires and
Chadwick, 2006). The auto insurance industry denies any racialindisation, claiming that any
differences in insurance premiums across geography or individuals is due to actuary risk. However, a study
found that premiums were higher llow-income and minority neighborhoods, after accounting for the
factors that the ingance industry claims determine premiums and their disparities (Ong & Stoll, 2007). A
multistate study by the Consumer Federation of American and ProPublica confirmed these results showing

widespread use of nondriving factors (e.gocioeconomic charactstics and credit scores) to set
premiums, unfairly discriminating against loand moderatincome good drivers (Angwin et al., 2017;

Feltner and Heller, 2015; Larson et al., 2017).

Data Source

The data on insurance premium by ZIP code come from twaesilProPublica and California Department

of Insurance (DOI).

ProPublica

The data generated from ProPublica are based on their study of racial disparities by neighborhoods in

automobile premiums. The data report the average premium paid (from mulsipters) holding constant

vehicle type, coverageand driving history. ProPublica obtained the data from two commercial data
providers, Quadrant Information Services and S&P Global Inc. For California, they received data for 1,816

ZIP codes for the number f
more informat.i

car s i
on s

nsured
ee

and
Pr o BeeAhgivic et & 2017r e por t

payouts by

and
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California Department of Insurance

The second data on automobile insurance premiume ¢mm the California Department of Insurance,
specifically the DOIO&6s estimate on av@Basiglevel pr emi u
coverage is a better measure of the cost of insuring a vehicle for the same amount of coverage in differen
geographic areas. By just examining the overall observed average premium (regardless of coverage type),
one would find that ZIP codes in wealthier areas would have higher premiums than ZIP codes in lower
wealth areas. Thigeflectsthe value of the vehies being insured. People with a more expensive vehicle

would insure it for a higher limit/amount of coverage than an average car (i.e., someone with a Maserati

will want to insure their vehicle for a higher limit than someone driving a Honda Actésisuch, to

create a more balanced comparison, we focus on premiums limited to policies at the basic level of coverage.
The data on basic coverage come f randreprésentsih@é 6s Su
years of data2014, 2015, and 2016. Raare provided for all ZIP codes in California where insured

vehicles are garaged.

Construction Method

Constructing the average auto insurance premium at the census tract level involved multiple steps that can
largely be divided into three major parthe first involves spatially assigning census blocks to ZIP codes

to derive the fivedigit ZIP code information for each block. This is done using ArcGIS. Second, we merged
the block-level data to the insurance premium dataset, containing estimatedeaiesagance premium

from ProPublica and DOI by ZIP code. Finally, we estimated the average insurance premium for each
census tract using a combination of the average premium listed in ProPublica and DOI. The three major
steps are detaildd the followingtext

Step 1i Assigning Census Blocks t&IP Codes

All census blocks in California were spatially assigned to a ZIP code using ArcGIS. This process is needed
to identify the corresponding ZIP codewhicha census block is located. The spatial assighisetone

by using the centroid of the block, meaning that if the block centroid falls into a ZIP code then that block
is assigned that fivdigit ZIP code. Census blocks are the smallest geographic unit for which the Census
Bureau collects and tabulatesnsus information. Their small size makes them the ideal geographic unit
for spatial allocation. Two different GIS shapefiles were used in this process. The first is the Census Block
shapefile from Census Tigerline (2018 vintage) and the secainel .S .Postal Service (USPS) Zgonde
shapefile derived from ESRI (shapefile updated as of 6/18/19).

Step 2i Merging Census Block Data to ZipCode Level Data on Insurance Premium

The census block data, with the assigneddilgit ZIP code information, is meegl with the auto insurance
premium dataset by the fixdigit ZIP code. The insurance premium dataset includes data on the average
insurance premium, individually from ProPublica and DOI, for each ZIP code.

8 By law, California divers must have the following minimum coverage: $15,000 for injury/death to one person,
$30,000 for injury/death to more than one person, and $5,000 for damage to property.
https://www.dmv.ca.gov/portal/dmv/detail/pubs/brochures/fast_facts/ff{At8essed November 19, 2019)

® The observed average premium can be affected by several factors. Three main rating factors used by insurance
companies to set rates are aalmileage, driving history (i.e., number of tickets/collisions), and driving experience
(i.e., years licenses). Geographic differences in these factors contribute to variance in average premiums across
codes. The DOI does not have access to averagessef ¥hlues at the ZIP code level, but they also would likely
explain much of the variance in average premiums across ZIP codes.

DOl also has data from the Auto Premium Survey, which provides the most consistent comparison across
geographies because tihéver and vehicle profiles are kept constant. Unfortunately, survey data are available for
only 270 ZIP codes. While the sample is geographically diverse, it represents only about 10 percent of all ZIP codes
in California.

11 A small minority of the ZIP cdes are PO boxes rather than garaging addresses.
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Step 31 Estimating Average Insurance Premium byCensus Tract

The census block information is summarized up to the census tract for each type of insurance premium,
ProPublica and DOI, weighted by the total number of occupied housing units in each census block. (Every
Census Block has a unique-dmit Federal Information Processing Syst¢PY code and embedded

within the block FIPS code is the census tract FIPS code). Data on the total counts of occupied housing
units for the block comes from the 2010 Decennial Census. This step generates two sejzeates of

average auto insurance premium for each census tract, one using ProPublica estimates and the second from
the DOI. Ideally, the preferred weight is total counts of vehicles bi@¢éimsusBureau does not report this
information at the block lev@or does the project have access to this information at the census block level.

The final auto insurance premium measure is calculated using a combination of both the reported tract level
insurance premium estimates for ProPublica and DOI. The follofaingula is used to calculate the
average auto insurance premium for the census tract by combining the average premium for both ProPublica
and DOI:

W .. O0MOOO 00 FOD
OUL QI WIQQA QO -& — —

C
O00s the Department of I nsurance6s average insur al
OUi0Os the Department of I nsurance0<tsia@Califorriage i nsur al
O0i s ProPublicad6s average insurance premium for ce
00is ProPublicads average insurance premium for al

Of the 8,057 tracts in California, $f&rcentwere estimated based on observed @#Ei level data (using

a combination of both DOI and ProPublica estimatless than Ipercent(seven tracts) did not have
ProPublica data and therefore estimated using a combination of DOI estimates and ProPublica estimates
for surrounding/nearby tracts. @lmemaining tracts (50) do not have insurance premium estimates due to
insufficient data (these tracts have no occupied housing units).

Assessment of Consistency

As part of our assessment, we compared the average premiums from ProPublica and DQitteeath

the ZIP code level. Doing the assessment at the ZIP code level, the geographic unit that the information is
originally reported, rather than tracts, minimizes any possible biases or errors that may occur when
allocating the information to censusotks. The average premium for ProPublica and DOI are highly
correlated with a correlation value (r) of 0.92.

Results

California census tracts are divided into deciles
Each decile category represe roughly 10 percent of the census tracts in CalifoFigure 21 compares

the average (median) values of automobile insurance premiums in each decile category normalized by the
lowest decile. A value greater thaindicates that auto insurance premaifor that decile is higher than

the lowest decile category by that value. For example, the median premium in the highest area is twice as
expensive as the median premiums in the lowest area.
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Figure2-1. Average (Median) Insurance Premiums by Census Tract Decile Rankings
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Maps

The following maps display the distribution auto insurance premiums.

California

Statewide, the majority of California geographically has low insurance prem(sees-igure 2-2).
Throughout most counties, the entire county area falls in the lowest quintiles for average vehicle insurance
premium. This is especially true on the central coast and in Northern California. However, theemare a
areas in which average vehicle insurance premiums are quite high in comparison to the rest of the state.
Average vehicle insurance premiums are high in the Greater Los Angeles area, including not only Los
Angeles County but the western parts of SamBelino, Riverside, and Orangeuntiesand the eastern

part of Ventura County as well. The Bay Area and Sacramento also have high insurance premiums, though
not as high as those in Los Angeles. These patterns are consistent in terms of where mospofatien

reside. Insurance premiums are generally higher in places where traffic collisions are more frequent and
likely. Therefore, one would expect to see higher average vehicle insurance premiums in more densely
populated and urbanized areas.

Bay Area
In the Bay Area, insurance premium correlates with urbanizéseeFigure 2-3). The high and highest

average vehicle insurance premiums are found in San Francisco and East Bay. The highest insurance
premiumsa f ound i n S a-imcomernaighloorhcod of BayvieWumters Point, and in the
low-income sections of Oakland. Outside of these highly urban areas, insurance premiums are lower, such
as in the hills of Oakland, suburban sections of the Peniradaylarin County, which tend to be moderate

to highincome areas.
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Los Angeles

As an area with the highest average vehicle insurance premium, there is little variation in Los Angeles when
it comes to insurance premiur(seeFigure2-4). The majority of the region, including downtown, South
Central, the Westside, and the San Fernando Valley rank in the highest quintile for insurance premiums.
Besides a few pockets in the southern part of LA County that rank inatierate quintile, the majority of

the area ranks either high or highest for average vehicle insurance premiums statewide.

40



Figure2-2. Map of Average Auto Insurance Premiuall| of California
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Figure2-3. Map of Average Auto Insurance Premium, San Francisco Area
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2.3.2Lending Barriers

This subsection describes theoagach to constructingn indicatoon barriers tdorrowing based on what

is commonly referred ta shiglierpricedmortgage load A higherpriced mortgage loan is one with an
APR higher than the average primer offer rathis serves as a proxy fa mgor obstacleto vehicle
ownership high automobile lendingates This proxy is used because mortgage rates and vehicle loan rates
are correlated.

Table2-3. Lending Barrier Indicator Summary Table

Key Indicator Information

Lending Barriergproportion ofhigherpricedmortgage loans

Units serves as a proxy for auto lending barrier)
Category in Mapping Tool Transportation
?;SO‘T""‘V Method in Mapping | b e (visualized in quintiles)

Proxyat the place level (e.g. citie® moderately correlated with
Precision auto lending barrier; precision is lamd uncertain about
relationship at the tract level

Simple calculation of rates using observed HMDA accqui#s
the estimated mad to impute the hypothetichigherpriced
mortgagerate for census tracts that do not have adequate HM[
data
Geographic Resolution Census tract

Methodological Complexity

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru Home Mortgag Disclosure Actlata from the Consumer Financiz
Protection Bureau
. Not based on sampling; number of observations varies across
Sample Size . .
because of ownership and transaction rates
. Relies orhigherpricedmortgages as a proxy for autmding
Biases .
barrier
Geographical Unit Census tract
Covers all of California tract8(057tracts 97% based on
Geographic Coverage observed data, 2% imputed, 1% not estimated due to insufficig
data)
Data Vintage 2012-2017
Othgr Important Notes (if N/A.
applicade)

Background
Empirical research has shown that lending practices impact the rate of vehicle ownership. Some

neighborhoods that experience higher loan interest rates, also have lower rates of vehicle ownership after
accounting for other factors (@ & Gonzalez, 2019). Minorities in particular face higher rates. Cohen
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(2003) found that 1.5 million loans by General Motors Acceptance Corporations (GMAC) charged ethnic
minorities higher interest rates for new car loans, which were not justified byigher credit risks of
applicants. These results were consistent with our analysis of Charles, Hurst, and Stephens (2008) on the
Survey of Consumer Finances, which identified differential racial treatment in the interest rates paid on
auto loans based ohe type of finance institution used.

Lending terms are related to credit scahe lower the credit score, the higher the interest rate. Auto loan
rates are also determined by applicantsdé credit
congdered prime loan applicants and will have auto loan interest rates as lgvese8t{\Wamala,n.d).

Those with low credit scores (<580) are considered subprime loan applicants and will pay auto loan rates
5110 times higher than prime applicants, esalgcifor used cars olongerterm loans(Wamala,n.d).

Excellent credit profiles typically pay interest rates bei@®monthaverage of 4.2fiercentand the median

credit score for consumers who obtain auto loans is 711 (Wamdla,

Moreover, averageredit scores vary systematically across neighborhoods. Credit scores and location are
correlated, but there are other factors related to location that have a greater impact on average credit scores

by ZIP code (Cesare, 201 T ower incomeneighborhoods gerience a higher concentration of predatory

lenders compared to higher income neighborhoods, which drive down the credit score of that location
(Cesare, 2017). Low credit scores are also reflected by the proportion-ofdome households in the
neighbohood. Credit scores can also be used as a tool to measure health, having a larger effect size than
other socioeconomic position markers (Knapp & Dean, 2018). For example, it represents the financial

hi story that i nfl uenc efmancahand nordinancialdesoarteé related oihdaltht vy t o
A standard deviation increase in credit score is associated withpar@éntgreater odds of better self

reported health (Knapp & Dean, 2018).

Data Source

Unfortunately, we do not have data onambbile loans for small geographies because this data is not

readily available. Related measures such as credit scores are available, but are extremely ¥xpensive.
Therefore, this project devel oped -par ipcreodkbyr theof mor t
lending barrier indicator.

As shown inFigure 2-5, the graph of the 3¥ear Fixed Rate Mortgage Average and then@thth Car
Loan at Commercial Bank rate, the markets of lending and borrowing are tebdecarelated (r = 0.71).
The two interest rates are related to oneb6s credi!|

2 Experian, one of the major credit bureaus that provide VantageScore by ZIP code, was contacted for a quote for
average credit score at the ZIP+4 level for California. The quoted price was $20,000 feriodeThe contact was
made in May 2019. Experian does not readily offer census tract level data, but the ZIP+4 would have provided
enough geographic resolution to reasonably allocate to census tracts.
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Figure2-5. Interest Rates on Auto and Mortgage Loans

Interest Rate On Loans in the United States
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Source Board of Governors of the Federal Reserve Sy&em
https://www.federalreserve.gov/releases/g19/HIST/cc_hist_tc levelsAtodssed on November 10, 20{SGar
Loan) and Federal Reserve Bank of St. Lgséshttps://fred.stlouisfed.org/seriess/MORTGAGE30USABcessed
on November 10, 20)9Mortgage)

We used census tratgvel data from the Home Mortgage Disclosure Act (HMDA) to construct aureas
related to lending practices: the proportion of originated loansathrate  fi-fh i ig diTddid served as
proxies for lending barriers. Ideallyve would like to include information on credit scores (efGO
score, VantageScore) for each censug tracausdenders use it to determine the interest rate individuals
get on a loan, but acquiring this information, particularly for a small geogréplgstly as previously
mentioned.

HMDA was enacted by Congress in 1975 and was designed by the Hedeeal/e Board to collect
information on mortgage lending patterns. HMDA is managed by the Federal Financial Institutions
Examination Council (FFIEC). The Home Mortgage Disclosure Act requires many lending institutions to
report and disclose lodravel information about mortgages to the public. This data can be used to determine
whether financial institutions are serving the housing needs of their communities, and in identifying
possible discriminatory lending patterns.

HMDA offers information about the loaincluding loan purpose (e.dpome purchase, refinancing), type
(e.g.,conventional, FHAinsured, VA)and amount; the propertyodés |l ocat:i
geographic unit reported) and property type (exge to fourfamily, multifamily), andwhether or not a

loan application was denied and if so, reasons for denial. Additionally, HMDA also includes information

about the applicant or borrower, such as race/ethnicity, sex, and household income.

HMDA does not report interest rates butdoes di cat e whet hepr iac d dota nma rst gaa giet
A higherpriced loan is defined as a mortgage with an annual percentage rate (APR) that exceeds the
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average prime offer rate by 1.5 percentrgpgd cedaiont s
often reflect riskier or subprime borrowers. For this project, we consider mortgage loans designated as
Ahi eprdrced | oansd as subprime | oans.

The project uses six years of HMDA data, from 2012 to 2017. The 2012 HMDA data represents the first
year where HMDA loan information are reported using 2010 census tract; and 2017 HMDA is the most
recent data available during the time of this project.

Construction Method

First, we retrieved HMDA data from 2012 to 2017 from the Consumer Financiatfoot8ureau® We
restricted our sample to include mortgages for:

0 Firstlien
0 Owneroccupied as a principal dwelling unit
0 1i 4 family homes, excluding manufactured and multifamily housing
0 Home purchase loan
0 Originated loans
From this sample, we identifiedlans at the tract | evel that HMDA de

loans. We included tracts, based on direct observation, that have at least 10 originated loans. One limitation
to this approach is that tracts that do not meet this enitare exclued and they generally tend to represent
tracts that have few homeowners or few mortgage transactions. These neighborhoods primarily consist of
renters and lovincome households. To ensure that we capture these neighborhoods, we opted to estimate
the subpime rates for these neighborhoods without direct observations.

For neighborhoods or census tracts without originated loans or have less than 10, we imputed the subprime
rate using a regression model based on neighborhoods with adequate observationdeT lsepmedictive

and not a causal model. A predictive model should have the ability to predict future outcomes, and a
guantitative predictive model uses a set of observed or anticipated indicators (variables) that influence the
projected results. We datnecessarily require knowing causal relationshggsauseorrelated indicators

may be sufficient to forecast the outcome.

The dependent variable in the predictive model is the percent of subprime mortgage loans. The model
accounts for population dengitsocioeconomic (poverty), demographic (race and ethnicity), housing
(renters), transportation (vehicles per person), and fixed regional eféectsty where census tract is
located). Based on previous experience of analyzing spatial patterns we ehowmegendent variables

and assessed their correlation with the subprime rates. We kept the variables that were statistically
significant with subprime rates. We estimated the model for census tracts or neighborhoods with at least 10
originated mortgage &ms. The model performed reasonably well with an adjustgdared of 0.68.

We use the estimated model to impute the hypothetical subprime rate for census tracts that do not have
adequate HMDA data. We then assessed whether this pattern of estimatesesesmnable by comparing

it to the surrounding census tracts. The assessment shows the patterns are consistent with nearby
neighborhoods. We were not able to impute for all missing tracts because those tracts did not have enough
information related to #& model. Of the 8,057 tracts in California, @&rcentwere observed (having at

least 10 originated loans),p&rcentwere imputed (with less than 10 originated loans), apdriéentwvere

not estimated due to insufficient data (no population or missingsdor independent variables).

13 Seehttps://www.consumerfinance.gov/datsearch/hmda/historitata/for more information. Accessed on
December 31, 2019.
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Assessment of Consistency

As part of our assessment of the lending barrier indicator (using subprime mortgage loans as a proxy), we
compared the relationship between percent of subprime loans against raperéeg cretiscores for 100

to 600 cities in California (see Brown [2017] for more info on average credit scores reported for cities).
The percentage of subprime loans, reported at the census tract level, was assigned to their respective cities
using Geocorr Crosswa[Missouri Census Data Center, n'tith get an estimate of supreme loans at the

city level. This resulted in the total mortgage loans and the percent subprime loans for each city.

Table2-4 shows the correlatiobetween average credit score and our measure of subprime loans for cities

in California. The table includes three different scenarios to test for the robustness of the results. The first
scenario is a correlation of average credit scores and subprinsenithmo restriction. The second captures

only those cities with at least 100 mortgage loans reported (setting a minimum sample size). The third test

is for those cities with at least 100 reported mortgage loans and with less than 5,000 housing units. The
restriction on the number of housing units of less than 5,000 may possibly capture smaller cities. Unlike
larger cities, which tend to be heterogeneous and containing significant diversity of neighborhoods, smaller
cities tend to be more socioeconomicdiymogenous. Overall, subprime loans are negatively correlated

with average credit scores (at least a correlation coefficient [r valué€). ©). The negative relationship
means that the | ower the cities6 sabprene mgtgageclaaressdi t s
or vice versa. The assessment indicates that subprime loans and credit scores are moderately correlated and
using subprime loans as a proxy for lending barriers is likely sufficient in trying to understand the lending
barriers facd by different neighborhoods, particularly given the lack of available data on auto loans and
credit scores at the tract level.

Table2-4. Correlations between Mortgage Subprime Loans and Average CredisSopCities

Scenario Coefficient Significance n
No Restrictions 10.7238 <.0001 641
With at least 100 loans 710.7844 <.0001 534
With at least 100 loans and < 5,000 housing units 10.7764 <.0001 196

Results

California census tracts are divided intoiddce s according to each tractds a
Each decile category represents roughly 10 percent of the census tracts in Cdiifguné?-6 compares

the average subprime rate in each decile cayagarmalized by the lowest decile. A value greater than

indicates that the share of subprime loans for that decile is higher than the lowest decile category by that

value. For example, the average subprime rate in the highest area (highest decie Xlimn260 times

more than in the lowest area (lowest decile).

1 Geocorr is a tool developed by the Missouri Census Data Center. It shows the relationship diffevesn
geographic coverage for the United States. It allows users to allocate one geography to another geography, in our
case, putting census tracts into cities.
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Figure2-6. Average (Mean) Subprime Rate by Census Tract Decile Rankings
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Maps
The following maps displays the distribution of subprimengaur proxy for lending barriers.

California

Much of the Central Valley as well as the northeastern and southeastern corners of the state are among the
moderate to highest areas for subprime loans. One outlier is Inyo County. Most of the areas in San
Bernardino County, Lassen County, and Plumas County have the highest percentage of subprime loans.
The coastal regions and major urban areas tend to be on the lower end for subpriifseébégsre

2-7).

Bay Area
Parts of San Francisco, Daly City, Richmond, Oakland, and Hayward have a much higher proportion of

borrowers encountering lending barriers. However, other parts of the urbanized areas are less likely to
experience subprime lending, such in and around Bsrk&he more suburban places and the outer edges
of the Bay Area (e.g., Sonoma County and Santa Clara County) are among the areas with the lowest
subprime loangseeFigure2-8).

Los Angeles
In LA County, much othe urban core, and South LA in particular, has the highest probability of

experiencing lending barriers. East LA and parts of the San Fernando Valley also have high incidences of
subprime lending. These areas are comprised of more lower income reditieraseas with the lowest
probability of encountering lending barriers are located on the Westside and along the coastal cities like
Santa Monica, El Segundo, and Redondo Beach. Residents in these areasiacerigiwvho may not

have taken out these risk mortgage loangeeFigure2-9).
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Figure2-7. Map ofLending Barriersall of California
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Figure2-8. Map ofLending Barriers, San Francisco Area
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2.3.3Clean and Clunker Vehicles

The foll owing
as a share of all vehicles.

subsection

di scusses the

Table2-5. Summary Table fo€lean Vehick Indicator

Key Indicator Information

Units

Clean vehicles as a share of total vehicle stock

Category in Mapping Tool

Transportation

Display Method in Mapping
Tool

Decile (visualized in quintiles)

Precision

Assumed to be relatively high: administrativecording of vehicle
model, vintage and fuel type is most likely to be correct

Methodological Complexity

Simple calculation of rates using observed DMV data

Geographic Resolution

Key Information about Data So

Data Sources Used to Constru

Block group (aggregated to census tracts)
urces Used to Construct Indicator

Department of Motor Vehicles fleet database provided by the
California Air Resources Board

Sample Size

Not based on sampling; large number of observations based o
administrative data

Biases

Vehicle counts may include business vehicles

Geographical Unit

Census tract

Geographic Coverage

Covers all of California

Data Vintage

2017

Other Important Notes (if
applicable)

Clean vehicles include: Battery electric vehicle, piudpybrid-

electricvehicle, and hybrid electric vehicl€he project includes
t wo measur es o\fe welreda nc | veeahni cvl¢
as vehicles with model years between 2013 and 2017 (last five
years of data)andfi Ol der 6 c¢cl ean vehicl

with model years 2012 and earlier.

