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Abstract
The evolving social movement in the United States around creating a healthier and more equitable food
system has popularized grassroots initiatives such as farmers markets, community gardens, and
farm-to-school projects – just to name a few. We argue that identifying structural inequities, such as
housing access, that are intertwined with access to food will provide much needed evidence about how
policymakers can best target their efforts. Specifically, the purpose of this research is to investigate the role
that mortgage lending bias and historic redlining practices play in inequitable access to food in
California.We conclude that without addressing structural inequities, the grassroots initiatives of the food
movement will have a diminished effect.

Introduction
The evolving social movement in the United States around creating a healthier and more equitable
food system has popularized grassroots initiatives such as farmers markets, community gardens, and
farm-to-school projects – just to name a few. However, we argue that without understanding and
addressing structural inequities in the neighborhood environment, these grassroots initiatives will
continue to have a diminished e�ect. Therefore, this paper proposes that identifying structural
inequities, such as historical “redlining,” mortgage lending bias, and the interrelationship with food
access can better direct these grassroots e�orts. Overall, the goal is to provide more comprehensive
contextual information so policymakers can better target their e�orts in California neighborhoods.

By combining several important sources of data, we examine the following three research questions:

1. What is the relationship between historic redlining and food access in major metropolitan areas
in California?

2. What is the relationship between mortgage lending bias and food access in California?

3. What are the primary reasons for mortgage denial for individuals residing in low income areas
with low food access compared to those who are not, and do these reasons vary by race/ethnicity and
urban versus rural residence?

Access to Food in the United States
All three of the research questions involve ascertaining whether individuals reside in neighborhoods
that have food access challenges. This section provides the background and de�nition for the food
access measure utilized in this research. Furthermore, the data section will subsequently provide the
details of the measure.
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The United States boasts a diversi�ed food production system growing everything from fresh fruits
and vegetables to grains, meats and dairy, yet many communities in the United States remain hungry
and unable to access a�ordable, nutritious foods. There are a variety of methods for measuring access
to food, with advantages and disadvantages that are discussed in Ver Ploeg, Dutko, & Breneman
(2015). For purposes of this research, we use area-based measures provided at the census tract level
available through the Food Access Research Atlas, produced by the U.S. Department of Agriculture’s
(USDA) Economic Research Service (2019).

We have chosen the Food Access Research Atlas measures primarily because, �rst, the USDA utilizes
them in reporting about food access to Congress and second, these measures provide more
comprehensive criteria for calculating the distance to supermarkets and grocery stores. In other words,
as discussed in Ver Ploeg, Dutko, & Breneman (207-208) the USDAmeasures are a combination of
both relative and absolute measures to access. Speci�cally, the USDA de�nes low access to food as
“low-income census tracts with a substantial number or share of residents with low levels of access to
retail outlets selling healthy and a�ordable foods” (Ver Ploeg, Nulph, &Williams 2011)--the details of
which are discussed in the proceeding “Data” section.

