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Background

As part of the New Deal in the 1930s, the Federal government used the Home Owners’ Loan

Corporation (HOLC) to draw real estate security maps that were color coded or redlined to discourage

lending in majority Black neighborhoods. Redlined areas still have worse health and economic outcomes

in the present day. Current literature is focused on present-day residents of redlined areas. Tracking

exposures to redlining and conditions of redlining close to the 1930s with present-day health is an

unexplored area.

Methods

We utilize geo-referenced 1930s HOLC maps to locate individuals and map demographic

considerations. We use novel algorithmic solutions to geolocate unknown 1940 enumeration districts.

Using a 1940 census-linked sample of the Health and Retirement Study to locate individuals in HOLC

areas at the time, we conduct survival analysis on HOLC categories’ effect on age at death as well as

other analysis on health, economic, and healthcare utilization in the near present. We test for a potential

mediator.

Results



Population density is not associated with either HOLC category or present day life expectancy,

and is unlikely to be a mediator. In uncontrolled models, for HRS individuals in the 1940 census HOLC

category is associated with greater hazards, worse odds of self-rated health, and worse economic

outcomes. With controls, HOLC category is only associated with worse odds of self-rated health. HOLC

category is not associated with health insurance or healthcare utilization in this sample.

Conclusion

Redlining is associated with health and economic outcomes which are attenuated when

controlling for likely pathways between redlining and health. Future research should focus on whether

individuals stay in redlined areas, and on identifying policy and initial state matrix that can describe what

redlining may be a proxy for.
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1. Introduction

As part of the New Deal in the 1930s, the Federal government used the Home Owners' Loan Corporation

(HOLC) to draw real estate investment security maps (Nelson et al., 2017). Areas were color-coded or

“redlined” and drawn to reflect predominant neighborhood race, discouraging lending in majority Black

neighborhoods (Rothstein, 2017). Neighborhoods “redlined” (Nelson et al., 2017; Rothstein, 2017) in the

1930s are still associated with worse financial (Aaronson et al., 2017; Lynch et al., 2021) and health

outcomes (Lynch et al., 2021; Krieger, Wright, et al., 2020; Krieger, Van Wye, et al., 2020; Nardone et al.,

2020; Wilson et al., 2018; Alexander and Currie, 2017; Trangenstein et al., 2020; McClure et al., 2019;

Richardson et al., 2020; Huang and Sehgal, 2022) today. Redlining was likely a proxy for a matrix of

discriminatory antecedent conditions, policymaker attitudes, and decades-long policy vectors (Michney,

2022; Rothstein, 2017), though there is some debate about its potentially causal nature as well (Aaronson

et al., 2017). This century long path dependence (Michaels and Rauch, 2016) masks the potentially

differing roles of social policies throughout the 20th and 21st centuries acting on marginalized, primarily

Black communities and individuals, including the impact of lifetime discrimination (White et al., 2012) and

of displacement and gentrification (Stancil, 2019), and may impact healthcare utilization (Aday and

Andersen, 1974; Williams and Jackson, 2005). Previous area estimates of health effects associated with

redlining (Lynch et al., 2021; Krieger, Wright, et al., 2020; Krieger, Van Wye, et al., 2020; Nardone et al.,

2020; Wilson et al., 2018; Alexander and Currie, 2017; Trangenstein et al., 2020; McClure et al., 2019;

Richardson et al., 2020; Huang and Sehgal, 2022) may poorly capture the full impact of initial conditions

from redlining on individuals (Huang and Sehgal, 2022). Clarifying the policy mechanisms that redlining

may have acted through, and connecting health, economic, and utilization outcomes specifically to

redlining status close to the 1930s, could allow us to examine the role of initial conditions and present day

health.

Health outcomes are theorized to be due to ultimate social causes (Williams and Jackson, 2005) as well

as access to and use of healthcare resources (Aday and Andersen, 1974), which are also sources of

health disparities (Williams and Jackson, 2005). Redlining is associated with disparities in such social

factors including continued worsened area estimates of financial outcomes today (Aaronson et al., 2017;
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Lynch et al., 2021), and associations between worsened economic well-being with health outcomes have

been demonstrated (McClure et al., 2019). However, the existing literature relies on estimates of

economic well-being for current residents, and cannot capture how redlining exposure may have

impacted economic well-being and healthcare utilization over the life course. Economic outcomes and

healthcare utilization may be important factors at the individual level for health, including for older adults

who have higher healthcare needs than younger cohorts.

1.1 Objective

To use historical redlining, community data, and linked 1940 census and Health and Retirement Survey

(HRS) data to analyze the impact of redlining on outcomes in older adults today. We aim to assess 1)

whether redlining is associated with long-tail health policy outcomes at the community level, and whether

early exposure to redlining is associated with 2) health outcomes in older adults and 3) economic

well-being and healthcare utilization in older adults.

1.2 Structure of the manuscript

We start with an overview of the literature to identify important areas of study, conceptual frameworks,

and gaps. We adapt a conceptual framework on potential individual and neighborhood pathways from

redlining to health (Swope et al., 2022) to the case of initial redlining conditions. We start by theorizing

how we might measure the present day health of individuals residing in redlined areas in the 1940

census. We move on to theorizing about potential pathways to those present day health states of those

individuals. And, finally, we consider a potential mediating factor at the neighborhood level that reflects

alternative possibilities for what HOLC planners were concerned with in the 1930s.

In chapter one, we investigate the potential mediating factor as we respond to community stakeholder

feedback to our paper (Huang and Sehgal, 2022). We include that paper as appendix B. Population

density has been associated with certain negative health outcomes. Some community stakeholders

suggested that the HOLC in 1930 was far more concerned with mapping out future potential density in

Baltimore, rather than race (Personal Correspondence, 2022). As a result, Baltimore’s redlining map may
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reflect neighborhoods that densified over the 20th and early 21st centuries, rather than as a marker of

systemic racism, and suggesting a mediating pathway from redlining to density to health. This chapter

assesses whether population density might serve as such a mediator.

In chapters two and three, we begin to operationalize and test our theorized pathways between

individuals living in 1930s redlined areas and their near-present health. We do so by utilizing the felicitous

availability of several datasets. The Health and Retirement Study has geographic variables at the

enumeration district level from the full count 1940 census (the first census taken immediately after

redlining), of which 191 of the largest cities have tractable information that allows us to reconstruct

enumeration districts (and a publicly available partially overlapping set of 40 cities which have

enumeration districts publicly mapped out). This allows us to track a group of people from their exposure

close to redlining to their outcomes as elderly adults some fifty to eighty years later. In chapter two, we

examine how early exposure to redlining is associated with health outcomes, and how propensity to

mobility may be associated. In chapter three, we begin to examine some ways that exposures to redlining

may affect economic and health utilization outcomes. We finish with a final discussion of all our findings.

1.3 Overview

1.3.1 Background on historic redlining and present day health

Since the public release of georeferenced and digitized HOLC maps by the Mapping Inequality Project

(Nelson et al., 2017), substantial scholarship has examined associations between 1930s redlining and

present day health (Swope et al., 2022). Historic redlining has been associated both in specific cities and

nationwide with present day social determinants of health, environmental outcomes, maternal and child

outcomes, COVID-19 outcomes, and mortality and life expectancy (Richardson et al., 2020; Wilson et al.,

2018; Alexander and Currie, 2017; Nardone et al., 2020; Lynch et al., 2021; Huggins, 2017; Linde et al.,

2023; Tragenstein et al., 2020; Krieger, Wright, et al., 2020; Krieger, Van Wye, et al., 2020). While some

of these studies have tracked individual outcomes (Krieger, Wright, et al., 2020; Krieger, Van Wye, et al.,

2020), most were at an area level.
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Given the diversity of methods, locales, disciplines, and data sources involved in this research, there have

been some preliminary efforts to provide guiding frames to this work. Swope et al. (2022) provide a

preliminary conceptual model based off of Krieger et al.’s work linking redlining (as a proxy for or as a

parcel of a racially discriminatory landscape and policies) to present day health through effects on both

individuals and intergenerational communities and neighborhoods. The generated pathways include

disparate treatment and effects by race through effects on homeownership and wealth, through proximal

factors and to immediate individual factors that impact an individual’s health.

This conceptual model easily accommodates some of the already known and theorized mechanisms

between redlining and present day health through residential segregation (White et al., 2012), political

disenfranchisement and state suppression (Pappoe, 2016; McCoy, 2017; Naman et al., 2020; Tragenstein

et al., 2020) that create environmental hazards (Bailey et al., 2017; Jacoby et al., 2018) as well as

potential economic influences on health (Williams, 1999).

However, the proposed model does not yet differentiate between those who now live in redlined areas

versus those who at one point lived in redlined areas (who may or may not continue to live in redlined

areas), which may be one way we can begin to identify and classify neighborhood versus individual

effects. To our knowledge, we did not find any other study linking exposure to redlining in the 1940 census

to life expectancy or health outcomes in the present at the individual level.

1.3.2 Measuring Health

To adapt Swope et al.’s model (2022) to our case of initial exposures to redlining, we start at the most

immediate association: that of health. Health as a construct has been defined in many ways (Callahan,

1973; Huber et al., 2011). In addition to how the construct is defined, measures of health are also very

diverse (Bowling, 2005). For the purpose of healthcare decision-making and studies of health at the level

of national policy-making (WHO, 2009; Smith et al., 2009), health utility–combining length of life with

quality of life–may be the most commonly recognized health measures.

There are strong limitations of measuring health in this way. These measures may not suitably account for

a context of structural barriers that socially construct disability–a particular critique of expert consensus
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measures like DALYs (Hurst, 2003)–and also that contribute to discrimination against disabled

people–which time preference models like most QALYs calculations are likely conditioned upon (Sinclair,

2018). However, the basic premise of measuring both length of life and a more general definition of

quality of life bounds common definitions of health in a measurable way.

1.3.3 Methodological concerns of survivorship bias in samples of an elderly

population

Survival data that contain a lag between exposure and the start of the measurement period where only

survivors can be identified–known as left truncated data–can suffer from survivorship bias, where subjects

exposed to hazards appear to be more resilient to the hazard simply because they have not yet died from

it (Cain et al., 2011). Specifically–in studying health disparities–datasets describing elderly people as the

population of interest can find disparities attenuated due to strong survivorship bias in the population with

less equitable health (Mayeda et al., 2018). This can lead to conclusions that appear to suggest that a

population is more resilient to a hazard than a comparison population when in fact the opposite is true

(Mayeda et al., 2018).

1.3.4 Housing as an aspect of wealth

Moving further to proximate potential mechanisms at the individual and neighborhood level between

redlining and health, we theorize on how redlining might affect economic outcomes and healthcare

utilization. Redlining likely serves as a proxy indicator for an existing state of housing segregation and for

a range of continuing discriminatory practices later in the 20th century that reinforced this state

(Rothstein, 2017; Hillier, 2003; Michney, 2022). Housing was (and continues to be) a primary source of

wealth for many households throughout the 20th century (Aaronson et al., 2017; Appel and Nickerson,

2016). Since redlining is meant to demarcate areas of greater mortgage risk, redlining thus also

demarcates reduced real estate values. As demonstrated by Aaronson et al. (2017), reductions in

housing value (and concomitant displacement that may wipe out potential wealth gains) may weigh down

the financial resources available to those who lived in redlined areas.
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1.3.5 Relationship between economic outcomes and health

Income and economic resources are social determinants of health (Link and Phelan, 1995; Williams and

Jackson, 2005; Williams, 1999). Those who have more economic resources are more able to acquire

technologies and resources that enhance health (Link and Phelan, 1995); secure other social

determinants of health such as safe shelter, safe food, and safe water; and avoid environmental hazards

to health. Additionally, economic resources increase relative political power (and vice-versa) (Ferguson,

2013), which helps individuals secure allocation of health-enhancing resources and health hazards in a

favorable manner (Link and Phelan, 1995).

One potential pathway for individuals to secure health-enhancing resources via economic resources is

through economic resources’ role in the ability for individuals and households to access and make

decisions for medical care and other forms of healthcare. This includes both increased access to

healthcare financing via health insurance (Nyman, 2004) as well as increased social access and direct

access to medical care (Link and Phelan, 1995).

1.3.6 Aday-Andersen Model

We can utilize a portion of the Aday-Andersen Model (1974) to describe this theorized pathway from

redlining to healthcare utilization via economic outcomes. The Aday-Andersen Model posits a series of

predisposing and enabling factors that are antecedent to an individual’s actual use of healthcare services.

Enabling factors are those factors which create functional access to healthcare services should an

individual choose to seek healthcare (the “able” part of “willing and able”). Income and economic

resources are one set of those enabling factors (Aday and Andersen, 1974). For our purposes, we

theorize that the policies that redlining is a proxy for reduce the wealth available to individuals and their

households, which thus add a constraint to enabling factors for healthcare utilization. As a result,

healthcare utilization would be reduced for those who lived in redlined areas in 1940 as compared to

those who lived in green A areas. As a corollary, we would find reduced intermediary enabling factors

such as health insurance in this pathway.
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The prior literature is limited when it comes to redlining’s association with health insurance and healthcare

utilization. Nardone et al. (2020) and White et al. (2021) found that redlining in several large US cities is

associated with increased chances of being uninsured at the neighborhood level. Poulson et al. (2021)

found lower odds in the present day for undergoing lung cancer screenings in Black patients in redlined

areas. We found no studies that examined healthcare utilization for residents of redlined neighborhoods

from close to the time the redlining maps were drawn.

1.3.7 Does present day density explain redlining’s association with health?

We move on to consider possible mediating mechanisms of action as part of our ongoing investigation

into whether community and neighborhood effects may have long-tailed policy impacts by examining

whether 1930s redlining is associated with a lingering disparate impact on health outcomes at the

community statistical area (CSA) level in Baltimore today. Specifically, we investigate whether 1930s

redlining operates largely through population density today as measured by crowding that would primarily

explain our findings that redlining is associated with life expectancy in Baltimore CSAs (Huang and

Sehgal, 2022).

On direct feedback from Baltimore City community members (Personal Correspondence, 2022) about the

Association of Redlining and Health in Baltimore paper (Huang and Sehgal, 2022) who were interested in

this question–particularly as a race-neutral explanation for our previous findings–we include population

density by neighborhood into our model as a potential mediator.