Table2-6. Summary Table fo€lunker Vehicle Indicator

Key Indicator Information

Units

Clunker vehicles as a share of total vehicle stock

Category in Mapping Tool

Transpeotation

Display Method in Mapping
Tool

Decile (visualized in quintiles)

Precision

Assumed to be relatively high: administrative, recording of veh
model, vintage and fuel type is most likely to be correct

Methodological Complexity

Simple calculatiorof rates using observed DMV data
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Geographic Resolution

| Block group (aggregated to census tracts)

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru

Department of Motor Vehicles fleet database provided by the
Cdifornia Air Resources Board

Not based on sampling; large number of observations based o

Sample Size . .
P administrative data
AClunkerso are defined by ag
Biases vehicle counts may include business vehicles; unregisterécles

not counted

Geographical Unit

Census tract

Geographic Coverage

Covers all of California

Data Vintage

2017

Other Important Notes (if
applicable)

Clunkers include vehicles aged 20 years or older; for this proje
this include vehicles with modekgr 1997 or earlier

Background

Vehicle and transportation fuels are a large source of carbon emissions in California. While there have been
strides in improving air quality, the greater Los Angeles region and San Joaquin Valley are classified as
il exmteroe ozone nonat t@ds. BovimmmentabPRroteetisn Ageycy bebagise they do not
meet the healthhased air quality standards (CARBdl.). Older cars unable to pass emissions tests represent
only 10" 15percenbf all vehicles in California butre responsible for more than half of the smog generated

by passenger vehicles (Wheetdral, 2014). Many of the households that own these older cars are low
income and located in calependent areas like the San Joaquin Valley. There are currens effort
incentivizing car owners to give up their inefficient, higlho | | ut i ng fcl unker o
vehicles. Zereemission vehicles, or clean vehicles, include battery electric vehicles (BEVAinghybrid
electric vehicles (PHEV), and hybriteetric vehicles (HEV). These vehicles have ulow smogforming
and GHG pollutants and atbereforgessential in achievinlgng-term emission reduction goals. However,

these vehicles are not without environmental isS3uUes example, battery disposabntinues to be a

significant environmental challenge.

Societal Benefits

vehi

Mitigating local and global emissions is the primary societal benefit of clean vehicle operation. At the

household level, evidence on the total direct cost of ownevihigsvis corventional vehicle is mixed. In

the absence of subsidies (or further taxes on the externalities introduced by conventional vehicle operation),

clean vehicles remain more expensive than conventional gasoline vehicles due to the higher purchase price

(Breetz& Salon, 2018). In the presence of subsidies, however, households may be able to break even within
the time frame of vehicle ownership (Palmer et al., 2018). This is especially true in the context of heavily
subsidized used clean vehicle purchases. Omcedhicle is purchased, the most obvious benefit is savings

on the cost of gasoline, which some recent research suggests may have been underestimated (Sheldon and

Dua, 2018b).

At the community level, the largest positive impact is from lower (or no di#pg on the vehicle) pollution

exposure from the transversal operation of clean vehicles in disadvantaged neighborhoods. Most of the
focus with clean vehicles has been on global GHG reductions, however, so little quantification on this issue
at the localevel is available. As Reiter and Kockelman (2016) succinctly summarize, vehicle cold starts
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account for up to 8Percentof some mobilesource air pollutants, but electrification of vehicles removes
cold-start emissions. Accordingly, increasing numbersletric vehicles in disadvantaged neighborhoods
would yield substantial locair-quality benefits, but levels of vehicle penetration are likely not yet high
enough to measure this empirically in most disadvantaged communities.

Presence of Vehicles inigadvantaged Neighborhoods

The literature generally finds that clean vehitlemre less likely to be purchasédind owned by
disadvantaged households (DeSha&toal, 2017) and thus less likely to be used in disadvantaged
neighborhoods (Rubin & St. Loui®016). At the same time, low@come households have not
consistently been shown to have less strong preferences for clean vehicles (Egbue & Long, 2012) per se,
rather they face higher constraints in terms of liquidity and credit (Reeéede2019). Usdplug-in electric

vehicle (PEV) owners also tend to be lower income than new PEV owners, corresponding with the
established trend that highecome households generally purchase newer and smaller vehicles{Bhat

al., 2009; Choo & Mokhtarian, 2004 al et al, 2017. Lowerincome households also tend to purchase
hybrids to BEVs or PHEVs within the clean vehicle sphere (Pierce et al., 2019; Tal et al., 2017).

Incentive/Subsidy Policies and Programs

There have been several incentive/subsidy policiepergtams offered to promote the purchase of clean
vehicles for disadvantaged households. An income tax credit (currently up to $7,500) has been offered at
the federal level since 2009 for the purchase of clean vehicles, although this incentive is ndar lthveer

most popular clean vehicleShe Californiaspecific Clean Vehicle Rebate Project (CVRP) and more
recently the Enhanced Fleet Modernization Program (EFMP) offer enhanced buy down incentives for clean
vehicle purchase when households retire anroldhicle. These state programs do not offer anything to
low-income households without a vehicle. An additional state incentive initially offered carpool lane
stickers to all households who purchased clean vehicles, which significantly induced demashah(&hel
DeShazo, 2017), but such policies are now being curtailed. Additionally, most if not all of these programs
offer less incentive for the purchase of a used versus new vehicle, and some do not offer any incentive if
the vehicle purchased was used. Dee&8h(2016) summarizes the contours of many of these and similar
programs nationally.

Cash for Clunkers

Inspiration for vehicle retirement and replacement programs came from thelosethented cost

ineffective emission benefits of national pure vehicteegment Car Allowance Rebate System program,

popul arly call ed fcas h-ménthnatiandl progtare, fram Joly tCAARIS 208k s a t
which induced the retirement onfore thariy00,000 vehicles by offering a $3,5@2,500 incentiveGayer

& Parker, 2013; Let al, 2013;Mian & Sufi, 2009). CARS had no income requirements or tiers for different
incentive |l evel s. Evidence from the consumer expe
higher than consumers who purchased a new orvedgdle, but lower than consumers who purchased a

new vehicle outside of the CARS program over the same period (Gayer & Parker, 2013).

The ongoing current pure vehicle retirement incentive offered by the California Bureau of Automotive
Repair 6sALauisdtoanmece Program (CAP) sought to i mprove
emissions. For older unwanted vehicles that failed their last Smog Check Teist;dome customers were

eligible to receive $1,500, as opposed to $1,000 for othergq@& Bureau of Automotive Repair, n.d.).

To the best of our knowledge, no evaluation of this program with respect to distributional aspects has ever
been published.

15 Defined of cleanliness: battery electric vehicles, ptugybrid electric vehicles and/hrid electric vehicles.
6| ow-income households, when given the opportunity, do not tend to lease vehicles.
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Data Source

Clean and clunker vehicle data was obtained from the Department of Wttimies (DMV) fleet database
provided by the California Air Resources Board (CARB) for 2017. Data include vehicles registered to an
individual, eliminating vehicles owned by corporations, such as car rental companies. Data is provided at
the census bloclgroup level and aggregated into census tracts.

Clean vehicles include the following fuel types: Battetgctric vehicle(BEV), plug-in hybrid-electric

vehicle (PHEV), andhybrid electric vehicld HE V) . AfNewer o clean vehicles a
model years between 2013 and 2017 fiasty e ar s of data). #AOl der o clean v
with model years 2012 and ear !l i er .mordt@BdR0 pearealdd v ehi

based on the model yedrGiven the yeaof the fleet databasavailablefor this project,vehicles with a

mo d e | year of 1997 or e alitlsimpartanate note that this ig a@oxyefat as 0
ficlunkers. o Using this age cut of fAgeariclasicdthataepsedir e Vv ¢
for collection and there is no way to separate out vehicles used as collectibles in the dataset.

Construction Method

AfnNewer o Clean Vehicles as a Share of Total Vehicl
This indicator was constructed by dividing the dounof fnewer 06 cl ean vehicles
from DMV data.

NfOl dero Clean Vehicles as a Share of Tot al Vehicl
This indicator was constructed by dividing the <co
from DMV data.

AChker o Vehicles as a Share of Tot al Vehicl e Stocl
This indicator was constructed by dividing the co
DMV data.

Assessment of Consistency

The DMV data received was assessed against the vehicleasbdealata from 20137 5year ACS and

the two are highly correlatedith a correlation value (r) d3.918. The DMV data included all registered

vehicles in 2017, their fuel type, and age. The fuel type information was used to classify clean vehicle
countsThe age information was wused to classify which
Aclunker s. 0 -fmdSed, dnaytcauntivehicles ¢hat fare not registered, and does not provide
vehicle fuel type or age. Therefomee are only able tassess overall total counts.

Results

fiNewer o Clean Vehicles

California census tracts are divided into decil es
Each decile category represents roughly 10 percent of the census tracts in @dffifguné2-10

compares the share of finewd clean vehicles in eacl
value greater than one indicates that tthaethshar e of
|l owest decile category by that value. For exampl e,

decile area is 14 times as great as in the lowest area.

17 This vehicle age cutoff is based on input from CARB.
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Figure2-10.A Ne we r 0 C | sdyCQensiisertadt Decile Rankings
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ifOl der o Clean Vehicles

California census tracts are divided into deciles
Each decile category represents roughly 10 percent of the census tracts in Cdiifguné2-11 shows

the share of Aol dero clean vehicles in each decil
greaterthadi ndi cates that the share of Aolhdtowestl ean vehi
decile category by that value. For example, the m

area igmore tharilO times as great as in the lowest area. This indicates a slight increase in the geographic
dispersion of older clean veihs compared to newer clean vehicles.
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Figure2-11. A Ol der 6 Cl ean Vehicles by Census Tract Decill
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Clunker Vehicles

California census tracts ar e di gofdunlkervehitlesoEacheci | es
decile category represents roughly 10 percent of the census tracts in Calfigyumia2-12 compareshe

share of clunker vehicles in each decile category normalized by the lowest dedillue greater thah

indicates that the share of clunker vehicles for that decile is higher than the lowest decile category by that
value. For example, the median clunker vehicles share in the highest decilenavea tisarB.5 times as

great as irthe lowest area. The distribution of clean vehicles in California census tracts is negatively
correlated with clunker vehicles.
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Figure2-12. AiClunked Vehicles by Census Tract Decile Rankings
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Maps
Thefol | owing maps displays the distribution of «cl
iNewer o Clean Vehicles as Share of Tot al Vehi cl
California

Newer clean vehicles in California arencentrated in neighborhoods along the coastal areas, specifically
in the Bay Area coastal counties and sections of Los Angeles. The Bay Area has the highest relative
number of clean vehicles as a share of their vehicle stock. Central Valley and eastéigsdn

California have the lowest share of these vehi@esFigure2-13).

Los Angeles
Newer clean vehicles in LA County are concentrated on the Westside and the coastal neighborhoods.

There is also a high percentage of these vehicles in pockets of neighborhoods in GlehBakadena.
Neighborhoods in South LA, East |_.Andthe San Fernando Valley have among the lowest share of
Ainewd clean vehicles. This distribution foll ows
having a higher share of newer clean vedsi@nd lowincome areas having a lower shéeeFigure

2-14).

Bay Area
A majority of the Bay Area neighborhoods have a high share of newer clean vehicles relative to other

neighborhoods in the state. The areab wairelatively lower share are located in Oakland and Richmond
(seeFigure2-15).
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Figure2-13. Ma p Newed €lean Vehiclesall of California
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Figure2-14. Ma p Newed €lean Vehicless a Share of Total Vehiciock San Francisco Area
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fOl der o Clean Vehicles as Share of Tot al Vehicle

California

The spati al di stribution of Aol derodo clean vehicle:
Afmeer o clean vehicles acro$eanheebiales TheCaharfer
stock is concentrated along the coastal neighborhoods. The Bay Area again has among the highest share

of clean vehicles in the state. The Central Vadlag most counties in the eastern part of California have a
relatively | ow s har(seeFigure2-ipl der 06 cl ean vehicles

Bay Area
Once again, a majority of the Bay Area neighborhoods have a high share of older clean vehicles

compared with other neighborhoods in thetest The areas with a relatively lower share are located in
Oakland and Richmon(@eeFigure2-17).

Los Angeles

This map is similar to the distribution oehceinewer
between LA County neighborhoods with a high share of clean vehicles and those who do not. The

Westside and coastal areas have the highest share of clean vehicles. South and East LA and the San
Fernando Valley have the lower share of older clean ke=hi€his map reflects the income distribution of

LA County residents with higincome areas that have a high share of older clean vetgekfSigure

2-18).
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Figure2-16. Ma p

Q@iden Giean Vehicless a Shige of Total Vehicle Stoglkall of California
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Figure2-17.Ma p @ deo Glean Vehicleas a Share of Total Vehic&ock San Francisco Area
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ACl unkero Vehicles as Share of Tot al Vehicle Stocl

The foll owing maps display the distribution of ndcl

California

The majority of the less populated counties in northern and central California are dominated by clunker
vehicles (as a share of the vehicle stock). The more populated coundesdilkngeles, Orange, those

in the Bay Area, and Sacramento havedoghare of clunker vehicles when compared to other parts
counties in the statbut there are neighborhood variations within these gse@figure2-19).

Bay Area
ACl unker o vehicl e owithiacomsehnithe Bay AreaaAfflsemt areas maludihgantch d

of San Francisco and the Peninsul a do -incaepdisave hi
of San Francisco, such as Bay Viddunters Point, the East Bay including Oakland, and Riclimnoave
considerably more ficlunkero vehicle ownership. The
rural areas in coastal Marin County. Given that M:
clean vehiclesc¢c|l athleethd ghesihalres omi giht be attribut
cars(see

Figure2-20).

Los Angeles

I n Los Angeles, fAclunkero vehicle ceantanearecaslikd i on i
South Central Los Angeles, Boyle Heights, and Wilmington all have greater ownership of clunker
vehicles compared to their affluent counterparts.
ownership in the higlincome areas of the Westsidlee SantaMonica Mountains, and Palos Verdsge

Figure2-21).
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Figure2-19. Map of iClunkeid Vehiclesas a Share of Total Vehicle Stoall of California
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Figure2-20. Map of fiClunkeid Vehiclesas a Share of Total Vehicle Sto&an Francisco Area
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2.3.4Vehicle Miles Traveled (Household, Commute)

This subsection details the construction of two measures of vehicle miles traveled (VMT): vehicle miles

traveled per household (HVN and commute vehicle miles traveled per worker (CVMT).

Table2-7. VMT per Household Indicator Summary Table

Key Indicator Information

Units

VMT per Household

Category in Mapping Tool

Transportation

Display Method in Mapping
Tool

Decile (visualized in quintiles)

Precision

Assumed to be relatively fair; average VMT report for vehicles
grouped into multiyear categories

Methodological Complexity

Simple calculation of rates using observed DMV data

Geographt Resolution

Key Information about Data So

Data Sources Used to Constru

Census tract
urces Used to Construct Indicator

BAR, DMV, and ACS data

Based on high sampling of vehicles captured by BAR; DMV no

Sample Size based on sampling but complete admaive file; ACS based on
fair size sample of households (approximately more than 12%
Biases VMT estimatedased on BAR data, not all vehicles are require

go in for smog check, primarily captures older vehicles

Geographical Unit

Census tract

Geogaphic Coverage

Covers all of California

Data Vintage

2016 and 2017 odometer readirfigsBAR data; 2017 for
registered vehicles from DMV, and 2013 5year ACS

Other Important Notes (if
applicable)

VMT estimates based on BAR information and provided by
CARB. CARBOGs VMT e st itorgldctéhs
overall composition of the vehicle fleet based on DMV data
2017(asprovided by CARB).

W

Table2-8. Commute VMT per Work Indicator Summary Table

Key Indicator Information

Units

Commute VMT per Worker

Category in Mapping Tool

Transportation

Display Method in Mapping
Tool

Decile (visualized in quintiles)

Precision

Assumed to be relatively fair to good: uses census tract centrg
estimate traviedistances, and uses HERE network distance for

one specific period
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Key Indicator Information

Methodological Complexity Multiple and cumulative imputations and estimates
Geographic Resolution Census tract

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru¢ LEHD and ACS

Not based on sampling for worker trips in LEHD, but on
Sample Size administrative records; ACS based on fair size sample of work
(approximately more than 12%).

Does not include workers outside of the Unéoyment Insurance

Biases and Disability Insurance programs
Geographical Unit Census tract

Geographic Coverage Covers all of California

Data Vintage 2015 LEHD and 2@3-17 5year ACS
g;r;ﬁ(r: ;r;lzg)rtant Notes (if N/A.

Background

In the United Statesbout 30 percent of greenhouse gas (GHG) emissions stem from transportation sources
(U.S.Environmental Protection Agency, 201B8kcording to the California GHG Emission Inventory, this
number is even higher in California with the transportation secéking up about 40 percent of GHG
emissions in 2017 (California Air Resources Board, 2019). Of transportafeted GHG emissions, about

70 percent come from passenger vehicles. Given the link between automobile use and GHG emissions,
there is a need teeduce VMT to lower emissions, protect the environment, and improve public health.
VMT is a convenient proxy to estimate fluctuations in GHG output.

As a proxy for transportatierelated GHG emissions, VMT can show the impacts of vehicle travel on air
gualty and community health. Decreasing the use of passenger vehicles and increasing the use of active
transportation can reduce VMT, improve air quality, and promote physical activity (Centers for Disease
Control and Prevention, 2011). In regard to physacdivity, increasing the walkability of a community

can reduce VMT and is correlated to increased time spent being physically active through travel (Frank et
al., 2006). The length of time an individual spends in the car is associated with an incr&deedbissity
(Franket al, 2004). GHG emissions can also worsen respiratory and cardiovascular health. Air pollutants,
such as PM2.5, ozone (which is formed in the atmosphere from emissions), nitrogen dioxide, and diesel
exhaust, can trigger symptoms argadhose who have asthm@alEnviroScreen 3.0 ReporProximity to
congested roadways is associated with adverse health impacts, the strongest assogithicasthma

(Kim et al., 2004; McConnell et al., 2006), and others including asthma onsetdrenhiimpaired lung
function, and increased heart disease (CARB, 28E2, 201Q.

Data Source
VMT per household (HVMT) measures a househol dods ar

This indicator does not capture VMT for specific typésrips, such as horfievork commutes, but it can
provide insight on a householddés gener al travel p
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using other transportation modes, California residents have a strong dependence on personal vehicles as
their primary mode of transportation.

VMT dat a ar esmbgcheoklatd ffoR BARs Data are from 2016 and 2017 odometer readings,
grouped by vehicle modelears, and reported at the census tract level. VMT is based on the odometer
reading during amog checkAll gasolinepowered vehicles, hybrid vehicles, and alternatived vehicles

that are model 1976 and newer requirenag checkHowever, vehicles that are eight moglears and
newer do not need a biennial inspection and vehicles that arenfmelyears and newer do not need a
changeof-ownership inspection. Diespbwered vehicles that are 1998 and newer with a gross vehicle
weight rating of 14,000 pounds and less requémag checkCurrently, motorcycles and electpowered
vehicles arexempt from the Smog Check Program.

In addition to vehicle type, the Smog Check Program may require a different inspection depending on the
program area. California is divided into three program areas according to their air quality: Enhanced Areas,
Basic Areas, and Change of Ownership Areas. In general, all areas of the state setpgrecheck
certifications when a specified moegdar vehicle changes ownership or is registered in California for the
first time.

1. Enhanced Areaare areas in California thdo not meet federal or sta@-quality standards for
ozone and carbon monoxide. In addition to the charigevnership and initial registration
inspection requirements béennial smog checis required.

2. Basic Areasre less polluted relative to EnhadcAreas and require biennial inspections. Specified
modetyear vehicles require a biennghog checkluring their registration renewal with DMV.

3. Change of Ownership Arease more rural areas that only requsmog checlcertification when
the vehicle chnges ownership (except gasoline vehicles four or less rgededold) or was
initially registered in California. Vehicles within specified mogehrs registered in these areas
requireasmog checlonly during change of ownership or initial Californigisaration.

These VMT data are an objective reading of odometers, rather thaepmmifed data. However, it does not
capture VMT for newer cars, motorcycles, or elegidovered vehicles; does nodnsidemiles traveled
on other modes of transportatiand does not specify the trip type (evgork commute, personal trips).

CARBOG6s VMT basedtonn BAR infermation were reweightedeflectthe overall composition of
the vehicle fleet based on DMV ddtar 2017 (as provided by CARB)TheDMV provides CARB with
access to motor vehicle registration datausageo fibetter characterize the motor vehicle fleet and support
development and implementation of air quality regulatidhs

The American Community Survey (ACS) variables used in our indicadastruction were vehicles
available, household counts, and means of transportation to work. Vehicles available counts the number of
passenger cars, vans, and pickup or panel trucks kept at a home for the use of household members.
Household counts measal the number of households in a particular geography leveldergsis tract).
Means of transportation to work reports commutes
transportation, motorcycle, bicycle, and walking. We specifichlljused on commute estimates for
personal vehicles (e.glrove alone, carpooled wittvo persons, carpooled withreepersons).

18 Air Resources BoarBMV Registration Data Confidentiality Agreement.
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In addition to ACS, we utilized the 2015 Longitudinal Emplel#eusehold Dynamics (LEHD) data on
commute flows (for all jobghatlooks at where workers are coming from (residential tract) and where they
are going for work (joksite tract) combined with street network distances generated through ¥ERE.

Construction Method

Vehicle Miles Traveledper Household

This measure inodes HVMT and incorporates all types of travel. VMT was constructed using a
combination of CAbBR&48 en BNRViffforneasotcoumsadf regstered vehicles from
DMV and ACS vehicle and household counts. The following steps estimated annual HYMT

Step 1- Estimating Average VMT Per Vehicle in a Census TractUsing CARB6 s VMT Est i mat e
Based on BAR Dataand Registered Vehicle Counts fronrDMV

The VMT data provided by CARB are broken down into three categories by vintage of vehicle: less than
10years old, between 100 years old, andhore tharROyearsoldCARB 6 s VMT esti mat es ba
information were reweighted to reflect the overall composition of the vehicle fleet based ordatV

The following formula calculates the average VMT pdrigke for each tract:

(count; * vmt) + counts * vmts + counts * vmis)

Av GV MTven (count; + counts + county)
Avg_VMT_Veh is Average VMT per vehicles

Count is number of vehicles less than 10 years

Count is number of vehicles betweeniRD years

Coung is number of vehicles greater than 20 years

VMT 1 is estimated VMT for vehicles less th&0 years

VMT ;is estimated VMT for vehicles betweeni 20 years

VMT ; is estimated VMT for vehicles greater than 20 years

Step 2- Calculate VehiclePer Household from 201317 ACS

Veh
HH
Vehyn is number of vehicles per household in a census tract

Veh is nunber of reported vehicles in a census tract
HH is number of households in a census tract

Vehgp =

Step 3- Estimate Average HVMT in a Census Tract

GUY B oW

VMT wn is VMT per household
Avg_VMT_Veh is average VMT per vehed
Vehuy is number of vehicles per household in a census tract

19 For additional detils about HERE Street Network and the assessments of distances generated through HERE, see
Ong et al. (2018a).
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Commute Vehicle Miles Traveledper Worker

Commute vehicle miles traveled (CVMT) per worker in a tract represents the average (mean) distance a
worker drives to work by vehicle. CVMT is consttad using a combination of two datasets. The first is
constructing person miles traveled (PMT) for commute and converting this measure to commute by vehicle.
The second is obtaining Means of Transportation to Work data froni 20B3/ear ACS.

Step 1- Estimate Person Miles Traveled

Average (mean) PMT to work site is a measure of the typical commute of a worker at that place of residence

to their work site. It is constructed using the 2015 LEHD data on commute flows (where one lives and
works) combined ¥th distances generated through HERE street network. The average (mean) commute

for these workers is calculated by multiplying the network distance between residential tract-sitel job

tract and dividing it by the number of workers in the residentiat.tfeor a full description of these two
datasets and their construction see the Pl &s Cal't
measuing sustainable o mmu n stratégiess(@ngt al, 2018a; Ong et al., 2018b).

The data on commute fles from LEHD does not directly translate into VMT because it depends on the
workerds mode of transportation. For exampl e, PM
however some workers carpool and therefore each worker generates less VMT becgusttatbethe

vehicle. One would have to adjust for the composition by mode of transportation. This is done in the next

step using data on Means of Transportation to Work from the American Community Survey.

Step 2- Calculate the Means of Transportation towork for Select Modes

The ACS Means of Transportation to Work reports
ifcarpool o), public transportation, motorcycle, bi
estimates for personal vehiclés.g., drove alone, carpooled wittwo persons, carpooled witthree
persons)To do so, we modified the carpool measure to account for the number of passengers in a carpool.