Communities with food access concerns were initially referred to as “food deserts,” and in 2008, the
Farm Bill directed the USDA to measure the extent of these “food deserts'' in the U.S. and discuss the
causes and consequences. The Economic Research Service then led a study to better understand access
to nutritious foods, and in 2013 replaced the term “food deserts” with the term “low income, low
access” (Food Access Research Atlas 2019). In addition, community activist and cofounder of the
Black Urban Growers organization, KarenWashington, argued to replace the term “food desert” with
“food apartheid,” asking the more important question, “what are some of the social inequities that you
see, and what are you doing to erase some of the injustice?” (Brones 2018). Similarly, Holt-Giménez
and Harper (2016) and Joyner et al. (2021) contend that the food desert designation does not
adequately capture the political, economic, and geographic factors that contribute to structural
inequities in food access. Furthermore, Cachelin et al.’s (2019) research underscores the central role of
food culture by identifying practices connected to traditional foods, cultural identity, and community
building . Overall, a “food apartheid framework” underscores the idea that food equity is not a natural
occurrence, but rather human-caused through structural inequities (Reese 2019; Brones 2018). In
summary, Siegner et al. (2018, 5) argue that “the term ‘apartheid’ demands an intersectional approach
incorporating race, class, education, geography and the environment.” Consequently, this research
utilizes the USDA’s measure and term “low income, low access” (LILA) and the research questions
presented here are motivated by geography, race, class, and the environment – hence, a “food
apartheid” context.
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Historic Redlining and the Home Owners’ Loan Corporation Maps
The Home Owners’ Loan Corporation (HOLC) originated as a federal agency established in the 1930s
to assess the “residential security” –or the relative riskiness of mortgages– of neighborhoods with
populations over 40,000. In collaboration with real estate experts and local lenders throughout the
United States, the HOLC designed an A through D grading system, with A being the “safest”
investment for mortgage lenders and D designated as “hazardous.” The A grade neighborhoods were
mapped in green and the D grade neighborhoods mapped in red, thus establishing the term,
“redlining.” These grades were then assigned to over two hundred residential neighborhoods as a gauge
for mortgage lenders in determining their willingness to take risks. The term “redlining” became the
term used when mortgage lenders used discriminatory practices which denied access to credit and
insurance for borrowers in neighborhoods that were economically disadvantaged and/or had high
percentages of minorities (Nelson 2022).

Mapping Inequality, a project launched in 2016 by University of Richmond researchers, created
interactive maps of the HOLCmap records allowing free access to these troubling historical
documents. “While Mapping Inequality is by itself a powerful tool for exploring housing policy and
segregation eight decades ago—which was the goal of the historian-led team that created it — one of
the great surprises of the project has been the innovative work on contemporary equality that other
researchers have produced using its data” (Richardson, et al.). The project has allowed contemporary
researchers to make correlations between historic redlining practices and contemporary risks facing the
communities who have continued to live in these neighborhoods for generations (Nelson 2022).

The 1975 Home Mortgage Disclosure Act
The second and third research questions involve examining lending bias at the individual (mortgage
loan applicant) level. The 1975 HomeMortgage Disclosure Act (HMDA) has provided decades of
data on mortgage lending applications in the United States, along with the race and ethnicity of the
applicants. The HMDAwas passed on the heels of the 1968 Fair Housing Act and to date provides
the main source of data to examine mortgage lending bias in the United States. Recent analyses from
authors at the Federal Reserve Board (Bhutta, Gizmo, and Ringo 2021) and the FDIC’s Center for
Financial Research (Popick 2022) continue to �nd evidence for racial bias, even when accounting for
the rise of computer algorithms for processing mortgages. This research utilizes the HMDA data to
examine mortgage lending denials in the context of the geography of food access in California. Further
details about these data are described below.
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Methods
Design
This research merges several sources of data to explore the three research questions and methods
described in Table 1. Furthermore, we conduct analyses at multiple levels–both at the individual level
and at the level of the neighborhood environment. We use the census tract as an analogue for the
neighborhood environment, since this is the closest available data and is the analogue most commonly
utilized, for example, by city planners (The Data Center).

Table 1.

Research Question Level of Analysis Analysis Methods

1.What is the relationship between historic redlining and
food access in major metropolitan areas in California?

Census Tract Level Frequencies
Mean Comparisons

2.What is the relationship between mortgage lending bias
and food access in California?

Census Tract Level
Individual Level

Frequencies
Cross Tabulations

3.What are the primary reasons for mortgage denial for
individuals residing in low income areas with low food
access compared to those who are not, and do these reasons
vary by race/ethnicity and urban versus rural residence?

Census Tract Level
Individual Level

Frequencies
Cross Tabulations

Data
The data utilized in this research provides an original perspective by synthesizing several important
secondary sources for measures of food access, historic redlining, mortgage lending, and some
additional characteristics about the neighborhood environment. These existing sources of data have
fostered numerous publications and web sites that promote an improved understanding of these issues
separately, but have not, to the best of our knowledge, been merged in order to examine possible
interrelationships. The sources of data are listed below and proceeding this list are explanations of the
variables utilized in our analyses.

