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Abstract: We estimate the long-run effects of the 1930s Home Owners Loan Corporation (HOLC) 
redlining maps by linking children in the full count 1940 Census to 1) the universe of IRS tax data 
in 1974 and 1979 and 2) the long form 2000 Census. We use two identification strategies to 
estimate the potential long-run effects of differential access to credit along HOLC boundaries. The 
first strategy compares cross-boundary differences along HOLC boundaries to a comparison group 
of boundaries that had statistically similar pre-existing differences as the actual boundaries. A 
second approach only uses boundaries that were least likely to have been chosen by the HOLC 
based on our statistical model. We find that children living on the lower-graded side of HOLC 
boundaries had significantly lower levels of educational attainment, reduced income in adulthood, 
and lived in neighborhoods during adulthood characterized by lower educational attainment, 
higher poverty rates, and higher rates of single-headed households. 
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1. Introduction 

There is accumulating evidence that neighborhood exposure during childhood has long-run effects 

on an individual’s socioeconomic status later in life, such as their educational attainment, income, and 

upward income mobility (e.g. Chetty, Hendren and Katz, 2016, Chyn, 2018, Chetty and Hendren, 2018). 

What is less clear is what it is about neighborhoods that leads to long-run effects, a point emphasized in 

Chyn and Katz’s (2021, p. 25) recent review of the neighborhood effects literature: “Future work related to 

mechanisms remains an ongoing research issue. For example, we know little about the relative importance 

of the different mechanisms that are typically ‘bundled’ together within a neighborhood.”  

We focus on a historical episode that may shed light on one particular aspect of neighborhoods that 

can impact children’s later life outcomes, namely access to credit in the community you are raised in. 

Specifically, we examine the effects of the so-called “redlining maps” that were drawn in the mid- to late-

1930s by a federal agency called the Home Owners Loan Corporation (HOLC). The HOLC played a crucial 

role in stabilizing housing markets by buying and refinancing mortgages during the foreclosure crisis of the 

first half of the 1930s. In 1935, they were tasked with creating a new housing appraisal system that involved 

producing color-coded maps for over 200 cities to categorize the riskiness of lending to households in 

different neighborhoods. Neighborhoods received one of four letter grades (A to D) that corresponded to 

their estimated risk. While the HOLC used a large set of housing and economic measures, many collected 

by their surveyors, to categorize neighborhood credit risk, they also incorporated demographic information 

such as the racial, ethnic, and immigrant composition of neighborhoods into these creditworthiness profiles.  

There is an ongoing debate about the extent to which the HOLC maps influenced private lending 

activity and therefore could have had an impact on residents. Although the maps were supposed to be 

confidential (e.g. Hillier, 2003, Fishback et al. 2021), there are known examples of breaches in 

confidentiality (e.g. Michney, 2021), suggesting that policies to prevent their dissemination were not always 

strictly adhered to. In addition, many private real estate and banking professionals throughout the country 

were involved in producing or reviewing the maps, thereby providing access to their underlying content 
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which they could have retained for future use or shared with others. Some have also argued that the HOLC 

had a broad influence on the appraisal process used by private lenders nationwide by creating new 

standardized practices that emphasized the characteristics of neighborhoods. For example, some banks 

created their own version of the HOLC maps. Finally, the maps were shared with the Federal Housing 

Administration (FHA), which drew their own appraisal maps shortly after the HOLC, and the HOLC maps 

could have influenced FHA activity. The FHA played a critical role in the housing market by deciding 

whether to insure mortgages and were notorious for following discriminatory practices (Fishback et al 

2021). Each of these potential avenues raise the prospect that the content of the HOLC maps, along with 

the broader use of a government-backed appraisal system, may have either directly or indirectly influenced 

access to credit for households in many urban neighborhoods. Although historical research on these 

different channels remains active, and we discuss some of this work further below, we may never fully 

know which of these mechanisms were the most pertinent.  

Several studies have used the HOLC maps along with various research strategies to estimate their 

long-run effects on neighborhoods. In our own work, we find that the maps affected the trajectory of 

neighborhoods, as well as US cities, over the next 80 years: increasing racial segregation while reducing 

home ownership, house values, and rents (Aaronson, Hartley, and Mazumder 2021). We also document 

significant effects on aggregate socioeconomic outcomes for children living in these neighborhoods late in 

the 20th century using the Chetty et al (2018) Opportunity Atlas data (Aaronson, Faber, Hartley, Mazumder 

and Sharkey 2021). Other studies examine either causal effects or descriptive associations of the HOLC 

maps with a wide range of neighborhood level outcomes, such as housing, crime, firearm violence, 

schooling, birth outcomes, and the availability of greenspace.1   

In this paper, we expand upon this literature by asking what happened to the later life educational 

attainment and income of children who grew up in differentially graded neighborhoods at the time when 