In this case, we amssuminghat all passengers are workers.

The final CVMT measure is calculatexs follows

(Alone + pr;JF! + P‘f;’f-'i + P‘:‘;”f! + P:thh’:'p + Pri;:.ffl
b o} i

Commuters

C:r";'rrirl‘fT'ﬂ_r”-Aﬂpr B Pﬂ'fT *

CVMT_Worker is commute VMTer worker

PMT is person miles traveled

Alone is number of workers driving alone to work

Poobk is number of workers in aerson carpool

Pook is number of workers in a@erson carpool

Poolk is number of workers in agerson carpool

Pook is number of workers in & %r 6-person carpool

Poolk is number of workers in a dr moreperson carpool

Commuters is number of workers that commute by personal vehicle

Carpool estimates are adjustechtmount for differences in number of commuters per vehicle.

Assessment of Consistency

We compared our VMT estimates against the Center for Neighborhood Technology (CNT) Housing +
Transportation (H+T) Index. Our HYMT and CVMT measures are based ordmeceCalifornia specific
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data, which CNT simulates using parameters estimated wittCabfornia data (e.g.Chicago and St.
Louis metro areas).

CNT6s H+T I ndex is simul at e d-Califerniam datamrad weremetthighlys e st |
correlated with estimates based on observed information. According to their H+T Index methodology, the
dependent variable of auto use measures data on the amount that households drive and the vehicles miles
traveled (VMT) per automobile (Center for Neighbortidechnology, 2017). They have three measures

of VMT with each varying on the #Atype of househo
household has a regional area median income, regional average household size, and regional average
number of commuer s per household (AGlIossary of Terms, 0
househol dd assumes t he h operseatdfthé rdgiomabasea metianiincoone,me t h
regional average household size, and regional average number of comrauterspous ehol d (A Gl c
Terms, o0 n.d.). Lastly, the fAnational typical hou
household income, national average household size, and national average of commuters per household
(AGl ossary of Terms, o0 n.d.).

Data for their auto use variable uses odometer readings from 2010 to 2012 for Chicago and St. Louis metro
areas in the state of lllinois. These data represent a diverse set of areas in Chicago and St. Louis and were
used to calibrate the model. In addititinese data were first geographically identified with ZIP codes and

then assigned to census block groups. This is important to note given the H+T Index uses Chicago and St.
Louis to simulate VMT estimates for states across the country.

Whenwe assessedd HVMT measure against CNT6s various VMT
across each of the household tyfseTable2-9). For example, our HYMT measure assessed against their

VMT for the regional typicahousehold measure was moderately correlated (0.71, which explains about

half of the total variance). Even after restricting outliers with HYMT <50,000, our HYMT measure did not

have a strong correlation.

Table2-9. Correlation Table of VMT Measures

Pearson Correlation Coefficients
Prob > |r| under HO: Rho=0
Number of Observations

CNT_vmt_p_er_hh_80 CNT_vmt__per_hh_a CNT_vmt_per_hh_ CNK_hvmt

ami mi nmi
1 0.99831 0.98414  0.70522
CNT_vmt_per_hh_80ami* | <.0007] <.0007| <.0001
7984 7984 7984 7877
0.9983] 1 09849  0.69814
CNT_vmt_per_hh_ami** <.0007] | <.0007] <.0001
7984 7984 7984 7877
0.98413 0.9843 1| 0.6725¢
CNT_vmt_per_hh_nmi*** <.000] <.0001 | <.0001
7984 7984 7984 7877
0.70523 0.69814 0.67259) 1

CNK_hvmtes
<.000] <.000] <.000]

75



7877 7877 7877 7877

* CNT6s VMT measure for a regional moderate ho
** CNT6s VMT measure fo a regional typical h o
*** CNTO6s VMT measure for a national typical h
**** CNKOés VMT measusehodd. f or an average

r
0
f

Results

Average Vehicle MileSraveledPer Household

California census tracts are divided into deciles
category represents roughly 10 percent of the census tracts in Califoguige2-22 compares average

HVMT in each decile category normalized by the lowest decile. A value greater than one indicates that

the averag HVMT for that decile is higher than the lowest decile category by that valuexdrapke,

the median HVMT in the highest areani®re thar.5 times as great as in the lowest area.

Figure2-22. Average Vehicle Mile§raveledPerHousehold by Census Tract Decile Rankings

Average VMT per Household
by Census Tract Decile Ranking
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Commute Vehicl®liles TraveledPer Worker

California census tracts are divided into deciles
category represents roughly 10 percent of the census tracts in Califoguiae2-23 compares average

CVMT per worker in each decile category normalized by the lowest decile. A value greater than

indicates that the average CVMT per worker for that decile is higher than the lowest decile category by

that value. For example, the median @V per worker in the highest area is nearly four times as great as

in the lowest area.
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Figure2-23. Average Commute Vehicle MilekraveledPerWorker by Census Tract Decile Rankings

Average Commute VMT per Worker
by Census Tract Decile Ranking
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Maps

The following m@s displays the distribution of average VMT per household.

California

Households with a high VMT are concentrated in less dense areas, the census tracts surrounding urban
cores like the Bay Area and LA County. Also, most of the areas in the Central ®alaynong the

highest average VMT per household in the state. This may be due to the fact that housiaggjobs

serves are more dispersed, thus requiring more travel. This appears to be particularly true for areas that
are agricultural or rural, wheresidents drive long distances to travel to nearby dgiesFigure2-24).

Bay Area
Unlike LA County, the Bay Area has significantly fewer areas with a high average HVMT. Areas like

San Francisco, Berkeley, andKlxnd are walkable and have substantial public transit with high
frequencies. This may encourage residents not to take their personal @eHithey do have one. Areas
on the outskirts of the Bay Area have a higher average HVYMT. These areas may nioirhediate
access to public transit or may be more spaced out than the denser url{aaetogerre2-25).

Los Angeles
In LA County, the areas with the highest average HVMT are in Southeast LA, the Gatewayl@ities,

San Fernando Valley, Santa Clarita, #melAntelope Valley (Palmdale, Lancaster). Some of these areas
are suburban or highly residential, which would require residents to travel longer distances to do daily
activities(seeFigure2-26).
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Figure2-24. Map of Average VMTPerHouseholdall of California
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Figure2-25. Map of Average VMTPerHousehold, San Franciscoes
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The following maps displays the distribution of average commute VMT per worker.

California

There are visible geographical difference<CVMT. In rural agriculturabased counties, we tend to see
higher CVMT largely because employment opportunities and other activities centers are more
geographically disbursed. Unlikke average HVMT, a majority of California workers, with exception to
those in urban cities, have a high average CVMT. This may be due to the fact that esmghév

suburbs and exurtanddrive into areasf employment centers in the urban cores for wisdeFigure

2-27).

Bay Area
There is a similar, negative correlation in the Bay Area. In the heavily commercial and urban areas, there

are low average commute VMT. Areas where this is especially true include all of San Francisco and
Oakland. Radiating out from this commercial @ntommute VMT increases gradually. Commute VMT

is moderate east of Oakland and in Marin County. Further down the western side of the Peninsula, CVMT
creeps into the high to highest rar{geeFigure 2-28).

Los Angeles
In LA County, the neighborhoods with the highest average CVMT are in located in areas further away

from job centers. Some of these areas are suburban or highly residential, which would require residents to
travel longer distaces to work. These inae, for example Santa Clarita and theorthernparts of LA
County(seeFigure2-29).
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Figure2-27. Map of Average Commute VMPerWorker,all of California
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Figure 2-28. Map of Average Commute VMPerWorker, San Francisco Area
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2.3.5Availability of Public Park Space

This subsection reports the construction of the park availability inditabmeasureshe availabilityof
public parkspace per populaticfi.

Table2-10. Availability of Parks Indicator Summary Table

Key Indicator Information

Units Availability of Public Park Space per Population
Category inMapping Tool Accessibility
?(')Soﬁlay Method in Mapping | b e (visualized in quintiles)

Precision Unknown precision: not all public spaces are accounted
Generated using tract and surrounding buffer ax@ae park spacq
canbe in more than one tract
Geographic Resolution Park area

Methodological Complexity

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru CA. Depart ment of Parks and
Not based on sampling; largember of observations based on

Sample Size administrative shapefiles
Biases Certain types of public spaces are not likely to be included
Geographical Unit Census tract

Covers all of California. No prevailing standard on walkable bu

Geographic Coverage . .
grap g size surounding tract.

Data Vintage 2015
Othgr Important Notes (if N/A.
applicable)

Background

Park usage can be predicted by its proximity to the community in addition to its size and design
characteristics (Gile€orti & Donovan, 2002). Although theoretibab person can use a park or public

open space, its design can influence onebs percept
behavior. Parks can increase a neighborhoodbds wal
infrastructure. In California, more than 25 percent of California Household Travel Survey respondents
reported that the greatest barrier to walking was
Thus, it would seem likely that increased proxintit desirable places (shopping, restaurants, parks, etc.)

would motivate individuals to make more walking trips. This assumption is supported by many scholars

who find a relationship between walking trip frequency, population deraity destination pramity

(Handy et al., 2006; Kim & Susilo, 2013; McGuckin, 2012; Saelens & Handy, 2008). These factors are

likely interrelated: proximity to destinations increases with density and vice versa.

201t is important to note the difference between park availability and park access because the two are often used
interchangeably. Park availéibi measures the amount of open space available to a population in and around a tract,
whereas park access measures the proportion of population that is withimaldalfiffer around the park.
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Parks and open spaces often provide opportunities for safephgstivity and provide important mental

health benefits as well. Exercise facilities, including parks are associated with vigorous physical activity in

both adults and children (Salks al, 1997; Sallist al, 1998) which can decrease heart diseakahetes,

and high blood pressure (BedirRung et al, 2005). Parlbased leisure can improve moods, reduce
perceived stress, and i mpr BedimoRumetaln2005,0rsegasaithd s s en
et al., 2004).

Data Source

CNKb6s piarakbialviaay i ndicator modifies the California
tool (PPK)that uses neighborhoel@vel park access and demographic information from 2015. The tool
measures park access using two standard methods: (1) livimg wihalf mile of a park and (2) ratio of

park acres per one thousand residents (CAaBReentof Parks and Recreation,d). The CNK indicator

will address the limitations of the second methmatk area to population.

Construction Method

Theparkeea per popul ation method of the Department of
limitations. One limitation is that it did not account for parks directly adjacent to a tract rather than within

the tract. Tracts are often defined by streetssometimes a single park can make up its own tract leaving
adjacent tracts apparently without park access. For exampligure2-30DPR 6 s par k access t
showParkA is available to the population withihe census tract designated by a black boundary. However,

Parks B and Cwhich are adjacent but outside of the tract boundaries, would be considered unavailable to

the population. To address this limitation, we used a quaniterbuffer to capture adjaneareas.

The second limitation is that the size of tracts may be too large to be considered walkable, leaving park
areas not as easily reachable by people within the tract. For example, someone living on the opposite side
of the tract may not be withinalking distance oParkA, which is within the same tract. To address this
limitation, census block groups (a geography smaller than tracts) were averaged to genectleval

value.

A quartermile buffer was created around each block group andsiteed with adjacent blocks, resulting

in a block group plus neighboring blocks. The DPR
and assigned to its corresponding block group. Then, a tract value was calculated by using a weighted
average of th values generated for the block groups (based on block group buffers) and weighted by the
popul ation within the block groups (not inclusive
directly adjacent to parkacts have little access to grespacedecausehe green spaces are not within the

tract, adding a buffer shows that tracts adjacent totpacks also have access to green spaces.
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Figure2-30. Park Access and Tract Borders

Block shapes may be less helpful outside of dense urban are&sgisee2-31) but are used because of

the availableensuslaa by those geographies. The specific implementation used may capture areas larger
than what may be considered walkable. The use of block centroids within a certain distance of the original
tract or proportionahllocatiorbasedarea should be consideredfuture research.

Assessment of Consistency

Appendix A shows examples of how park access differs between Golden Gate Park in San Francisco, and
Bal boa Lake and Rancho Park in Los Angeles in t
methodology. Shadg is based on quintiles, with the darkest area having the highest gre¢o: @eeson

ratio. Bright green hatemarked areas are public green spaces.

Results

California census tracts are divided avaiabiitypdreci | es
population. Each decile category represents roughly 10 percent of the census tracts in California. Given

that the measure of space is very nonlinear and has large relative differences between each decile, the
indicator was transformeétigure2-32 compares the 1og10 (log of ratio with base 10) of park area to

population ratio in each decile category normalized by the lowest decile. A value greateintiaates

that public park space availabiliper population for that decile is higher than the lowest decile category

by that value. Each unit is equal to a tenfold increase in median value of public park space availability.

For example, the lowest decile has only a tenth of available space asahe svest decile.
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Figure2-32. Availability of Public Parks pelPopulationby Census Tract Decile Ranking

Availability of Public Park Space per Population by
Census Tract Decile Ranking

Log10 of Park Area to Population Ratio
Normalized to Lowest Deciule
w

1 2 3 4 5 6 7 8 9 10
Decile Rankings of Census Tracts

Maps

The following maps displays the distribution of park availability per population.

California

There is high availability of parks in less dense and rural areas across themtateer urban areas lack
parks, and this is particularly true for the dense neighborhoods in Los Angeles,,@rahgeuthwest

San Bernardingounties Pockets of nghborhoods in the Central Valley also lacks parks relative to the
rest of the statéseeFigure2-33).

Bay Area
A similar trend is found in the Bay Area, where park availability is strongly correlated with populati

density and income. Communities in the wealthy, less populated areas of Marin County and the Santa Cruz
Mountains have high park availability. There is also high availability in the eastern parts of Contra Costa
and Alamedaounties Areas with low parlavailability often fall along major freeways, especially along

[-880 in the East Bay and W1 up the Peninsula. Downtown San Francisco and the urban parts of
Oakland and Berkley have the lowest park availability of the Bay @&estFigure2-34).

Los Angeles
Park availability is highly correlated with urbanization and population density in LA. There is very little

park availability in the highly populated parts of the San Fernando Valley, Downtown, and Sou&h Cent
Los Angeles. Availability increases in the less densely populated areas around the Santa Monica
Mountains and the San Gabriel Valley. Some parts of LA have pockets of high park availability and these
largely occur in higincome areas. For example, Westside and Palos Verdes have higher availability

of parks(seeFigure2-35).
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Figure2-33. Map of Availability of PublicParkSpace per Populatigall of California
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Figure2-34. Map of Availability of PublicParkSpace per PopulatipSan Francisco Area
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2.3.6Availability of Bikeways

This subsection reports the construction of the availability of weighted bikeways per population indicator.

Table2-11. Availability of Bikeways Indicator Summary Table

Key Indicator Information

Units Availability of WeightedBikeways per Population

Category in Mapping Tool Accessibility

Display Method in Mapping Ranking b accounfor clustering at the bottofms e e A Ot H
Tool | mportant Noteso)

Unknown precision: incomplete and inconsistent data collectio
local jurisdiction

Weights were created for different classifications of bikeways.
Weights may be imprecise.

Geographic Resolution Line, spatial join to census tracts

Precision

Methodological Complexity

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru{ Metropolitan Planning Organizations and counties in California
Not based on sampling; observations based on administrative

Sample Size shapefiles
Biases Inconsistent in assignment of bikeway classification
Geographical Unit Census tract
Does not cover all of California. Includes most MPOs and som
Geographic Coverage local jurisdiction. No prevailing standard on walkable buffer siz
surrounding tract.
Data Vintage Vary by source; ranges frod014 18
Unlike previous indicators, the bikeway availability indicator
cannot be evenly distrilbed into decile because the very bottom
range of availability (least available) has a cluster of census tre
Other Important Notes (if that comprises more than 10 percent of t@aktause of this
applicable) clustering, we create a separate category for these tracts (no

availability of bikeways) and then redistribute the remaining tra
(with bikeway availability) evenly across the remaining nine

categories.
Background
The health benefits and risks of cycling are #dAcor

(Gotschiet al, 2016). On a societal level, cycling has indirect links to health by redwagirguality

pollution as it could replace trips by car. Cycling directly affects individual health by increasing physical
activity, as many Americans do not meet their daily reoemded amount of physical activitiAdath,

2019;Rultter et al., 2013). Estimates from a variety of studies demonstrate that cycling on a regular basis
(for everyday commuting purposes) cani28pecenease an
however, only 1 percentof California residents bike to work (Hamer & Chida, 2008a et al, 1998
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American Community Survey, 201L8Additionally, cycling is linked to other indirect health benefits
including weight control, mental health, emotional wading, and happiness (De Harteg al, 2010;

Mueller et al., 2015). In fact, drawing from the American Time Use Survey, researchers find cyclists to be
the happiest among all commuters, possibly because of its additional health benefits beyond phyisical healt
and happiness, but further research is necessary.

However, the benefits of cycling are offset by the risks from crash exposure. Cycling injury or fatality risk
from a crash is more difficult to quantify because of data issues. Most cities do notakodeqf injuries

and fatalities at specific locations, making it difficult to combine crash occurrence with an appropriate
denominator to properly assess risk. However, some researchers have looked at the relative crash risk with
different types of bike imastructure. As seen in thi&gure 2-36, separated cycle tracks have the lowest
injury risk of all infrastructure types (based on data from Teschke et al., 2012). In addition, cyclists may
face higher exposure tir pollution, especially from motor vehicles, depending on traffic, topography, and
other environmental conditions (De Hartog et al., 2010). However, direct evidence of the air pollution
related risks from cycling are relatively unstudied. According tsGitet al. (2016) review, there are no
studies that link cyclingelated air pollution exposure and letegm negative health effects.

Figure2-36. Cyclist Injury Risk by Route Infrastructure
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Bikeway Dsign

Bikeway design is defined and codified in national and state engineering design guitteliieslude
references such as AA Policy on Geometric Design
by the American Association of State and Highway ans por t ati on Officials (AA.
on Uniform Traffic Control D eSvDepadnsent of(TMspo@dlion pr od
Federal Highway Administration (FHWA). Both documents govern streets and highways design, as well

as the devicgthat control traffic, signals, signs, and pavement markings. The MUTCD has the force of

law. The Green Book sets standards on federally regulated roads but is advisory for urban streets
(AASHTO, 2019).
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In California, street design is dictated by thdtaas Highway Design Manual (HDMhat outlines four
distinct bikeway types (California Department of Transportation, 2018). Bikeway descriptions draw from
the HDM, other related guidance documents from California, and the National Association of City
Transportation Officials (NACTO) Urban Bikeway Design Guide. The NACTO guide was endorsed by the
FHWA in 2013 and is largely taken as the best tool for urban cycling planning (NACTO, 2011). In some
states, thigour-tier classification is hierarchical (swapgithe types in classes 2 and 4), but this is not the
case for California.

Class I: Bike Path

Bicycle paths or sidepaths provide a completely separated travel experience for the exclusive use of people
cycling and walking supporting both recreational antchmuting opportunities. They restrict access from
motorized vehicles and typically have minimal crossings with vehicles. Paths are most commonly found
alongside waterways, former railroad corridors (eajls to trails program), within school campgsor

within or between parks.

Class II: Bike Lane

Bicycle lanes are cntreet facilities for onavay bike travel, typically demarked with white paint striping.

Bike lanes are distinguished from bikeways in Class | or IV because it has no physicatherriestricts
encroachment of motorized traffic. The desirabl e \
rideable space and the absolute minimum is 306 wid:

Class lll: Bike Routes

Bicycle routes are streets where bicyclists andaolehiaffic share right of way space. Bike routes do not

have dedicated bike space and rather feature item
signage indicating a shared lane environment between vehicles and cyclists. Many losalvittrdetv

traffic speeds and volumes are good candidates for bike routes because they already have the bones of a
safe bicycling environment.

Class IV: Separated Bikeway

Separated bicycle facilities are the newestfastestgrowing bikeway type in thenited States. Separated
bikeways, or cycle tracks as they are known in European cities, are recognized as one of the most effective
ways to make people of all ages and abilities feel comfortable cycling on urban streets. Class IV facilities
are onstreetfacilities, compared to the efftreet Class | facilities. Separated bikeways can be designed for
one or two-way traffic and can be physically separated from traffic in a number of different configurations.

Data Source

There is no single sourceforbikey dat a f or Cali fornia. We were uns
bikeway data and had difficulties with open source data from OpenStreetMap. Therefore, bikeway data was
obtained in a GIS shapefile format from individual Metropolitan Planning Orgamiza(MPOs) and

countiesin California. Not every region in the state is within an MPO, such asofidinernand eastern

parts, and are therefore not included in this indicator analysis. Data was obtained for 17 out of the 18 MPOs

in California (Appendix A. Out of a total of 58 counties in California, data covered 36 coumifesh is

about 96percento f the stateds total popul ati on. We di d n
(Appendix A). One county had bikeway data but chose not to repontstlhecause it was not up to date.

Given the different sources, data had temporal and classification inconsistencies and the collection date

determined by each MPO ranges from 20181 Some data included proposed bikeways, which we filtered
out for this aalysis.
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Population count data were obtained from the 2010 Decennial Census at the block group level. Using the
centroid of a smaller geographical unit provides a higher spatial resolution and can show the population
proportion within each bikeway buffaghich will be explained more in detail in the next section.

Construction Method

Becauséikeway shapefile data were not standardized, there were numerous inconsistencies in how each
agency classified bikeways. Based on our literature review, there arestBmdard classifications of
bikeways with each having their unique criteria. Some agencies had unusual classifications, so we used
Google satellite imagery to determine the nature of these bikeways. We also reduced the number of
classifications to achue a level of consistency across the st@tble2-12). For example, some data had

a Class 4 category for bikeways. After a visual inspection using Google Satellite Imagery, we decided to
reclassify Class 4 bikewayas Class 2 because of their similar characteristics. It was key to have uniform
bike classifications across all MP®scauseshapefiles were eventually merged together to run spatial
analysis using ArcGIS.

Table2-12. Bikeway Reclassifications

Examples of Bike Classes Provided Reclassification Notes

Reclassified Class IV to 2.

Class I, Class I, Class Ill, Class IV Changed class values to numerical Clagy 3,

Existing 1, Existing 2, Existing 3 Changectlass values to numerical Clas2213.
1,2,3,4 Reclassified Class 4 to 2.

fiConnectod is a shared road near Chico.
Connector

Reclassified to Class 3.

fiMultiusedis a trail in park areas and around a

Multiuse river. Reclassified to Class 1.

Othe described aBMajor RoadsBi kes Al

Other Reclassifiedo Class 3.

Bikeway Buffer

To measure weighted bikeway availability per population, we examined literature and consulted with bike
experts and advocacy groups of previous methods. We obtainédmthe adequate distance to use for

a buffer around a bikeway representing the distance a person is willing to travel to bike on a designated
bikeway.

We experimented with numerous buffer sizes based on input and decideddoeaigighthrmile buffer

for all bikeways in Californi&* Then we assigned census blocks to the buffer areas using the centroid of
the block. Population counts for blocks that had a centroid inside the buffer were summed and aggregated
to census tracts to determine the proportibthe population that had access to a bikeway witltinea

2 We compared the bikeway maps using a-balé, onequater-, and onesighthmile buffer. A onehalf-mile
buffer resulted in a large proportion of the population in high urban areas to have access to a bikewgyafteme
mile was also too extensive.
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eighthmile. We are aware that there are nuamsEsusesome bikeways have certain points of entry for
which we do not account for given limited time and resources.

Bikeway Density

Bike densitywas measured twonsiderdifferences between census tracts. Bike density is defined as the
number of miles of bikeway in a given census trac254eet buffer was added around the census tract to
account for bikeways that are near its border. Knowing imawvy miles of bikeways are in a
neighborhood shows which neighborhoods have higher access.

Bikeway Weighted Value

In addition, each bike class has distinct qualifications and differ in the amount of investment of resources.