● Census tract (neighborhood) level data:
○ USDA Economic Research Service’s Low Income and Low Access to Food – formerly

“food deserts” – (Food Access Research Atlas 2019). Additional description provided
by Ver Ploeg, Nulph, &Williams (2011) ; Ver Ploeg, Dutko, & Breneman ( 2015).

○ Historic Redlining Scores (Meier &Mitchell 2021).
○ UCLACenter for Neighborhood Knowledge’s measures of lending bias and public

transportation access (see also Ong et al. 2022).
○ California O�ce of Environmental Health Hazard Assessment (OEHHA). “SB 535

Disadvantaged Communities” (accessed 2022).
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○ U.S. Census Bureau’s American Community Survey 2014-18 5-year averages of
percentages of renters and Blacks, Hispanics/Latines, and Asians (available from
UCLACenter for Neighborhood Knowledge; see also Ong et al. 2022).

● Individual level data on home mortgage loans:
○ Public use �les of the HomeMortgage Disclosure Act data are available from the

Consumer Financial Protection Bureau (2020).

USDA Low Income and Low Access to Food

The USDA ERS designates communities with food access concerns as “Low Income – Low Access”
census tracts (hereinafter, LILA). For purposes of this research, California census tracts are “low
access” (hereinafter, LA) if it meets at least one of the following criteria–as de�ned by the USDA
Economic Research Service (Food Access Research Atlas 2019):

1. “LA at 1 mile and 10 miles: A signi�cant number or share of residents is more than 1 mile
(urban) or 10 miles (rural) from the nearest food store; or

2. LA at .0 mile and 10 miles: A signi�cant number or share of residents is more than .5 mile
(urban) or 10 miles (rural) from the nearest food store; or

3. LA at 1 mile and 20 miles: A signi�cant number or share of residents is more than 1 mile
(urban) or 20 miles (rural) from the nearest food store; or

4. LA using vehicle access: More than 100 housing units do not have a vehicle and are more
than .5 mile from the nearest food store, or a signi�cant number or share of residents are more
than 20 miles from the nearest food store.”

Furthermore, this research utilizes the Food Access Research Atlas’ (2019) de�nition of “low income”
if a census tract has at least one of the following characteristics:

1. “A poverty rate of 20 percent or greater, or
2. Amedian family income at or below 80 percent of the statewide or metropolitan area median

family income.”

Historic Redlining Scores (HRS) for Census Tracts in 7 California Metro Areas

This research uses a recently available measure to determine historic redlining at the 2010 census tract
level calculated byMeier &Mitchell (2021), to correspond with the HOLC’s ‘A’, ‘B’, ‘C’, & ‘D’ grades
for “residential security” risk assigned in the 1930s-40s.1 Meier &Mitchell’s “Historic Redlining
Scores” for census tracts indicate the degree of redlining and range from 1 through 4, whereby scores
ranging from ‘3’ to ‘4’ indicate redlining and scores ranging from ‘1’ through ‘2’ indicate no redlining
(for more detail see Meier &Mitchell 2021; Richardson et al. 2020).

1 Meier &Mitchell (2021) also provide redlining scores for 2020 census tracts, but we utilize 2010 to align with the USDA
food access measure, which at the time of this research, has not been updated using 2020 census tracts..

6



Additional Variables about the Neighborhood Environment (Efren)
Public Transportation Access - High Quality Transit Location Indicator (HQTL)
Ong et al. (2022, 142-153) provide a methodologically complex indicator of public transportation
access at the census tract level, which they entitle the “High Quality Transit Location Indicator
(HQTL).” By examining public transport locations and schedules, they create a measure that ranges
from ‘0=no access’ to ‘9=complete access’ (150). We utilize this indicator in the proceeding analysis,
given the role that location plays in determining food access..