1.3.8 Population density

Population density’s potential role in etiology is two-fold. For pathogenic disease transmission, increasing

density increases potential exposures (Sy et al., 2021). For non-communicable diseases, density has

been theorized to decrease each individual’s access to green space, could increase their exposure to

environmental pollution and hazards, could degrade the quality of available housing, or could disrupt

networks of social solidarity (Beenackers et al., 2018). Historically, population density was a cause of

concern for both planners and public health advocates (Factor and Waldron, 1973; Cassel, 2009). On the

other hand, increasing population density could improve access to amenities and physical activity
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(Beenackers et al., 2018), healthcare facilities (Kjellstrom, 2007), and increase the pool of supportive

resources in socially cohesive communities (Cassel, 2009). Alternatively, human densities may not

approach levels where health concerns are of concern yet (Factor and Waldron, 1973).

Earlier studies also posited a relationship between population density and disease outcomes. Some

studies have found relationships between population density and cause specific mortality (Sy et al., 2021)

or with all-cause mortality in specific cities (Beenackers et al., 2018). Previous studies of population

density as a causal factor in health have not generally found associations between density and health

when factors like housing discrimination, wealth and class are controlled for in models for

non-communicable disease (Cassel, 2009; Factor and Waldron, 1973; Freedman et al., 1975). Population

density is associated with communicable disease transmission during the COVID-19 pandemic (Sy et al.,

2021).

Some recent prior literature has attempted to reduce focus on race as a core aspect of redlining in favor

of more “race neutral” explanations of HOLC map patterns (Michney, 2022). Conversely, Krimmel (2018)

found redlining to be associated with a reduction in population density, as disinvestment and white flight

emptied out city cores (Krimmel, 2018). Additionally, the historiography of redlining is clear when it comes

to what factors redlining cartographers were concerned with when they assessed mortgage default risk.

There is only one “green-lined” neighborhood in all of the US that was primarily Black (Michney, 2022).

The language accompanying each marked area in HOLC maps is starkly racist (Nelson et al., 2017).

Even if HOLC maps were not used to determine HOLC lending patterns, the pervasiveness of institutional

anti-Black racial attitudes inform the drafting of the maps as well as both contemporary (through the

parallel Federal Housing Administration) and later policy-setting around race and housing risk throughout

the 20th century (Michney, 2022; Hillier, 2003; Krimmel, 2018; Rothstein, 2017).

To our knowledge no previous scholarship attempts to link redlining to health with population density as

the mediator.
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2. Chapter 1: Population Density as a Mediator

We begin our analysis with this last question, since if redlining is mediated through urban density, then

our theorized pathways for how 1930s redlining might be associated with present-day health would need

to focus on population density as a main determinant. We lay out a hypothesis, propose and run methods

to test the hypothesis, report results, and return to the prior literature in the chapter discussion section.

2.1 Hypothesis:

Our hypotheses are as follows:

H0: Population density does not mediate the observed relationship between 1930s redlining and current

Baltimore City life expectancy at the CSA level.

H1: Population density mediates the observed relationship between 1930s redlining and current Baltimore

City life expectancy at the CSA level.

2.2 Methods

2.2.1 Creating Measures

2.2.1.1 Main Independent Variable

As per our 2022 paper (included as appendix B), we take HOLC redlining polygons (digitized shapes that

correspond to drawn boundaries) that were digitized and georeferenced (meaning located and drawn

digitally in a consistent way for example on a grid) by the Mapping Inequality Project (Nelson et al., 2017)

and re-project them (meaning we convert the map to account for the curvature of the Earth) using WGS84

Pseudo-Mercator projection. We pull Baltimore CSA neighborhood polygons from the Baltimore

Neighborhood Indicators Alliance (BNIA) dataset. Baltimore CSAs are “neighborhoods” made up of

collections of census tracts that roughly correspond to commonly demarcated neighborhoods used by the

city government to aggregate statistics in a way that is more legible to residents. We intersect Baltimore
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CSA neighborhoods with HOLC redlining maps via a spatial join in QGIS and assign HOLC categories to

CSA neighborhoods by predominance. Predominance is a common method in multiple disciplines to

assign features and values between two geographic data sources that lack contiguous polygon

boundaries where–for a given polygon of a cartographic feature in one data source–the value of the

largest overlapping polygon from the intersecting data source is assigned (Lindgren, 2013). Each CSA’s

assigned HOLC category is our main independent variable.

We collapse blue and green neighborhoods together due to sample size. The sociological distance

between A and B categories is likely to be smaller than the distance between B and C (Nelson et al.,

2017, Rothstein, 2017). In our 2022 paper, when performing sensitivity analysis using just A or just B as

the reference category, we found no meaningful differences from our base model (Huang and Sehgal,

2022).

2.2.1.2 Main Dependent Variable and Controls

From the BNIA dataset, we draw current CSA health outcomes using 2013 CSA life expectancy as

measured in years. Our controls are 2013 median CSA household income (in 1000’s of US dollars) and

2013 percentage of African American residents in a CSA. 2013 data was chosen because CSA

boundaries reported in that year were consistent across multiple BNIA datasets that supplied health

measures.

2.2.1.3 Potential Mediator Variable

For each CSA, we draw the total 2013 population and 2013 number of residential properties (which can

include properties with multiple units), and divide population into number of residences to calculate

crowding as our measure of population density. We implement this method to measure population density

at the suggestion of a community stakeholder (Personal Correspondence, 2022) and reflects 20th century

concerns about population density and crowding (Factor and Waldron, 1973; Cassel, 2009). We perform

mediation analysis with population density as the proposed mediator between redlining category and

health outcomes.
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2.2.2 Analysis Methods

2.2.2.1 Base Model

Before we can investigate population density’s potential role as a mediator, we need to establish that our

independent variable HOLC category is associated with our main dependent variable of Baltimore City

CSA life expectancy. We run an ordinary least squares regression (OLS) of yellow C and red D categories

on CSA life expectancy. We then run a model with median household income and percentage African

American as controls.

2.2.2.2 Mediation Analysis

We run a three part mediation analysis using the Baron and Kenny method (1986) with population density

as the potential mediator between the main independent variable of HOLC category and the main

dependent variable of life expectancy. In the first part, we run a multivariable OLS to test for HOLC

category’s association with population density with controls. In the second part, we run a multivariable

OLS to test the association of population density with life expectancy with controls. In the final part, we

run a multivariable OLS model to test for HOLC category’s association with life expectancy while

controlling for population density and controls. All analyses are tested at the 95% confidence level. We

must reject the null hypothesis that population density is not a mediator and accept the hypothesis that it

is a mediator in the association between HOLC category and life expectancy if three conditions are met.

1) HOLC category is significantly associated with population density, 2) population density is significantly

associated with life expectancy, and 3) the inclusion of population density in the final model appreciably

attenuates the coefficient of HOLC category’s association with life expectancy.

2.3 Results

2.3.1 Base Analysis

We classified 54 Baltimore CSAs with 1930s HOLC categories. There were 4 green A CSAs, 17 blue B,

19 yellow C, and 14 red D. Mean CSA population density is 3.52 people per residence with a standard
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deviation of 2.06 people. Minimum population density is 1.90 people and maximum is 12.74 people per

residence.

We report results for base and mediation analyses in table 1. In our base analysis, HOLC category is

statistically significantly associated at the 95% confidence level with a reduction in CSA level life

expectancy in Baltimore City in 2013. CSA neighborhoods categorized as yellow C are associated with

-5.36 fewer years of expected life (95% CI: -7.69 to -3.02) as compared to green A or blue B

neighborhoods. CSA neighborhoods that were redlined (D) are associated with -4.01 fewer years of

expected life (95% CI: -6.55 to -1.47) compared to green A or blue B neighborhoods. When controlling for

median household income and percentage African American, the results are very similar and also

statistically significant. Yellow C CSAs are associated with -4.93 fewer years of expected life (95% CI:

-6.63 to -3.32) compared to A/B, and red D CSAs with -5.23 fewer years of expected life (95% CI: 6.98 to

-3.49) compared to A/B. Both CSA median household income and percentage African American are

statistically significant controls.

Table 1:
Population density as a potential mediator for HOLC category’s association with area life expectancy

Model 1:
Unadjusted.
Life
expectancy -
years

Model 2:
Controls. Life
expectancy -
years

Mediation 1:
HOLC on
population
density.
People per
residence

Mediation 2:
Population
density on
life
expectancy.
Years

Mediation 3:
Full
mediation
model. Life
expectancy -
years

HOLC n=54

Blue/Green ref ref ref ref

Yellow -5.36 [-7.69,
-3.02]

-4.93 [-6.63,
-3.22]

-.813 [-2.39,
0.76]]

-5.12 [-6.81,
-3.42]

Red -4.01 [-6.55,
-1.47]

-5.23 [-6.98,
-3.49]

-.937 [-2.55,
0.68]

-5.46 [-7.20,
-3.71]

Controls

Median HH
Income -
$1000

0.06 [0.01,
0.11]

-0.05 [-0.09,
0.00]]

0.14 [0.09,
0.20]]

0.05 [-0.01,
0.10]
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African
American -
%

-0.06 [-0.09,
-0.03]

-0.02 [-0.05,
0.01]

-0.01 [-0.05,
0.02]]

-0.07 [-0.10,
-0.04]

Mediator

Population
density-
people per
residence

-0.05 [-0.47,
0.37]]

-0.24 [-0.54,
0.07]

2.3.2 Mediation Analysis

HOLC category is not statistically significantly associated with CSA population density at the 95%

confidence level. Yellow C CSAs have -0.813 (95% CI: -2.39 to 0.76) fewer people per residence

compared to A/B CSAs. Red D CSAs had -0.937 (95% CI: -2.55 to 0.68) fewer people per residence

compared to A/B CSAs. Our controls of median household income and percent African American

residents are not significant in the model.

CSA population density is not significantly associated with CSA life expectancy in Baltimore. For every

additional person per residence, CSA life expectancy is associated with a reduction of -0.05 years of

expected life (95% CI: -0.47 to 0.37). Our control of median household income is significant in the model

and the control of percent African American residents is not.

When included in the full model as a potential mediator in the association between HOLC category and

life expectancy, CSA population density is not statistically significant, and did not appreciably change the

coefficients for either HOLC category or any of the other controls. Both C and D categorizations are still

significantly associated with reduced CSA life expectancy. Compared to A/B CSAs, yellow C CSAs were

associated with a -5.12 year reduction in life expectancy (95% CI: -6.81 to -3.42) and red D CSAs were

associated with a -5.46 year reduction in life expectancy (95% CI: -7.20 to -3.71).
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2.4 Discussion

We cannot reject the null hypothesis that population density is not a mediator in the association between

1930s HOLC category and 2013 CSA life expectancy in Baltimore City. Population density is not

associated with HOLC category, is not associated with life expectancy, and does not change the

magnitude of association that HOLC category has with life expectancy. The mean effect size between

population density and life expectancy is effectively none.

While not statistically significant, our coefficients for yellowlined C and redlined D HOLC categories in the

first part of our mediation analysis suggest that, if anything, C and D areas trend towards lower population

density than A and B areas, not higher. Were the association significant, this would have been consistent

with what Krimmel (2018) found. However, our analysis is not designed to investigate the association

between redlining and population density.

Our null finding for population density as a mediating factor is consistent with the body of literature from

other fields (Michney, 2022; Rothstein, 2017; Nelson et al., 2017) that show that at its core, HOLC’s

drafting of redlining maps was not a “race neutral” incidental exercise of structural racism. The policies

that redlining is a proxy for were primed to harm Black communities and individuals because they were

designed to harm Black communities, by policymakers who understood and supported the racial power

hierarchy (Michney, 2022). Our finding thus also consistent with the implicit framing undergirding almost

all other studies today of redlining and health: that racially discriminatory policies and/or initial conditions

set the stage for worsened health disparities later, and our role as researchers is to investigate the

temporal and spatial mechanisms of that path dependence in order to intervene today.

Given the preponderance of historical and documentary evidence (Michney, 2022; Nelson et al., 2017) in

the historiography of redlining, neither a null nor a significant finding for population density as a mediating

factor would lend support to or detract from the heterodox literature suggesting a “race neutral”

mechanism. Structural racism operates on health through policies that can be facially “neutral” (Jones,

2000). Even today, city planning is rife with facially “neutral” policies designed to shape certain
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demographic outcomes, and “anti-density” is even used as a racist dog whistle by some corners of the

planning world.

Taken in total, this does not suggest a direction for future research on population density as a mediator

between redlining and life expectancy. Both from its lack of effect and from the prior literature in multiple

fields, population density certainly is not a replacement construct for racial discrimination in redlining

maps in Baltimore City. Of course, since this study is limited in its generalizability to Baltimore City, it is

possible that population density does play a mediating role with life expectancy and health outcomes in

studies that have looked at other cities, or nationwide.

However, population density is strongly associated with communicable disease transmission during the

COVID-19 pandemic (Sy et al., 2021). Our outcomes data predates the pandemic. Richardson et al.

(2020) found that redlining nationwide is also strongly associated with worsened pandemic outcomes.

Thus, population density might serve as an important control variable for studies that examine linkages

between historical policies like redlining and communicable disease in the present day.
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3. Chapter 2: Health Outcomes

We begin chapter 2 with our hypothesis for the association between living in a redlined neighborhood in

the 1940 census and health outcomes in the near-present. We then propose methods, including a novel

method for generating currently non-georeferenced enumeration districts. We run our analyses, report the

results, and finish with chapter 2’s discussion section.

3.1 Hypothesis

Our hypotheses are as follows:

H0: Living in a redlined neighborhood in the 1940 census is not associated with health outcomes in older

adults today.

H1: Living in a redlined neighborhood in the 1940 census is associated with health outcomes in older

adults today.

3.2 Methods

To create our analytic dataset, we combine data from multiple historical, geographic, and longitudinal

sources. We use the restricted HRS 1940 Census complete count geographic dataset (Warren et al.,

2020) with enumeration district information along with the RAND longitudinal version of the HRS (Bulgliari

et al., 2023) for data on controls and dependent variables. For address locations to construct enumeration

districts, we use the Geographic Reference File (Logan et al., 2020) and OpenCage database. For a

subset of already defined enumeration districts, we use the city enumeration shapefiles of the Urban

Transition Project (Logan and Zhang, 2018). For HOLC categories, we use HOLC maps as digitized and

georeferenced by the Mapping Inequality Project (Nelson et al., 2017). Finally, we use the National

Historical Geographic Information System’s (NHGIS) dataset of 1940 county boundaries (McMaster et al.,

2003).
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3.2.1 Measure creation

3.2.1.1 Assigning HOLC redlining category to enumeration districts

In order to investigate any association between living in a redlined neighborhood in the 1940 census and

health outcomes in older adults in the near present, we need to be able to assign HOLC categories to

where those older adults lived in 1940. While the HRS 1940 Census complete count geographic dataset

contains the identifier for each participant’s 1940 ED (which would theoretically give us the participant’s

geographic location), HRS does not have the 1940 ED’s geocoded with latitude, longitude, and/or

shapefile polygons. Outside of HRS, the exact boundaries and geolocations of those 1940 ED’s have also

not been systematically georeferenced (meaning that maps that do exist are not projected and plotted

with latitude/longitude or other geographic measures). Many were hand-drawn using whatever maps were

available to census enumerators, including non-standard maps (Morse, 2007; Logan and Zhang, 2018).