A Class 1 bikeway is separateiin a street and it is not shared with vehicles compared to a Class 3
bikewaythatis a shared road with minimal signage. We believe on average Class 1 bikeways should be
valued higher than the other classes because of its safety, cost, and envirorumaétyahtthough the

assigned values are debatable, the research team felt that weighing the classes in a 4:2:1 ratio, as indicated
in Table2-13, is appropriate and perhaps even conservative. Other researchessdggasted an even

greater spread. After weighing each bike class, we added their lengths again, and then normalized by
population count.

Table2-13. Bike Class Weight Value

Bike Class Weight Value
Class 1 4
Class 2 2
Class 3 1

Assessment of Consistency

To the best of our knowledge, censtect level data of bikeway availability are not publicly availatde
which to assess our indicator. However, we conducted different analyses to ensure that aumddata
constructed indicator were relatively appropriate.

First, we compared the data shapefiles from the counties and MPOs against other sources like Google Maps
and Open Street Maps to check for inconsistencies. For instance, we found different bikewd3isA

campus on online platforms (e.Google Maps) and data from our MPO, Southern California Association

of Governments (SCAG) (see Appendix A).

Next, we calculated the correlation between census data on commuting to work by bicycle and bikeway
availability by tract level. After excluding counties with no bikeway data, we found that the two are
positively correlated (r = 0.136). It is not a high correlatimhich may be due to other factors that
contribute to commuting to work by bike (e.mqp¢ome,distance to work).

Results

Unlike previous indicators, the bikeway availability indicator cannot be evenly distributed into deciles
because the very bottom range of availability (least available) has a cluster of census tracts that comprises
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more than 1(ercentof total tracts. In other words, more than a tenth of the tracts in California have no
bikeways available to residents. Because of this clustering, we create a separate category for these tracts
(no availability of bikeways) and then redistribtite remaining tracts (with bikeway availability) evenly

across the remaining nine categories.

Figure 2-37 reports the adjustments made to reporting categories. There are three notable patterns. First,
the availality gap is enormous, with approximately emmesix census tracts completely devoid of any

bi keways, a b s o | .u@he secohdipitternvia gntrecheceneenttaton of bikeways in the

very top category. This can be seen by comparing the estimatighted bikeway to population ratio in

each category normalized by the second lowest category (bin 1). A value greater than one indicates that the
availability of bikeways for that category is higher than the second lowest category (bin 1) by that value
According to the parity index, the median bikeway availability in the highest categooyeghar81 times

as the second lowegdthe final observation is that bikeways are extremely unevenly distributed even within

the highest category, which can bersén the relative size of the mean and median values. (Higher mean
to-median ratio indicates more uneven distribution or greater inequality.)

Figure2-37. Availability of Bikeways by Census Tract Decile ikéngs
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Maps

The following maps displays the distribution of bikeways availability per population.

California

On the statewide scale, the data on the availability of bikeways is less complete and less consistent
compared to other indicators. Informatiis missing for much of Northern California and the area directly

east of the Bay Area. Despite the missing data, there are a few observable trends. Compared to the rest of
the state, bikeway availability is relatively high in the Bay Area. There isavigitability in Monterey,

Merced and Santa Barbara. In Los Angeles, availability is much more urisgeRigure 2-38).
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Bay Area

On the average, the Bay Area enjoys greater bikeway availability than Los Ardesess. especially

true along the coastal and shoreline areas within the Bagl@mglthe ocean fronts. Marin County has
particularly high levels of bikeway availability, and the western edge of the East Bay also has high
bikeway availability.This is al® true for the less dense areas in in the East Bay. Along the Peninsula,
availability is high in and around Palo Alto and in the mountainous region. The greatest variation in
bikeway availability in the Bay Area is in San Francisco, where areas near @adtkeRark, the Marina
and Presidio have high bikeway availabilijowever the downtown area (except along Market Street),
Chinatown, parts of North Beach, and parts of the Mission lack availasiigfFigure2-39).

Los Angeles

In Los Angeles, bikeway availability is more prominent along coastal neighborhoods, corresponding with
high-income areas. The Westside (including Santa Monica and Venice) have high bikeway availability.
Bikeways are much scarcer in loniacome areas like East LA and Sow@entral LA. In less urbanized

areas like the Santa Monica Mountains and Angeles Forest, there is limited bikeway availability probably
due to lack of infrastructure, maintenance, and req@el-igure2-40). These areas, however, have off

road bike trails that are not captured by the available data
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Figure2-38. Map of Availability of WeightedBikeway per Populationall of California
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Figure2-39. Map of Availability of WeightedBikeway per PopulationSan Francisco Area
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2.3.7Traffic Collisions

This section details the construction of the traffic collisions per weighted roadways indicator.

Table2-14. Traffic Collisions Indicator @mmary Table

Key Indicator Information

Units Traffic Collisionsper Weighted Roadways
Category in Mapping Tool Health
?c')so‘;'ay Method in Mapping | b e (visualized in quintiles)

Unknown precision: unknown number of collisions that go und
reported

Generated using surrounding buffer; some collisions can be in
Methodological Complexity more than one tract. No prevailing standard of weighting of
roadway classifications. Weights may be imprecise.
Geographic Resolution Point (location of cdisions aggregated to the census tract)

Precision

Key Information about Data Sources Used to Construct Indicator

UC Berkeleyds Transpor whichi on
Data Sources Used to Construq obtains data from California Highway Patrol Statewide Integrat
Traffic Records System

Not based on sampling; large number of observations based o

Sample Size . .
P administrative data
Biases Selection of surrounding buffer size may not be correct; does 1
capture all collisions (e.qg., less severe collisions)
Geographical Unit Census tract
Geographic Coverage Covers all of California
Data Vintage Collisions that occurred between 1/1/2011 to 12/31/2015
Other Important Notes (if Geocoding may not be precise for some collisions; some collis
applicable) are not gecodedin the dataset.

Background

The indicator can support better transportation, particularly Vision Zero, a widely adopted initiative to
eliminate traffic fatalities and severe injuries through strategic decisions and action to promote safe
mobility. Traffic collisions are the results of multiple factors. Roadway design and engineering, as well as
the behaviors of road users, the type of user, and their perception of safety may influence the frequency,
type, and severity of crashes. Road safety isdrtgmt to everyday life and though road safety inthied
Stateshas improved over time, it remains a priority for government agencies, decision makers, and
advocacy organizations alongside other goals of the transportation system, such as moigilyt eff
movement of people and goodand environmental quality concerns (U.S. Federal Highway
Administration, 2017). Fatalities and injuries resulting from traffic collisions are an important public health
concern as these incidents are largely prevent&lae instance, fatalities from traffic collisions are the
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leading cause of unintentional death in the United States for the populationi@gedabd the second
leading cause of death for those over the age of 24 (National Center for Injury Preved#n, 20

While no single indicator can capture the complexity of traffic collisions, the indicator should be consistent
with some key concepts. According to the U.S. Federal Highway Administration (2017), road safety can be
characterized as the ability tatel freely without injury or death, and is typically measured by the number,

the rate, or severity of traffic incidents per unit of time. Commonly cited measures of safety are summarized

in Table2-15. T h e spndicatorasadlaed to the first two metrics. The indicator can be best used to
identify Ahot spotso that can be prioritized for
starting point for users who can assemble additional data bagbeéir specific needs and goals. (See for
example, the case study on bikeway planning in AppeBdix

Table2-15. Common Measures of Road Safety

Measure Description Usefulness

Crash frequency Number of crahes occurring per year or | General measure of exposure
other unit of time

Crash rate Number of crashes normalized by a General measure of exposure
particular population or metric of exposu
(e.g., per 100,000 people, VMT, licensed
drivers)

Crash outcora Measured by the types of injuries sustair| Prioritize safety activities
to the people involved in the crash

Source Adapted from U.S. Federal Highway Administration (2047.,1.4i 1.5)

Data Source

Collision data for the indicator come fromUC Berkelé s Tr ansportation I njury M
2019), which obtains data from California Highway Patrol (CHP) Statewide Integrated Traffic Records
System (SWITRS¥ The TIMS data allow geographic analysis of traffic collisions by applying a consistent
geacoding methodology to the SWIRTS data. The data include information at the collision, party, and
victim level that allows linking between the three. We utilized the collision level data, which includes
information such as type of collision and severitypirement of pedestrians and bicyclists, the date, time,

and various geographical details as well as road, lighéind weather conditions in which the incident

occurred.

The SWITRS represents only a portion of all incidents that occur as the datatsists @amly of collisions

where a police response takes place and a report is taken in the field. Further, the SWIRTS is more likely
to capture more serious incidents that require a police response; therefore, minor collisions are less likely
to be reportd. Other challenges include human error in reporting and lags times crashes being entered into
the database. Despite these limitations, crash data from sources such as SWITRS are considered the most
widely used and essential for road safety analysis e8&eral Highway Administration, 2017).

22 The indicator in this dataset should not be used torgensummary statistics.
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Construction Method

We include all collisions that occurred between 1/1/2011 to 12/31/2015 and that contain information about
the geographic location (with a latitude and longitude) of the collision, regardligesrofd location type.
Numbers reported may not meet the criteria for the Office of Traffic Safety Reports. We used the variables

Aipoint _xo0 and Apoint _yo in the dataset to identify
are assignedy TIMS based on the street descriptions in the collisionrepofts. t he A poi nt _x0 an
values have zero or missing values, we assign the location using GPS coordinates reported by the CHP, if
available (fALatitudeo MSnddtaséttThiaappraachdapiiresvParcentd b | e s i
collisions (seéable2-16).
Table2-16. Total Collision Counts

Source Count

With TIMS latitude and longitude [ 775,79

Imputed with CHP GPS coordinate] 13,842

Total in dataset (used for this proje{ 789,641

Total in TIMS 831,420
Deriving the collision metric required several steps. First, we created a census tract shapefile with a 200
feet floating buffer to allaate collisions to tracts. We used a buffer because collisions can occur on either
side of a street. The buffer size was selected after assessing the location of collisions and widths of major
streets* We then divided the number of collisions by weighteedet length. The street length measure is
the sum of street lengths in a buffered tract weighted by the number of lanes in the buffered tract. The street
lengths and number of lanes were derived in ArcGIS using the 2016 ESRI Streets line layer (&reets Fi
Geodatabase Feature Class), which includes streets, highways, roads, ramps, and ferries.
Assessment of Consistency
We assessed the weighted street | ength against th

measure. To find the total streettwork, we used the street network density variable (D3a) and multiplied
by total block group area (AC_TOT) as described on page 20 of version 2.0 of the SLD usét$juiitie
data are at the census block group level. We aggredield groups to a censuract, which could

22 TIMS support noted that CHP coordinates may not be accurately reperted @®mmunication November 5,

2019).

24 An alternative approach is to create a buffer around a collision and then allocate to a tract. For instance,
Pulugutha and Sambhara (2011) use the average numbers of pedestrian crashes within 200 feet of a signalized
intersection as the dependent variable to develop pedestrian crash estimation models for Charlotte, North Carolina.
Researchers investigating the impafcthe built environment of the severity of pedestrian and cyclist accidents in
Montreal, Canada also used different buffer sizes around the site of the collision (50, 100, 150, 200, and 400 m) and
found that the buffer in which the variable was most §iicanit varied for each built environment indicator (Zahabi

et al., 2011). We could not identify a study that used a buffer around a census tract. However, mathematically,
creating a buffer around a census tract or around a collision should yield sisuilés.re

25 See Smart Location Database: Version 2.0 User Guide at https://www.epa.gov/sites/production/files/2014
03/documents/sld_userguide.pdf
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introduce some double counting of streets at the edges block groups within etrgered the weighted
street length and the SLD measure, and found them to be correlated, particularly in the urban areas, despite
the difference dataources, periods of the street data, and types of streets included.

Results

California census tracts are di vcollisodratespermadadag ci | e s
(latter weighted by number of lanes). Each decile category repsesmighly 10 percent of the census

tracts in CaliforniaFigure 2-41 compares traffiacollision rates per weighted roadways in each decile
category normalized by the lowest decile. A value greater than one exdtbat the trafficollision rates

per weighted roadway for that decile is higher than the lowest decile category by that value. For example,
the mediarcollisionrate share in the highest areanisre thar26 times as great as in the lowest area.

Figure2-41. Traffic Collision PerWeighted Roadway by Census Tract Decile Rankings
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Maps

The following maps displays the distribution of traffic collisions per weighted roadway.

California

On the state levetraffic collisions per weighted roadways are strongly correlated with population density.
This makes sense given that more densely populated areas have more roadways. Major sites for collisions
are concentrated in four major urban areas: San FranciscédmBay Sacramento, Los Angeles, and San
Diego. Most of California have low levels of traffic collisions, especially in rural counties like those in
Northern California and the central inland portion of the state. There are pockets of areas with higher
collision rates in the Central Valley, but the majority of collisions occur in the main urbarfsaefeigure

2-42).
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Bay Area

Similar to Los Angeles, the Bay Area traffic collisions per weighted roadway are alsent@ted in

densely populated and commercial areas. For example, downtown and Chinatown San Francisco and urban
Oakland, among the most densely populated areas of the Bay Area, have the greatest level of traffic
collisions. Areas with fewer collisions ameore suburban and exurban, less populated, and less commercial.
These include Marin County, west Alameda County, and the area surrounding the Santa Cruz mountains
on the PeninsuléseeFigure2-43).

Los Angeles
In Los Angeles, the amount of traffic collisions per weighted roadways strongly corresponds to commercial

activity and population density. The busy and highly populated areas of downtown, South LA, and West
LA have the highest amount of traffic collisiondh€lf San Fernando Valley also has very high levels of
traffic collisions. Radiating out from these highly populated, commercial centers, ti@ffsionsbecome

less common. For example, Palos Verdes, an affluent area with low population density, has lower
commercial activity and corresponding low levels of collisi(seeFigure2-44).
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Figure2-42. Map of Traffic CollisionsPerWeighted Roadwaysll of California
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Figure2-43. Map of Traffic CollisionsPerWeighted Roadways, San Francisco Area
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2.3.8Neighborhood Change (Socioecomaic and Housing)

This subsection reports the construction of the neighborhood change indicator that looks at the
transformation in the neighborhoodés socioeconomi

Table2-17. Neighborhood Change Indicator Summary Table

Key Indicator Information

. Neighborhood Change (socioeconomic & housiiegmposite
Units . L
index produced by principabmponent
fiSocioDemoEcord ( soci o e c o n o nHoasing n d
(housing market indicator)

Category in Mapping Tool

Display Method in Mapping | o 4o isualized in quintiles)

Tool

Precision Assumed to be relatively fair

Methodological Complexity Indicator constructed using principal component analysis
Geographic Resolution Census tract

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru¢ American Community Survey
Relies on ACS data that is based on a sample (approximately

Sample Size .
of population)

Biases May be affected by shetérm busines cycle
Geographical Unit Census tract
Geographic Coverage Covers all of California
Data Vintage 200711 and 201418 5year averages

' Theseindicators are intendetd captureneighborhoodhanges in
Other Important Notes (if the socioeconona andhousingcharacteristicshat can be
applicable) considered or interpreted pstential indicatiorof upscaling or

gentrification.

Background

Neighborhoods constantly change as people move, infrastructure is built, and economic priorities change.
This mobility can be seen in the relative number of households that moved into their home within the last
two years, slightly more than a quarter for Californi#nSeographic movement allows many to change

jobs, meet new family needs, and adjust to new circumstancepraferences. Unfortunately, not all
neighborhood changes and residential relocations are voluntary, nor desirable. Some changes lead to greater
investments and improved socioeconomic status for a neighborhood (also known as upscaling), but other
changeshave the opposite effects of disinvestment and declining socioeconomic status (also known as
downscaling). One policy concern focuses on a particular form of disruptive upscaling, where development
and investment patterns result in increased propertyvahatthe displacement of lemcome households,

a process called gentrification (Chappé al, 2017). Public investments, including transportation

26 Estimates derived by authors using the 204@dr ACS (Table: B25038)
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investments, have played a role in stimulating this process, and the resulting neighborhood changes have
complicated efforts to address poverty (Chapple et al.,;204fz, 2012. By its very nature, gentrification
disproportionately hurts people of color, lkimcome households, and renters. While it is important to
understand, acknowledge, and address thblgms created by gentrification, it is equally important to
understand the larger pattern of neighborhood change to inform polities, and more equitable
investments

The projectds neighborhood change i ,nsdchasathtedos i s bze
Angeles Indices of Neighborhood Change created by the Los Angeles Innovation Team, were created to

help city programs reduce displacement in revitalizing areas otitfie They use six measures: percent

change in low/high IRS filer ratjchange in percent of residents 25 years or older with ba&hdlegrees

or higher, change in percentbn-Hispanic/Latino White residents, percent change in median household
income, and percent change in average household size (Los Angeles Inndeationn.d.). In addition,

the Urban Displacement Pr oj ec tcentemmd daddilivenpanccappiieddt ed t o
research toward more equitable and inclusive futur
tools seek to undstand gentrification and displacement and also empower advocates ananaidaryg to

achieve equitable development. Urban Displacement uses some of the same input variables as the Los
Angel es I nnovation Team. The pexampeshutGceversatipeentima ¢ h i
state.

Data Source

This projectds indicator odblamde2014lB byear AGSoTHe 200Tange u
11 5Syear ACS represents the starting point where changes are examined and il Zjebr ACS

represeats current neighborhood characteristics. The R0&4%year ACS is the most current data available

from the Bureau of Census during the time of this project. The choice of these two periods is dictated in

part by the availability of ACS data reported foe samefost2020) tract boundariet. should be noted

that the changes between the two periods capture both cyclicaktgmoreconomic fluctuations) and

secular (longeerm structural trajectory) changes.

We construct two separate measures of neigidnd change. The first indicator focuses on changes in the

nei ghborhoodséd socioeconomic characteristics, wh i
nei ghborhoodsd housing market, particularl iy with
market because members of the Advisory Committee expressed concerns about the impacts of
neighborhood change on lewwcome communities, mainly of which are comprised of renter households.
Table2-18 summarizes thkey variables used in the neighborhood change indicators.

Table2-18. List of Socioeconomic Characteristics and Housing Market Variables

Socioeconomic Characteristics Housing Market
0 Median household income 0 Renteroccupied household
0 Median earnings 0 Median gross rent
0 Percentage of adult population (25 ye 0 Rentburdened households (househo
or ol der) with a paying more than 30 percent of their inco
higher for housing)
0 New housing ung (built within the last five

years: 201B18)
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Although changes in socioeconomic characteristics and housing market do not represent gentrification per
se, they can give a sense of changes in indicators related to gentrificdtanintome neighborhoed

These variables were chosen because they are among the core variables discussed in the literature on
neighborhood change (upscaling, downscaling) and gentrification; and also built on previous CARB
research projects on gentrification (see Chapple gR@l7). It is important to note that changes being
captured by the neighborhood change indicators may represent recovery from the Great Recession. The
2007 11 ACS dataset covers data collected during the Great Recession perid®{2007

For the neighborhmd change indicator on housing, we chose to focus on renter related variables (e.g.,
percent renter, median gross rent, and housing burden for renter households) rather than variables related

to homeowners because the Advisory Committee and stakeholgeessed concerns about the impacts

of neighborhood change, particularly gentrification, lamwv-income neighborhoods and many of the
households in low neighborhoods are primarily renter households ¢@.gaverage, 60 percent of
households designated bylICE PA as fADi sadvantagedo are renter hol
average for nondisadvantaged neighborhoods). Additionally, renters on average are disproportionately

| ower i ncome. I nitially, variabl es ug etraibchuded.t o hon
However, we found that many neighborhoods or cens
primarily due to the small number of homeowners in these neighborhoods, where estimates cannot be
generated due to small sample sizerthe assessment indicates that many of the neighborhoods with no

values reported for median home value were primarily renter neighborhoods, many of which-are low
income neighborhood30 perform the principal component analysis, a census tract must not isaiggm

values/data for any of the selected variables. By incorporating median home value as a variable in the
model, many loweincome neighborhoods with a higher share of renters are excluded because of the lack

of data. Given this and the concerns exgpedsby members of the Advisory Committee to focus on the

impacts of neighborhood change on lowome/renter neighborhoods, changes were made to include those
variables related to rental housing. It is important to note that by including variables telttedental

market, some neighborhoods with a small number of renters (thereby having a small sample to generate
information related to median gross rent for example) are excluded.

Construction Method

Principal component analysis (PCA) is used to consthe two neighborhood change indicators. The first
PCAIs performed on changes in the variables related socioeconomic characteristics of the neighborhood
and the second on the variables related to the housing market.

Figure2-45 displays the relationships between all seven variables. It shows the PCA loading plot for two
principal components (component 1 and component 2). Changes in median household income, median
earnings and the share of the population with dl@ge degree all have high loadings on component 1.
Changes in median rent, proportion of resiierdened households, and share of new housing units all
exhibit high loadings on component 2.
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Figure2-45. Loadings for Principal Components 1 and 2
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The principal components scores derived from the PCA allow for classification of census tracts based on
their level of neighborhood change as it relates to socioeconomic and the housing market. Two principal
compona@ts scores are generatamhe for socioeconomic changes and the second for housing market
changes. Higher socioeconomic PCA scores are associated with increasing income, earnings, and
proportion of the population with a college degree. Likewise, highesihglPCA scores are associated

with increases in median gross rent, refm@rmdened households, and more construction of new housing.

The following chartgFigures 246 to 251) display the relationship between the change indicators and the
PCA scores.
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Figure 2-46. Socioeconomic Principal Component Scores and Changes in College Education
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Figure2-47. Socioeconomic Principal Component Scores and Changes imMedusehold Income
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Figure2-48. Socioeconomic Principal Component Scores and Changes in Median Earnings

Socioeconomic PCA & Change in Median Earnings

4

B

£ .

b

E‘ .

g

= .

=

&6 6 8
5

-2
Principal Component Scores
Figure2-49. Housing Principal Component Scoresd Changes in Median Gross Rent
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Figure2-50. Housing Principal Component Scores and ChangBeimBurdened Households
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Figure2-51. Housing Principal Coponent Scores and New Housing Units
Housing PCA & New Housing Units
|
- 0.8
5 | .
bEL 06 & ]
k= .
=
e o °
4 8 10

Principal Component Scores

Of the 8,012 census tracts in California with populationp&@ent(7,955) of tracts have socioeconomic
PCA scores and 98ercent(7,866) have housing PCA scores. Census tracts with no PCA scores do not
have sufficiat data as they are missing data for at least one of the seven variables included in the analysis.

Assessment of Consistency

To the best of our knowledge and at least during the time of this project, there are no other statewide census
tract level indicatas on neighborhood change availaiolevhichto assess our indicator. Existing indicators
related to neighborhood change have largely focused on one type of @haagdy gentrificatio® and

are only available for a number of regions in the state and nsay ke constructed using different
methodology and data sources for different regions. This includes the gentrification index constructed for

115



Los Angeles and the Bay Area by researchers of this project for an earlier CARB project. Given these
factors, no asessment of these indicators against other neighborhood change indicators are conducted.

Results

California census tracts are divided into decil €
(calculated using principal component analysis) for chaimgesy socioeconomic variables aseparately

for housing market variables. Given the complexity of these indicators and the presence of positive and
negative values, a parity index, similar to what was done for previous indicators, is not calculated.

Figure2-52 compares the average (median) principal component scores in each decile category for
changes in socioeconomic variabl&shigher positive value indicates greater increases in income
earnings, and/or educational attagmh A highemegative value indicates greater decreases in income,
earnings, and/or educational attainméiatr example, the median neighborhood change score in the
highest area (decile 10) is 1.41 compared.t9 in the lowest area (decile 1).

Figure2-52. Average Principal Component Scores by Decile RankMgghborhood Change:
Socioeconomic Variables

Average Principal Component Scores by Decile Rankings
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Similarly, Figure2-53 compares the average (median) ppaticomponent scores in each decile category
for changes in housing market variabl@shigher positive value indicates greater increases in renter
occupied household, gross rent, rbotdened households and/or new housing uAithigher negative
value ndicates greater decreasdsng these key housing variablEsr example, the median neighborhood
change score in the highest afdacile 10) isl.41 compared tel.19 in the lowest area (decile 1).