Environmental Pollution and SB 535 Disadvantaged Communities
Another potential disadvantage to neighborhoods is the potentially disproportionate impact of
environmental pollution. Issues of environmental justice are intertwined with racial justice, and this
was recognized by the California legislature through the passage SB 535 in 2012, “which requires that
25 percent of cap-and-trade auction revenues be invested in projects that bene�t disadvantaged
communities, and at least 10 percent of the funds go toward projects located in those communities”
(Allison et al. 2016, 7). The California Environmental Protection Agency (CalEPA), in accordance
with SB 535, designates census tracts as “SB 535 disadvantaged communities” if they meet a ranking on
a measure that combines socioeconomic characteristics, public health, environmental hazards. The
CalEPA’s O�ce of Environmental Health Hazard Assessment issued its �rst list of disadvantaged
communities in 2014 and subsequently in 2017 and just recently in September 2022. This research
utilizes the 2017 measure to be consistent with the USDA LILA, of which the most recent is 2017.

Lending Bias and SubprimeMortgage Rates
Residing in low income neighborhoods can negatively a�ect individuals’ credit scores due to predatory
lending practices (Cesare 2017, cited in Ong et al. 2020, 45). Consequently, home mortgages are
higher “priced” due to unfavorable rates. To account for this in our analysis and interactive maps, we
use the measure of lending bias fromOng et. al (2022, 44-52). This measure calculates the share of
mortgage loans in a census tract that are o�ered at an unfavorable rate compared to the prime rate – or
“subprime”. Ong et al. divide all the census tracts in California into deciles ranking from 1 to 10 (each
decile accounts for about 10% of tracts in California), whereby a higher decile indicates greater lending
bias.

Percent Renters - U.S. Bureau of the Census American Community Survey
Our analysis and mapping also accounts for census tracts that have less opportunities for home
ownership as indicated by the percentage of renters. The U.S. Census Bureau’s American Community
Survey (ACS) measures this annually, and we utilize this measure as provided by the California
Transportation Disparities Mapping Tool (UCLACenter for Neighborhood Knowledge), which is the
ACS 2014-18 5-year average. Ong et al. (2022, 110) provides further details.
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Priority Neighborhoods
We argue that neighborhoods with multiple disadvantages should be prioritized for assistance.
Consequently, we submit that for purposes of this research that a “priority” neighborhood is one that
has experienced historical redlining (Meier &Mitchell 2021); has low income, low access to food
(Food Access Research Atlas 2019); and has one or more of the following disadvantages (which are
described in greater detail in the previous section):

1. No or low access to public transportation locations, as measured by the HQTL (UCLACenter
for Neighborhood Knowledge 2022). Speci�cally, this is classi�ed using scores of either a ‘0’
(no access) or ‘1-3’ (very low or low access) on this indicator.

2. Designated as SB 535 Disadvantaged.
3. Top two highest deciles in California for mortgage lending bias, as measured by unfavorable

“subprime” mortgage rates (UCLACenter for Neighborhood Knowledge 2022).
4. High percentage of renters, as measured by the top quartile (25%) in each of the

neighborhood’s greater metropolitan statistical areas (ACS 2014-18 5-year average, as provided
by the UCLACenter for Neighborhood Knowledge 2022).

HMDAMortgage Application Data (Lori)

The HomeMortgage Disclosure Act data are available from the Consumer Financial Protection
Bureau (2020). Since 2018, the HMDA data include the collection of additional information about
borrowers such as debt-to-income ratios and credit scores. However, as of 2019, the credit scores, along
with other data were removed from the public use �les to protect con�dentiality (Federal Financial
Institutions Examination Council). Consequently, the analyses here are limited to the available
information on debt-to-income ratios.

Speci�cally, our results presented in the proceeding section utilize the HMDA data on all the loan
applications in the state of California from 2018 to 2021, in order to capture pre-pandemic
information. From 2018 to 2021, there were well over 10 million mortgage loan applications in the
state of California, but a large majority of those applications were not for the primary purchase of a
home. Consequently, the subsequent analyses in this research only include home loans for primary
residences, Table 2 presents the number of mortgage loan applications for primary residences from
2018 to 2021.

Table 2.