Thus, in order to assign HOLC categories to the 1940 ED’s found in HRS, we need to be able to locate

the 1940 ED’s and draw their boundaries.

Enumeration districts were compact geographic areas that one enumerator could cover during the period

of the census (Morse, 2007; Logan and Zhang, 2018). Thus the raw data from the 1940 full count census

is organized by ED (Morse, 2007). Households in an ED were visited in a preset walking pattern. In urban

areas, ED’s were particularly dense, and might only cover one or two blocks, or even a single building.

ED’s were located within counties, and many cities had their own collection of ED’s. ED’s are not the

same as census tracts, though census tracts were generally aggregated from ED’s. ED’s were intended

to be merely an administrative tool not intended for public use; thus, unlike census tracts, ED’s could shift

drastically both in identifiers and geographic scope (e.g., size, shape, location) between each census

(Morse, 2007; Logan and Zhang, 2018). The administrative nature of ED’s also meant that ED boundaries

were sometimes informally drawn on maps in non-standardized ways and preservation, digitization, and

geocoding of ED’s was not prioritized (Logan and Zhang, 2018).

To start, we need a dataset of geocoded 1940 enumeration district geometries. We start with the Urban

Transition Project’s publicly available dataset of enumeration districts for 40 large US cities in 1940 as
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described in Logan and Zhang (2018). To summarize, each georeferenced enumeration district polygon is

created based on three sources of data: digitized but not georeferenced 1940 enumeration district maps

from the National Archives, 1940 enumeration district descriptions from the National Archives, and a set

of recreated 1940 street names and locations based on multiple historic data sources. An address walk

algorithm then locates specific addresses along recreated roads. The process is resource-intensive and

time-consuming, though the results are likely highly precise.

Critically, however, the Urban Transition Project dataset’s 40 cities do not contain enumeration districts for

the 5 boroughs of New York City, nor the incorporated near suburbs of most metropolises (where a lot of

particularly HOLC green A and blue B graded neighborhoods lay). To solve this problem, we

supplemented these identified “real” enumeration districts with “virtual” constructed enumeration districts.

3.2.1.2 Construction of “virtual” enumeration districts

The general method by which we construct 1940 virtual enumeration districts is to brute force

approximate the shape of the enumeration district via bulk address geocoding. We describe the method

below and provide a flowchart (figure 1).

Figure 1: Flowchart of virtual enumeration district construction and assigning HOLC categories

We use the publicly available Geographic Reference File (Logan et al., 2020), which is a dataset of 191

largest US cities by population in 1940, also made publicly available by the team behind the Urban
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Transition Project. The GRF is constructed from the IPUMS USA version of the 1940 fullcount census.

For each city, the GRF contains the 1940 address for every enumerated individual from the 1940 census,

along with the up-to-4 numeric digit plus 1 possible alphabetical digit suffix enumeration district

(sometimes with and sometimes without the dash prefix).

Since we are aiming for the geometry of the enumeration district (rather than each individual’s specific

geographic location within that ED), we assume that the numbering and naming scheme of 1940

addresses has not shifted appreciably between 1940 and 2023. We further assume that the geolocation

of the same address has not shifted appreciably on the surface of the Earth’s sphere between 1940 and

2023 due to the reconstruction of streets and changes in city layout.

We take advantage of these assumptions to geocode 2023 latitude and longitude to 1940 addresses via

OpenCage’s georeferencing database. The OpenCage address matching algorithm is based in part on

OpenStreetMaps. The exact matching and ranking algorithm is not publicly documented but it likely relies

on partial string matching and relevance scoring.

While these assumptions may be easily violated for any given address (Logan and Zhang, 2018), in

focusing on clusters of addresses and in aggregate, we should be able to estimate the location of

enumeration districts and construct virtual approximations of those enumeration districts’ polygons. We

can also apply exclusion criteria to both trim individual addresses and to exclude malformed virtual ED’s

using what is known about how ED’s were created.

We take each first occurrence of an address in the GRF with its attached ED marker. We use a geocoding

API (a type of communication and programming protocol to query data) via Python (packages: opencage

(OpenCage GmbH), asyncio (cpython/Lib/asyncio)) to query the OpenCage georeferencing database

(bounded to US addresses). From the query, we geocode the latitude and longitude of a 2023 address,

along with the open source tagged type of location returned and a distance confidence bound for each

1940 address. This provides us with a dataset of enumeration districts, each with its own set of multiple

latitude and longitude pairs.
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We retain geocoded locations only with a distance confidence bound of less than 500 meters. We also

exclude geocodes if the target location is a road or neighborhood (rather than an address or address-like

features). We exclude 2023 addresses if they lie outside the bounds of 1940 county lines from the

National Historical Geographic Information System (NHGIS). For a handful of addresses that returned no

result, we corrected malformed addresses by looking at the 1940 fullcount census pages (Morse, 2007)

and queried OpenCage’s database via its website, or discarded them if there were no matches.

Since we don’t already know the location of 1940 enumeration districts, and since–due to unquantifiable

erroneous geocoding and non-erroneous potential location changes–we don’t know prima facie which

geocoded 2023 addresses are correct, we use an iterative process to identify a density of points to draw

each ED. We weight each address by a calculated likelihood to be within the 1940 enumeration district

based on its clustering with other addresses. For each address, we calculate a 10 nearest neighbors

distance matrix via ball tree (Python 3.11 packages: sklearn (Pedregosa et al., 2011), numpy (Harris et

al., 2020), scipy (Virtanen et al., 2020), geopandas (Jordahl, 2014), pandas (McKinney et al., 2010)). We

chose 10 nearest neighbors due to computational limitations. We upweight each address both by the

proportion of 10 nearest neighbors that are from the same enumeration district and an exponential decay

function on distance (weights are higher the closer a same ED neighbor is). The decay function is:

e^(-k * distance)

where k is a decay constant. Since the distance matrix was calculated at the kilometer scale, we set the

decay constant to 5 to rapidly degrade weights as distance rises. In this manner, we generate a weight

from 0 to 10 for each address point.

Using QGIS, we plot the weighted centroid of each putative enumeration district and calculate a new

distance matrix from that centroid to each address point in the ED. We then exclude address points

whose distances-to-centroid lie outside the Interquartile Range Rule for outliers (which is bounded at 1.5

x the interquartile range from the 3rd quartile). Since we are using urban enumeration districts, we also

exclude any address points more than 2km from the centroid. Finally, to deal with centroids which may

have ended up at the midpoint between false clusters, we exclude entire enumeration districts where the
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minimum distance to the centroid exceeds 500 m (i.e. no addresses found within 1 km diameter of the

centroid). These are relatively conservative trims of address points.

A convex hull algorithm draws a polygon bounding a set of points, akin to stretching a rubber band over

the outside of a set of pins. Using our final set of trimmed address points projected with a WGS84

Pseudo-Mercator projection, we use an alpha shapes convex hull algorithm via QGIS to draw the

minimum bounding polygon around the address points. These polygons are our constructed virtual

enumeration districts (appendix A: figures 2-10).

Potential issues include the fact that real enumeration districts can have an element of concavity (e.g.

agglomerating a group of city blocks into the shape of a “L”). Additionally, these virtual enumeration

districts are not mutually exclusive, and do sometimes cross each other. Future work could include

adapting a concave hull algorithm and/or Thiessen/Voronoi shapes in a computationally feasible manner.

Virtual enumeration districts in general are smaller than real enumeration districts. This may impact how

HOLC category is discretized for the enumeration district (though a comparison of real to virtual

enumeration districts in our analytic dataset finds very few differences in HOLC category assignment).

For each virtual enumeration district, we calculate a geometric centroid (Stata/MP 16.1 geodist package).

For geographic locations with both virtual and real enumeration districts, we spatially join the virtual ED’s

geometric centroid to the real ED polygon and compare their listed ED names both to aid in pairing and

as a final error check.

3.2.1.3 Assigning HOLC Categories

We use an intersect spatial join in QGIS of 1930 HOLC shapefiles to our set of real and virtual

enumeration districts. In cases of multiple overlapping HOLC categories, we assign the category by

predominance. We do not have HOLC categories for Washington D.C. either because a redlining map

was not created or the map was lost (Hillier, 2005).

We use a binary weight for assigning HOLC categorization to an enumeration district by whether the ED

is “real” or “virtual”. For locations with both a real and a virtual ED polygon, our weight defaults to the

HOLC category of the real ED polygon.
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3.2.1.4 Creating Main Independent Variable

To operationalize our main independent variable, for each HRS participant in the 1940 full count sample,

we assign HOLC category via their matched 1940 ED. We exclude participants where we do not have an

ED with a joined HOLC category.

3.2.1.5 Health and Retirement Study

The HRS is described in detail elsewhere (Fisher and Ryan, 2018). HRS recruits US adults over the age

of 50 and oversamples Black participants and participants living in Florida. The study follows the same

participants in waves every two years until they become deceased or are otherwise lost to followup, and

is still ongoing. Participants enter the study in birth period cohorts. We use the RAND longitudinal version

of the dataset, described in detail elsewhere (Bugliari et al., 2023) that matches participants consistently

across waves from 1992 (wave 1) to 2018 (wave 14), includes most core variables for each wave, and

imputes and calculates economic variables. The HRS RAND longitudinal file includes variables for

self-rated health and age at death.

The restricted 1940 fullcount geographic enumeration district level dataset has n=9602 HRS participants

who were probabilistically matched to entries in the 1940 full count census version housed by IPUMS

USA as described by Warren et al. (2020). Highly probable matched individuals and households were

coded with their 1940 enumeration district identifier. We merge these records in turn to the HRS RAND

longitudinal file.

3.2.1.6 Creating the Main Dependent Variables

We operationalize health as both survival time and self-rated health. We use age in months at death as

our main outcome variable. If a participant was alive at the end of wave 14 in 2018, we use their age in

months at the end of the interview as a right censor indicator.

Health is commonly operationalized not only in length but also quality of life. In this study, we

operationalize quality of life with self-rated health at the first interview. The period leading up to death has

been associated with drops in self-rated health (Mossey and Shapiro, 1982). We choose self-rated health
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at the first interview for a consistent measure. In accordance with common practice and the literature on

how participants answer self-rated health (Manor et al., 2000), we dichotomize the measure by grouping

Excellent with Very Good; and Good, Poor, and Fair.

3.2.1.7 Covariates and Controls

We operationalize propensity to migration using migration experience. The 1940 census includes a

question on whether or not an individual lives in the same house as in 1935. We collapse all responses

other than living in the same house and unknown into a category to reflect moved.

For race, we use RAND’s crosswave coding of race which uses three categories of white, Black, and all

other races regardless of hispanic ethnic assignment.

We use RAND’s gender assignment variable, which has two categories of male and female.

For marital status, we collapse categories into 5 groupings to reflect potential social support systems or

stressors from within the household that might impact health and other outcomes. These groupings are

married or partnered; divorced, separated, or an absent spouse; widowed; and never married. We pick

marital status at the date of death or last interview if the respondent is still alive.

Using reported birthplace regions, we also create a dichotomous variable for foreign birth to

operationalize immigration status.

Education has a strong exogenous effect on life outcomes. To reflect the potential resources and

limitations imposed on respondents due to different levels of educational attainment, we dichotomize

educational attainment into those who graduated high school and those who did not (or who received

their GED at a later date).

We collapse net household wealth into 5 ordered categories, with a category including zero and negative

net wealth, then wealth quartiles. Please see chapter 3 for an expanded discussion of the wealth variable.
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3.2.2 Analysis Methods

One way we could conceptualize analyzing the relationship of HOLC category exposure in 1940 with

health outcomes today is as a time-to-event/survival prospective study with left truncation. In this case,

the left truncation occurs because of the lag time between the 1940 census and the start of the HRS.

Length of life is a common measure for health, and thus we can use time until death as our

operationalized measure of health. However, because of mortality selection and survivorship bias (Suissa,

2008)–particularly given the large racial disparities in life expectancy throughout the 20th century–our

analysis faces threats to external validity from average mortality selection effect and internal validity from

variation in selection. Given the racial discrimination underlying redlining coupled with those racial

disparities in life expectancy, it is plausible that many individuals from redlined areas may have died

before the met the age-limited inclusion criteria for HRS, and thus those from redlined areas who survived

long enough to enroll in HRS may have been especially healthy. If we look only at the average life

expectancy of those individuals we observe in HRS, those living in redlined areas would look as if they

live longer on average because our sample systematically misses all of those who had much shorter

lifespans (Mayeda et al., 2018). As a result, our methods need to account for left truncation. Since HRS is

ongoing and a proportion of our sample is still alive, our study is also subject to right-censoring.

We can use parametric normal distribution maximum likelihood estimation regression model to account

for both left truncation and right censoring (Cain et al., 2011). Our variable entry time in the HRS (due to

staggering both by cohort and by age within each cohort) might suggest a non-parametric product limit

estimator (Cain et al., 2011). However, the near certain likelihood that left-truncated “observations” died

earlier than the HRS inclusion criteria of age 50 would give us a biased estimator (Cain et al., 2011).

Instead, we use a parametric model since “adult” or non-neonatal age of death is close to normally

distributed (Tuljapurkar, 2010). Accounting for left truncation by modeling the shape of the distribution of

“adult” death–which would include those who died before eligibility for HRS inclusion–should prevent

attenuation of disparities like those found in Mayeda et al. (2018).

For our first model, we estimate hazards by HOLC category. In our second model, we include a set of

controls. In our third model, we introduce migration experience to the fully controlled model.
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For self-rated health, we perform a logistic regression of HOLC category on two levels of self-rated health.

We run a second model with a full set of controls including propensity to migration.

For all models, we test statistical significance at the 95% confidence level and report 95% confidence

intervals.

3.3 Results

Our sample covered 2973 enumeration districts, as reported in table 2. Of these, we constructed 2658

virtual ED’s, while 1727 had real ED’s, with 1412 ED’s having both virtual and real ED’s. 98% of the

enumeration districts were either covered only by one type of district (real or virtual) or showed no

difference in HOLC categorization when a counterpart existed. 2% of real enumeration districts had a

different HOLC category from their virtual enumeration district counterpart, suggesting that the vast

majority of virtual ED’s were correctly coded where both virtual and real ED’s were available.