For both indicators hie underlying values and ranksighould be interpretative qualitatively (e.g., tract A
with a higher decile ranking experienced more change than tract B with a lower decile ranking; or tract C
with a decile ranking of 9 is among the tracts that experienced the most socioeconomic. chHamge)
guantitative score is ordinal, but should not necessarily be interpreted as interval values.
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Figure2-53. Average Principal Component Scores by Decile Rankings, Neighborhood Change: Housing
Market Vaiables
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Maps

The following maps display botf theneighborhood change indicatandow-income census traciehere

the median income is less than 60 percent of the regiahd). We focus on these lowmcome
neighborhoods because of the Advisory Camimt ee6s preference to focus
Committee members also expressed an interest in whether the changes indicate possible gentrification. We
can only speculate because determining gentrification would require considerably more analysds beyo
the scope of the project. (For a detailed discussion on gentrificatimesseeChapple et al., 201¥The

following maps provide an overview of the spatial patterns in socioeconomic and housing changes.

Socioeconomitndicators

California

A majoiity of the lowrincome neighborhoods in California are concentrated in Los Angeles and the Bay
Area, so our discussion focuses on those two regions. The exceptions are some exurb tracts, most noticeable
along the outer edges of the urbanized areas of Soufladifornia(seeFigure2-54). There is considerable

variation among these places, which would require future analysis to determine if there are explainable
systematic patterns.

Bay Area
In San Francisco, areak $oMa (South of Marketthe Tenderloin, and the Financial District are among

the lowincome areas that experienced noticeable changes. Parts of Oakland and Richmond are the areas
that have changed the most in the East BagFigure 2-55). Some of the changes indicator potential
gentrification pressures.

Los Angeles
The lowrincome neighborhoods that experienced socioeconomic change are concentrated in the urban core,

parts of the San Fernando Valley, East LA, hodg Beach area. Most of the census tracts in Downtown,
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East LA, and South LA went through greater socioeconomic changes than the other census tracts, and some
of these changes are consistent with patterns associated with gentrifisaébigure2-56)
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Figure2-54. Map of Neighborhood Change: Socioeconomic Variakddlsf California
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Figure2-55. Map d Neighborhood Change: Socioeconomic Variables, San Francisco Area
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Figure2-56. Map of Neighborhood Change: Socioeconomic Variables, Los Angeles Area
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Housing Marketndicators

California

As noted earlie a majority of the lowincome neighborhoods in California are concentrated in Los Angeles
andtheBay Area, so our discussion of changes in the housing market focuses on those two regions. Similar
to the previous comments, some notable exceptions arke gaats, including those along the outer edges

of the urbanized areas of Southern Califo(egeFigure2-57). There is considerable variation among these
places, which should be examined in the future to determithere are underlying factors and dynamics

that generate the observed differences.

Los Angeles
Some of the areas that experienced a moderate to highest change in the housing market also had a similar

level of change in socioeconomic characteristi@snsus tracts directly below and above Downtown LA
had the highest change in housing, but a moderate change in socioeconomic chara(tegsiigsre
2-58). These changes may indicate some gentrification pessur

Bay Area
The distribution of housing market changes in the Bay Area differs from the socioeconomic changes. Only

some San Francisco census tracts experienced the highest level of change and they are somewhat more
spread out, compared to those on tighér end for socioeconomic changes. Oakland, Richmond, and other
parts of the East Bay experienced the highest change in the housing market in addition to socioeconomic
characteristic¢seeFigure2-59).

121



Figure2-57. Map of Neighborhood Change: Housing Variablak of California
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Figure2-58. Map of Neighborhood Change: Housing Variables, San Francisco Area
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Figure2-59. Map of Neighborhood Change: Housing Variables, Los Angeles Area
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2.3.9Neighborhood Income Relative to Regional AMI

This section document s trihoedincame relativedoadgional MlinflicatBrN K& s n
which is based on a neighborhoodés median househol
income.

Table2-19. Neighborhood Income Relative te@&onal AMI Indicator Summary Table

Key Indicator Information

Units Neighborhood Income Relative to Regional A{®atio)
Category in Mapping Tool N/A (use for filtering)

Display Method in M i . . . . .

T(I)Sorl) ay Method in Mapping Categorical (@tio of tracts income relative to regial AMI)
Precision Assumed to be relatively fair

Methodological Complexity Indicator based on relation to regional AMI
Geographic Resolution Census tracts

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru¢ American Community Survey (tabulated and microdata)
Relies on ACS data that is based on a sample (approximately

Sample Size .
pie Stz of population)

Biases May be affected by shetérm business cycle

Geographical Unit Census tract

Geographic Coverage Coves all of California

Data Vintage 201317 5year average

Othgr Important Notes (if N/A.

applicable)
Background
The state designates fAdi sadvant aged ocreemmuwmintuing std ey
AB 1550. The inclusion of the CNK indict or i s not meant to replace th
Adi sadvanawa aeddne®r communi ti es but is meant to sup

ndicator for the projectds anal yt ieactaddinciudeeak i n Ch

i
three in the final database.

Disadvantaged communitiesare identified by the California Environmental Protection Agency as the top

25 percentmost impacted census tracts in CalEnviroScreen 3.0, a screening and mappisgdddhelp

idertify communities disproportionately burdened by multiple sources of pollution and with population
characteristics that make them more sensitive to pollution. The final CalEnviroScreen score represents a
composite of 20 different indicators relating to thevironmental, health, and socioeconomic status of a
neighborhood and its residents. In accordance with SB 535 (de Leon), CalEPA is responsible for identifying
disadvantaged communities for Greenhouse Gas Reduction funding. As of February 2017, CalEPA
despnated disadvantaged communities as thpezbenthighest scoring census tracts in CalEnviroScreen

3.0, along with other areas with high amounts of pollution and low populations (CalEPA, 2017). It is
importantto note theterfid i s ad v ant ag e chn potentiathube misiriteepeeted as a description
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that focuses on deficits of these communities at the expense of their positive characteristics, strengths, and
assets. This is not the intent of the project, which is designed to identify transportatiaocassibility
disparities.

Assembly Bill 1550defines lowincome communities asensus tracts at or below g@rcentof the

statewide median income or with median household incomes at or below the threshold demonstrated by the
California Department of lusi ng and Community Developmentoés (H
(CARB, 2017). Lowincome communities based on the statewide median household income use $61,818

from the 201T7 15 5year ACS. Census tracts with a median household income at or belpgr@dt of

the statewide median household income ($49,545) are considereiddome. AB 1550 lowncome

communities basedonthe HCDlewn c ome | i mits refers to the Al owo i
Limits vary by household size for each county and hiaeeme threshold categories.

Data Source

Information on median household income for metropolitan areas is derived from thd 2@y&ar ACS.
We estimated the median household income for the entire residual area using tHg 2003 PUMS.

Construction Method

For the project, we includen indicatothat measures n e i g h lincomé relativk dogegional AMI to

identify the most economically disadvantaged neighborhofiuisse neighborhoods atefined as census

tracts with median household incomess than 60 percent of the regional area median income. We use a

60 percent cutoff because this threshold captures the most economically disadvantaged neighborhoods. The
project uses metropolitan statistical areas ((SA as t he fAr e gi adefitedMBAsasth€e ns u s
fcounty or counties (or equivalent entities) asso
population, plus adjacent counties having a high degree of social and economic integration with the core as
measured througltocmmut i ng ti es. 06 MSAs are considered a regi
and wage levels. Not all counties (and their census tracts) are part of a metropolitan area. For the purpose
of CNKés indicator, count i exdea ard teetted @as & singleo(tesidpay r t 0
geographic unit. There are 26 MSAs in Califormidich encompasses 37 counties, representing about 98
percento f Californiads popul ation. The r eladei220 ng 21
summarizes the median household incomep&@entcutoff, and number of census tracts designated as

low income for each region.

Each census tract was then assigned to its respective region (either MSA or residual) and compared th
tractdos median household income to the dAregional
distribution of lowwage workers throughout the state, this approach accounts for regional differences in
income levels.

Table2-20. Median Household Income by Metropolitan Statistical Area

%
Metropolitan Statistical HEaler 60% of I Vo]
Household Income Census
Area MHI
Income Census Tracts
Tracts
Bakersfield 50,826 30,496 13% 147
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%

Metropolitan Statistical HI(\J/IUGSdei?]& d 60% of ILn c():v(\)/:ans; (;reorfglljs
Area Income MHI Census | Tracts
Tracts
Chico 46,516 27,910 12% 51
El Centro 44,779 26,867 10% 30
Fresno 48,730 29,238 19% 198
Hanford Corcoran 49,742 29,845 0% 25
Los AngelesLong BeachAnaheim 65,331 39,199 16% 2,887
Madera 48,210 28,926 9% 23
Merced 46,338 27,803 6% 49
Modesto 54,260 32,556 9% 94
Napa 79,637 47,782 3% 40
OxnardThousand Oak¥entura 81,972 49,183 11% 172
Redding 47,258 28,355 4% 48
RiversideSan Bernardin®ntario 59,173 35,504 13% 817
SacramenteRoseville-Arden-Arcade 64,407 38,644 13% 484
Salinas 63,249 37,949 5% 91
SanDiego-Carlsbad 70,588 42,353 13% 621
San Francisc®aklandHayward 92,714 55,628 14% 972
San José&unnyvaleSanta Clara 105,809 63,485 10% 383
San Luis Obispd?aso Roble#é\rroyo Grande 67,175 40,305 4% 52
Santa CruaVatsonville 73,663 44,198 4% 52
Santa MariaSanta Barbara 68,023 40,814 7% 87
Santa Rosa 71,769 43,061 2% 99
StocktorLodi 57,813 34,688 17% 139
Vallejo-Fairfield 72,950 43,770 12% 94
Visalia-Porterville 44 871 26,923 8% 77
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%
Metropolitan Statistical e 60% of e Vil
Household Income | Census
Area MHI
Income Census | Tracts
Tracts
Yuba City 53,101 31,861 14% 35
Nonmetro Area 48,01 29,215 6% 199
Total 13% 7,966
Source 2013 17 Syear ACS
We grouped tracts based on their median income r el

the following four ranges: i®0 percent(lowest income neighborhoods), 6@0 percent(low-income
neighborhoods), 8@40 percent (middleincome neighborhoods), and 14fkercent (highincome
neighborhoods).

Assessment of Consistency

We compared our measure of lowest income neighborhoods with the two other definitions described earlier.

Of all the census tracts in California, @ércenar e def i ned as fAdi s palcendant aged o
Al omcomeod by ABercédnfid ,wean dwith/loofressthan 6(ercent by CNK.
Figure2-60illustrates the overlap and differences. There is some overlap but the three are not all the same.
Certain census tracts may be defined as disadvantaged under one definition but not another. This is
particularly true when E®SmMPpadi nghiCNKbDs defi sut pon
measure onlgonsidersncome while CES 3.0 includes other variables beyond incomedeuronmental,

health measures). Al most all CNKO&6s | owest i ncome
by AB 1550, though out of all three definitions, AB 1550 includes many more census tracts as
disadvantaged (e.g}9 percenif tracts in California).
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Figure2-60. Relationship between CNKs L o we s tdicatorandMeesurels diDisadvantagedl
andfiLow-Income Communities

CNK CES 3.0 CNK AB 1550

CNK: Center for Neighborhood Knowledge
CES 3.0: CalEnvrioScreen 3.0
AB 1550: Assembly Bill 1550

Results

California census tracts are grouped into four categories based on their ratio of ietaiive to their
regi onds av er age pement]lonestincomeneagmmods), 6080 percent (lowncome

neighborhoods), 8@40 percent (middincome neighborhoods), and 140 percent+ (higbome

neighborhoods)igure2-61 displays the distribution of CA census tracts by each oétfams categories.
Thirteen percent of California tradl into the lowest income category, followed by 18% inJiowome,

48% in middle income and 20% in higficome neighborhoods.
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Figure2-61. Distribution of CA Census Tracts by Their Ratio of Income Relative to Regiefdjlysted
AMI

Distribution of Census Tracts by Their Ratio of Income
Relative to RegionalhAdjusted AMI

60%

0
50% 48%
40%

30%

20%
18%
20% 13%
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0-60% 60-80% 80-140% 140%+

Ratio of Tract Income Relative to Regionafgjusted AMI

Maps
The following maps display the indicator on neighborhood income relative to regional AMI.

California

A majority of thelowest incomeneighborhods in California are concentrated in the core of the more
urbanized areas. The exception are some exurb tracts, most noticeable along the outer edges of the urbanized
areas of Southern California. The coastal neighborhoods are among the areas withegtertigmesee
Figure2-62).

Bay Area
In San Francisco, areas of Bay View, Tenderloin, along Market Srebadjacent to San Francisco

State University (students) are among the-ioeome areas. In the Easayg the urbaspoor corridor
from West Oakland to Fruitvale, neighborhoods in and around Richmond, and the area around U.C.
Berkeley (students) are also lincome(seeFigure2-63).

Los Angeles
In LA County, much 6the urban core, and South LA in particular, are amondptlest incomeEast

LA and parts of the San Fernando Valley also have high incidences of economically disadvantaged
residents. The more affluent neighborhoods are located on the Westside artietmastal cities like
Santa Monica, El Segundo, and Redondo BésebFigure2-64).
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Figure2-62. Map of Neighborhood Income Relative to Regional AMll, of California
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Figure2-63. Map of Neighborhood Income Relative to Regional AMI, San Francisco Area
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Figure2-64. Map of Neighborhood Change: Socioeconomic VamgablLos Angeles Area
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2.3.100ther CNK Indicators

This project on transportation disparities includes statewide indicators that were constructed for an earlier
statewide project sponsored by CARB and Caltrans. That previous project developed neighlevdiood
indicators for a Statewide Moniiag System to track progress toward achieving certain SB 375 goals
across CaliforniaOne of the legislation's goals is to promote better coordination ofusedhousing,

and transportation planning with the goal of reducing vehicle miles traveled raedhguse gas
emissions. That project consisted of two phases. Phase |, funded by CARB, focused on developing
indicators using Los Angeles County as a prototype. Phase Il, funded by Caltrans, refined and developed
additional indicators for all of Califora?’

The four indicators adopted from the earlier project include the following: access to employment
opportunities, access to higluality transit locations, joldfiousing fit, and job density. Some of these
indicators were updated and/or refined for grigject using more up to date data (e.qg. this project updated
access to jobs using more current data). Because these indicators are adopted from earlier projects, it may
not include all of the components discussed for previous indicators constructesd jpoojict. The intent

is to provide brief descriptions of each of the four indicators and to summarize their construction method.
For additional information about these indicators see previous CARB and Caltrans F¥efitws.
following subsections summaeg the construction of the four indicators.

2’To access Phas eifyihg, Bvauating, and Seledtihgdndicators ahe Data for Tracking Land Use

and TransportaticRe | at ed Trends Related to SB 375 Goalso (CARB
https://ww2.arb.ca.gov/sites/default/files/classic/research/apr/past/15rd010.pdf

To access Phase |11 report t-Cdmmandiesisttategies Manioring Syst&Stfat e wi d e
Jobs, Housing, and CotNoubbAOER) vigititasl/dotrca.qpgmediajdote e me n
media/programs/researaimovationsysteminformation/documents/finaleports/cal@93Lfinal-reportally.pdf

28 See links to reports provided in the previous footnote.
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2.3.11Access to Employment

Opportunities

This subsection documents the construction of the access to employment opportunities indicator (the

terms Aaccess

to

e mp | otyomejna b soop,p oandu nfijtdbe sd c ¢ e dsiad ci

in this report). This indicator measures the relative number of jobs within a region that are accessible by

residential location.

Table2-21. Summary Tabléor Access to Employment Opportunities Indicator

Key Indicator Information

Units

Index score that captures job opportunities accessible from a t

Category in Mapping Tool

Accessibility

Display Method in Mapping
Tool

Decile (visualized in quintiles)

Precision

Assumed to be relatively high

Methodological Complexity

Complex involving the use of street network with travel times,
estimating parameters for different decay functions

Geographic Resolution
Key Information about Data So

Data Sources Used to Constru

Census blocks for jobs aggregated into Cernsursst
urces Used to Construct Indicator

LEHD LODES (jobs)andHERE roadnetwork(distance and tinje

Sample Size

Jobs data not based on sampling; large number of observation
based on administiige data

Biases

Jobs data does not include workers outside of the UI/DI progra
May be affected by the shetdrm business cycle.

Geographical Unit

Census tract

Geographic Coverage

Covers all of California

Data Vintage

2017

Other Important Notesf(i

The functional form used to calculate the final access to jobs

applicable)

measure is exponential decay with author estimated parametel

Data Source

Data on jobs come from the 2017 LEHD LODES database. Data on the road network come from HERE
street nework, and the information on times and distance are used to calculate the travel time between
populationweighted tract centroids and jeb&ighted tract centroids.

The

Census Bureau

LEHD program
LEHD,

nfeder al ,
Us o0, 2022) .

combi nes
fAbout

st adees 0 a(nWl. L.er
LODES dat a

data on the distribution of jobs by employment location, residential location, and the flows between home
and work. It combines administrativetdgdunemployment insurance earnings data, the Quarterly Census
of Employment and Wages data, and others) with census and survey data. These data are combined to

ficreate stati
di fferent

st
demographic

empl oyment ,
groupso (U.S.

cs on

Census
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State LODES data covers approximately 95 percent of formal wage and salary jobs (Graham et al., 2014).
LEHD does not limit its coverage to primary jobs, but does exctiada on a few specific classes of
workers, including selemployed workers, informally employed persons, military personnel, and federal
employees (Federal Employment, 2012).

LODES data has some documented shortcomings in instances of multiple worksite(Graham et al.,

2014). These include instances where administrative addresses may be used in lieu of actual worksites or
when multiple worksites are not reported as such. However, despite any shortcomings, LEHD/LODES data
remains, for the purposes tig project, the most robust source of jobs data.

Construction Method

The access to employment opportunities indicator is calculated using an exponential decay method with
a statecalibrated parameter. The main tasks in the construction of the acgebs todicator includes
the following: (1) data assembly, (2) estimating the decay parameters, and (3) calculating accessibility.

Assembling Data
Jobs data was downloaded for all census tracts in California from the 2017 LEHD LODES database.

EstimatingDecay Parameters for California

Parameters were estimated for the exponential decay functional form. Other functional forms such as simple
gravity and power decay with customized parameters were tested against commute patterns (average
commute time and avege commute distance) to determine the-beied form for commute travel in
California. The results showed the strongest relationship between the exponential decay form with author
calculated parameters and commute travel in Califénia.

The functionalform used to calculate the final access to jobs measure is exponential decay with author
estimated parameter:

Q 1 Qid® 0B®3IWDEH O0QIQ

Calculating Accessibility

The final jobsaccessibility indicator is an index score thaptures all the job opportunities accessible by

a tract, within a twehour or 106mile commute. We calculated the jobs accessibility indicator by, first,
assembling 2017 job counts for each tract, using the LEHD dataset. The steps to calculating the indica
include assembling the data and attaching these to the-degtmation (OD) network. Each OD pair has

an associated travel time between them. The job counts, the time measure, and a modifying parameter (to
simulate the relative likelihood/attractivess of driving to jobs at increasing distances) are the three
numbers input into each of the functional forms to calculate accessibility. This calculation is conducted for
each OD pair for every California tract. The accessibility indicator for eachisracsum of all these
calculations, by origin tract (i.e., all values for pairs with the same origin are added together). Excluded
from the final indicator measure are all OD pairs with no jobs, and all pairs where travel between them was
greater than twaours or 100 mile¥

2% For more detailed discussion of the formulas tested and the methods used to estimate decay parameters, please see
Phase | and Ireports of the Statewide Monitoring System project. See links in previous footnote.

¥Commutes of 100 miles or so and greater have been defi
from calculations.
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Accessibility to employment opportunities is estimated as the number of jobs inversely weighted by the
estimated time to cover the road network distance. For census tract i,

(Job AccessxSUM(J/Dij)
Forcensustractsj=1..n

SUM is the summing function of elements within the parentheses, J is the number of jobs in tract | as
reported by LEHD, and Dis the timedistance decay function described above.

Construction Method

We compared our jebcces indicator against jeaccess based on methods commonly used in the
transportation field, such as the simple gravity model. We find that owrgodss indicator is highly
correlated with (highly consistent) with those alternatives.

Results

Californaicensus tracts are categorized into ordinal d e
access to employment opportunities index. Each decile category represents roughly 10 percent of the census
tracts in CaliforniaFigure 2-65 compares the median value of the access to jobs index in each decile
category normalized by the lowest decile. A value greater than one indicates that the access to jobs index

for that decile is higher than the lowest decile categgrihat value. For example, the value of the median

job access index in the highest area is more than 27 times as great as in the lowest area, indicating the
greatest access to jobs.

Figure2-65. Access t&Employment Opportunities by Census Tract Decile Rankings
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Maps

The map displays the jobs accessibility indicator datedmgus tract. California census tracts are divided
into five quintiles based on tle&centaingreughty @spereentofe s s t «
all census tracts in the State.

California

I n California, areas with the highest |job accessi
metropolitan areas (e.g. Los Angeles and San Francisco Bay Aresais @ibe to the fact that jobs in urban

areas are much more spatially concentrated than kurltan and rural areas. (Seégure2-66).

Bay Area
In the San Francisco area, neighborhoods with the highest joks#ility are concentrated around central

business districts (e.g. the downtown areas of San Francisco and Oakland) and around other major
employment centers (e.g. the sites for high tech firms). Fpge2-67)

Los Angeles
In the Los Angeles area, neighborhoods with the highest job accessibility are concentrated around central

business districts (e.g. the downtown areas of Los Angeles and Orange county) and around other major
employment centers (e.g. sites fornfs in the entertainment industries). The areas with the least
accessibility are in the suburban and exurban areasF@&®2-68)
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Figure2-66. Map of Access to Employment Opportunities, all of California
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Figure2-67. Map of Access to Employment Opportunities, San Francisco Area
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2.3.12Access to HighQuality Tran sit Location

This subsection documents the construction of the access tgumdjty transit locations indicator defined
as being within a quartenile of transit stops with a high level of service during the morning commute.
The indicator includes acceto bus, rail, and ferry terminals.

Table2-22. Summary Table for Access to HQTL Indicator

Key Indicator Information

Proportion of population in a tract that are within a-mailie

Units . . . .
catchment area fro high-quality transit locations
Category in Mapping Tool Accessibility
Display Method in Mappin . .
Tooﬁ y ppIng Ranking to account for clustering at the bottom
Precision Assumed to be relatively high for locations with sufficient data
Methodological Complexity Moderately complex involving spatial area estimates.
Geographic Resolution Point location of transit stop, census blocks for population

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru¢ General Transit Feed 8gification
Transit schedules are not based on sampling; fair number of
locationspecific information base on available schedules.

Sample Size . o
P GTFS feeds were gathered for 127 transit agencies in the state

covering 52 out of 58 counties.

Biases Does noinclude many smaller transit agencies.

Geographical Unit Census tract

Geographic Coverage Covers all of California

Data Vintage 2017
There i s-tmo somue cieggo for trans

Other Important Notes (if GTFS data wasaghered from multiple sources including open

applicable) source and requests made directly to transit agencies. Some

agencies do not report their transit data in GTFS format.

Data Source

The access to HQTLs was constructed using transit data from agencies tist ihélir transportation
schedules in GTFS format. GTFS consists of a series of text files that provide information on transit stop
locations, scheduled arrivals and departures, routes, and other relevant information such as transit fare. The
main purposebehind agencies converting their transit data to GTFS format is to make available their
schedules to users of Google Maps, BingMaps, and otheslénming applicationd

31 For additional details on GTFS and assessment of the dataset, see Phase | report of the Statewide Monitoring
System projecti | dent i fying, Evaluating, and Selecting Indicat:
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GTFS data was gathered for California from multiple sources. The two primaryesane open data
sources, Transitland and TransitFeeds, which collect and archive GTFS feeds and make available GTFS
for download. These two sites do not always include the same agencies, thus requiring the use of both.
GTFS was also acquired from a traremjency by directly contacting the agency (for those agencies that
have GTFS but where the data is not available online). Overall, GTFS feeds were gathered for 127 transit
agencies, covering 52 of the 58 counties in California and include both buslghd rai

Our best estimate indicates that 54 percent of the agencies in California have open GTFS data. Of the
tionds (FTA) |
does not include many small agencjeglg 127ransit agencies included the compiled GTFS dataset and
represent approximately 97 percent of the unlinked passenger trips traveled statewide.

agencies includedinttee der al Transit Administr a

The tasks involved in compiling a statewide GTFS database are complex and challenging, requiring a
significantamount of time and resources to address. There are a number of major problems with GTFS that

were identified for this project.