Number of CAMortgage Loan Applicants for Primary Residences (not Re�nance)2

2018 378,696

2 The purpose of the mortgage loan is for a home purchase (loan_purpose) rather than home improvement, re�nancing, or
some other purpose. The occupancy (occupany_type) for the mortgage loan is for a primary residence, rather than a second
residence or an investment property.
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2019 761,230

2020 404,711

2021 453,444

Results
Historic Redlining and LILA Census Tracts in Seven California Metropolitan Areas
This section presents mean comparisons that explore the relationship between census tracts identi�ed
as either LILA or not LILA and historical redlining. We examine this relationship with the available
data on historic redlining scores for seven major metro areas in California. In addition to our analysis,
these results include an interactive map for each metro area – which allows stakeholders with interest
in particular cities and neighborhoods to examine this merged data further.

Key Findings – Research Question 1
What is the relationship between historic redlining and food access in major metropolitan areas in
California?

● In the Los Angeles-Long Beach, Sacramento–Roseville–Arden-Arcade, San Diego-Carlsbad,
San Francisco-Oakland metro areas, LILA neighborhoods have signi�cantly greater historic
redlining scores than neighborhoods that are not LILA.

● In neighborhoods in the Fresno, Stockton-Lodi, and San Jose-Sunnyvale-Santa Clara metro
areas, there is not a statistically signi�cant relationship between LILA and historic redlining
scores.

Appendix A depicts the results for all seven metro areas, but here we would like to highlight the results
for Los Angeles-Long Beach as a robust example of the interrelationship between historic redlining and
LILA. Immediately proceeding, we present San Jose-Sunnyvale-Santa Clara to illustrate when there is
no relationship.

Nine out of ten (92%) of the LILA tracts in the LA-Long Beach metro area have a history of redlining.
In comparison, there is a history of redlining in three-quarters (75.6%) of the tracts that are not LILA.3

A comparison of means t-test, a statistical test that takes into account the variability along with the
mean di�erence, reveals that the mean historic redlining score is signi�cantly higher in LILA
neighborhoods (Table 3). An overlaid histogram (Figure 1) illustrates the distribution of redlining
scores for both LILA and not LILA tract in Los Angeles-Long Beach. The dashed lines show the mean
for LILA areas compared to those that are not. Notably, the mean is higher for LILA tracts, but there is
a presence of one outlying score just below 1.5, which is the census tract containing the UCLA

3 The Los Angeles-Long Beach metro area had 2,925 census tracts in 2010, but there are only historic redlining scores
available for 1,238 tracts due to growth of the area since the 1940s.
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campus. The link to the interactive map in Table 3 depicts the relationship visually. The historic
HOLC grades ‘A’, ‘B’, ‘C’, and ‘D’ are depicted by the colors green, blue, yellow, and red, and the
diagonal lines indicate LILA tracts. In addition, selecting a particular census tract provides the historic
redlining score, socioeconomic characteristics, along with additional neighborhood characteristics
(described in the data section) – the public transportation indicator (HQTL), SB 535 disadvantaged,
the subprime percentile, and whether it is a “priority” tract according to the designation in this
research.

Table 3.
Mean Comparison – Los Angeles-Long Beach

Link to Interactive Map
Mean N Std. Dev

Not LILA 2.947 927 0.03
LILA 3.212 311 0.03
t = -6.52, p < .001

Figure 1.
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In the San Jose-Sunnyvale-Santa Clara metro area, about 8 out 10 (81.8%) of the LILA tracts have a
history of redlining. Similarly, there is a history of redlining in of the tracts that are not LILA (84%).4

A comparison of means t-test, a statistical test that takes into account the variability along with the
mean di�erence, reveals that there is not a statistically signi�cant di�erence in the mean historic
redlining score for LILA and not LILA neighborhoods (Table 4). An overlaid histogram (Figure 2)
illustrates the distribution of redlining scores for both LILA and not LILA tract in San
Jose-Sunnyvale-Santa Clara. The dashed lines show the mean for LILA areas compared to those that
are not. Notably, the mean historic redlining score is higher for tracts that are not LILA – but as
aforementioned, this is not statistically signi�cant. Again, the link to the interactive map in Table 4
depicts the relationship visually. The historic HOLC grades ‘A’, ‘B’, ‘C’, and ‘D’ are depicted by the
colors green, blue, yellow, and red, and the diagonal lines indicate LILA tracts. In addition, selecting a
particular census tract provides the historic redlining score, socioeconomic characteristics, along with
additional neighborhood characteristics (described in the preceding data section) – the public
transportation indicator (HQTL), SB 535 disadvantaged, the subprime percentile, and whether it is a
“priority” tract according to the designation in this research.5