Table 2:
Real Enumeration District (ED) Overlap with Virtual Enumeration Districts

 Overlap Status Frequency Percent
No Difference 1,353 45.5
Difference 59 2.0
No Overlap 1,561 52.5

3.3.1 Tabulations

Tabulations are reported in table 3. 2.8% of our sample lived in green A enumeration districts, 14.3% in

blue B, 41.6% in yellow C, and 41.3% in red D.

Table 3:
Summary Statistics

Variable Frequency/units Mean (SD)/Percent
Total HRS RAND sample 42233  
1940 Census Geo HRS sample 9602  
Analytical sample 2974  
Year of birth year 1925. 6 (10.2)
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Age at first interview (in years) years 68.3 (10.8)
HOLC categories    

1.A (green) 83 2.79
2.B (blue) 425 14.29
3.C (yellow) 1,237 41.59
4.D (red) 1,228 41.29

Age at death in months by HOLC
category    

1.A (green) months 1025 (130)
2.B (blue) months 1018 (107)
3.C (yellow) months 1007 (111)
4.D (red) months 995 (113)
Total months 1004 (112)

Died during study period    
0.Right Censored 890 29.93
1.Died 2,084 70.07

Race    
1.white/caucasian 2,672 89.85
2.Black/african american 269 9.05
3.All other 33 1.11

Gender    
1.male 1,364 45.86
2.female 1,610 54.14

Marital Status    
0.Never Married 119 4
1.Married/Partnered 1,154 38.8
2.Divorced/Separated/Absent 368 12.37
3.Widowed 1,333 44.82

Foreign-born    
0.US-born 2,884 97.04
1.Foreign-born 88 2.96

1st interview total wealth ($) $ 269185.4 (508324)
1st interview house net value ($) $ 453101 (1402610)
Wealth in 5 categories    

0.Negative or 0 148 4.98
1.Q1 519 17.45
2.Q2 682 22.93
3.Q3 862 28.98
4.Q4 763 25.66

House Net Value 5 categories    
0.Negative or 0 626 21.05
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1.Q1 425 14.29
2.Q2 528 17.75
3.Q3 744 25.02
4.Q4 651 21.89

Education    
0.GED or Less than HS grad 790 26.56
1.HS grad or more 2,184 73.44

Moved last 5 years 1940 census    
0.Same House 818 27.51
1.Has Moved 1,610 54.14
3.Unknown 546 18.36

Insurance 1st Interview    
0.Medicare 1,681 56.77
1.Medicaid 31 1.05
2.Dual Medicare and Medicaid 103 3.48
4.Private 1,041 35.16
6.Uninsured 105 3.55

Insurance last Interview    
0.Medicare 2,437 82.3
1.Medicaid 29 0.98
2.Dual Medicare and Medicaid 293 9.9
4.Private 164 5.54
6.Uninsured 38 1.28

Insured 1st Interview    
0.Uninsured 105 3.55
1.Insured 2,856 96.45

Insured Last Interview    
0.Uninsured 38 1.28
1.Insured 2,923 98.72

Doctor in last year 1st Interview    
0.No 368 12.38
1.Yes 2,604 87.62

Doctor in last year last Interview    
0.No 160 5.38
1.Yes 2,812 94.62

Self rated Health 1st Interview    
0.Excellent or Very Good 1,359 45.71
1.Good, Fair, or Poor 1,614 54.29
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For those participants who became deceased, mean age at death was 1,004 months (approximately 83.7

years). 45.7% rated their own health at the first interview as Excellent or Very Good, and 54.3% as Good,

Fair, or Poor. The ratio between those who rated their health as Excellent or Very Good to those who

rated their health as Good, Fair, or Poor reduces as we move from green A enumeration districts towards

redlined D enumeration districts (table 4).

Table 4:
Self-rated health by HOLC

HOLC Excellent/Very Good Good/Fair/Poor Ratio
A 51 28 1.82
B 218 183 1.19
C 581 584 0.99
D 508 644 0.79
Total 1358 1,439 0.94

3.3.2 Survival analysis

Survival analyses are reported in table 5. Our base hazards model finds that redlined D enumeration

districts are statistically significantly associated at the 95% confidence level with increased hazards when

compared to green A areas. The coefficient for red D is -0.40 (95% CI: -0.77 to -0.026).

Table 5:
Survival Analysis

  Coefficient Z score 95% CI
Unadjusted model        

HOLC        
A ref      
B -0.138 -0.690 -0.530 0.254
C -0.330 -1.750 -0.700 0.039
D -0.396 -2.100 -0.765 -0.026
Adjusted model        

HOLC        
A ref      
B -0.130 -0.750 -0.469 0.210
C -0.241 -1.470 -0.562 0.080
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D -0.236 -1.430 -0.559 0.087
Moved 1935-1940 -0.027 -0.490 -0.137 0.082
Race        

white ref      
Black -0.069 -0.660 -0.275 0.137
All other -0.431 -1.560 -0.974 0.111

Gender        
male ref      
female 0.345 5.710 0.227 0.464

Marital Status        
Married/Partnered ref      
Never married 0.215 1.480 -0.069 0.500
Divorced/Separated 0.031 0.340 -0.148 0.210

Widowed 0.717 10.780 0.586 0.847
Foreign-born -0.002 -0.010 -0.388 0.384
Total Wealth        

0 or negative ref      
Q1 0.257 1.720 -0.036 0.551
Q2 0.422 2.860 0.133 0.711
Q3 0.696 4.700 0.406 0.986
Q4 0.922 6.040 0.623 1.221

Education        
GED or less than HS ref      
HS grad 0.319 4.600 0.183 0.455

Insured 0.388 2.860 0.122 0.654

When controls are added (including race, gender, and wealth), no HOLC category is significantly

associated with increased hazards. The top 3 wealth levels are statistically significant controls, as well as

gender, being widowed, education, and health insurance status.

In the full model, with all controls and HOLC category, migration experience in the last 5 years is not

statistically significant, and its inclusion in the model does not appreciably change the coefficients or

significance of either our main independent variable or covariates and controls.
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3.3.3. Self-rated health

Self-rated health is reported in table 6. For self-rated health, “yellow-lined” C and redlined D enumeration

districts are statistically significantly associated at the 95% confidence level with decreased self-rated

health. Yellow C is associated with 0.59 increased log odds (95% CI: 0.13 to 1.04) of reporting only Good,

Fair, or Poor health. Red D is associated with 0.82 increased log odds (95% CI: 0.36 to 1.27) of reporting

only Good, Fair, or Poor health.

Table 6:
Self rated health at entry

  Coefficient Z score 95% CI
Unadjusted model        

HOLC        
A ref      
B 0.414 1.690 -0.067 0.896
C 0.586 2.520 0.130 1.042
D 0.815 3.500 0.358 1.271

Adjusted model        
HOLC        

A ref      
B 0.344 1.360 -0.153 0.840
C 0.466 1.940 -0.004 0.936
D 0.528 2.180 0.054 1.002

Moved 1935-1940 0.245 3.100 0.090 0.400
Race        

white ref      
Black 0.319 2.040 0.013 0.625
All other 0.032 0.080 -0.715 0.780

Gender        
male ref      
female -0.226 -2.610 -0.395 -0.057

Marital Status        
Married/Partnered ref      
Never married 0.301 1.430 -0.111 0.712
Divorced/Separated 0.086 0.660 -0.169 0.341
Widowed 0.120 1.270 -0.066 0.307

Foreign-born 0.133 0.550 -0.341 0.607
Total Wealth        
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0 or negative ref      
Q1 -0.147 -0.660 -0.580 0.286
Q2 -0.420 -1.940 -0.844 0.005

Q3 -0.654 -3.020 -1.078 -0.230
Q4 -0.995 -4.490 -1.430 -0.560

Education        
GED or less than HS ref      
HS grad -0.880 -8.980 -1.072 -0.688

Insured 0.425 2.000 0.009 0.842

When controls are added, redlined D enumeration districts continue to be associated with worsened

self-rated health, reporting 0.53 increased log odds (0.054 to 1.00) of reporting only Good, Fair or Poor

health. C enumeration districts are no longer significantly associated with worsened self-rated health.

Race, migration experience in the last 5 years, gender, top 2 categories of wealth, education and

insurance are all statistically significant controls in the model.

3.4 Discussion

Redlined enumeration districts have some association with health outcomes in our base models. For base

models, redlined enumeration districts are associated both with increased hazards and reduced self-rated

health. In the fully adjusted model, redlined enumeration districts are associated with reduced self-rated

health.

Race and wealth are both non-exclusive pathways to health from HOLC in our conceptual framework, so

we would expect to find the strength of any associations between redlining and health to be muted in their

presence. HOLC areas were drawn with race in mind implicitly and explicitly, and HOLC’s anti-Black racial

attitudes and concepts of creditworthiness (along with xenophobia) were enshrined in lending and

investment practices for decades that locked generations out of home ownership and thus a source of

financial resources to spend on health production (Michney, 2022). This and other policies have led to

systemic reductions in life expectancy and health for Black residents. At the same time, divestment and

concurrent and subsequent political disenfranchisement in Black neighborhoods have been associated
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with worsened environmental outcomes (Pappoe, 2016; McCoy, 2017; Naman et al., 2020; Tragenstein et

al., 2020) that also harm health (Bailey et al., 2017; Jacoby et al., 2018). While a mediation analysis is

beyond the scope of this analysis, future work should examine race and wealth as possible mediators, or

conversely examine HOLC category as a possible instrument for race and wealth.

Previous work has found that redlined areas are associated at both area (Swope et al., 2022; Richardson

et al., 2020; Wilson et al., 2018; Alexander and Currie, 2017; Nardone et al., 2020; Lynch et al., 2021;

Huggins, 2017) and individual levels with worsened health outcomes for present day residents (Krieger,

Wright, et al., 2020; Krieger, Van Wye, et al., 2020), including on mortality and life expectancy. Our

findings are broadly consistent with such findings that show that the racialized construction of geographic

space is associated with ultimate health outcomes. We examine the association with individuals who were

exposed shortly after redlined maps were drawn, and find associations with health outcomes attenuated

by race and wealth controls.

Our conceptual framework does not explicitly account for a relationship between HOLC category and

gender (though given the ubiquity of both racialized gender expressions (Steele, 2018) and gendered

racial barriers (Amuchie, 2015), it’s certainly not implausible to find potential pathways). However, gender

is also associated with longevity and life expectancy, and is an often used control variable.

Migration experience–as measured by whether an individual lived in the same house in 1935 as in

1940–was not statistically significant in the hazards model. One possible interpretation is that geographic

mobility (or its lack) and “healthy migrant” selection effects cannot adequately explain increased hazards

in redlined areas.

We have created a new data resource and method in locating and generating virtual 1940 ED’s that can

be used for future research into both redlining and work examining health and geographic linkages in the

1940 census.
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4. Chapter 3: Economic Outcomes and Healthcare Utilization

In chapter 3, we explore the potential pathway through economic outcomes to link redlining to ultimate

health outcomes. We begin with our hypothesis, propose and run methods to test, report results, then

finish the chapter with a discussion. We then wrap up the manuscript with a broader discussion.

4.1 Hypothesis:

Our hypotheses are as follows:

H0: Living in a redlined neighborhood in the 1940 census is not associated with economic outcomes and

healthcare utilization in older adults today.

H1: Living in a redlined neighborhood in the 1940 census is associated with economic outcomes and

healthcare utilization in older adults today.

4.2 Methodology:

4.2.1 Data Sources

We use the restricted HRS 1940 fullcount geographic enumeration district dataset merged with the HRS

RAND longitudinal file as described in greater detail in chapter 2. HRS includes economic and healthcare

utilization variables that could allow us to investigate our conceptual framework linking HOLC

categorization through economic outcomes and to healthcare utilization. The RAND longitudinal file

includes imputed economic variables, as well as measures on the use of healthcare. For geographic data

on enumeration districts, we combine enumeration district data from the Urban Transitions Project, the

Geographic Reference File, and the OpenCage database. For HOLC data, we use the 1930s HOLC

maps digitized and georeferenced by the Mapping Inequality Project. For 1940 county boundaries, we

use the NHGIS dataset.
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4.2.2 Creating Measures

4.2.2.1 Independent Variable - HOLC Category

As described in chapter 2, we create our own “virtual” enumeration district dataset by using the

OpenCage database to geocode 1940 addresses from the Geographic Reference File, and then creating

enumeration district polygons with a convex hull algorithm around same-district addresses. We combine

our “virtual” 1940 enumeration districts with the 1940 enumeration districts from the Urban Transitions

Project and weight the dataset to prefer Urban Transitions Project districts when both exist. We assign

HOLC categories to 1940 enumeration districts by spatially joining enumeration district polygons with

1930s HOLC maps digitized and georeferenced by the Mapping Inequality Project. Error checking was

done in part by comparison to 1940 county boundaries from the NHGIS dataset. We code each

participant with a four part HOLC category through their matched 1940 enumeration district.

4.2.2.2 Control Variables

The methods for creating control variables were discussed in further detail previously in chapter 2. In

summary, we create controls for race, gender, marital status, foreign birth, educational attainment, and

migration experience using HRS data. While net household wealth is an outcome variable for the first set

of our analysis on economic outcomes in this chapter, it serves as a control for the second set of our

analysis on healthcare utilization.

4.2.2.3 Main Dependent Variables - Economic Outcomes

For our main economic outcome, we focus on wealth. Most of the population is at a life stage where they

begin or have already begun to prefer replacing consumption from income with consumption from savings

(if those exist). Wealth and assets may be a better measure than income of the level of resources that are

available for healthcare decisions at this stage (Allin et al., 2009).

We operationalize wealth using total net household wealth. The measure includes primary residence,

additional real estate, liquid assets, and retirement accounts. RAND imputes this measure using nearest

neighbor analysis whenever component variables are missing. We measure this at the first interview date
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to reduce variability that may occur over time and to reflect the level of assets that are available for

prospective healthcare budgeting. The measure was collected at the household level which would reflect

resource sharing that occurs within households. We use net household wealth since we’re interested in

the level of resources available to individuals for healthcare decision making. Similarly, we use the net

wealth at the first interview to reflect the resources that are available to households for prospective

healthcare budgeting (as would be indicated by the Aday-Andersen model in our conceptual framework).