1. Not all agencies produce GTFSparticularly small agencies in both rural and urban areas.
2. Not all GTFS feeds are on a single comon data site(as indicated, GTFS feeds were gathered

from multiple sources).

3. Because of differences in archiving, consistency in the vintage of dgq&g., schedules do not
cover the same dates across all transit feeds) depended on when data was aptbeoledloaded.

4. Some existing GTFS feeds do not have complete subfilesy., the calendar file that is one of the
required subfiles and that also helps indicate weekday and weekend schedules was missing for

some of the GTFS feeds).

5. Coding practices for GTFS vary among agenciesWhile the GTFS standard defines a common

format for transit agencies to publish their transit data including what information is required and

what is optional, how agencies input this information differs from agency to agen@xdrople,
I D that uniqu
required field, but agencies differ in how the information is input, with some using numeric values
and some usi ng c hadisaatigeelD thalTihiused fo snérge pcrossdhe vafiouse
Aschedul eo f il

the Astop_ido field, which is an

files in the GTFS including the
one file but character in another
is being read as both character and numeric.

file

, causin

6. Poor documentation.Other than the generic GTFS documentation provided by Google, which
helps explain the types of files that comprise a GTFS transit feed and define the fields used in all
those files, there iso publicly available documentation from individual transit agencies explaining

the meaning behind some of their coding.

7. Multiple schedules. For many agencies, multiple schedules are included in the feeds, but no
documentation is provided explaining ttiéferences between these schedules and how to handle
them. For the purpose of this project, one schedule should be selected to avoid double counting the

frequency at a given transit location.

a. Some agencies provide multiple schedules, one for weekdaymaridr weekends. In this
scenario, where there are only two types of schedules, the weekday schedule is selected

over the weekend schedule.

TransportatorRe | at ed Trends Rel ated t o SBRD3ID)5
https://ww2.arb.ca.gov/sites/default/files/clagssearch/apr/past/15rd010.pdf

Goal so

(CARB Ag

32 A list of these transit agencies can be found in Appendix A of Phase Il report for the Statewide Monitoring
System projecti Dev el opi ng St aCoremunitteeStr&agisstMonitoriaglsSlstem for Jobs, Housing,
and Commuteso (Caltr an $ttpdV/got.eegoweedia/dodnedia/p®dEam/i@skdch :

innovationsysteminformation/documents/finaleports/cal®931final-reportally.pdf
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b. There are occurrences where agencies include more than one weekday and weekend
schedule. While the weekend schedwan easily be eliminated, identifying which
weekday schedules to use from the GTFS feed oftentimes required more time to determine,
especially without proper documentation. In some cases, the weekday schedules are
duplicate records, with the same arrigald departure time and the same routes but with
different service start and end dates. When these types of scenarios occur, the schedule
with the most current start date of the two is selected.

c. Some agencies include separate schedules for services ¢hateopearound, seasonal
schedules (e.g., summer and winter) and school dajysschedules. When these types of
schedules are easily distinguishable, the yeand schedule is selected because it is the
most consistent schedule throughout the year.

d. Oftentimes, it is difficult to determine what each schedule represents. The start and end
service dates, for example, do not differ from one another and none of the files in the GTFS
feed give any indication of how the schedules differ. In these casesmalditnalysis was
done to determine the differences across schedules. For example, each schedule was
assessed against the routes file to see if there were any patterns that would give any clues
on how the multiple schedules differ. At times, this procégprovide some insights into
how the schedules differ. For example, some schedules overlapped in the routes they cover
but one might cover more routes than the other. Additional investigation included going
directly to the agency's website to compare@ié¢S to published schedules. In the end,
the schedules selected for the access to transit measure is the best that the researchers can
do given the resources, time, and limited documentation.

Construction Method

HQTLs. We defineHQTL as the quartemile buffer around any one or more of the following locations:

1. Any existing transit rail station; or

2. Aterminal served by a ferry system in major metropolitan areas; or

3. A location with bus service maintaining average headways of 15 minutes or less duniiggmor
peak commute; here defined as 6:30 to 8:30 AM on a given weekday.

Construction of the measure includes two key dimensions: a qugitéeegeographic catchment area and
level of service (for bus only).evel of servicés defined as the number of baghat go through the bus

stop during the morning peak commute hours on a given weekday. Rail and ferry terminals that are within
a quarter mile are automatically designated as a HQTL.

Transportation planners generally accept the quartierdistance, agjvalent to about a fiveninute walk,

as the standard distance one is willing to walk to local transit service.

High-Quality Bus Location. A bus locatioris defined as the sum of all bus stops that are in close proximity

to each other. Examples of thigdhe three unique stops displayedable2-23 Each bus stop has slightly
different longitude and latitude but is considered as the same location by street intersection (Hollywood and
Western). Together, the Idgan is a highfrequency transit location with a total frequency of 36 during the
6:30 to 8:30 AM peak period. To overcome the problem of agencies identifying stops differentyp(eqy.,
agencies identify separate stops that are in close proximity licodfaer, such as being on opposite corners

of an intersection, or different endpoints at a what most would consider a commpnagtaperge all

nearby stops when their locations are similar, that is, when their longitude and latitude rounded to three
digits are identical (a difference of .001 is less than a fifteenth of a mile).
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Table2-23. Determining HighQuality Bus Location

stop_id stop_name Latitude Longitude Eiﬂtﬁgg d L;gg:ggg 626??3“;; ;yM
1206 Hollywood/Western| 34.10187| -118.30877| 34.102 -118.309 0
2493 Hollywood/Western| 34.10161| -118.30893| 34.102 -118.309 19
11028 Hollywood/Western| 34.10186| -118.30902| 34.102 -118.309 17

All Stop Hollywood/Western HQTL 34.102 -118.309 36

This concept of higlyuality transit is related to terminologies defined in
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Figure2-69. Time Leaving Home tgo to Work by Public Transportatidor Combined Statistical Areas
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Despite the regional variatiom icommute hours, a consistent definition for the state of what period
constitutes peak hours is needed for a statewide medsgtee 2-69 was presented to the Advisory
Committee for their input on some possibldinidons of morning peak hours. Two periods for morning

peaking hours were suggested: 6830 AM and 7:008:00 AM. An assessment of the two periods
indicates that they are highly correlated (r = 0.995), which would suggest that choosing one over the oth
would not make that much of a differen&égure2-70 displays the scatter plot comparing the frequencies

in stops during 6:3:30 AM and 7:008:00 AM periods for California as whole. The 6:8B0 AM time

slotwas selected overthe 7i®: 00 AM ti me sl ot because this period
peak hours. Although the stateb6s definition inclu
only focuses on morning peak hours due to kehitime and resources. There is also the challenge of
defining afternoon peak hours, as there are even further regional variations than morning peak hours.
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Figure2-70. Comparing Transit Frequencies by Looas between 6:3@:30 AM and 7:008:00 AM
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Identifying High-Quality Transit Stops for Counties with no GTFS

We used GTFS data to identify HQTLS, but there were counties with no GTFS data coverage. For these, a
different method was adopted by using printeds schedules online. This section describes the
methodology to identify higiguality bus stops for those agencies with no GTFS data for the following six
counties that do not have GTFS coverage: Alpine, Colusa, Glenn, Imperial, Sierra, and Mono.

For eat of these counties, we identified the largest transit agency that serves the county. Due to limited
resources and time, we only looked at the largest agency in the county but acknowledged that a county may

be served by more than one transit agency. Ruldiss s chedul es, often made av
website, were collected and downloaded. Many of these schedules are in .pdf format, which required us to
convert the paper schedules into an Excel format or similar formats to be readable in ArcGlSatite SA

two primary analytical software programs used for this project. This process required a considerable amount

of time to ensure that each schedule was converted correctly. Agencies were directly contacted to ask if
they had their schedules in an Extmimat, but many directed us to the online .pdf schedules.

It is important to note that not all bus stops are reported in the printed schedules. Bus stops on major streets

or intersections are generally the ones that are reported. Stops locatednagjarostreets or intersections

with fewer routes serving the stop are often omitted from the printed schedules. For each stop, we first
determine whether the stop is considered fAhigh qu:
For each stop, wiirst identify all routes that serve the bus stop and extract their schedules. Some bus stops

are served by more than one route. From this, a matrix is created with the stop names. Only morning
schedules, between 6:30 to 8:30 AM, were extracted becausethi s t he ti me fr ame usEe
definition. Table2-24 provides an example of this.
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Table2-24. Stop Time Table for HigiQuality Stops in Imperial County

7th Street and State Imperial Valley College 3rd Street and Paulin
Arrival Time Route Arrival Time Route Arrival Time Route
6:58 Green Line 7:00 21 IVC Express 6:30 21 IVC Express
6:58 Blue Line 7:15 21 IVC Express 6:30 32 Direct AM
7:00 45 West 7:26 3 West 6:45 21 IVC Express
7:00 1 North 7:30 22 IVC Express 6:55 1 North
7:10 41 South 7:35 2 South 7:20 31 Direct AM
7:10 Blue Line 8:00 4 East 7:40 21 IVC Express
7:10 1 South 8:10 21 IVC Express 7:45 1 North
7:10 Green Line 8:25 21 IVC Express 7:50 32Direct AM
7:40 4 East 8:30 2 North 7:55 21 IVC Express
7:45 1 South 8:20 1 North
7:55 1 North 8:30 31 Direct AM
7:55 2 South 8:30 21 IVC Express

8:00 4 East
8:00 3 West
8.08 Green Line
8.08 Blue Line
8:10 3 East
8:10 2 North
8:20 1 South
8:20 Green Line
8:20 Blue Line
Frequency = 21 Frequency = 4 Frequency =7
High Quality Not High Quality Not High Quality

Notes: Imperial Valley College (IVC) Express operates on school daysBedguse IVC Express only operates on

school days, its schedule is excluded. Only services operatingyeat nd ar e i ncl udmpdriali n CNK®
Valley College and 3rd Street and Paulin bus stops do not qualify as high quality because the frequency of stops does

not meet nine or more stogaring the morning peak hours.

For each bus stop, the number of stop schedules during the 6:30 to 8:30 AM time frame was summed up.
If the sum of stops exceeds nine, then the stop is designated as high quality. It is important to note that this
process oly identifies highquality bus stops and not locations. For this project, we look at high quality
transit locations. As noted before, a location includes all nearby bus stops where both the longitude and
latitude when rounded to three digits are identitfaheir sum of stops exceeds nine then the location is
designated as high quality.

Unli ke GTFS dat a, where information on a stopbs ¢
the printed schedules do not include this information. Onlyémees of the bus stop, which are oftentimes

the street name or intersection that the stop is located on, are listed in the printed schedules. As such, it is
difficult to apply the location method of rounding latitude and longitude, when this informatiout is

provided.

Table2-25 reports the total number of higjuality bus stops for the six counties that have no GTFS data.

The transit agency used for this analysis is listed in the table. Of all six countiesnpehjal County had
bus stops that qualified as being high quality.
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Table2-25. High-Quality Stops Number and Transit Agency for Counties without GTFS

Number of
High-Quality Stops

Alpine

Alpine Caunty Diala-Ride 0
Colusa

Colusa County Transit (diaride) 0
Glenn

Glenn Transit Service 0
Imperial

Imperial Valley Transit 1
Sierra

Sierra County Transportation Commiss 0
Mono

Eastern Sierra Transit 0

Again, this process only identifies higiuality stops and not locations. It may be the case that some of

the agencies listed in the following text might have HQTL when all nearby bus stops are added together,
but this is difficult to determine without all thecessary information, including the schedules for stops

not listed in the printed schedules.

Assessment of Consistency

An important part of constructing any indicator is an assessment and evaluation of the indicator to external
sources. This processlaks us to test the robustness of our indicator and to make refinements and
modifications to the methodology where needed. One approach to assessing and evaluating the HQTL
indicator is to compare it to similar indicators constructed by MPOs, partictiadg that have been done

by the two largest MPOs in the state: Metropolitan Transportation Commission (MTC) and Southern
California Association of Governments (SCAG). MTC, for example, makes available two shapefiles related

to our highquality transit mesure: (1) major transit stops and (2) higllity transit corridors. Only the

maj or transit stops6 shapefile was assessguaily agai ns
transit areas.

What we find is that our highuality transitindicek or cover s a | arge proportion
transit measures and that our measure captures more area. We find differences, but these differences are
understandable. For example, some of the discrepancies are due to differences in transiraesta so
agencies covered, methods and calculations, and definitions. MTC, for example, uses transit 8ath from
Regional Transit Database while we use GTFS. SCAG uses GTFS but only covers a small number of transit
agencies compared to our higbality indcator. MTC also did not cover as many agencies as w& did.

There are also differences in methods and calculations. For example, there are differences in the concept of
locations. MTC uses individual stops while location in our approach can include mudpkit stops.
Differences in definitions, such as what hours constitute peak hours, also have a major impact on
consistency between agencies. SCAG, for example, uses both morning and afternoon peak hours, while our
measure only includes the morning coutar® SCAG also defines morning peak hours differently than the

3 This discrepancymmy be due to MTCO6s mo-quality tramsit. While allBayfAieaoparatosn of h
may be represented, some may not provide frequent eno
definition.

3¢ There are some limitations to fating only on peak hours (e.g. capturing transit stops that serve only commuters

and may exclude members of the general public who rely on transit duripgakfftimes; capturing commuter bus

149



definition used for this project. SCAG defines morning peak hours as 6:00 to 9:00 AM and MTC defines
morning peak as 6:00 to 10:00 AM. Our measure includes 6:30 to 8:38 AM.

Despite these fferences and limitations described earlier, the access to HQTLs indicator constructed for
this project, to the best of our knowledge, is perhaps the most comprehensive access to transit measure
available for the state. In particular, we do not know of @argess to higlguality transit metric that has

been created for the state. Some MPOs have created their own measures but each vary in their data source,
methods, and have slightly different definitions of what is considered high quality. Additionallyp GNK

HQTL measure covers more transit agencies even more so than for those constructed by some of the MPOs.
Although not perfect, the HQTL measure includes a consistent method and definition.

Results

Unlike previous indicators, the access to HQTL indicatornot be evenly distributed into ordinal deciles
because the very bottom range of accessibility (no access to HQTL) has a cluster of census tracts that
comprises more than 10 percent of total tracts. Because of this clustering, we create a separgtéocateg
tracts with no access to HQTL and then distribute the remaining tracts across nine ordinal categories, from
very low access to complete access.

There are two notable patterns. First, HQTLs are completely absent in approximateh/teucensus

tracts. (These neighborhoods could have some transit service, but not sufficiently frequent to be designated
as being HQTL.) Approximately a tenth of the tracts in the state are areas where all residents within a given
tract have access to HQTL.

Figure 2-71 displays the median proportion of the population with access to HQTL for each of the

nei ghborhood ranking categories. Neighborhoods t he
none of theresidet s have access to HQTL. Nei ghborhoods t ha
represent census tracts where all residents have access to HQTL.

service as higlyuality during commute hours which can diffeorin alkday frequent service). However, since the

focus of this project is workelated travel, we focus on morning peaks to best capture these commute trips.

37 Additional details on the external verificatioropess can be found in Appendix A of Phaseplart for the

Statewide Monitoring System projeci Dev el opi ng St aCoremunittbeStr&agisstMonitoriagh | e
System for Jobs, Housing, and Co mmutpe:/&dot.ca(g@mmediafd@ ns Agr e
media/programs/researaimovationrsysteminformation/documents/finaleports/cal@®93Lfinal-reportally.pdf
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Figure2-71. Proportion of Population witAccess to HQTL by Census Tract Rankings
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Maps
The following maps display the access to HQTL indicator by census tract.

California
Residents in rural areas and amban areas tend to have low access to HQTL. This is not surprising since
they have low ppulation density that cannot support frequent transportation seriBeesigure2-72)

Bay Area
In the Bay Area, neighborhoods with greatest transit services are areas with highest population and job

density (eg. areas around downtown San Francisco and downtown Oakland). Suburban and exurb areas
have less access to HQT(SeeFigure2-73)

Los Angeles
In the Los Angeles area, neighborhoods with the greatest transiesesvécareas with highest population

and job density (e.g. areas around downtown Los Angeles). Suburban and exurb areas have less access to
HQTL. (SeeFigure2-74)
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Figure2-72. Map of Access to HigiQuality Transit Locations, all of California
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Figure2-73. Map of Access to HigiQuality Transit Locations, San Francisco Area
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Figure2-74. Map of Access to HigiQuality Transit Locations, Los Angeles Area
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2.3.13JobsHousing Fit

This subsection documents the construction of thehosing fit indicator. This indicator analyzes the
nexus between affordable housing and jomemtes for workers at the lower end of the labor market
(e.g., lowwage workers or workers with low earnings). Our indicator adjusts for regional differences in
the labor and housing markets.

Table2-26. Summary Table for Job$lousing Fit Indicator

Key Indicator Information

Ratio of lowwage jobs within a tract relative to the availability g

Unit .
nits nearby affordable rental housing

Category in Mapping Tool Accessibility

Display Method in Mapping | o e isualized in quintiles)

Tool

Precision Assumed to be relatively fair

Moderately complex involving multiple imputations, data matct
and allocations.
Geographic Resolution Census tract

Methodological Complexity

Key Information about Data Sources Used t&Construct Indicator

Data Sources Used to Constru¢ CTPP and ACS
Relies on ACS data that is based on a sample (approximately |

Sample Size of population)

Biases May be affected by sheterm business cycle
Geographical Unit Census tract

Geographic @verage Covers all of California

Data Vintage 200610 for CTPP and 20082 for ACS

Due to differences in housing costs and distribution ofiage
workers throughout the state, the jdtmsusing fit indicator is
regionally adjusted to account for these differences.

Other Important Notes (if
applicable)

The indicator measures the relative number of-feage jobs to the availability of nearby affordable
housing. If there is a lack of affordable housing, then workers are forced to commute longer distances
Where there is a better spatial match of jobs and housing, we expect a higher likelihood for reduced travel
and congestion (also fewer GHG and pollutant emissions, and lower travel costs for commuters). Where
there is an imbalance, we can expect incéasenmutes, congestion, and emissions because a shortage
of nearby jobs will mean more residents having to find work farther away and, similarly, a shortage of
nearby housing at job centers will mean fewer residents have the option of living near tesof plark.

This measure of the degree of mismatch between earnings and affordability focuses specifically on low
wage earners. Lowarners, on average, drive older, less-&ffitient vehicles. The environmental benefits
come from decreasing the VMT didse less fuedfficient vehicles. On top of this, the focus on {earners

allows for consideration of equity issues in transportation and housing, as higher transportation costs impose
the greatest burden on lesarners.
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To the best of our knowledge, [abs-housing fit measure has been constructed for the state. Existing and
related works have focused |-bousingfit measune fillathissgapeby i f i c
constructing a statewide jol®using fit measure with regional adjustmetotgiccount for differences in

the cost of living throughout the state.

Data Source

We relied on two publicly available datasets to construct thehjohsing fit measure. Data on jobs by
earnings level were derived from the 20R610 fiveyear Census rensportation Planning Products
(CTPP), which is based on the ACS 202810 fiveyear estimates. Data on housing units by rent levels
come from ACS 2008012 fiveyear estimates. Both datasets representyfaar average¥.

CTPP was chosen over LEHD, ahet widely used data source for job counts, because CTPP has more
detailed information on earnings levels. For example, CTPP covers nine different earnings levels while
LEHD only covers three levels of earnings. The lowest monthly earning category repoledD is

$1,250 or less, which is equivalent to $15,000 per year. Recent studies (Benner and Karner, 2016) on the
jobshousing balance have used this earnings category to definrealm&rs. Unfortunately, using this
earnings cutoff throughout the stateates inconsistencies across counties. The proportion of workers that
make less than $1,250 per month varies from a low 13.5 percent (San Francisco) to a high 40 percent
(Mono) across counties in California. This wide variation means that we are koigad equivalent

bottom segments of the labor force.

Construction Method

Multiple steps were taken to construct the jblosising fit indicator. They are described as follows.

1. Identify analytical regions for regional adjustments.Due to differencesni housing costs and
distribution of lowwage workers throughout the state, the jbbasing fit index required
constructing specific regional adjustments to account for these differences. Combined statistical
areas (CSAs) were used as the core to detetiméndifferent regions into which to assign counties.
The Census Bureau defin€&SAsa s fificonsisting of two or mor e
micropolitan statistical areas S3tirhothérwdrdsC8A subst
can be considedean integrated regional economy. Counties that do not fall in a CSA were either
assigned into the region that was geographically nearby or shares similar characteigsties.
2-75displays the six analytical rems used to construct the jebeusing fit indicator.

38 Census trattevel data from the ACS are only reported through its-fiear estimates due to sample sitbe
2006 2010 CTPHs based on the 2008010 fiveyear ACS
39 hitps://www.census.gov/geo/reference/webatlas/csa.baté accessed: September 12, 2018
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Figure2-75. Map of Analytical Regions for Calculating Jolb$ousing Fit Index
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2. Determine the earnings cutoffs that represent the bottom quintile of th labor force for each
region. We definelow-earnings jobsas jobs with earnings that fall within the bottom fifth of the
labor force within each analytical region. For our purpose, they are equivalentéatoars. The
earnings cutoff that defines thetbbm fifth of the labor force varies across regions due to variations
in the cost of living. For example, the earnings level that corresponds roughly to the bottom fifth
of the labor force in the Bay Area is $18,000 and $11,000 for Northern CaliformitheFstate as
a whole, jobs with earnings of no more than $15,000 constitute the bottom fifth. The earnings
cutoffs for each region were determined using interpolation and each earnings level is rounded to
the nearest thousand.

3. Determine maximum rent level for each region.For each region, we determine the equivalent
maximum rent that a lov@arner can pay given their earnings level. We focus on rental units
because workers with low earnings are more likely to be renters than homeowners. We adopt
Bennerad Karner 6s approach of calculating the max
with low earnings. Benner and Karner use a combination of a standard definition of housing
affordability and some multiple of the monthly leearnings category to dee an affordable
monthly rent cutoff for lowearners. The authors adopt the J@rcent rule to define
affordability t hat i s, an affordable rental home is on
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30 percent of its income on housing and utility costss definition ofaffordability is the most

widely adopted standard and is used by many government agencies. For example, the Department
of Housing and Urban Development (HUD) and local public housing agencies use this standard in
their administration of ental assistance programs including Section 8 HCVs. Along with this
definition of affordability, Benner and Karner also adopt the approach where rent does not exceed
two times the monthly threshold of the l@arnings categoif.Table2-27 lists the earnings cutoff

that constitutes lovearners in each region (roughly the bottom quintile of the labor force for each
region) and their equivalent maximum monthly rent. Using a modified version of Benner and
Kar ner éach, amgifqdalde monthly rent for a l@arner in Southern California with annual
earnings of $15,000 or less would be $750. All rental units with rent levels at or below the
maximum monthly rent are designated affordable rental units. As such, totdbdie rental units

is the sum of all rental units with rents level at or below the maximum rent determined for the
region.