Table 4.
Mean Comparison – San Jose-Sunnyvale-Santa Clara

Link to Interactive Map
Mean N Std. Dev

Not LILA 3.28 25 0.13
LILA 3.05 11 0.18
t = 1.02, p =0.312

5 Appendix A provides the results and links to interactive maps for all seven metro areas.

4 The San Jose-Sunnyvale-Santa Clara metro area had 383 census tracts in 2010, but there are only historic redlining scores
available for 36 tracts due to growth of the area since the 1940s.
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Figure 2.

Priority Neighborhoods withMultiple Disadvantages

We �nd that about one in �ve (19.1%) of the neighborhoods (of 1,780) qualify for the “priority”
designation described in the previous section. Furthermore, about one in four of the priority
neighborhoods have the top quartile of the population of Blacks/African Americans or
Hispanics/Latines for each metro area. Again, the interactive maps in Appendix A reveal these priority
neighborhoods, if one selects a single census tract on the map. Table 5 depicts the comparison of these
additional disadvantages between neighborhoods that were both historically redlined and are LILA
compared to those that are not.
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Table 5.

Additional Disadvantages by Historically Redlined & LILA Neighborhoods

Not HRS & LILA HRS & LILA % DIFF

Public Transportation - HQTL
(No access, very low access, or low access)

14.6% 26.7% +12.1%

SB 535 Disadvantaged6 35.4% 71.8% +36.4%

Mortgage Lending Bias - Subprime Rate
(Top 2 deciles in CA for unfavorable rates)

12.4% 31.9% +19.5%

Percentage of Renters
(Top quartile for respective metro area)

26.4% 20.6% -5.8%

Total N (census tracts) = 1780

Mortgage Lending Bias (HMDA) and LILA
The following section presents the results for the second and third research questions using the
2018-21 HMDA data described in the “Data” section above. Notably, HMDA data provides
additional analytical leverage given that it is at the individual loan applicant level.

6 Wewould like to acknowledge that this percentage is in�ated for LILA areas because the de�nition of SB 535
also includes lower income neighborhoods - and therefore there is overlap with the USDA LILA de�nition.
Although the metrics for determining “low income” are slightly di�erent.
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Key Findings – Research Question 2

What is the relationship between mortgage lending bias and food access in California?

● Applications from individuals residing in low income neighborhoods with low access to food make up about only one-quarter of the
mortgage loan applications, and this has not changed during the pandemic (Figure 3). While there is a lower supply of homes in LILA
areas, this disparity is still notable since, for example, the percentage of renters in LILA neighborhoods is 55.6% compared to 41.6% in
neighborhoods that are not LILA.

Figure 3.
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● Asian American andWhite applicants are overrepresented in both LILA neighborhoods and those that are not LILA (Figure 4).
Conversely, Hispanic/Latine applicants are underrepresented. For example, Hispanic/Latine applicants make up 43.7% of the
population in LILA neighborhoods in CA, according the the American Community Survey 2015-19 average,7 but only account for
32.4% of the applicants in 2018-2021. Finally, other underrepresented minorities make up for both a small percentage of applicants
and the population, and this does not vary much by LILA or not LILA neighborhoods.

Figure 4.

7 These American Community Survey data were accessed throughManson et al. (2021) and are the closest estimates using the 2010 census tracts, since the HMDA data
does not provide 2020 census tract information until the 2022 data are released.
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● Figure 5 reveals disparity withWhites in home mortgage loan denials is greatest for Blacks/African Americans (7.8% more denied than
Whites), followed closely by Native Americans, and is the least for Asian Americans (0.3%).8 Moreover, these disparities are similar for
both LILA neighborhoods and neighborhoods that are not LILA (Appendix B, Table B.1)

Figure 5.