To account for right skew, we collapse net household wealth into 5 sequential categories. We create one

category for zero and negative net wealth (a situation where a household is low resourced or underwater

with debt obligations), and create quartiles for net accumulated wealth above that point. Log transforms of

accumulative variables (like income, wealth, etc.) are often used to address the right skew of these data.

However, the relatively large proportion of zero and negative net wealth values in our data renders a log

transformation inappropriate for our purposes.

We also measure net house or primary residence value. Many US residents rely on housing as an asset

value store (in addition to its use as shelter). HOLC in particular was concerned with residential mortgage

risk, and much of the public history of redlining has been focused on the impact that redlining had on

home values and housing quality (Aaronson et al., 2017). Similarly to net wealth, we collapse house or

primary residence values into 5 sequential categories.

4.2.2.4 Main Dependent Variables - Healthcare Utilization

We break healthcare access into two parts: health insurance and healthcare utilization.

We operationalize health insurance in two ways. We are primarily interested in whether or not an

individual is insured or uninsured. Given the high uptake of Medicare the older the population gets, we

looked at whether or not an individual had insurance at first interview: this is the same measure of health

insurance status used as a control variable in chapter 2. We also look at whether HOLC category is

associated with the type of health insurance carried at first interview, broken into Medicare, Medicaid, dual

Medicare and Medicaid, other government provided insurance, private insurance, other insurance, and

uninsured. When a respondent had both government provided and private insurance or other insurance
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(e.g., through Medicare Part C managed care plans), we categorized them into government provided

insurance.

We operationalize healthcare utilization through a dichotomous variable of whether or not an individual

visited the doctor over the last year. We measure at the first interview to match the respondent’s health

insurance status in that year.

4.2.3 Analysis Methods

4.2.3.1 HOLC categories’ association with race

We run a multinomial logistic regression of HOLC grade on race of respondent with white respondents

and green A HOLC category set as the reference points. Multinomial logistic regressions output relative

log odds for the likelihood of belonging to a different group from the reference group for the independent

variables and controls for non-binary categories. Race of the respondent as coded by HRS is a good

approximation for a non-binary and non-ordinal category.

4.2.3.2 Economic Outcomes

We run ordered logistic regression of HOLC categories on sequential wealth categories. Ordered

categorical variables have ordinal relationships with each other but do not have consistent “distance”

between any levels. Our sequential categories of wealth fit the mold of an ordered category. Ordered

logistic regressions output log odds for belonging to the next ranked group for the independent variables

and controls. We then add full controls (absent wealth of course). We run ordered logistic regression of

HOLC categories on sequential net house value categories with full controls.

4.2.3.3 Healthcare Utilization Outcomes

For health insurance, we run logistic regression of HOLC categories on whether an individual is insured or

uninsured at the first interview date. We then add full controls. Next, we run multinomial logistic

regression of HOLC categories on the type of insurance or being uninsured. We then add full controls.
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For visiting the doctor, we run a logistic regression of HOLC categories on whether an individual had

visited their doctor in the previous year. We then add full controls.

For all models, we test statistical significance at the 95% confidence level and report 95% confidence

intervals.

4.3 Results

4.3.1 Tabulations

All tabulations are reported in table 2. 2.8% of our sample live in green A enumeration districts, 14.3% in

blue B, 41.6% in yellow C, and 41.3% in red D.

9.1% of our sample is Black, 89.9% white, and 1.1% all other races. Mean age at the first interview was

68 years.

Only 3.6% of the sample is uninsured at the time of the first interview. 56.7% of the sample is on

Medicare, 1.1% Medicaid, and an additional 3.5% has dual Medicare/Medicaid coverage. 35.2% is on

private insurance.

87.6% of the sample had visited a doctor in the 12 months before the time of the first interview.

4.3.2 HOLC Category and Race

HOLC grade of the enumeration district is statistically significantly associated with the race of the

respondent at the 95% confidence level. Respondents in redlined D enumeration districts had 2.97 (95%

CI: 0.99 to 4.95) the log odds of being Black instead of white compared to respondents living in green A

enumeration districts (table 7).

Table 7:
Race by HOLC Composition

  Coefficient Z score 95% CI
white ref      
Black        
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A ref      
B 1.027 0.990 -1.015 3.069
C 0.448 0.440 -1.566 2.462
D 2.968 2.940 0.992 4.945

All other races        
A ref      
B 0.041 0.000 -3018 3018
C 14.014 0.010 -2751 2779
D 15.208 0.010 -2750 2780

4.3.3 Economic Outcomes

Wealth outcomes are reported in table 8. For economic outcomes, HOLC grade is statistically significantly

associated with the log odds of being in the next higher wealth category in the unadjusted model. Those

in enumeration districts with redlined D categories had -0.69 (95% CI: -1.09 to -0.29) the log odds of

belonging to the next higher wealth category compared to those in green A categorized enumeration

districts. Those in B and C categories as compared to A also resulted in lower log odds of being in the

next higher wealth category (with the coefficient for B being less than C being less than D), but the results

were not statistically significant.

Table 8:
Total wealth 5 categories

  Coefficient Z score 95% CI
Unadjusted model        

HOLC        
A ref      
B -0.142 -0.660 -0.562 0.278
C -0.330 -1.640 -0.726 0.065
D -0.690 -3.410 -1.086 -0.293
Adjusted model        

HOLC        
A ref      
B -0.004 -0.020 -0.434 0.426
C -0.172 -0.830 -0.578 0.235
D -0.229 -1.100 -0.638 0.180

Moved 1935-1940 -0.128 -1.870 -0.262 0.006
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Race        
white ref      
Black -1.428 -11.320 -1.675 -1.180
All other -0.513 -1.460 -1.200 0.174

Gender        
male ref      
female -0.401 -5.400 -0.547 -0.256

Marital Status        
Married/Partnered ref      
Never married -1.517 -8.420 -1.870 -1.164
Divorced/Separated -1.017 -9.070 -1.237 -0.797
Widowed -0.505 -6.140 -0.666 -0.344

Foreign-born -0.645 -3.310 -1.027 -0.263
Education        

GED or less than HS ref      
HS grad 1.269 16.000 1.114 1.425

Insured 1.023 5.630 0.667 1.378

When we add full controls, the magnitude of coefficients for HOLC categories as compared to green A

areas are smaller compared to the coefficients from the base model and no HOLC category remains

significant. All controls were statistically significant in the model, including race, gender, marital status,

foreign birth, education, and migration experience. A similar pattern holds for housing values where red D

have statistically significantly lower log odds of being in the next higher housing value category when

compared to green A in the unadjusted model, but is not significant in the fully adjusted model.

4.3.4 Healthcare Utilization Outcomes

HOLC grade is not statistically significantly associated with whether or not an individual had health

insurance at the 95% confidence level. It was not significantly associated with the type of insurance

individuals had either (table 9). This null finding holds when the full set of controls are added to either

model.

Table 9:
Insured at study entry

 HOLC Coefficient Z score 95% CI
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A ref      
B -0.073 -0.090 -1.599 1.452
C -0.497 -0.680 -1.929 0.936
D -0.415 -0.570 -1.850 1.020

HOLC grade is also not significantly associated with whether or not an individual visited the doctor in the

last year (table 10). Again, the null finding holds when the full set of controls are added.

Table 10:
Likelihood of seeing a doctor in last 12 months at study entry

 HOLC Coefficient Z score 95% CI
A ref      
B 0.071 0.190 -0.655 0.796
C -0.037 -0.110 -0.719 0.645
D -0.061 -0.180 -0.743 0.621

4.4 Discussion

We find that 1940 exposure to enumeration districts predominantly consisting of redlined areas in the

1930s is statistically significantly associated with economic outcomes of those same individuals starting in

1992. Moreover, the association attenuates and is no longer significant once we control for race,

educational attainment, and other controls. While a full mediation analysis is out of scope for this work,

this finding is consistent with our framework that HOLC is a proxy for other policies that created structural

barriers by race via geographic restrictions in the 20th century.

Previous literature (Aaronson et al., 2017) have found redlining to still be associated with area measures

of economic outcomes for current residents. We find an association to exist for individual original

residents as well in our base model, but the result is not significant with controls. Current residents may or

may not be the same as original residents, and a future direction for research would be to identify whether

residents who still live in redlined areas have different outcomes from those who have moved to

non-redlined areas.
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Our conceptual framework posits one pathway between economic outcomes and health is through

healthcare utilization. The Aday-Andersen model (1974) suggests that reduced economic outcomes from

exposure to redlined enumeration districts would translate to fewer resources (a key enabling resource) to

use on healthcare, and thus reduced health access and healthcare utilization. However, we found no

association between HOLC categories and either health insurance access or visiting the doctor in either

unadjusted or adjusted models.

The elderly age of the population at entry may mean that much of the population who would have been

uninsured at a younger age due to a lack of economic resources were covered by Medicare. Along with

the high rate of Medicare uptake, this may also point to a success in an universal entitlement healthcare

financing scheme in providing health insurance access despite different economic outcomes (albeit late in

life), as would be suggested by Fundamental Cause theory (Link and Phelan, 1995).

Our health insurance result appears less consistent with the findings by Nardone et al. (2020) and White

et al. (2021), both of which did find redlined areas to have lower rates of health insurance. However, both

those studies looked at health insurance uptake across the whole population of an area, which would

include everyone who does not qualify yet for Medicare and thus would not benefit from its near universal

at-age coverage for an older study population in our case. Additionally, both studies looked at present day

residents rather than original residents. Again, a future study should examine whether previous residents

of redlined areas continue to live in those areas. Additionally, future work could examine other patterns in

health insurance coverage in an older population, such as temporary periods of being uninsured and

churn.

HOLC category was not associated with any visits to the doctor in the last year. As a more proximate

enabling factor, high rates of health insurance might instead be a more important factor in determining

healthcare utilization. Since HOLC grade does not appear to be associated with health insurance in our

study, it’s possible that doctors visits are more strongly associated with health insurance or more

proximate associated economic outcomes. This result is inconsistent with the finding by Poulson et al.

(2021), which did find redlined areas to have lower rates of healthcare utilization in the form of

preventative lung cancer screenings among Black patients. We did not test for other potential measures
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of healthcare utilization such as number of visits, appropriateness of visits, or type of visit. A future study

might examine the number or frequency of doctors visits–while controlling for external factors that may

also influence how often patients visit the doctor. Further, this may suggest that health is not solely or

primarily related to medical care, which is broadly consistent with other findings about the contribution of

medical care to overall health (Kaplan and Milstein, 2019).

Enumeration districts with red HOLC category are associated with the racial makeup of an area. In line

with the retrenchment in American views around structural racism after 2020, much has been written in

the last few years (see Michney, 2022 for a discussion of such writings) about how HOLC categories were

wholly unrelated to the race of the individuals living in those neighborhoods. Leaving aside the explicitly

race-based notes found in HOLC maps (Nelson et al., 2017) and new scholarship on how racial attitudes

of the HOLC staff suffused future thinking on credit risk (Michney, 2022), and leaving aside the

long-standing treatment of race not as a coincidental and context-less (and ahistorical) “fact” but rather a

sociological construct bound up with other co-occurring sociological constructs to maintain power and

economic relationships (Cox, 1948), we find evidence strongly consistent with the predominant view that

HOLC categories are race-based. As such associations between redlining with economic outcomes are

likely to be racially disparate even if there are Black communities that were not redlined and which may or

may not attenuate such outcomes.
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5. Final Discussion

This is the first work to our knowledge that explores exposure to HOLC redlining categories in 1940 by

enumeration district at a large nationwide scale along with health outcomes in those same individuals in

the near-present. We also created a new method and dataset for future studies that use 1940 urban

enumeration districts. We find no evidence that a “race neutral” construct of population density serves as

a mediator for the association between redlining and area life expectancy in Baltimore. When looking at

individuals who were exposed to redlining in the first census after redlining, we find some associations

with health outcomes that are attenuated by race and wealth measures. Self-rated health continues to be

statistically significantly associated with 1940s experience with redlining even after applying controls. We

find associations with economic outcomes without controls, but no associations for health insurance or

healthcare utilization.

5.1 Limitations

Enumeration districts are area constructions that do not align perfectly with the non-cartographic

categorization of HOLC areas. However, they do have a much higher resolution due to their smaller size

and geographic compactness than larger geographic units such as census tracts or neighborhoods,

particularly in dense urban areas.

Missing enumeration districts are not likely to be all missing completely at random since the available

GRF dataset is by size of city population. As a result, we know we are missing enumeration districts for

smaller incorporated cities (there were a total of 412 US cities in 1940 (Census Bureau, 1950)). However,

most of these locations do not have an existing HOLC map, so our enumeration districts cover the vast

majority of the geographic space covered by HOLC maps.

Among cities that are covered, some portion of enumeration district missingness is random and some is

likely not. Typographic errors in recording street names (or in how they were miscoded by modern day

records digitizers) are likely to be missing completely at random. On the other hand, geocoding

errors–where the OpenCage API returned to us an address that we deemed not likely to be within the
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bounds of the 1940 enumeration district–are possibly missing because roads and originally assigned

houses were moved or demolished. Thus enumeration districts that were trimmed because they failed our

minimum address radius test may be more likely to be areas that underwent drastic urban renewal and

reconstruction throughout the late 20th and early 21st centuries, which in turn were more likely to be

areas where politically marginalized communities resided in 1940. While an analysis of the features of

trimmed enumeration districts is not possible at this time (since not knowing where they are, we cannot

map area features or HOLC categories to them), this is an area where future work is necessary.

HOLC categorizations are not necessarily a unified sociological construction between cities/metropolitan

areas (Swope et al., 2022). As a power hierarchy, the racial power hierarchy in the US is not an internally

consistent construct, but rather may vary in its porousness or the saliency of certain “rules” within each

local context to maintain that power structure (Cox, 1948). As such, the decision to mark certain similar

areas as red, yellow, blue, or green reflects local racial attitudes and thus varies within the general

bounds of American racial policy from city to city (Michney, 2022). Additionally, local political contexts are

likely to determine how resources and investments were allocated to and from politically marginalized

communities from 1940 to the present day (Nelson et al., 2017). For this study, we treated HOLC

categories as if they were consistent across cities, though we ran some followup analysis to investigate

this assumption. In subsequent runs, we did include indicator variables on state and then on city and did

not observe a meaningful or significant difference in coefficients or confidence bounds for main variables

or controls from our main models (though our sample is likely not powered enough for such a method).