Table2-27. Cutoffs for LowEarners and Maximum Monthly Rent by California Regions

Annual Maximum Maximum Monthly

Earnings | Monthly Rent Rent Calculation
California 15,000 750 (30% x 15,000/12) x 2
Northern CA + 11,000 550 (30% x 11,000/12) x 2
Sacramento 15,000 750 (30% x 15,000/12) x 2
Bay Area 18,000 900 (30% x 18,000/12) x 2
Certral Valley 12,000 600 (30% x 12,000/12) x 2
Coastal 13,000 650 (30% x 13,000/12) x 2
SoCal 15,000 750 (30% x 15,000/12) x 2

Low-earnings jobshousing fit: For each tract, we use a catchment area defined asral@ Buffer around

t he t r ac Thémetrc s thd ratioaf tde total number of earnings jobs within a 2-file buffef

of a census tract to the total number of affordable rental units. The indicator should be interpreted as the
characteristics of the larger geography that surrotndsat tract, i ncluding the tr
has similarity to a spatial moving average.

Assessmenbf Consistency

An important part of constructing any indicator is an assessment and evaluation of the indicator to external
sources. This nopcess allows us to test the robustness of our indicator and to make refinements and
modifications to the methodology where needed. One external source that was suggested by the Advisory
Committee for the CARB/Caltrans project is the jblosising fit indexhat was constructed by Benner and
Karnero6s for the Bay Area. We originall yhouwidgopt ed E
fit but found that the met hod c¢ oukhdusimgditinddxesaappl i e

40 Karner and Benner use LEHiata which uses a $1,250/month wage threshold (equivalent to an annual income of

$15,000). Taking into account the c-to-hauangmatmandtheé i cs of t
composition of jobs per household, the authors experimentadiging a threshold that is 1.2 times and 1.5 times
LEHDG6s $1, 250/ month. These produced annual i ncomes wel

developers as losincome. Given this, the authors set theirdaage threshold at two tim&d.,250/month, defining
low-income with an annual income threshold of $30,000.
41 The 2.5mile straightline distance of the populatiemeighted centroid of a census tract.
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modified ve si on of Benner and Karner 6s Hdmading Gtibalamce we | |
including the work done by Cervero (1989, 2006).

This secti on e3’ausing fitimeasure@idikst BenneramdKarfigure2-76 compares
CNKbés-hpabsng fit measure against Benner and Karne
are fairly consistent, particularly within the major urban areas including the East Bay and San Francisco.

The differences betweehe two, mainly in the less urban areas, may be related to the differences in job
counts between the two different datasets being used. Benner and Karner uses 2011 LEHD LODES for jobs
while our metric relies on 2008010 fiveyear CTPP. CTPP includes vikers not in the unemployment

insurance (Ul)/disability insurance (DI) system, such as many agriculture workers. This could contribute to

a higher jobshousing fit index in less urban areas. CTPP also includesmglioyed, thus a possible job

housing rath in areas with relatively more sadfmployed workers such as in the Silicon Valley. LEHD only

reports job counts that receive UI/DI and does not include thesglioyed.

Figure2-76. Map Compar JohsfoCBKég Fit | ndex t ofortheBaper and
Area

Benner and Karner (LEHD + ACS) UCLA CNK (CTPP + ACS)

Ratio of low-earning jobs
to affordable housing
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jobs./
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rental units.

4/2/2018

The differences may also be due to differences in housing data used. Housing unit data for Benner and
Kar n e r-libssing fionesic comes from the 20@011 fivey e ar A CS. useditketAES dath s o
but a diff er er20l2fiveperaddGE "t he 2008

Differences in the definitions for what constitute learners and affordable rental units are also some

possible reasons that may explain the differences between the two measures. &d Karner define

low-wage jobsas jobs with monthly earnings of $1,250 or less which is equivalent to $15,000 per year.
Rather than using one earnings cutoff and applying it for the whole state to Idefiearners CNK 6 s
defineslow-earnerswith earnings that fall roughly within the bottom cfitth of the labor force. Benner

and Karner use a cutoff of $750 per month as the cutoff for affordable housing. Any rental units with rent

l evel s at or | ess than $75 0BaywAraalAdwithdefinm@loveainetse r e d A a
CNK uses a different refével cutoff for each region to determine what constitutes affordable rental units.
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CNK uses a cutoff of $950 per month as the maximum monthly rent foedomers in the Bay Area,
althoughthe Bay Areais defined differently than the definition used by Benner and Karner.
Results

California census tracts are categorized i-nto or
housing fit index. Each decile category represents roughlgetcent of the census tracts in California.

Higher deciles represent neighborhoods with the most affordable housing deficit relative to the number of
low-wage jobs, and the lower deciles represent neighborhoods with a deficit-ofalgevjobs relative to

the amount of affordable rental housirigjgure 2-77 compares the median JHF index in each decile

category normalized by the lowest decile. A value greater than one indicates that the JHF index is higher
than the dbwest decile category by that value.

Figure2-77. JobsHousing Fitindex by Census Tract Decile Rankings
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Maps

The map displays the jolf®using fit index by census tract. California census tracts aidediinto five
guintil es b as ehbusiogfiindéxeEadch quantiletcdntaing raughly 20 percent of all census
tracts in the state. Neighborhoods in the highest quintile represent areas with the most affordable housing
deficit relative to tke number of lowwage jobs and neighborhoods in the lowest quintile are areas with the
most lowwage jobs deficit relative to the amount of affordable rental housing.

California

Californiads major metropol it an dabledasng deficd, whilé | v ap |
more rural areas show a lemage jobs deficit relative to the amount of affordable rental housing. (See
Figure2-78). This may partially be due to the fact that many of the rural are@gagraphically large with

small populations.
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Bay Area

In the Bay Area, neighborhoods where there is a scarcity of affordable housing relative to low wage jobs
tends to be in the urban areas (e.g. eastern part of San Francisco and the westerGagarBay).
Neighborhoods outside of the urban core tend to have the opposite patterns (e.g. eastern parts of the East
Bay and parts of Marin County). (SEgure2-79)

Los Angeles
The urban core of Los Angeles aoohg Beach has a relative deficit of low wage jobs, and neighborhoods
in the surrounding rings have the opposite (e.g. the coastal neighborhood§&jg(e2-80).
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Figure2-78. Map of JobsHousing Fit Index, California
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Figure2-79. Map of JobsHousing Fit Index, San Francisco Area
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2.3.14Job Density

This subsection documents the construction of the job density (jobs per square mile) indicator.

Table2-28. Summary Table for Job Density Indicator

Key Indicator Information

Units Number of jobs per square mile

Category in Mapping Tool i So-OenmmEcono

Display Method in Mapping | o e (visualized in quintiles)

Tool

Precision Assumed to be relatively high

Methodological Complexity Simple calculatin of density

Geographic Resolution Census blocks aggregated into Census tracts

Key Information about Data Sources Used to Construct Indicator

Data Sources Used to Constru¢ LEHD LODES (jobs)and U.S. Census Burefland aredor tracts)
Jdbs data not based on sampling; large number of observation!

Sample Size based on administrative data

Biases Jobs data does not include workers outside of the UI/DI progra
May be affected by the shetdrm business cycle.

Geographical Unit Census tract

GeographicCoverage Covers all of California

Data Vintage 2017

Other Important Notes (if Counts of jobs represents iA

applicable) private and primary and secondary jobs)

Data Source

Jobs data is derived from the 2017 Workplacea Characteristics file in LEHD LODES. The WAC file
shows where jobs are physically located. This data is available down to the census block level and was
aggregated to the census tract for this project. (See description of LEHD dataset in the jaeatoays
Census tract information on land area in square miles comes from the U.S. Census Bureau.

Construction Method

We compute job density as the number of jobs divided by a census tract geographic area in square miles.

(Job DensityFJ/A;
Forcensustractsj=1..n

J is the number of jobs reported by LEHD, and A is the area.

Results
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California census tracts are categorized into ord
Each decile categongpresents roughly 10 percent of the census tracts in Califeigiae2-81 compares

the median job density in each decile category normalized by the lowest decile. A value greater than one
indicates that the jobdensity for that decile is higher than the lowest decile category by that value. For
example, the median job density in the highest area is over 500 times as great as in the lowest area,
representing neighborhoods with the most concentrated jobs.

Figure2-81. Jobs per Square Mile by Census Tract Decile Rasking
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Maps

The following maps displays job density (jobs per square mile) by census tracts. California census tracts
are divided into five quintiesbhade on the tractés job density measur
percent of all census tracts in the state. Neighborhoods in the highest quintile represent areas where job
density is highest and neighborhoods in the lowest quintile are areas alhdempity is lowest.

California
On the state level, job density tends to be higher in the urban areas. Rural areas have less jobs and jobs are
more geographically dispersed. (Fégure2-82)

Bay Area

In the SanFrancisco area, neighborhoods with the highest job density are concentrated around central
business districts (e.g. the downtown areas of San Francisco and Oakland) and around other employment
centers (e.g. the sites for high tech firms). (Sigeire2-83)

Los Angeles Area

In the Los Angeles area, neighborhoods with the highest job density are concentrated around central
business districts (e.g. the downtown areas of Los Angeles and Orange county), major employment
centers (e.g. sites for firms in the entertainment industries), and business corridors (e.g. Wilshire corridor
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in Los Angeles). There are neighborhoods within the urban core with low job density such as South LA.
(SeeFigure2-84)
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Figure2-82. Map of Jobs per Square Mile, all of California
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Figure2-83. Map of Jobs per SquaiMile, San Francisco Area
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Figure2-84. Map of Jobs per Square Mj Los Angeles Area
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Chapter 3 Distributional Analysis: Neighborhood Variations in
Transportation Disparities by Income Group

This section illustrate one way of utilizing the transportation disparity database by examining how
transportation disparities vary across neighborhoods in California. We do this by comparing variations
among tracts categorized by household income. Tracts are grouped baseid median income relative

to their regi ondés aver agspecifibn &NlIg).aUsingithe cegional aerag¢ Kd's r
accounts for geographic differences in earnings and cost of living. We use the following four raéges: O
percent(lowest income reighborhoods), 680 percent(low-income neighborhoods), BD40 percent
(middleincome neighborhoods), and ¥@ercent(high-income neighborhoods). These categories are
often used directly or indirectljtiroughcorrelation with poverty) by policy to degiate eligibility for
placebased progranf€.The numbers of tracts in each category are not identical because income is not
evenly distributed (skewed to the right). ApproximatelypE3centof tracts are in the lowest range, 18
percentn the lowrincome ange, 4&ercenin the middle, and 2percentat the top.

3.1 Characteristics by AMI Neighborhood Categories

Table 3-1 provides sociodemographic profiles of the AMI neighborhood categoriesloWest income
neighborlvods have disproportionately more Hispanic and Black residents and \fiéhitr residents;
conversely, the most affluent neighborhoods have méhite residents and fewer Hispanics and Blacks.
Three times as marBlack Californians reside in the most ecorioally disadvantaged neighborhoods than

in the most affluent neighborhoods. Moreover, immigrants \tlglishlanguage barriers are more
concentrated in thipwest incomeracts. Not surprisingly, the lowest income places have higher average
poverty rateghan affluent neighborhoods. The average poverty rate in the forrmaréstharfive times

the rate in the latter. Lastly, the lowest income neighborhoods are predominately renter neighborhoods. On
average, nearlthreequarters of households in tlmves incometracts are renter households compared to
roughly a quarter of households in the highest AMI tracts.

Table3-1. Sociademographic Profiles by AMI Neighborhood

Lowest Middle

Income Low Income Income (80 High Income
I 0, 0,
(©i60% Amly  (60180%) 140%) (140%+)

%NHWhite | 17% 26% 43% 58%
% Black | 11% 7% 5% 3%
% Hispanic |  59% 54% 35% 17%
% Asian | 11% 10% 14% 17%
% Immigrants | 36% 31% 25% 21%
%LEPHHs |  20% 14% 7% 4%
%Poverty |  31% 21% 11% 6%
%Renters | 74% 59% 41% 24%
n (census tractsi 1,071 1,460 3,840 1,595

42 For examples, see Noli Brazil and Amanda Portier. (2080&sting in Gentrificatin: The Eligibility of
Gentrifying Neighborhoods for Federal PlaBased Economic Investment in U.S. Citlétary Gelfond and Adam
Looney. (2018). fiLearning fr om-bCapspeod tpuonliitcyi eZso.noe sBr oHookw r
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3.2 Methodological Approach to Distributional Analysis

For each AMibased category, we also develop a profile of how many neighborhoods fall into one of our
transportation disparity categories. We illustrate #pproach with an exampleTiable3-2 using the data

on the number of #Aclunkerso as a share of the tot
ranked (from tracts with the highest share to the lowhkare) into quintiles from those with the fewest
clunkers as proportion of the neighborhood vehicle stock to those with the most clunkers as proportion of
the neighborhood vehicle st ock.peEenbfhlltracts{itahodtder ¢ qui
be noted that not all disparity indicators can be ranked into equal quintiles. See discussion in previous
section.)Table3-2 lists the distribution of tracts by clunker quintiles and AMI income range.
Table3-2. Presence dfiClunker® by Neighborhood Income, Number of Tracts
Lowest Incom{  Low-Incomqg Middle-Incomé High-Income
Neighborhood| Neighborhood| Neighborhood| Neigborhood
0-60% of 60-80% o 80-140% o 140%+ 0 Row
Number of Tracts . . . .
Regional AM| Regional AM| Regional AMI| Regional AMI Total
All Neighborhoods by Income
Relative to Regional Average 1,071 1,460 3,839 1,593 7,962
Fewest Clunkers as Share ol
Neighborhood Vehicle Stock 87 114 650 739 1,590
2nd Fewest Clunkers as Sha
of Neighborhood Vehicle Stog
90, 187 854 465 1,596
Middle Range of Clunkers as
Share of Neighborhood Vehig
Stock 178 274 922 222 1,59§
2nd Most Clunkers as Share
Neighborhood Vehicle Stock 307 427 771 88 1,503
Most Clunkers as Share of
Neighborhood Vehicle Stock 409 456 641 79 1,585
The table reveals two notable phenomena. The first is that relatively few of the lowest income
nei ghborhoods arerism ghé nfif b we simwame haighbdrhovds. Theh e  h i
opposite pattern also holds: relatively more of tt

quintile compared to the highcome neighborhoods. These outcomes are not surpristagdmresidents

in thelowest incomeplaces do not have the financial ability to purchase newer (and cleaner) vehicles. The
second phenomenon is that there is heterogeneity within each of the income categories. In other words, one
should not assume thatl aif the lowest income neighborhoods are identically characterized as being
over whel med. @his dées hounedate thesfact that a disproportionately high number-of low
income tracts face this problem.) This heterogeneity has policy implicakongxample, an incentive
program to remove clunkers would be appropriate for many dbthest incomeneighborhoods but may

not be appropriate for others.

Table3-3 uses the information from the previous tableaculate column percentages. For example, the
percent in the second cell i n 1t6h0e% fAMIsot ccod |uummn)
divided by 1,071 tracts, orf@ercent The sum of individual percentages in a column is by definégural

to 100percent The advantage to these calculations is that it normalizes the statistics, thus accounting for
the uneven distribution by income categories. These statistics show tlatvéise incomeneighborhoods

(i Pt
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i most cl

are less than onfifth as likely t o
neighborhoods. Moreover, thewest incomeneighborhoods are nearly eight times as likely to be in the
g u tincome heghbartmodp. hese cire substartialrgifies that

have implications, including the generation of molsikeirce pollution.

unker o

be

i n

t he

nf ewest cl

Table3-3. Presence dfiClunker® by Neighborhood Income, Column Percent

uimc&n®r 0

Lowest Incom{  Low-Income Middle-Incom¢q High-Incomg
Neighborhood| Neighborhood| Neighborhood| Neigborhood
0-60% of 60-80% o] 80-140% o 140%+ o Row|
Column Percents . i . .
Regional AMI| Regional AMI| Regional AMI| Regional AM| Total
All Neighborhoods by Income
Relative to Regional Average 100% 100% 100% 100% 100%
Fewest Clunkers as Share ol
Neighborhood Vehicle Stock 8% 8% 17% 46% 20%
2nd Fewest Clunkers as Sha
of Neighborhood Vehicle Stog 8% 13% 22% 29% 20%
Middle Range of Clunkers as
Share of Neighborhood Vehig
Stock 17% 19% 24% 14% 20%
2nd Most Clunkers as Share
Neighborhood Vehicle Stock 29% 29% 20% 6% 20%
Most Clunkers as Share of
Neighborhood Vehicle Stock 38% 31% 17% 5% 20%

Figure3-1 is a graphic representation ®able 3-3. The illustration makes the overall pattern of income
inequality in the distribution of clunkers visually evident.
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Figure3-1. Relative Presence of Clunkers
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We use comparable graphs to summarize the patterns of other indicators by neighborhood income
categories. The percentage values for each graph can be found in Agpendix

3.3 Distribution of Indicators by AMI Neighborhood C ategories

Figure3-2 shows the distribution of aviasurance premium quintiles by AMiased neighborhoods. The

darkest shade of yellow in the figure represents neighborhoods with the highest auto insurance premium.
(Higher insurance premiums can reduce oneb6s abili:t
Proportionally more lowest income neighborhoods fall into the highest quintile for auto insurance premium

rate compared to the more affluent censasts. In other words, drivers in lemwcome areas are
significantly more likely to pay a higher auto insurance premium than thetirigine counterparts.
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Figure3-2. Distribution of Autolnsurancé’remiums Quintiles by Regional AMBasedNeighborhoods
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Figure3-3descri bes the distribution of subprime mortg
acr oss CHasdd sieighbdrhoods in California. (Highl®rrowing rates reduce the ability to own

a private vehicle.) The darkest shade of blue represents neighborhoods with the highest subprime mortgage
loans, and the lightest shade represents neighborhoods with the fewest share of subprime loans. Lowest
income neighborhoods are much more likely to fall into the quintile with the highest subprime mortgage
loans, about 17 times more likely than affluent neighborhoodpd#dentvs. 2 percen). This means that

residents in the lowest income neighborhoodsigrefcantly more likely to face financial barriers because

of high interest rates.

Figure3-3. Distribution of LendingBarriers Quintiles by Regional AMBasedNeighborhoods
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Figure3-4 highlights the distribution of newer clean vehicles (model years between 2013 and 2017) across
CNK AMI-based neighborhoods, with the darkest shade of green representing neighborhoods with the
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highest share of newer clean vehiclesaNy half (4Goercent of the most affluent neighborhoods fall into

the quintile with the highest share of newer clean vehicles. The opposite is true for lowest income
neighborhoods whereby onlypg@rcentfall into the quintile with the highest share déan vehicles. In
contrast, nearly half (48ercen} of lowest income neighborhoods ranked in the quintile with the least share

of newer clean vehicles. The findings are expected given that newer clean vehicles are often more expensive

and attainable by tse with higher incomes.

Figure3-4. Distribution offiNeweld CleanVehicles Quintiles by Regional AMBased\Neighborhoods
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Figure 3-5 highlights the distribution foolder clean vehicles (mainly hybrids, model year 2012 or earlier,
which pollute | ess and have better gas mileage
based neighborhoods, with the darkest shade of green representing the highesoktereleén vehicles.

The distribution of older clean vehicles is almost identical to the distribution of newer clean vehicles
discussed previously. Lowest income neighborhoods have disproportionately fewer older clean vehicles
compared to the most afflueneighborhoods.
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Figure3-5. Distribution offiOldem CleanVehicles Quintiles by Regional AMBasedNeighborhoods
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Figure 3-6 shows the distribution of clunker veleés (model years of 20 years and older, which tends to
pollute more than n e-based aeigsbprhoads with the daikeastksibade ofAbivbivn

representing neighborhoods in the quintile with highest share of clunker vehicles. This graph ithalmost
inverse of the previous two graphs on newer and older clean vehicles. Here, a disproportionate number of
lowest income neighborhoods (B8rcent fall into the highest quintile of clunker vehicles compared to the

highestincome neighborhoods (ercet), nearly eight times as likely.

Figure3-6. Distribution of iClunked Vehicles Quintiles by Regional AMBased\eighborhoods
Distribution of "Clunker" Vehicles Quintiles by
Neighborhood AMI
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Figure3-7 illustrates the distribtion of average household vehicle miles traveled (HVMT), which includes
trips covering all ipasedmaghboraoods.alberdarkes shadrbfrépseseAtd |
neighborhoods in the quintiles with the highest average HVYMT and the lightekt sfigray represents
quintiles with the lowest average HVMT. The pattern indicates that average HVMT increases with

175



household income. Affluent neighborhoods are much more likely to fall into the quintile with the highest
HVMT, nearly 15 times more likelthan lowest income neighborhoods (#Fcentvs. 2 percen}. In other
words, residents in highéncome neighborhoods generate more household VMT on average than their
lowerincome counterparts.

Figure3-7. Distribution of VMT per Househol®uintiles by Regional AMBasedNeighborhoods

Distribution of VMT per Household Quintiles
by Neighborhood AMI
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Figure 38 i |  ustrates vehicles mil es travel ebdsedf or

neighborhoods where the darkest shadgrayrepresents neighborhoods with the highest average CVMT
and the lightest shade represents neighborhoods in the lowest CVMT quintile. Similar to the previous
analysis on HVMT, affluent neighborhoods also have higher than average CVMT. Nearly a @Barter
percen} of highrincome neighborhoods fall into the quintile with the greatest CVMT compared to less than
onefourth (15 percenf of lowest income neighborhoods. In other words, workers in-imgbme
neighborhoods generate more VMT for commute purpdsan workers in lowest income neighborhoods.

Figure3-8. Distribution of Commut&/MT per WorkerQuintiles by Regional AMBasedNeighborhoods
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by Neighborhood AMI
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Figure 3-9 highlight s the access to empl oy ment opfhasedt uni t i
neighborhoods, where the darkest shade of yellow represents census tracts with the highest access and the
lightest shade of yellow for the lowest access. Roughly one in threge8én) lowest income
neighborhoods fall into the quintile with the greatest access to employment opportunities, which is nearly

three times as likely than affluent neighborhoods f{8tcentvs. 13 percen}. This trend partially aligns

with the CVMT distritutional analysis in which lowest income neighborhoods have the lowest average

CVMT partially due to their higher access to employment opportunities. However, their increased access

to employment opportunities does not mean that these households workeirethigloyment areas due to

a possible skills mismatch.

Figure3-9. Distribution of Accesso EmploymentOpportunity Quintiles by Regional AMBased
Neighborhoods
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Figure3-10 represents the distribution of the availability of public park spacg@opulatiora c r o s s CNKd& s
AMI -based neighborhoods where the darkest shade of green represents neighborhoods ranked in the highest
park availability quintile and the lighteshade represents those ranked in the lowest quintile. Access to

parks promotes active transportation and health. There is a stark difference in park availability between
lowestand the higheshcome neighborhoods. Lowest income neighborhoods are mucHikadyeo fall

into the quintile with the lowest availability of public parks and open spacee tharfive times as likely

as affluent neighborhoods (g@rcentvs. 7 perceny.
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Figure3-10. Distribution d Availability of PublicParkSpaceby Regional AMiBased\Neighborhoods
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Figure 3-11 represents the distribution of bikeway availability per population across-basikd
neighborhoods where the darkest shade adrgrepresents neighborhoods ranked in the highest bikeway
availability quintile and the lightest shade represents those ranked in the lowest quintile. Bikeway
availability promotes active transportation and follows a similar pattern as public park &tailabi
previously discussed in which lowest income neighborhoods have the least availability andihéginest
neighborhoods have the most availability. For example, lowest income neighborhoous@tbanwo

times as likely than their higincome counteparts to fall in the quintiles with the least bikeway availability

(28 percentvs. 11 percen}.

Figure3-11. Distribution of Availability of Bikeways by Regional AMBasedNeighborhoods
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Figure3-12i | l ustrates the distribution of tr afldased c ol

neighborhoods with the darkest shade of brown representing neighborhoods in the quintile with the highest
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rates of trafficcollisions and the lightest shade representing neighborhoods in the lowest quintile. There is
a clear trend that traffic collisions decrease with higher income neighborhoods. Lowest income
neighborhoods are much more likely to fall into the quintile wihg highest share of traffic collisions,
about 10 times more likely than affluent neighborhoodpés8entvs. 5 percen}. In other words, residents

in lower income neighborhoods significantly have more traffic collisions than higb@me
neighborhoods.