                                                           
1 These include Appel and Nickerson (2016), Krimmel (2018), Anders (2021), Jacoby et al. (2018), Nardone et al. 
(2020), Hoffman et al (2020), Lukes and Cleveland (2021), and Hynsjö and Perdoni (2022). 
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the maps were first drawn in the late 1930s. To undertake this exercise, we assemble a unique dataset that 

links the 1940 complete count Census with 1) the universe of tax records in 1974 and 1979 and 2) the long 

form (1 in 6) sample of the 2000 Census. This linked data allows us to make several novel contributions. 

First, we are able to better isolate the direct effects of credit access by focusing on the initial treated cohorts 

before any long-run changes to impacted neighborhoods fully materialized. In contrast, those who were 

affected in later decades were exposed to a set of accumulated place effects, such as those that occurred 

through the resorting of individuals across neighborhoods or possibly through many urban policies that 

were more likely to occur in redlined areas. Second, in contrast to the existing literature which has focused 

exclusively on aggregate neighborhood level outcomes, we are able to look at individual outcomes. This is 

important because we can track people regardless of where they moved later in life. Our approach therefore 

more closely resembles the modern literature that uses experimental or quasi-experimental methods to trace 

the impact of specific policies that change neighborhood exposure during childhood. One important point 

to emphasize is that by focusing on a sample of children living in these neighborhoods during the 1930s, 

the vast majority of our sample consists of White children.  

Our methodology closely follows Aaronson, Hartley, and Mazumder (2021), which we refer to as 

“AHM.” Like AHM, we focus our analysis on very narrow areas (boundary buffer zones) surrounding 

borders demarcating C neighborhoods from D neighborhoods (D-C) or B neighborhoods from C 

neighborhoods (C-B). Using these buffer zones reduces, but does not eliminate, confounding factors that 

caused differences across neighborhoods with different grades. To identify causal effects, we then follow 

two strategies. First, we compare the cross-boundary difference along actual “treated” HOLC boundaries 

to a comparison group of cross-boundary differences from boundaries that could have been drawn but were 

not. Critically, these comparison boundary differences are reweighted so that they are statistically similar 

to the treated cross-boundary differences in observable characteristics and trends in these characteristics. 

AHM show that this additional contrast eliminates pre-trends, which provides indirect support for the 
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validity of the empirical approach. They also show that the difference between the treated and comparison 

groups emerged only in subsequent decades after the maps were drawn.  

Our second approach uses a statistical model to identify the subset of treated boundaries that were 

least likely to have been chosen by the HOLC. The intuition is that such boundaries may have been more 

idiosyncratically drawn. For example, they may have been chosen somewhat arbitrarily to close a polygon 

simply to define a neighborhood on a map. AHM show that there are no pre-existing cross-boundary 

differences or trends for this subset of boundaries. This approach is also appealing because there is no need 

to create a comparison group.2   

Using either approach, we find significant effects of being on the lower-graded side of a D-C 

boundary (what is often referred to as “redlining”) or C-B boundary (what we refer to as “yellowlining”) 

on the educational attainment and adult income of children living in these neighborhoods in 1940. 

Specifically, we find that living on the lower-graded side leads to a decrease in years of education of about 

0.2 years regardless of the border type (D-C or C-B). For annual adjusted gross income, we find large 

negative effects that are statistically significant but range in magnitude from $1,500 to $6,000 (in 2000$), 

depending on the border type and the estimation strategy used. Averaging across our estimates, we find that 

growing up on the lower-graded side of a boundary lowers annual real wage and salary income by 2.9 

percent and annual real adjusted gross income by 4.3 percent relative to the mean levels in these areas. 

The effects on income appear to be especially large along C-B boundaries. AHM similarly found 

larger and more persistent effects along these boundaries for some neighborhood-level outcomes such as 

house values. The negative effects on income appear to be especially strong for individuals with capital 

income (e.g. financial or real estate investments) who complete a schedule D form and are somewhat larger 

for children whose parents were homeowners in 1940. However, we generally did not find meaningful 

                                                           
2 Aaronson, Hartley, and Mazumder (2021), Anders (2021), and Hynsjö and Perdoni (2022) also use an identification 
strategy based on the population cutoff of 40,000 that determined which cities were redlined. We did not pursue that 
strategy here. 
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income differences when we stratified the sample by several other characteristics available in the 1940 

Census, including race and gender. That said, our sample of Black families is relatively small, as the vast 

majority of children who grew up in urban neighborhoods at the time were White. 