5.2 Future Directions

Future analysis should look at whether or not individuals still live in the same HOLC grade as they did in

1940. This would help us answer both whether associations found on the individual level are more

associated with initial or continued exposure to areas redlined in the 1930s, and whether present-day

area level effects in redlined neighborhoods are more associated with population change or lack of

resources and investment, especially given the weak or non-existent associations found with both

proximate and ultimate endpoints.
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Childhood has been identified as a key period in setting trajectories of health (Krieger, Van Wye, et al.,

2020). Initial exposures in housing and neighborhoods may have stronger associations due to how they

act on childhood development, whether through physical environment–such as lead (Pappoe, 2016)–or

social environment–such as Adverse Childhood Experiences (Felitti et al., 1998). In successive runs we

did not find meaningful or significant differences from including age in the 1940 census or year of birth on

our results, but a future study might more directly examine that pathway.

Future analysis should look at the individual address level, since we know georeferenced HOLC

categories with far greater certainty than we do enumeration districts, and since HOLC categories are

non-cartographic with respect to any other cartographic division. Exact address matching would also

allow us to include other measures of interest that are strongly associated with health outcomes from a

young age, including distance to automobile traffic, travel time, etc. However, due to changes in city

geographies, exact address matches should be used with caution or snapped to an enumeration district

before a dataset of georeferenced 1940 addresses is constructed (rather than simulated from present-day

addresses). Density calculation and address trimming may be good enough to fit the geometry of an

enumeration district, but would be more difficult to verify for each specific address.

A larger dataset, such as vital records, that could be matched to the 1940 fullcount census could also be

a way to tie together historical exposures with health throughout the 20th and early 21st centuries and

into the present.

It is clear when creating the dataset that much of the antecedent conditions stretch to the early postbellum

or possibly even antebellum period. Areas where new city arrivals lived (many of whom were Black and/or

immigrants) often contained the oldest housing stock (Michney, 2022; Logan et al., 2020). Additional work

could be done to link histories of place, forced migration, and compulsory labor throughout the 19th and

20th centuries to help us understand the health landscape in the present day.

Since we do not theorize the HOLC maps to be in the direct causal pathway for health outcomes, but

rather a proxy for existent racial policy, we focused primarily on associations. However, in future studies,

an instrumental variable approach may help us control for unobserved confounding. One possible

approach is to exploit enumeration district numbering schema in each city, where numbers seem to have
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been assigned to districts in a circular within geographic cluster and circular between cluster pattern.

Thus, the modulo position of the ED’s number within a geographic cluster of EDs may be related to its

distance from the city center and thus its likelihood to be redlined within the cluster without being related

to any other potential pathway. This method would require a Fourier Transform to find the period length of

clustering.

Machine learning algorithms might also potentially help us process and better draw enumeration districts.

For data processing, machine learning could be used in reading and processing enumeration district map

data, as well as using optical character recognition to read in handwritten full count data (such as the now

available 1950 fullcount census data). Language models might also be used to better parse or correct

misinterpreted atypical shorthand and address names in the fullcount data (for example in places where

an enumerator drew a line to indicate the address is a continuation from the page before, or where “41st

ave” was reinterpreted by a modern day coder as “41 Saint Avenue”). On the data analysis side, machine

learning could be used to draw constructed enumeration districts with higher precision and to identify

erroneous geocodes automatically. We briefly experimented with an isolation forest algorithm using

address data geocoded from OpenCage that drew virtual enumeration districts that matched extremely

well with the Urban Transition Project’s enumeration districts, but the process was technically beyond our

capabilities for now and computationally intensive at scale.

5.3 Policy Implications

Finally, at a community and societal level, we need to grapple with how the impacts of policy histories on

health create reparative responsibilities for governance. Institutional, local, state, and national

governmental policies have created a set of ongoing conditions (likely deliberately) through political

disenfranchisement that continue to rob a portion of our population of the full length and quality of life that

they are owed. There is no single policy that can be pointed to, but rather a matrix of path-dependent and

mutually reinforcing policies through time to maintain a power structure that thus degrades health and

well-being. What responsibilities to compensation, structural reshaping, and political empowerment are

implied and should be demanded of government? Health equity frames can and have served as a strong
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impetus and rhetorical cudgel for community organizing (Pastor et al., 2018) including during the ongoing

COVID-19 pandemic.
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Appendix A: Figures

Figure 2: Chicago real and virtual enumeration districts tagged by HOLC. HOLC backdrop.

Legend: light transparent shade: HOLC backdrop, darker bold shade with rounded border polygons:
virtual ED, straight border polygons: real ED, red: HOLC D, yellow: HOLC C, blue: HOLC B, green: HOLC
A.
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Figure 3: Street grid of a section of present day Philadelphia, PA, USA
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Figure 4: Philadelphia geolocated 1940 addresses by enumeration district (untrimmed)

Legend: dot: one 1940 address where color refers to enumeration district.
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Figure 5: Philadelphia constructed virtual enumeration districts without trimming addresses

Legend: polygon: one virtual ED constructed from untrimmed addresses where color refers to different
ED’s.
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Figure 6: Philadelphia trimmed address virtual enumeration districts overlaid with untrimmed addresses

Legend: dot: one 1940 address where color refers to ED, polygon: one virtual ED constructed from
trimmed addresses.
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Figure 7: Philadelphia trimmed address virtual enumeration districts overlaid with real enumeration
districts

Legend: rounded border darker polygon: one virtual ED constructed from trimmed addresses, straight
border lighter polygon: one real ED from the Urban Transition Project.
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Figure 8: Brooklyn geolocated 1940 addresses by enumeration district

Legend: dot: one 1940 address where color refers to ED, transparent backdrop shading: HOLC map.
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Figure 9: Brooklyn 1930 HOLC map

Legend: transparent polygons: HOLC map, red: HOLC D, yellow: HOLC C, blue: HOLC B, green HOLC
A.
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Figure 10: Brooklyn virtual enumeration districts tagged with HOLC.

Legend: rounded border polygons: virtual enumeration districts where color refers to HOLC category, red:
HOLC D, yellow: HOLC C, blue: HOLC B, green HOLC A.
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Abstract

Background

In the 1930s, the Home Owners’ Loan Corporation categorized neighborhoods by investment

grade along racially discriminatory lines, a process known as redlining. Although other authors have found

associations between Home Owners’ Loan Corporation categories and current impacts on racial

segregation, analysis of current health impacts rarely use these maps.

Objective

To study whether historical redlining in Baltimore is associated with health impacts today.

Approach

Fifty-four present-day planning board-defined community statistical areas are assigned historical

Home Owners’ Loan Corporation categories by area predominance. Categories are red (“hazardous”),

yellow (”definitely declining”) with blue/green (“still desirable”/”best”) as the reference category.

Community statistical area life expectancy is regressed against Home Owners’ Loan Corporation

category, controlling for median household income and proportion of African American residents.

Conclusion

Red categorization is associated with 4.01 year reduction (95% CI: 1.47, 6.55) and yellow

categorization is associated with 5.36 year reduction (95% CI: 3.02, 7.69) in community statistical area life

expectancy at baseline. When controlling for median household income and proportion of African

American residents, red is associated with 5.23 year reduction (95% CI: 3.49, 6.98) and yellow with 4.93

year reduction (95% CI: 3.22, 6.23). Results add support that historical redlining is associated with health

today.

Introduction

Race and its intersection with place matters when it comes to health disparities. Structural

racism—the interplay of (sometimes unintentional) processes and structures that reinforce racial

inequities [1]—has a large role in continued health disparities [2-5]. Place, geography, and the built

environment are understudied dimensions of structural racism in terms of their impact on racial

differences in health [6]. These continuing structural contributions to health disparities can often be traced

to historically discriminatory policies and practices, such as redlining.



59

The impact of redlining is part of a broader national conversation about the impact of racially

discriminatory policy and systems on disparate racial impacts, particularly differences between Black and

white Americans. The 2014 Ta-Nehisi Coates article “The Case for Reparations” in The Atlantic [7]

brought back to the fore a national conversation about and made an argument for reparative investment

to correct inequities suffered by Black Americans. Part of Coates' thesis was that redlining led to

systematic racial discrimination in housing throughout the twentieth century, which still impacts

intergenerational wealth and life outcomes in Black communities today.

Racially discriminatory local and federal policies and redlining's role were also publicly discussed

in the context and aftermath of police murders of unarmed Black civilians. After the late-summer 2014

murder of Michael Brown, Ferguson, MO underwent an uprising in protest at his death and the sense that

historical and current local government policies—including redlining—were unjust and led to police

suppression of the Black community [8]. In Freddie Gray's murder in Baltimore in April of 2015 and

subsequent uprising, another explicit tie-in was made with the city's history of redlining [9-11]. A public link

was being made between how redlining creates racial residential segregation [12, 13], and particularly the

hypersegregation of Black residents from white residents [14] that concentrated and exposed Black

residents both to environmental hazards and overpolicing [15].

Background and literature review

What is Redlining?

In the latter half of the 1930s, the US Federal government authorized the Home Owners’ Loan

Corporation (HOLC) to draw “security” maps for investment purposes [16]. These maps were drawn with

color codes to reflect areas that were more or less safe for investment. Four color codes were used:

green, blue, yellow, and red. Green areas were labeled “A Best”, Blue areas “B Still Desirable”, Yellow

areas “C Definitely Declining”, and Red areas “D Hazardous”. Red signified the highest risk areas to

HOLC, which led to the term “redlining”. These color-coded categories reflected race and were most likely

drawn to discourage investment in majority Black neighborhoods [13]. Redlined areas were explicitly

labeled as such due to a large proportion of Black residents, using language characterizing “detrimental

influences” such as “infiltration of Negro” while yellow categories often included the tag “infiltration of
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Foreigners” [16-19].

Evidence that redlining might still have impacts today

Even time-limited urban changes can have long-lasting cumulative effects. Michaels and Rauch

[20] found that the differential collapse of Western Roman urbanization in Britain and France in the 6th

century CE differentially impacted the spatial efficiency of urbanization even 1500 years later in the 21st

century. Similarly, evidence supports that redlining still has cumulative impacts on various social factors

today. Aaronson et al. [12] found that living in close proximity on two sides of differently graded

borders—as represented in the 1930s HOLC security maps—is strongly associated nation-wide with

increased residential racial segregation from the 1930s to today. The effect on residential racial

segregation was particularly strong from 1930 to 1970 and the effect size began to decrease after 1970.

Aaronson et al. provide additional support that maps were likely drawn with race in mind: only areas

marked category D had a primarily Black population in the 1930s. In addition to increased segregation,

Aaronson et al. found support for reductions in home ownership, house values, and credit scores

throughout the 20th century that are maintained even today nearly a century later. They also found

evidence of “yellow-lining”: areas marked as category C also had disparate current outcomes when

compared to higher rated areas. Using a different methodology, Appel and Nickerson [21] found that

redlined neighborhoods had lower home prices in 1990 compared to surrounding areas, and that these

discriminatory effects remained even after nearly 60 years. The presence of these discriminatory effects

can be compounded across time: Massey et al. [22] found that Black residents of redlined neighborhoods

face greater barriers to residential mobility than white residents that negatively impacts Black residents’

social and economic well-being.

Potential impacts of redlining on health

A growing body of scholarship examines the relationship between neighborhood characteristics

and health outcomes [23], though few studies have specifically considered the legacy of redlining. The

shadows of historical redlining are seen on present day health where structural racism and neighborhood

segregation persist. The potential pathways for redlining’s impact on health reflect those found in

residential segregation [23] and fall across the entirety of the life course [9, 23-40]. Proposed pathways

span both differential exposures to environmental and social hazards (including both the proximity and
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imposition of hazards and the reduced presence of mitigatory systems such as reduced access to health

services [23, 27]) and possibly the concentration of populations that have previously suffered such

hazards [25, 29]. Lynch et al. [27] find that historical redlining was associated with sustained

disinvestment and lending discrimination in Milwaukee neighborhoods, as well as poorer present day

physical and mental health. Similarly, neighborhood quality is thought to affect environmental health and

reduce access to resources that enable protective behaviors [28-31]. Kreiger et al. [24] found that residing

in a previously redlined area in Massachusetts was associated with an elevated risk for late stage at

cancer diagnosis, even for residents of census tracts with present-day economic and racial privilege.

Redlining’s impact on health through disinvestment potentially starts before birth and in

childhood. O'Campo et al. [29] found that neighborhood risk factors were significant in predicting low-birth

weight. Specifically, they found that low-income census tracts (those with less than $8000 per capita

annual income) were associated with higher risk of low birthweight. In examining birth certificate data and

HOLC grade, Krieger et al. [25] concluded that historical redlining may be a structural determinant of

present-day risk of preterm birth in New York City. On the other hand, Mendez et al. [31] found that

redlining as represented through current mortgage discrimination was not associated with pregnancy

outcomes. However, Mendez et al. stated that there was not enough variation in their sample to estimate

associations and hypothesized that redlining might have measurable health impacts in other realms.

Wilson et al. [28] show the pathway from historic redlining to worsened pollution and housing

stock and ultimately to poor asthma outcomes. Similarly, Alexander and Currie [30] found that sustained

racial segregation in neighborhoods in New Jersey is associated with increased prevalence of asthma in

low birthweight children. Nardone et al. [26] report that historically redlined census tracts in California

have significantly higher rates of emergency department visits due to asthma.

Neighborhood quality and redlining might have an impact on physical activity as well. Boone et al.

[32] find that redlined neighborhoods in Baltimore had reduced availability of greenspaces. The availability

of greenspaces, walkability, other neighborhood built environmental factors, and neighborhood income in

Baltimore and Seattle were found to be significantly associated with physical activity and better physical

quality of life [6], which are factors that are important for the prevention and management of chronic

diseases [41].
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Potentially negative health impacts can also be a manifestation of direct state subjugation of and

lack of political responsiveness to marginalized populations through environmental injustice. McCoy [34]

found that coal-fired plants were more likely to be sited in communities of color. Trangenstein et al. [33]

find HOLC category best predicts slow responsiveness of liquor store closures to depopulation and store

clustering in Baltimore. Pappoe [9] in examining Freddie Gray's case in Baltimore, argues that

government-enabled and sponsored housing segregation and concomitant impacts of underfunded

education, overpolicing, and deliberate impoverishment is the best frame to understand both structural

and interpersonal violence (including state-sponsored violence) against Black people living in Baltimore.

The totality of potential health impacts across the life course may be reflected in life-expectancy

[25, 40] and age-differentiated mortality. Richardson et al. find large differences in life expectancy by

HOLC grade [40]. To our knowledge there has not been a study yet on associations with

age-differentiated mortality.