Figure3-12. Distribution of TrafficCollisions Quintiles by Regional AMBasedNeighborhoods
Distribution of Traffic Collisions Quintiles by
Neighborhood AMI
Lowest = m m mHighest
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Figure 3-13 shows the distribution of changes in the rental housitagket acros€C N K 6 s -basétl
neighborhoodsThis indicator incorporates changes in the neighborhoods share of renters, average rent,
and rental housing burden. The darkest shade of brown represents neighborhoods in the quintile with the
highest degree afieighborhood change and the lightest shade represents neighborhoods in the lowest
quintile. The results indicate an uneven recovery of the rental housing market. More affluent neighborhoods
are more likely to be in the highest change quintile, indicatibgst increase in demartdowever lowest
incomeneighborhoods are disproportionately overrepresented in the lowest change quintile, indicating a
lesser increase in demandhe difference in demand is consistent with fodowing findings on
neighborhoodthange in socioeconomic statlifie stakeholders for this project are interested in whether

the changes in the rental market indicate gentrificatiolowtincome neighborhoods, which would be
manifested by rapid increases in rent and housing burden16pbrcenbf lowest income neighborhoods

fall into the top quintile, and this pattern does not suggest widespread gentrifitatsostill possible,
however, that some of these lowest income neighborhoods in the top quintile are experiencing gemtrifica
pressures.

179



Figure3-13. Distribution of Changes in Housing Market Variables by Regional BSlsiéed
Neighborhoods

Distribution of Housing Market Neighborhood Change by
Neighborhood AMI
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Figure 3-14 shows the distribution of neighlimod change as it relates to socioeconomic characteristics
across CNK 6 s -basdtll neighborhoodsThe underlying indicator incorporates changes in a
neighborhood's average household income, earningspfiagdeeducated population (human capital). The
darkest shade of blue represents neighborhoods falling into the quintile with the highest degree of change
(improvement) and the lightest shade represents the lowest. The results capture a disparity in the economic
recovery from the Great Recession. Afflueeighborhoods tend to be more likely to experience better
recovery (disproportionately more in the top quintile), while lower income neighborhoods tend to be more
likely to experience worse recovery (disproportionately more in the bottom quikiileever 17 percent

of lowest income neighborhoods are more likely to fall into the quintile with the least economic
improvements. This indicates a widening economic divide between places at the appisitd the

economic ladder.
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Figure3-14. Distribution of Changes in Socioeconomic Variables by Regional-Bhted
Neighborhoods

Distribution of Socioeconomic Neighborhood Change by
Neighborhood AMI
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Figure3-15i | | ustr at es | ob d-leased neighborteoads itk the darie stdghsf gréei |

representing the highest value of job density and the lightest shade representing the lowest. Job density
tends to increase as neighborhood income decrelslegs. thana third (35percen} of lowest income
neighborhoods fall into the quintileith the highest job density, about three times as likely asihigime
neighborhoods (3percentvs. 12 percen}. This is expected given that there is a concentration of jobs
centers in the urban core where many-losome populations reside as opposed tdispersal of high

income neighborhoods away from the core to predominantly residential suburbs.

Figure3-15. Distribution of JobDensity Quintiles by Regional AMBased\eighborhoods

Distribution of Job Density Quintiles by
Neighborhood AMI
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Figure3-16 summarizes the indicator fwfbsi housingf i t a c r o s shas€iM&ghtsorhadds iwhere

the darkest shade of blue represents neighborhoods with the most affordable housing deficit relative to the
number of lowwage jobsand the light shade of blue represents a deficit ofi@age jobs relative to the
amount of affordable rental housinijlore thanhalf (53 percent of lowest income neighborhoods
experience a lovwage job deficit. In addition, almost pErcentof censudracts in highincome areas are

ranked the highest category, meaning they have an affordable housing deficit. The obséhmdinb
mismatch can contribute to more commute VMT.

Figure3-16. Distribution d Jobs HousingFit Quintiles by Regional AMBasedNeighborhoods

JobsHousing Fit Quintiles by Neighborhood AMI
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Unlike previous indicators, the access to HQTL indicator cannot be evenly distributed into quintiles because
the very bottom range of accessibility (no access to HQTL) has a clustersosdeacts that comprises

more than 2@ercenbf total tracts. Because of this clustering, we create a separate category for tracts with
no access to HQTL and then redistribute the remaining tracts across four categories, from very low access
to completeaccess.

Figure3-17 summarizes a distributional analysis of HQTL by AMI category and includes the adjustments
made to the HQTL categories. There are two notable patterns. Hi@3i.s are completely absent in
appioximately 4 in 10 census tracts. (These neighborhoods could have some transit service, but not
sufficiently frequent to be designated as being HQThe lack of HQTL is particularly noticeable in high
income tracts (more than half of tracts). Howeves ihnot a particularly severe barrier to mobility because
these neighborhoods have regdilvailableaccess to private vehicles. The second notable pattern is a
significant number olfowest incomeracts (0 60 percentAMI) have good HQTL coverage. The idsnts

in roughly onein-three tracts in thlowest incomeneighborhoods have complete access to HQTL. These
findings are not surprising given that many émmcome neighborhoods are more likely to be in the urban
core in or near commercial and job cegtevhich tends to have denser transit service for incoming workers
and consumers. Further, lower income residents are more likely to be public transit users, due in part to
barriers to automobile ownership. Unfortunately, many residents ilowest incone neighborhoods do

not have good access to HQTL. Ab&uin 100f these neighborhoods either lack any HQTL or have far
too few (the bottom two categories).
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Figure3-17. Distribution of Access to HQTL by Remnal AMI-BasedNeighborhoods

Distribution of Access to HQTL
by Neighborhood AMI
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Summary of Findings

The distributional analysis shows considerable transportation disparities across neighborhoods by economic
(relative AMI) status. Lower income neighborhoods experience several challenges: more bareieicde

ownership, disproportionately fewer clean vehicles and more clunkers, more limited ability to travel (lower

VMT), and less access to infrastructure supporting active transportation. Differences for the other indicators
(e.g., neighborhood changepsi housing fit, job density) also show systematic differences, ones that

require additional analysis to fully understand the consequences and implications. The diversity of
transportation characteristics, even within income quintiles, indicate thdbr@&lihas a complex and
highly heterogeneous neighborhood s-gstzem, appdoach
promoting equitable sustainable development. Practical solutions should be customized to the particular
characteristics of each place

Similar distributional analysis should be conduct
designat ed blgw-i lacloBEieA caommdmum i ti esd in Assembly Bill
equitable and effective implementation of environmeatal climate change policies. Additionally, the

same type of analysis can be replicated to look at the distribution of ethnoracial groups by the transportation
disparity indicators. While Proposition 209 limits the use of race in allocating funds arakseitvis still

important to understand analytically how marginalized people of color are affected by unequal access to
transportation and transportatioglated resources. These insights could identify the (overtly nonracial)

social and economic mechamis that generate inequality and enable the state to develop policies and
programs to address those unfair processes.
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Chapter 4 Conclusion and Recommendations

The purpose of this project is to develop a set of key indicators to help public agencies and stakeholde
identify the causes, characteristics, and consequ
products are a statewide database and data/mapping“pdrthli s pr oj ect wi | | contr |
commitment to ensure th&dw-incomepopuldions and neighborhoods benefit from its climate change

policies whichinclude AB 32, SB 375, SB 350, and SB 150. Our products, findings, and recommendations
complement other efforts to increase the effectiveness of transporaaded investments, ietventions,

and other efforts to improve employment, educational, and health outcomes {imictone populations

and neighborhoods.

The indicators utilize the most recent and available data from the past decade to document neighborhood
level (census trapdisparities across the state in access, quality and burden of transportation resources,
along with other relevant phenomena such as neighborhood changes. The final products are not
comprehensive given data limitations and limited resources; nonethebess, of the indicators
significantly augment, refin@end expand the stateds information on
goal of attaining equitable sustainability in response to climate change.

The development of the statewide database, sogéool, and data/mapping portal was guided by three
principles: factors identified in the literature as being important; technical feasibility with the available data,
time, and funding; and priorities identified by Advisory Committee and CARB staff.

4.1 Assessing the Data, Indicators, and Measures

The transportation disparity database contains two types of indicators. The first includes those previously
developed by CNK prior to this project and preexisting ones from other sources, which were evaluated t
determinghe oneselevant for inclusion. Some of the prior CNK information comes from an earlier project
that examined factors relevant to sustainable community strategies.

The second type of indicators includes new ones constructed by the prbis@tfdrt involved five steps.

The first was to access and assemble data from multiple sources: readily available public datar{e.g.,

the U.S. Census Bureau), specialized data from public agencies (e.g., clean and clunker vehicles), and
nonpublic enties (e.g.jnsurance premiumsgtep two assessed potential input data for quality, timeliness,
precision and accuracy, and consistency. Step three used spatial tools to construct metrics (e.g., the
availability of nearby parks to neighborhood reside@®p four evaluated those newly constructed metrics

by comparing to similar preexisting ones. And step five ranked the metrics where appropriate.

Overall, the statewide database includes a total of 40 indicators of which 17 areocdbikucted
indicatoss. Of the 17, 13 are newly constructed for this projectdawere adopted and/or refined from a
previous project conducted by the researchers for CARB and Califlamsemaining 23 indicators are
from other sources.

Before summarizing the results oktanalysis, it is important to note the limitations in our data and methods

in the construction of indicators and measures. The indicators are not perfect. Some of the underlying input
data have limitations because of inconsistency in reporting periadtionas in definitions, sampling and

other types of errors, geographic coverage, spatial misalignment, data suppression, and missing
information. Moreover, there can be methodological and subjective disagreements on how to transform and

43To accesshe data/mapping portal visit:
https://experience.arcgis.com/template/9¢13f35df3904dcb80530d0df49bdf9e
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weigh input varial®#s, report and categorize outputs, and interpret the results. When an indicator suffers

from one or more of these limitations, this project reports the outcomes in ways to avoid false precision,
such as using ordinal ranking into broad categories. Desgitee s e | i mi t ati ons, analyz
information sheds new light on the nature, patteand magnitude of transportation inequity.

4.2 Results and Findings

The project conducted a distributional analysis to determine patterns of transportataitiesspcross
neighborhoods (tracts). This was done by compdowgr incomeneighborhoods with more affluent ones,

which are defined by a tractés median househol d in
and quantified that lovincometracts experience several challenges: more barriers to vehicle ownership,
disproportionately fewer clean vehicles and more clunkers, more limited ability to travel (lower®/MT),

and less access to infrastructure supporting active transportation. Diffeifen¢he other indicators (e.qg.,
neighborhood changmbs housingfit, job density) also show systematic inequities. These disparities must

be addressed amtbnsideredvh en r ef i ning and i mplementing Califor

The other mpr finding is a significant diversity in transportation characteristics antfowgincome
neighborhoodgand higher income ones). For example, while nmstincomeneighborhoodsare park

poor, some are not (albeit disproportionately fewer in number).aNldow-incomeneighborhoods are
identical in terms of their transportation challe
heterogeneous neighborhood system means -dihadod equ
approach to promotingquitable and just sustainable development.

4.3 Recommendations

Given the results of the analysis, our recommendations include the following:

On data and methods:

1. Update and refine data and indicators used in the statewide database, screening tool, and
data/mapping portal.
a. Evaluate the indicators to identify possible enhancements
b. Refine indicators to address data construction issues documented in this report, for example
data on accessibility to bikeways
c. Expand indicators to incorporate broader opiniofisdata construction, specifically
relating to the park availability per population indicator
i.  Inaddition to measuring the amountpaiblic park spacavailable to a population
in and around a tract (park availability), it is also important to measure the
proportion of a population that is withinamehalf mile buffer around the park
(park access).
2. Il ncorporate nontraditional data sources | ike 0
a Utilize Abig datad such as s marctapditravele GPS |
These data can improve accuracy of our indicators like vehicle mélesledfor both
personal and work trips or quality of public transportation locations.

44The societal implications of VMT are complicated. There aréipes and negatives. For example, higher VMT

is partially correlated with greater access to opportunities. At the same time, higher VMT can generate pollution that

can impact the environment and health. The relationship between VMT and outcomes aeslatarhy other

factors such as availability of public transit, amenit
Therefore, there is no single positive or negative value that can be reasonably assigned to VMT.
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3. Develop a composite score for a selected number of transportation related indicego

a. Currently, the database has a large number of indictitatghe existing literature and
previous research have documented as being associatethavithuses, characteristics,
and consequences of transportation disparities. For some users, a\snglieranking of
transportation disparity may be useful. This has been done for other topics, such as the
composite ranking in CalEnviroScreen 3.0 to identify environmentally disadvantaged
neighborhoods, or the CDC's Social Vulnerability Index used feastiér planning and
more recently for prioritizing COVIEL9 responses. Developing a single composite score
for transportation disparities would involve at least two elements.

I.  The first element is analytical to identify commonality and differences in the
input indicators. This can be done using correlation, principle components, or
cluster analysis. Input indicators that are very similar can be consolidated without
much loss in underlying information. Disparate indicators can still be aggregated,
but this ca be more challenging because the final scores or rankings are more
difficult to interpret. Whether this outcome is prevalent or not should be
determined empirically.

ii.  The second element is weighting the input, deciding which input variables are
more imporant (greater weight) or less important (lesser weight). This can be
partially done empirically, using analytical techniques such as cost effectiveness
of competing investments; however, there are subjective values that reflect
normative judgments. Promogirequity and fairness, for example is normative, a
goal that many value independent of objective costs. Normative values are likely
to also exist in prioritizing what transportation equity goals are preferred.
Although difficult to quantify, these subjeeti preferences are important in
formulating public policy.

On findings:

4. Use findings to refine and revise Regional Transportation Plan (RTP)/Sustainable
Communities Strategy (SCS) plans.

a. The RTP/SCS plans are evaluated primarily to ensure the reasmssblef longerm
forecast models and their application to alternative policies, plans, and projects. This
research should complement the RTP/SCS evaluations as it provides a clearer picture of
causes, characteristics, and consequences of transportaparitiés at the neighborhood
level. CARB must refine the RTP/SCS plans to address these inequities and provide
appropriate solutions to meet their SB 375 goals

b. Findingsregardingncome and access is an assessment of systemic inequities at the local,
regonal, and state level. CARB must address these inequities in their RTP/SCS plan
revisions.

i. Programs specific tolow-income communities or undergoing significant
neighborhood change would benefit from plhe@sed resources catered to fill gaps
in access tguality transportation, healtare, parks, etc.

On future and expanded efforts:

5. Standardize data collection, data reporting, and appropriate adjustments to compare data
across California.
a. Jurisdictions have a number of dimensions, standards, andblewefar data collection.
While we understand that this may meet their particular needs, these inconsistencies make
it difficult to draw comparisons across regions for the state as a whole.
i.  Measuring availability of bikeways resulted in a number of inctescies as
MPOs differed greatly in how they classified bikeways and mapped their length.
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b. Data are difficult to compare across regions witramjtisting
i.  Cost of living differs based on basic expenses in a given area and determines how
affordable it is tolive there. We constructed our ANbased neighborhoods by
comparing census tractsod6 median househol
California should consider standardizing adjustments for other indicators such as
transit qualitypecauseccess to high-quality transit differs irhigh-density urban
areas versus rural tow-density regions.
c. California should only use stagpecific data and measures when constructing indicators.
The state should limit the use of models that are based e@aldornia locations. Efforts
that impute California values into these models may produce inaccurate or misleading
results.
i.  The Center for Neighborhood Technology H+T Index used Chicago and St. Louis
VMT information and behavior to build their model and therefeoalld produce
misleading results using California values.

6. Public access and data transparency should be prioritizegvhich means we should regularly
evaluate how well the data portal meets the needs of stakeholders and local and regional
planners.

a. Tools and approaches are constantly evolving and improving. It is important to take
advantage of these refinements if it enables stakeholders and local and regional planners to
have better access to data and information that is present in a much more acaessible a
usable way. For example, GIS dashboards have evolved and been widely adopted as a
result of COVID19. As users are becoming more comfortable with tools like a GIS
dashboard, agencies should prioritize creating tools that increase public access and data
transparency.

7. Refine web portal to improve usability to stakeholders and local and regional planners.
a. Collect feedback and input from users on how to enhance the data/mapping portal to better
meet their needs. Can be done by survey, adding a commeahgedtie portal, adding a
forum section, and focus groups.
b. Review new and innovative datissemination practices that have emerged during the
pandemic (e.g., COVIEL9 dashboards), and identify best and effective efforts.
c. Usethe precedingo enhance theansportation disparity portal.

8. Host handson training on the statewide database, screening tool, and data/mappipgrtal
for community stakeholders and local and regional planners.

a. CNKbds guidebook is a starting pdocahdand t o t e
regional planners on how to use the statewide database, screening tool, and data/mapping
portal products. However, these products can be too complex to navigate for the typical
user even with the assistance of a guidebook. Therefore, a-tvaimasning workshop is
more beneficial for teaching users how to navigate the products and utilize the content for
their respective research, programs, or campaigns.

We acknowledge that COVHR9 has fundamentally disrupted how people live, work, learn trandl.

These disruptions will have profound impacts on labor and housing markets, businesses, and educational
institutions. It is quite likely that there will be loigrm and dramatic implications on where people and
businesses will choose to locateiTs coul d have profound i mplications
climate change and to invoke effective energy, environmental, and sustainable community strategies. While

the data from this project are relevant for the old norms, there are sosadséabelieve that will quickly

become outdated and irrelevant. Therefore, it is crucial to significaatignceptualize the data and
indicators needed forthe pgsta nde mi ¢ finew norms. o I deally this wo
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if the informaion will be used to guide the recovery along an environmentally and sustainable trajectory.
At the same time the current indicators produced by this project are nonetheless usefulEsdemic
baseline and given the results of the analysis, ouriadditrecommendations include the following:

9. Acknowledge the coronavirus disease 2019 (COVHD9) has already changedand may
exacerbate the neighborhoodlevel causes, characteristics, and consequences of
transportation disparities described in this repat.

a. The data and findings highlight the disparities among neighborhoods prior to CVID
and may not accurately reflect the current transportation needs. These indicators, as
developed, can be seen as a baseline to showcase how communities acrosslithexistat
prior to COVID-19 and what shifts have occurred in transportation and mobility use and
patterns.

b. Indicators, especially those revolving around transportation needs and access to
employment opportunities, will drastically differ as a result of bepaacceptance of
remote work In the posfpandemic period it is possible that fewer workers will commute,
and there may be changes in business operations that allow employees to work at home.
Specifically, indicators such as commute vehicle niii@geled(CVMT) will dramatically
decrease for California residents who have the ability to irork home or were let go
from their jobs as a result of business closures. In addition, indicators that highlight
disparities in access to employment opportunitiessi jobusing fit, and job density will
significantly change due to changes in COMID prevention measures, statyhome
orders, and definition of essential work and essential workers.

c. Indicators focused on socioeconomic and housing characteristics, spigdifimaincome
neighborhoods and neighborhood change, will reflect a much different landscape of where
people live before and after the COVID pandemic. Characteristicsuch as median
household income, renteccupied and reriturdened households, artetpercentage of
the adult population with a bachelords degr

d. Overall there has been drastic change in the way we live, work, and play. As we have seen
already, there will be lasting changes to consumption (online shopping addcipro
delivery), education (iperson teachingvs. remote learning), perception of built
environment (high density now seen as a liability), cultural basis in institutions (access to
amenities like theaters and museums will become less important), ani:sac{parties
and nightlife).

10. Support further analyses and research on transportation disparities

a. The projectads database and di stributional
strengthening CARBOG6s and stakehaedorthions 6 abi
disparities; however, the reaforld impacts will depend on actively analyzing to inform
equity policies, programand actions. There are three major recommendations related to
applied and basic research, as proviitetthe following text

. Coduct applied research similar to the p
definitions of fAdisadvantaged neighbor he
such as CalEnviroscreen 3.0 and Assembly Bill 1550. This is important because
inequality isa multidimensional phenomenon. For example, being disadvantaged
in the environmental arena is not identical to being disadvantaged in the labor
market. Given this complexity, analyzing and comparing alternative definitions
provide a much richer understamg of the characteristics and patterns of
transportation inequality.

ii.  Support basic research on the fundamental causes of transportation inequality.
Transportation disparities are embedded in larger structures of economigc, social
and political systems ddtratification. Findings from such research can identify
underlying the factors and processes that produce transportation inequalities. The
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results can have practical applications by identifying new points of intervention
for policies and investment beywrthe immediate transportation arena. The
insights can highlight new opportunities for CARB to partner with other public
agencies and societal institutions.
ili. Fund research on the consequences of transportation inequality to better
under st and fghctsion sutcomesasomb asiemployment, hemadth
the overall quality of life. The insights can be useful to identify cobenefits (e.g.,
improving life expectancy), which should be factored into emsteffectiveness
calculations, policy formation, and ipritization of investments. Responsible
transportation decisions should incorporate the externalities to maximize net
societal benefits.
b. The last researebriented recommendation is to explicitly address racial inequality in
transportation. While Propogin 209 limits the use of race in allocating funds and services,
it does not prohibit conducting analyses to understand how marginalized people of color
are affected by unequal access to transportation and transper&ditad resources. The
decisionmaking process on research topics and priorities should include meaningful input
from the communities most adversely impacted by current disparities and most likely to
benefit from any resulting evidentased changes. These insights could identify the
(overty nonracial) social and economic mechanisms that generate inequality and enable
the state to develop policies and programs to address those unfair processes.
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Appendices

Appendix A: Indicator Construction
The following providesadditionalinformation for selected indicators discussed in Chapteindicator

Construction .)Specifically, it includesadditional information for the availability giublic parkspaceand
availability of bikeways indicators.

Availability of Parks

Figure A1l. Golden Gate Park in San Francisco (@Rark Access Tool)
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Figure A2. Golden Gate Park in San Francisco (CNK)

Figure A33.Bal boa Lake in Los eAsilgodl es ( DPR6s Par k Acc
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Figure A4. Balboa Lake in Los Angeles (CNK)
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Figure A5 Rancho Park in Los Angeles (DPR6s Park Acces:
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Availability of Bikeways

Bikeway data was obtained for 17 out of the 18 MPOs in California.

Table Al. Bikeway Data Availability by MPOs

Metropolitan Planning Organization Bikeway Data Available
Association of Monteey Bay Governments Yes
Butte County Association of Governments Yes
Council of Fresno County Governments Yes
Kern Council of Governments Yes
Kings County Association of Governments Yes
Madera County Transportation Commission Yes
Merced County Associmn of Governments Yes

Metropolitan Transportation Commission & Association of Ba

Area Governments Yes
Sacramento Area Council of Governments Yes
San Diego Association of Governments Yes
San Joaquin Council of Governments Yes
San Luis Obispo Counailf Governments Yes
Santa Barbara County Association of Governments Yes
Shasta Regional Transportation Agency Yes
Southern California Association of Governments Yes
Stanislaus Council of Governments No
Tahoe Metropolitan Planning Organization Yes
Tulare County Association of Governments Yes

Note: The bikeway shapefile data was formatted in a unique way in which bikeways were drawn for each side of the
road. In one road there were two lines representing bikeways in each direction. Two distincblitesean the

number of miles would be doubled incorrectly because the data gathered for the other geographical areas provided
bikeways a single line shapefile. Therefore, it was decided to manually delete one of the two lines. In addition, several
lines n the shapefile ended before the road ended or ended at street intersections. After using Google Satellite imagery
to verify the presence of a bikeway these shapefile lines were extended to complete the bikeway.
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Out of a total of 58 counties in Californidata covered 36 countjeghich is about 9@erceni f
total population. We did not have data for the remaining 22 counties. One county had bikeway data but

chose not to report it to us because it was not up to date.

Figure A7. Availability of Bikeway Data by California MPO and Counties
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Figure A8. Google Map®Bikeway Coveragat UCLA 9/13/19

Note There are bikeways shown on Google maps at UCLA in areas that are not alloveaapus.c
UCPD will give ticket citations to people if they are on their bikes.

Figure A9. OpenStreetMaps Bikewdyoverageat UCLA 9/13/19

Note OSM bikeway coverage does not include areas inside UCLA.
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