We also take advantage of the geographic location of our sample of 1940 children at the time they 

filed their taxes in the 1970s to measure the socioeconomic characteristics of their neighbors in adulthood. 

Specifically, we construct an index based on six community characteristics that include measures of 

education, family structure, labor markets, and poverty. We find that children living on the lower-graded 

side of a D-C or C-B boundary in 1940, on average, live in a neighborhood over three decades later that is 

0.02 to 0.04 standard deviation lower on this index. Much of this effect is driven by the educational 

attainment levels in these neighborhoods, although the poverty rate and the rate of single headed households 

also plays a role in some of our estimates. We also directly examined the likelihood of migration and find 

economically small negative effects on geographic mobility; indeed, nearly our entire sample left their 

childhood neighborhood by the 1970s.  

An important issue is how to interpret our findings considering the paucity of historical information 

on the use of the maps. As noted earlier, private banks and the FHA drew their own color-coded maps that 

may have been influenced by the HOLC maps, which were supposed to have been confidential and limited 

in distribution. Fishback et al (2021) point out that the FHA’s discriminatory practices predated the HOLC 

maps and that the FHA continually updated their maps (which largely no longer exist) over time suggesting 

that the influence of the HOLC maps may have been minimal. They also find little change in FHA loan 

insurance provision in three cities during the period in which the HOLC maps were made available to them. 

We discuss this issue in greater detail in the next section. If these other maps had causal effects, then our 

estimates may be picking up some combination of the direct effects of the HOLC maps, along with any 

overlap from other private or public maps that shared common neighborhood grades and borders with the 

HOLC maps. In that case, our estimates should be interpreted as a proxy for the overall effect of the general 

practice of redlining/yellowlining that arose largely through federal housing policies. On the other hand, 
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this also implies that our estimates may actually be understating the full effects of discriminatory housing 

practices as measurement error could be introduced if some of the HOLC neighborhood grades or borders 

differed from those drawn in other, perhaps practically more impactful, maps from the FHA or private 

lenders. 

2. Historical Background 

This section provides a brief historical background on the Home Owners Loan Corporation 

(HOLC) maps.3 The HOLC was created under the auspices of the Federal Home Loan Banking Board 

(FHLBB) in 1933 in order to help stabilize housing markets reeling from the Great Depression. Their 

specific early responsibility was to refinance troubled mortgages, and, by 1935, roughly 1 million had been 

modified. Previous studies have shown that the HOLC was not discriminatory in their own lending practices 

(Hillier, 2003, Fishback et al, 2021).4  

Largely after this program was complete, the HOLC was tasked by the FHLBB to create a new 

appraisal system to help secure the future health of housing markets. As part of this effort, the HOLC drew 

color-coded residential “security’ maps for 239 cities between 1935 and 1940, with grades assigned to 

neighborhoods between A and D based on their perceived level of riskiness. Neighborhoods that were 

considered the least risky were given an A grade and colored in green. The next three grades, B, C, and D 

were colored in blue, yellow and red, respectively. The HOLC used a large set of housing and economic 

measures that seem germane to categorize aggregate creditworthiness. But they also incorporated 

demographic information such as the racial, ethnic, and immigrant composition of neighborhoods. Woods 

(2012) argues that in addition to creating the maps, the HOLC played an important role in systemizing, 

nationalizing, and coordinating discriminatory practices through its new appraisal system. For example, 

regulatory policies required banks to create their own versions of the HOLC maps.  

                                                           
3 A more complete description is in Aaronson, Hartley, and Mazumder (2021) and sources cited therein. 
4 To be clear, our current and previous analysis is not informed in any way by the loans directly financed by the HOLC 
through 1935 but rather is exclusively focused on the impact of the City Map program.  
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There is an ongoing debate among researchers about the extent to which the maps may have 

impacted access to credit either by influencing private lenders directly, or by affecting mortgage insurance 

provision decisions undertaken by the Federal Housing Administration (FHA). For example, Greer (2012) 

suggests that thousands of local real estate professionals were involved in the creation of the initial maps 

and that hundreds of officials at lending institutions in large cities may have been shown copies of the maps 

between 1938 and 1940 in the process of being interviewed by the HOLC.5 AHM highlight one notable 

example where 8 of the 14 individuals who reviewed the maps for Cleveland were from local lending 

institutions or appraisers.6 In addition, although, the HOLC maps were supposed to be held confidential 

and to not be shared outside the agency, this policy was not strictly adhered to and there are a few examples 

of breaches of confidentiality that have recently been discovered.7   

Potentially more important, the maps could have been shared with the Federal Housing 