8 Table B.1 in Appendix B presents the detailed results that are summarily depicted in this line chart.
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Key Findings – Research Question 3

What are the primary reasons for mortgage denial for individuals residing in low income areas with low food access compared to those who are
not, and do these reasons vary by race/ethnicity and urban versus rural residence?

● In 2018-2021, debt-to-income ratio is the most common reason for denial, regardless of race/ethnicity or LILA neighborhood.

Figure 6.
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● In 2018-2021, the second most common reason for denial is credit history, and this is consistent across all four years (Appendix B,
Figure B.1). Notably, a greater percentage of Whites and Asian Americans in LILA neighborhoods are denied (20.5% compared to
13.6% & 14.95 compared to 10.4%) ). However, for other race/ethnic groups, the denial rate is similar (within 2%) for either LILA or
not LILA neighborhoods.

Figure 7.
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● Among rural applicants, there were less denied due to the debt-to-income ratio in LILA neighborhoods (28.3% compared to 32.9%).
Among urban applicants, the denial rates were about the same (within 2%) regardless of neighborhood.

Figure 8.
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● Denials due to credit history are slightly higher in both rural and urban LILA neighborhoods.

Figure 9.
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Key Findings
● In four out of the seven California metropolitan areas analyzed, there is a signi�cant

relationship between historical redlining in neighborhoods with low income, low
access to food.

● Neighborhoods in California metropolitan areas that do not exhibit a relationship
between redlining and food access have grown in population in a greater proportion of
their census tracts since the 1930s and, hence, there is no historic redlining data on
those tracts which did not exist. Consequently, future investigation warrants utilizing
alternative measures of redlining–such as racial covenants that are still on the books.

● Home mortgage loan applications in California are underrepresented in low income
neighborhoods with low access to food, and Hispanics/Latines are particularly
underrepresented.

● While Blacks/African Americans and Native Americans/Alaska Natives in California
represent the smallest proportion of loan applicants, they have the greatest disparities
compared toWhites in home mortgage loan denials, even when accounting for
debt-to-income ratio.

Recommendations for Policymakers
● Identify neighborhoods with multiple disadvantages to prioritize for assistance.

● Encourage and support mortgage applications from underrepresented groups at
favorable rates.

● Expand opportunities for home ownership in low income neighborhoods that have
both historic redlining and low food access.

● Investigate alternative measures of redlining both historic (e.g., racial covenants) and
recent (e.g., real estate appraisal practices).
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Appendix A

Table A-1.

Mean Comparison – Fresno
Link to Interactive Map

Mean N Std. Dev
Not LILA 2.89 6 0.73
LILA 3.05 20 0.45
t = -0.56, p =0.58

Figure A-1.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-119.7832126,36.7451788&level=11


Table A-2.
Mean Comparison – Los Angeles-Long Beach

Link to Interactive Map
Mean N Std. Dev

Not LILA 2.95 927 0.77
LILA 3.21 311 0.56
t = -6.52, p < .001

Figure A-2.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-118.249404,34.0425765&level=10


Table A-3.
Mean Comparison – Sacramento--Roseville--Arden-Arcade

Link to Interactive Map
Mean N Std. Dev

Not LILA 2.75 19 0.55
LILA 3.27 14 0.52
t = -2.80, p = .006

Figure A-3.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-121.4916549,38.5960968&level=11


Table A-4.
Mean Comparison – San Diego-Carlsbad

Link to Interactive Map
Mean N Std. Dev

Not LILA 2.83 93 0.85
LILA 3.67 28 0.56
t = -6.16, p <.001

Figure A-4.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-117.1502944,32.7323478&level=11


Table A-5.
Mean Comparison – San Francisco-Oakland-Hayward

Link to Interactive Map
Mean N Std. Dev

Not LILA 2.94 257 0.83
LILA 3.32 51 0.59
t = -3.87, p <.001

Figure A-5.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-122.3604495,37.7871679&level=10


Table A-6.
Mean Comparison – San Jose-Sunnyvale-Santa Clara

Link to Interactive Map
Mean N Std. Dev

Not LILA 3.28 25 0.66
LILA 3.05 11 0.63
t = 1.02, p =.312

Figure A-6.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-121.8987949,37.3368102&level=11