Methodological issues in measuring redlining

HOLC map categories do not map well onto other, more conventional geographical units. HOLC

categories cross census tracts (both contemporaneous and current), as well as larger neighborhood

boundaries. This non-cartographic categorization can cause issues in classifying neighborhoods

according to HOLC category as well as obtaining representative sets of sociodemographic characteristics

of neighborhoods in ecologic studies. Predominance, or the use of the largest category feature to assign

a non-cartographic category to a conventional geographic unit, is commonly used across disciplines

[42-46]. In studies where the unit of analysis is an individual or their address, these categorization issues

are no longer relevant, but such access is almost always subject to restrictions. Studies under those

restrictions for individual-level data have sometimes used multilevel models for area-level effects while

using addresses only for precision in geographical unit assignment [24, 25]. While smaller sizes of

conventional geographical units, such as census tracts or block groups, may offer better resolution than

larger units, such as CSAs, they are still susceptible to the ecological fallacy.

HOLC categories also do not necessarily function as “equal steps” away from each other [47]. Some

studies have treated HOLC categories as intervals specifically for the purpose of examining potential

determinants of those HOLC categories, but have also noted the limitations of taking such an approach
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[47]. Although changes in neighborhood demographic composition are by no means exogenous, HOLC

maps cannot directly capture the demographic changes that have occurred over the last century nor other

federal and local policies [12] that may either augment or reduce the potential demographic and health

impacts of redlining in a given area.

Objective

The objective of this paper is to examine whether redlining policies from nearly a century ago are

associated with a lingering disparate impact on health outcomes at the community statistical area (CSA)

level today. The specific case of Baltimore is examined both because of its place in the national

conversation about redlining, and because of its availability of public data on both HOLC security maps

and CSA health indicators including life expectancy, maternal and child health outcomes, and

age-differentiated mortality (which has not been previously studied).

Materials and Methods

Data Sources and Variables

CSA neighborhood maps were taken from the Baltimore Neighborhood Indicators Alliance (BNIA)

[48]. This is a common set of CSA polygons that are each composed of several masked census tracts.

These shapefiles include neighborhood characteristics such as median household income uptake and

racial composition for each CSA in 2013. They also include various neighborhood health outcomes

including 2013 life expectancy at birth (calculated using prevailing rates of death through the life span),

teen pregnancy (per 1000 female residents aged 15-19), percentage of births at term, percentage of

births at satisfactory birth weight, cases of elevated childhood lead levels per 1000 children 0-6, and

mortality per 10,000 deaths in a five-year period at various age categories. Additionally, there are health

process outcomes such as the uptake of prenatal care, as well as neighborhood features such as rate of

liquor stores and fast-food restaurants. Shapefiles that include this data in a map were downloaded from

BNIA.

The redlining map was taken from the Mapping Inequality [16] project on HOLC security maps.

HOLC categories are assigned to areas within the current city of Baltimore geography and extend beyond

the city of Baltimore's boundaries. Given the age of the maps, not all of present-day Baltimore is

categorized. Shapefiles that include this data in a map were downloaded from the University of
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Richmond's Digital Scholarship Lab.

Methods

Transformations and overlay

All mapping analysis was done in QGIS 2.18.13. BNIA’s CSA shapefiles were projected using

WGS84, these were converted into WGS84 pseudo-Mercator projection to be compatible with the

Mapping Inequality HOLC shapefiles so that intersect overlays could be performed.

In order to determine which map sections lined up with each other, the intersection was taken of

HOLC categories and Baltimore CSAs. The intersection of two fields in two maps returns all sub areas.

In line with methods for determining the classification of minimum mapping areas [42, 43], the

largest HOLC category by area within a CSA was then taken to represent the CSA’s HOLC

categorization. This method is used across several disciplines [44-46]. We do not follow Hillier’s [47]

usage of interval HOLC categories: they were trying to find determinants of HOLC categories and had

noted the problematic limitations with treating HOLC categories as interval rather than ordinal. Aaronson

et al. [12] were looking specifically at boundary blocks and tracts, which is beyond the scope of this

analysis.

Statistical analysis

All statistical analysis was done in StataMP 16. The main independent variable of interest was

HOLC category. Summary statistics were taken of HOLC category, life expectancy, median household

income, and proportion of African American residents.

Next, our main dependent variable of life expectancy was regressed with ordinary least squares

(OLS) against the main independent variable. Red and yellow lined CSAs were analyzed against a

reference category of combined green/blue CSAs (for sample size reasons). A second OLS analysis was

run with the control variable of median household income—to account for the independent non-HOLC

effects of CSA income on health—and the control variable of proportion of African American residents—to

account for other forms of anti-Black structural racism and racial composition change on health [2, 29].

These measures cannot be fully disentangled from redlining, so we test for multicollinearity using variance

inflation factor. We define our threshold of statistical significance to be p < 0.05.

Various other health outcomes across the life course were also regressed on HOLC category.
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These outcomes measures included mortality in BNIA-defined age bins (infancy, 1-14, 15-24, 25-44,

45-64, 65-84, and 85+), teen birthrate, percentage of births at term, percentage of babies born with

satisfactory weight, and percentage of children testing positive for elevated blood lead levels. Process

measures that were also regressed as dependent variables against HOLC category included percentage

of mothers receiving prenatal care. Neighborhood factors that might impact health behaviors were

regressed including the per population rate of liquor stores and fast-food restaurants in a CSA.

Finally, we ran a sensitivity analysis by redoing our first OLS analysis while excluding CSAs that

have less than 25% HOLC coverage to see if our analysis is sensitive to CSAs that have low HOLC

coverage.

Results

Mapping sample

The BNIA shapefiles included 55 CSA polygons for Baltimore (Fig 1, Fig 2). The Mapping

Inequality shapefiles for Baltimore included 42 HOLC categorized polygons (Fig 1). A total of 156

polygons were created with an intersect overlay between CSA polygons and HOLC polygons (Fig 3). One

Baltimore CSA polygon (#7, Cherry Hill) was dropped from the analysis since there were no intersections

with the Mapping Inequality shapefiles (the area was not assigned any HOLC categories in the 1930s). 54

primary polygons represented the remaining CSAs with HOLC categories assigned.

Fig 1: 2013 Baltimore CSA neighborhoods (numbers refer to CSA names) in light purple overlaid on top of

HOLC redlining map (red: “hazardous”, yellow: “declining”, blue: “still desirable”, green: “best”).

Fig 2: 2013 Baltimore CSAs by life expectancy. Darker blue is longer life expectancy. Numbers refer to

CSA names.

Fig 3: 2013 Baltimore CSAs’ life expectancy overlaid on top of HOLC redlining map.

There were 14 CSAs that were classified as red using the predominant polygon by area. 19 were

classified as yellow, 17 as blue, and 4 as green. Red and yellow polygons tended to be at the city core,

while green and blue polygons tended to be at the northern peripheries (Fig 1).

Summary statistics
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CSA characteristics are fairly heterogeneous in Baltimore. The mean life expectancy at birth in

the 54 CSAs was 73.3 years, with a standard deviation of 4.33 years, and ranging from a low of 66.0 to a

high of 85.3. Mean of median CSA household income was $44,610 with a low of $13,887 to a high of

$106,771. Mean African American proportion of the population was 61.2%, with a low of 2.44% to a high

of 97.4% (Table 1).

Table 1: Summary statistics for 2013 Baltimore CSAs

n=54

Life Expectancy-years Median HH Income-$ African American-%

Mean Std Dev Range Mean Std Dev Range Mean Std Dev Range

Total 73.3 4.33 66.0, 85.3 44610 20162 13877, 106771 61.2 33.2 2.44, 97.4

HOLC red
(n=14) 72.3 4.41 66.0, 78.8 47539 28853 13887, 92130 46.9 37.8 2.44, 96.4

HOLC
yellow
(n=19) 70.9 2.32 66.8, 76.4 35482 9630 24175, 60104 62.5 31.8 10.7, 97.4

HOLC blue
(n=17) 75.9 4.16 71.2, 85.3 49430 19154 31701, 106771 70.1 29.1 6.86, 96.4

HOLC
green (n=4) 77.9 3.91 75.4, 83.8 57225 12220 47124, 74277 67.4 34.7 15.9, 90.0

OLS regression

CSAs with red classification were statistically significantly associated at the 95% confidence level

with a mean 4.01 years reduction (95% CI: 1.47, 6.55) in CSA life expectancy and CSAs with a yellow

classification were associated with a mean 5.36 years reduction (95% CI: 3.02, 7.69) in CSA life

expectancy (Table 2). Once CSA proportion of African Americans and CSA median household income

were added to the model as controls, the effect was slightly stronger in red CSAs with a mean reduction

of 5.23 years (95% CI: 3.49, 6.98) and slightly weaker in yellow CSAs with a mean reduction of 4.93

years (95% CI: 3.22, 6.63). This model accounted for 73% of the variability of the life expectancy

response data around the mean. The Variance Inflation Factor of this model was 2.17, so multicollinearity

seems less likely to be an issue. In the fully adjusted model, yellow classification is also significantly

associated with mortality between the ages of 15-24 (mean 4.65 additional deaths per 10,0000 people),

while yellow and red classifications are also significantly associated with mortality between the ages of 25

and 44 (mean 10.54 (yellow) and 6.19 (red) additional deaths per 10,000 people), mortality between the

ages of 45 and 64 (mean 30.99 (yellow) and 36.4 (red) additional deaths per 10,000 people), mortality
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between the ages of 65 and 84 (mean 74.65 (yellow) and 95.47 (red) additional deaths per 10,000

people) (Table 3).

Table 2: Multivariable ordinary least squares analysis of Baltimore HOLC and 2013 life expectancy

Independent variables: n=54 Model 1: life

expectancy-years

Model 2: life

expectancy-years

Effect [95% CI] P-value Effect [95% CI] P-value

HOLC Blue/Green ref ref

HOLC Yellow -5.36 [-7.69, -3.02] * p<0.001 -4.93 [-6.63, -3.22] * p<0.001

HOLC Red -4.01 [-6.55, -1.47] * 0.003 -5.23 [-6.98, -3.49] * p<0.001

Median HH Income-$1000 0.06 [0.01, 0.11] * 0.028

African American-% -0.06 [-0.09, -0.03] * p<0.001

* Significant at the 95% confidence level. Unit of analysis is the community statistical area. Dependent

variables in columns, independent variables and covariates in rows. Mean and 95% CI reported. Model 1:

Life expectancy regressed on HOLC yellow and HOLC red vs. HOLC blue/green. Model 2: Added

neighborhood median household income and proportion African American as controls. Median household

income and percent African American are controls and effects should not be interpreted independently.

Table 3: Multivariable ordinary least squares analysis of Baltimore HOLC and 2013 mortality by age bins

HOLC
Blue/Green
reference HOLC Yellow HOLC Red Median HH Income-$1000 African American-%

Dependent
variables:
n=54

Effect [95%
CI] P-value Effect [95% CI] P-value Effect [95% CI] P-value Effect [95% CI] P-value

mortality up to
age 1 deaths
in 5 years-per
10000

1.98 [-0.39,
4.35] 0.100 2.01 [-0.42, 4.44] 0.102 -0.01 [-0.08, 0.06] 0.872 0.11 [0.07, 0.15] * p<0.001

mortality age
1-14 deaths in
5 years-per

0.13 [-2.16,
2.43] 0.907 1.66 [-0.69, 4.01] 0.163 -0.05 [-0.11, 0.02] 0.177 -0.01 [-0.05, 0.03] 0.647
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10000

mortality age
15-24 deaths
in 5 years-per
10000

4.65 [1.19,
8.1] * 0.009 3.51 [-0.02, 7.05] 0.051 -0.02 [-0.12, 0.09] 0.744 0.09 [0.03, 0.15] * 0.004

mortality age
25-44 deaths
in 5 years-per
10000

10.54 [6.51,
14.57] *

p<0.00
1 6.19 [2.07, 10.32] * 0.004 -0.07 [-0.19, 0.05] 0.266 0.24 [0.17, 0.31] * p<0.001

mortality age
45-64 deaths
in 5 years-per
10000

30.99
[18.64,
43.35] *

p<0.00
1

36.4 [23.75, 49.06]
* p<0.001 -0.74 [-1.1, -0.37] *

p<0.00
1 0.19 [-0.03, 0.4] 0.09

mortality age
65-84 deaths
in 5 years-per
10000

74.65
[32.22,
117.07] * 0.001

95.47 [52.03,
138.91] * p<0.001 -0.8 [-2.05, 0.45] 0.205 0.4 [-0.34, 1.14] 0.284

mortality age
85 and up
deaths in 5
years-per
10000

136.9
[-4.86,
278.65] 0.058

103.16 [-41.99,
248.31] 0.16 4.31 [0.13, 8.49] * 0.044 2.58 [0.1, 5.06] * 0.042

* Significant at the 95% confidence level. Unit of analysis is the community statistical area. Dependent

variables in rows, independent variables and covariates in columns. Mean and 95% CI reported. BNIA

pre-defined age bin mortality rates are individually regressed on HOLC yellow and HOLC red vs.

blue/green, with covariates of neighborhood median household income, proportion of African American

residents. Effects are reported as additional deaths in a 5 year period per 10000 residents within an age

group for the relevant HOLC grade (yellow or red) as compared to the reference category of HOLC

blue/green. Median household income and percent African American are controls and effects should not

be interpreted independently.

HOLC classification was not significantly associated with infant mortality, mortality from ages

1-14, or mortality over the age of 85 (Table 3). Red or yellow classification was not significantly associated

with the health outcomes of percent of births given at term, percent of births at satisfactory weight, or

number of children testing positive for elevated blood lead levels (Table 4). Red and yellow classification

was significantly associated with the teen birthrate (additional 23.61 (yellow) and 20.36 (red) births per

1000) (Table 4). The process outcome of percentage of births with prenatal care was not significant for

red classification but was for yellow (5.06 percent fewer births) (Table 4). For CSA characteristics, red or

yellow classification was associated with a significant increase of 0.87 (yellow) and 2.18 (red) additional

liquor stores per 1000 residents but was not significantly associated with the rate of fast-food restaurants
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(Table 5).