Administration (FHA), a separate Federal agency which drew their own neighborhood maps in order to 

decide whether to insure mortgages.8 Michney (2021) highlights that the HOLC maps were an important 

input into the FHA’s maps (p.19): “Crucially, the new evidence cited here almost certainly confirms 

Jackson’s original contention that HOLC’s maps factored into the FHA’s own mapmaking process and 

quite plausibly that agency’s racially-informed denial of access to its mortgage guarantees.” Light (2020) 

also documents evidence that the HOLC maps impacted FHA mapmaking and policies and that the two 

                                                           
5 Also see Jackson (1980). 
6 See https://library.osu.edu/documents/redlining-maps-ohio/area-descriptions/CuyahogaCounty_Explanation_and_A1-A31_Area_Description.pdf. On page 2 
the document notes: “This map and the area descriptions have been prepared in collaboration with, and carefully 
checked by, competent local real estate brokers, appraisers, and mortgage lenders.”. On page 4, it states: “The 
following men reviewed the entire map, materially aiding the completed work with their constructive suggestions and 
criticisms:” and then lists individuals including an Assistant Vice President in the loan department of the Cleveland 
Trust, a former President of the Real Estate Board, the President of the Ohio Savings and Loan, the President of the 
Cleveland chapter of the Society of Residential Appraisers, the Secretary of the Cuyahoga County Savings and Loan 
League, the President of the Lorain Street Bank, a manager in the mortgage loan department of National City Bank, a 
property sales manager for Cleveland Trust and several appraisers and city officials. This just happens to be one city 
for which we found such a list and it would be useful for future researchers to look for similar lists of the reviewers 
of the HOLC maps for other cities.  
7 Michney (2021) describes several examples of the HOLC maps being shared with private actors as well as with local 
and regional managers (p. 15-16), although he concludes that the maps were largely kept confidential from private 
actors.  
8 See Light (2010), Woods (2012), Hillier (2013), Michney (2021) and Fishback et al (2021).  

https://library.osu.edu/documents/redlining-maps-ohio/area-descriptions/CuyahogaCounty_Explanation_and_A1-A31_Area_Description.pdf


 

9 
 

 

agencies were closely connected.9 Fishback et al (2021) point out that the HOLC maps could have been 

shared with the FHA as early as 1937 (p. 5).10 They also note that, by 1942, the HOLC maps would have 

been less useful since the FHA were able to obtain block-level data from the 1940 Census. Even then, that 

leaves up to a five-year window in which the FHA could have incorporated the HOLC maps into their own.  

Recent archival work by Fishback et al (2021) makes an important contribution in advancing the 

literature on FHA loan insurance activity by collecting and analyzing new data for three cities -- Baltimore, 

Peoria, and Greensboro -- over the period from 1935 to 1940. They show that the FHA was already 

practicing redlining policies as early as 1935 -- i.e. before the HOLC maps were drawn. Moreover, they  

find little change in loan insurance activity in these three cities through the late 1930s in response to the 

release of HOLC maps. However, their annual time series cannot rule out a timeline in which the FHA’s 

loan insurance was potentially influenced by the HOLC maps to a modest degree.11 Future large scale 

quantitative work collecting data covering FHA activity in many more cities may be needed to resolve this 

issue more definitively.  

Regardless, our approach of focusing on the causal effects of the HOLC maps on children growing 

up in affected neighborhoods can be viewed as a proxy for the effects of federal housing policies that arose 

through some combination of the direct effect of the HOLC maps themselves on private lending decisions, 

                                                           
9 Light (2020) writes in Footnote 85: “Ample evidence indicates the two agencies exchanged ideas. Coming together 
at one-time meetings such as the National Appraisal Forum, they maintained more regular communications thanks to 
the U.S. Central Housing Committee, which included representatives from both agencies on its Joint Committee on 
Appraisal and Mortgage Analysis. FHA records indicate the agency kept the HOLC security maps on file in connection 
with the construction of its Economic Data System (one of Hoyt’s other projects) and comments from Federal Home 
Loan Bank Board general counsel Horace Russell on how the FHA “was fortunate in being able to avail itself of much 
of the training and experience in appraisal and the development of appraisal data by Home Owners Loan Corporation” 
underscores the two agencies’close ties.” Furthermore, a 1938 FHA underwriting manual used examples that were 
taken directly from the HOLC (Woods, 2012).  
10 They write: “a 1942 document states that the HOLC shared copies of the entire set of maps with the FHA upon 
completion” (p. 10) and that this sharing could have taken place as early as 1937 (p. 10).  
11 The time series plot of FHA loan activity from 1935 to 1940 in Fishback et al (2021) (figure 4) shows that the level 
of mortgage loan insurance in HOLC D-graded areas was very small between 1935 and 1937 but becomes virtually 
non-existent after 1937. Thus, it is precisely after 1937, when the HOLC maps may have been shared with the FHA, 
that their lending activities appear to be most consistent with redlining.  The maps available at the University of 
Richmond’s Digital Scholarship lab, which may have been the final maps, are dated as follows:  Baltimore, May 1, 
1937; Greensboro, June 2, 1937, and Peoria, October 28, 1938. 
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and their indirect effects through FHA activity and maps drawn by individual private lenders. If it was the 