Table A-7.
Mean Comparison – Stockton-Lodi

Link to Interactive Map
Mean N Std. Dev

Not LILA 2.81 7 1.07
LILA 3.12 11 0.82
t = -0.68, p = .500

Figure A-7.
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https://geochicoonline.maps.arcgis.com/apps/webappviewer/index.html?id=3a1baecf227a47508a29de2e415f6460&center=-121.284426,37.9574387&level=11


Appendix B

Table B-1.Mortgage & Pre-Approval Denials by Race/Ethnicity

Race/Ethnicity 2018 2019 2020 2021

American Indian /Alaska Native 18.2%
(382)

15.6%
(319)

14.7%
(396)

14.8%
(410)

Asian 12.9%
(8181)

10.7%
(6247)

10.1%
(6144)

8.5%
(7212)

Black /African American 16.9%
(2321)

16.4%
(2288)

16.7%
(2463)

16.0%
(2773)

Joint 9.4%
(1301)

8.7%
(1219)

7.7%
(1200)

7.2%
(1261)

Native Hawaiian/Paci�c Islander 16.8%
(277)

15.0%
(222)

12.6%
(191)

14.3%
(206)

Multiracial 17.9%
(150)

15.7%
(107)

16.0%
(147)

14.9%
(172)

Hispanic/Latine 13.1%
(11147)

11.6%
(10306)

11.7%
(10526

11.3%
(10654)

White (Non-Hispanic/Latine) 10.6%
(15227)

9.1%
(12388)

8.7%
(12361)

8.2%
(11629)

31



Table B-2. Mortgage & Pre-Approval Denials by Race/Ethnicity,
Controlling for Low Income-Low Access to Food Census Tracts (LILA)

Race/Ethnicity 2018 2019 2020 2021

American Indian /Alaska Native

Not LILA 15.9%
(210)

13.1%
(178)

16.1%
(260)

11.8%
(212)

LILA 18.6%
(137)

15.7%
(100)

16.1%
(114)

16.3%
(150)

Percent Difference +2.7% +2.6% 0.0% +4.5%

Asian American

Not LILA 11.8%
(6338)

10.2%
(5024)

9.5%
(4967)

8.0%
(5807)

LILA 13.4%
(1265)

12.8%
(1052)

12.3%
(1018)

10.7%
(1230)

Percent Difference +1.6% +2.6% +2.8% +2.7%

Black /African American

Not LILA 15.6%
(1351)

15.2%
(1381)

15.4%
(1521)

14.4%
(1656)

LILA 16.9%
(817)

17.1%
(797)

17.4%
(825)

17.2%
(986)

Percent Difference +1.3% +1.9% +2.0% +2.8%

Joint

Not LILA 8.8%
(993)

8.1%
(937)

6.9%
(912)

6.3%
(928)

LILA 9.1%
(221)

10.5%
(245)

10.2%
(249)

10.0%
(289)

Percent Difference +0.3% +2.4% +3.3% +3.7%

Native Hawaiian/Paci�c Islander

Not LILA 15.1% 13.6% 10.6% 11.8%
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(182) (140) (117) (122)

LILA 19.9%
(87)

15.9%
(69)

15.2%
(60)

18.7%
(72)

Percent Difference +4.8% +2.3% +4.6% +6.9%

Hispanic/Latine

Not LILA 12.2%
(6283)

10.6%
(5873)

10.4%
(6097)

10.3%
(6150)

LILA 13.3%
(4349)

12.3%
(4059)

12.9%
(4030)

11.8%
(3954)

Percent Difference +1.1% +1.7% +2.5% +1.5%

White (Non-Hispanic/Latine)

Not LILA 9.9%
(11534)

8.6%
(9590)

8.2%
(9564)

7.5%
(8806)

LILA 11.0%
(2814)

9.9%
(2360)

10.2%
(2424)

10.2%
(2412)

Percent Difference +1.1% +1.3% +2.0% +2.7%

Figure B-1.
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Figure B-2.
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