Table 4: Multivariable ordinary least squares analysis of Baltimore HOLC and 2013 maternal and child

health outcomes and processes

HOLC
Blue/Green
ref HOLC Yellow HOLC Red Median HH Income-$1000 African American-%

Dependent
variables:
n=54

Effect [95%
CI] P-value Effect [95% CI] P-value

Effect [95%
CI] P-value

Effect [95%
CI]

P-valu
e

teen
pregnancy
per 1000
female
residents
15-19

23.61 [7.97,
39.26] * 0.004

20.36 [4.34,
36.37] * 0.014

-0.03 [-0.49,
0.43] 0.896

0.18 [-0.09,
0.45] 0.192

term birth-%
of births

-1.49 [-3.79,
0.82] 0.201 -0.66 [-3.02, 1.7] 0.575

-0.04 [-0.11,
0.02] 0.198

-0.11 [-0.15,
-0.07] *

p<0.00
1

satisfactory
birth
weight-% of
births

-1.67 [-3.76,
0.41] 0.113 -0.89 [-3.03, 1.25] 0.406

-0.01 [-0.07,
0.05] 0.795

-0.09 [-0.13,
-0.06] *

p<0.00
1

Received 1st
trimester
prenatal
care-% of
births

-5.06 [-8.7,
-1.43] * 0.007 -1.82 [-5.54, 1.9] 0.331

0.19 [0.08,
0.3] * 0.001

-0.14 [-0.21,
-0.08] *

p<0.00
1

age 0-6
elevated
blood lead
levels-%

0.67 [-0.67,
2] 0.32 0.19 [-1.15, 1.52] 0.78 0 [-0.04, 0.04] 0.987

0.01 [-0.01,
0.04] 0.215

* Significant at the 95% confidence level. Unit of analysis is the community statistical area. Dependent

variables in rows, independent variables and covariates in columns. Mean and 95% CI reported. Maternal

and child health variables are individually regressed on HOLC yellow and HOLC red vs. blue/green, with

covariates of neighborhood median household income, proportion of African American residents. Teen

pregnancy effects are reported as additional pregnancies per 1000 female residents for the relevant

HOLC grade (yellow or red) as compared to the reference category of HOLC blue/green. All other effects

are reported as additional percentage points for the relevant HOLC grade (yellow or red) as compared to

the reference category of HOLC blue/green. Median household income and percent African American are

controls and effects should not be interpreted independently.



70

Table 5: Multivariable ordinary least squares analysis of Baltimore HOLC and 2013 neighborhood

characteristics

HOLC
Blue/Green
ref HOLC Yellow HOLC Red Median HH Income-$1000 African American-%

Dependent
variables:
n=54

Effect [95%
CI] P-value

Effect [95%
CI] P-value

Effect [95%
CI] P-value

Effect [95%
CI] P-value

liquor
outlets-per
1000
residents

0.87 [0.09,
1.65] * 0.03

2.18 [1.38,
2.98] * p<0.001

0.00 [-0.02,
0.02] 0.95

-0.01 [-0.03,
0.001] 0.08

fast food
outlets-per
1000
residents

0.07 [-2.43,
2.57] 0.954

2.49 [-0.07,
5.05] 0.056

2.49 [-0.07,
5.05] 0.056

-0.03 [-0.07,
0.02] 0.229

* Significant at the 95% confidence level. Unit of analysis is the community statistical area. Dependent

variables in columns, independent variables and covariates in rows. Mean and 95% CI reported. CSA

neighborhood factors are individually regressed on HOLC yellow and HOLC red vs. blue/green, with

covariates of neighborhood median household income, proportion of African American residents. Effects

are reported as additional outlets per 1000 residents for the relevant HOLC grade (yellow or red) as

compared to the reference category of HOLC blue/green. Median household income and percent African

American are controls and effects should not be interpreted independently.

For our sensitivity analysis, 8 CSAs were excluded for having less than 25% HOLC coverage

(CSAs 4, 9, 12, 30, 38, 44, 45, and 50). Five excluded CSAs were categorized as yellow, and the

remaining 3 were distributed evenly among red, blue, and green. Rerunning our first model while

excluding these CSAs resulted in effect sizes with the same directionality and significance, and the effect

size was mildly stronger with yellow CSAs associated with a mean 5.78 years reduction (95% CI: 3.01,

7.69) and red CSAs associated with a mean 4.44 years reduction (95% CI: 1.61, 7.27).

Discussion

Summary

These results lend support to the current health impact of living in areas of Baltimore that were

categorized as “hazardous” or “declining” by the HOLC in the 1930s, specifically with regards to life

expectancy and age-differentiated mortality. To our knowledge, this is the first study to examine the

association of redlining with age-differentiated mortality.
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This study adds an additional health dimension of support to broader claims that past redlining

still has impacts today. While Aaronson et al. [12] and Appel and Nickerson [21] focus on the current

impact of redlining and yellowlining on residential segregation and household values, and Boone et al.

[32] focus on the impact of redlining on greenspaces, this study lends support that there are associated

ultimate impacts on life expectancy and mortality as well, at least in Baltimore. It also lends support to the

hypothesis posed by Mendez et al. [31] that redlining has an impact on health outcomes. However,

instead of using modern loan applications as a proxy for historical redlining [31], these results are based

on the actual HOLC security maps. More broadly, these results provide support for the argument that

neighborhood level characteristics [23, 28-31] have an impact on health characteristics.

In addition to categorization, the HOLC maps themselves provide insight on the bias implicit in

grade-assignment and how that historical social bias is associated with present day health effects. The

descriptions in the HOLC maps note “detrimental influences” such as a “heavy concentration of

foreigners” or characterising a preponderance of African American residents as an “infiltration”. At the

time, HOLC grades suggested that whiter neighborhoods were “desirable” and colored neighborhoods

“hazardous”. The gravity of these historical assignments is felt even today, as the HOLC maps were both

a consequence of existing discriminatory lending practices and a cause of sustained disinvestment in

neighborhoods.

Current associations of redlining with life expectancy

Even after controlling for racial composition and median household income, CSAs that were

categorized as red or yellow had a 5-year shorter life expectancy than CSAs that had been categorized

as green or blue. While the effect is small and we are not testing a full model for racial composition, racial

composition as a control continues to have a significant association with life expectancy, which suggests

that red/yellow categorization impact on life expectancy is not entirely due to the racial composition of

CSAs. These results are consistent with Richardson et al. [40] which also found significant differences in

life expectancy between the most and least redlined quartiles of census tracts nationwide.

Care must be taken in saying that the HOLC security maps by themselves caused the decline in

life expectancy or increases in mortality at various age groups. Instead, as discussed by others [12, 47],

the HOLC security maps are likely a proxy for de jure and de facto government policy throughout the 20th
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century that systematically disenfranchised and harmed the largely Black residents of those

neighborhoods [9]. These include—but aren't limited to—lending practices, restrictive racial covenants,

and political choices for municipal investment not just in the 1930s but throughout the 20th century and

into today [47]. However, the initial state of racial discrimination in the policymaking of the 1930s enabled

many of these other racist policies and still leaves a mark today. Aaronson et al. [12] found discontinuous

city size-dependent differences in residential segregation by exploiting how HOLC maps were used in

differently sized cities. This suggests that HOLC security maps may have been a driving force behind

broader policies hostile to Black residents.

Maternal and child health outcomes

O'Campo et al. [29] provide strong support for the notion that low birthweight was dependent on

macro level neighborhood health factors at the census tract level in Baltimore. Krieger et al. [25] likewise

provide evidence for New York City. However, HOLC categories in Baltimore are not associated with low

birthweight or term birth. It is possible that HOLC categories at the CSA level are not sensitive enough to

variations in birthweight by census tract, or that the sample size is too small to detect such variations. It is

also possible that while historical HOLC categories are related to certain neighborhood characteristics

(such as the significantly associated increased prevalence of liquor stores), they might not be related to

current neighborhood characteristics that are relevant for a safe birthweight. We did find associations with

increased teen pregnancy and reduced prenatal care in the first trimester. While we did not assess

measures of the quality of maternal care, others have noted that redlining and residential segregation

may reduce access to appropriate healthcare services [23, 25, 29].

While we found no association with infant mortality, Lynch et al. [27] noted that current investment

patterns in census tracts interact with redlining and population displacement of Black residents by white

residents that may drive infant mortality more than historical redlining patterns alone. This may suggest

similar patterns for other maternal and child health outcomes. While analysis including the interaction of

current investment patterns with redlining is beyond the scope of this paper, it deserves further study in

the future.

Age-differentiated increased mortality

The primary driver of increased mortality came from those in the 25-84 age range, especially in
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the 65-84 age range. There are multiple possible explanations, though the data do not capture cause of

death. People living in redlined neighborhoods had less access to green spaces [32] and physical activity

that might have an impact on the prevention and management of chronic conditions [6]. Multiple, lifelong

encounters with hostile systems and racism can also lead to increased and premature mortality in adults

[2, 5].

Liquor stores

CSAs categorized as red had more per capita liquor stores than those categorized as green or

blue, while CSAs categorized as yellow had fewer. While our results for red categorized CSAs are

congruent with findings from Trangenstein et al. [33], we found the opposite effect for yellow categorized

CSAs. However, Trangenstein et al. used census tracts rather than CSAs.

Limitations

The unit of analysis was the CSA, not the individual. As a result, there is a risk of ecological

fallacy in these results and analysis. Rather, redlining at the neighborhood level may not be the same

construct [49] as an individual’s exposure to redlining. Small sample size from using CSAs as the unit of

analysis is a study limitation as well, and may especially be an issue with relatively rare outcomes such as

elevated blood lead levels in any given year. CSAs are also larger than other potential geographic units of

analysis like census tracts: a more geographically concentrated unit of analysis may offer better resolution

and cleaner categorization of HOLC categories than CSAs could. Future studies could use

restricted-access census tract level mortality data to reduce the impact of these limitations. Life

expectancy data was calculated by Baltimore’s Health Department using 2013 mortality rates within each

age category, and thus may not fully capture “true” life expectancy.

The study scope is limited to Baltimore, which reduces the generalizability of these results. Other

redlining maps from across the US are available for use in a future study. However, Baltimore provided a

convenience sample that included publicly available mortality and redlining data and has been central to

the national conversation around redlining and residential segregation.

The main limitation is the passage of time. While this study adds to the literature that suggests

that nearly century-old policies in Baltimore still have measurable and significant impacts on residents'

lives today, the time lag masks a great number of social changes that have taken place in the interim.
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These include the strong possibility of endogenous and path-dependent [20] changes such as

gentrification and concomitant displacement of populations that were living in redlined neighborhoods in

the 1930s. Certainly, the demographic makeup of Baltimore has changed drastically even in the last

decade [50]. Additionally, the study does not account for the length of time residing in home/residence for

Baltimore residents, and potential CSA or city out-migration; if there were mobility across CSAs in

Baltimore, this would potentially serve as a mediator of the effect of redlining. These changes to the social

and built environment may be either enhancing or blunting the impacts of policies set in the 1930s. We

are unable to determine from this analysis whether the measured reduction in life expectancy in redlined

CSAs is due to CSAs’ differing resource characteristics—as suggested by several other authors [12, 21,

28, 29, 32]—or simply changes in the demographic profile of a CSA through displacement and

concentration.

Policy implications

Further study to overcome these limitations is needed to draw more concrete policy lessons.

However, potential policy implications exist given that the results of this study found disparate and

significant differences in life expectancy. The primary policy implication is that discriminatory public or

social policy—whether or not such a policy is intentionally discriminatory—in a realm such as housing can

potentially have long-lasting, disparate, and large impacts on health. Additionally, contemporary African

American activists and organizations in the 1930s presciently recognized the discriminatory impacts of

how HOLC made its policy decisions [16]: members of marginalized and/or impacted communities should

have control over every major policy-making process.

Since many of these issues are structural and historical, health interventions that do not focus on

disparate health outcomes risk being “weighed down” by structural problems that predispose a population

to worse health. If we take health equity and disparities research seriously, we should be examining the

possibility of interventions that attempt to tackle some of these structural factors, including the possibility

of reparations [7]. What Link and Phelan propose as “fundamental causes” [51] of health

disparities—such as a lack of flexible resources of money, knowledge, social connections, and political

power—may have even more fundamental causes rooted in power hierarchies such as racial, class, and

gender subordination.
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Like other studies of redlining, this study also may be relevant to ongoing policy disputes in

Baltimore. Multiple current policy issues in Baltimore including mitigation policies against displacement,

redevelopment in the city core of formerly redlined neighborhoods particularly by health services

provisioners operating theoretically under the aegis of Maryland’s hospital Community Benefit policies,

and the creation of a new police force to control access to those redeveloped areas, should be

backdropped against these nearly century-long policies and their associations with current health.

Future studies

Given these policy questions and some of the study limitations, there are multiple avenues for

further study. A future study could use census tract-level mortality data and use census tracts or blocks

instead of CSAs as the unit of analysis and could look nationwide beyond Baltimore. It could also use

tract or block area data to look at demographic changes [50] to gauge whether or not a neighborhood's

community has been displaced.

Multiple authors [12, 21, 47] argue that continued diminished investment in neighborhoods due to

redlining might be what leads to lower housing values and lower quality neighborhoods today.

Gentrification then might be a countervailing trend that brings in resources that might ameliorate any

potential neighborhood-level health impacts of redlining. Adding measures of gentrification over time

might be a way to account for how neighborhood health status changes over time. However, gentrification

also displaces populations from geographically delineated neighborhoods [50]. Redlining may also have

current health and non-health impacts through intergenerational effects: housing and neighborhood

quality impacts education and wealth accumulation [7, 9] which in turn impacts the ability to provide for

the next generation. In this case, while gentrification might change a neighborhood's health status, it

would not be due to improvements to infrastructure or wealth accumulation of the impacted community

but rather by their replacement. Adding measures of community composition changes could be a way to

account for these changes [50]. Additionally, adding analysis of current investment patterns [27] may help

elucidate the ways that redlining interacted with population displacement.

Potential pathways from redlining through sustained disinvestment leading to exposure to

hazards have been both theorized [9, 23] and in some cases explored [27, 28]. Future studies could look

more closely at neighborhood factors like documented environmental hazards, exposure to policing,
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healthcare utilization, or mobility patterns to clarify potential causal pathways, including specifically in

Baltimore.

Additional topics to explore on neighborhood quality could include the association of HOLC

categories with hospital availability and quality, or the response times of EMS. Geographic data on police

interactions could also be used to examine the relationship between HOLC categories and where

communities are policed. Future studies could also more thoroughly examine childhood health outcomes

and factors including asthma. Geocoded social data might also be an avenue for exploration: Chae et al.

[52] found a strong geographical association between area racism as the proportion of Google searches

containing the “N-word” in 196 designated market areas and Black mortality. Such an analysis could be

extended to redlined neighborhoods.

Conclusion

HOLC assigned categories for neighborhood quality in the 1930s are associated with present-day

impacts on life expectancy, age-differentiated mortality, and other health outcomes.
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