case that the HOLC maps truly had no direct effects on private lending and only affected neighborhoods 

through their partial influence on the FHA, then our estimates are likely an underestimate of the full effects 

of federal housing policies more broadly. For example, if  the original maps created by the FHA that were 

used for their loan insurance decisions still existed and were available to researchers, then we could use a 

similar methodology to estimate the effects of the FHA policies.12 In that case, relative to directly estimated 

effects of the FHA maps, our estimates based on using the HOLC maps as a proxy should produce 

attenuated estimates of the effects of the FHA maps due to the measurement error that would arise from 

using borders and security grades that did not always line up across the two maps.13  

3. Data and Methodology 

HOLC Maps 

Our analysis uses the geocoded renderings of the original HOLC maps for the 149 cities used in 

AHM. The maps were made available by the University of Richmond Digital Scholarship Lab.14  

Residential neighborhoods in each city received a grade of A, B, C, or D and in some cases adjacent 

neighborhoods receive different grades, thereby creating boundaries or borders between differently-graded 

neighborhoods.15 Our analysis will utilize these boundaries using two statistical approaches that we describe 

                                                           
12 Fishback et al (2021) cite Greer (2014) and Sagalyn (1980) who suggest that the FHA maps were destroyed as the 
result of a lawsuit in 1969. We are aware of only two FHA maps that still exist, one for Chicago and for Washington 
D.C.  However, there is no HOLC map for Washington D.C. Aaronson, Hartley and Mazumder (2021) report that 82 
percent of Chicago has the same grade on both the HOLC and FHA maps when neighborhoods are weighed by 
population, including 86 percent overlap for D-graded areas. See Xu (2021) for a more detailed comparison of the 
grading differences between the two maps. 
13 Consistent with this possibility of attenuation due to measurement error, Xu (2021) finds meaningful discrepancies 
in the grading of neighborhoods in Chicago between the two agencies and estimates larger effects of the FHA maps 
than the HOLC maps on outcomes such as median home values. For example, Xu writes “14.4% of the FHA-graded 
D tracts were graded C by HOLC, whereas 26.3% of the FHA grade C tracts were graded D by HOLC”. We should 
note, however, that the coarseness of the Chicago map makes the comparison of FHA and HOLC maps in Xu (2021) 
interesting but not necessarily representative of what would be found in other cities throughout the country. AHM find 
that the effects of redlining and yellowlining were fairly small in Chicago compared to other cities (see their Appendix 
Table A9). 
14 See Aaronson, Hartley, and Mazumder (2021) for more details on these cities. The geocoded maps were obtained 
at http://dsl.richmond.edu/panorama/redlining/ 
15 We use the terms boundaries and borders interchangeably. 
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below. Specifically, we create an ID for each straight-line segment of an HOLC boundary that is at least a 

quarter mile long. We focus only on boundaries demarcating either a D neighborhood from a C 

neighborhood (“D-C”) or a C neighborhood from a B neighborhood (“C-B”).16  We then create “boundary 

buffer zones” or “buffers” for short, which are rectangles that extend a quarter of a mile on each side of a 

boundary. Each boundary has two buffers – the lower-graded side (LGS) and higher-graded side (HGS).  

Census Linked Data: 

Our sample of children aged 16 and under come from the restricted version of the 1940 full-count 

Decennial Census (Minnesota Population Center and Ancestry.com 2013). We use the U.S. Census 

Bureau’s Protected Identification Key (PIK) as a unique ID to match the 1940 Census children to the IRS 

Form 1040 tax returns from 1974 and 1979 and the 2000 Decennial Census long-form. The PIKs for the 

1940 sample were created by matching the 1940 Census data to the SSA Numident file, a database of 

individuals who have ever applied for a Social Security Number (SSN). The match is largely based on 

demographics and geography.17 

Of the 8.48 million children under age 16 who lived in an HOLC city, approximately 5.65 million 

of them were assigned PIKs, for a match rate of 67 percent. Individuals who failed to match to the Numident 

either had missing, inaccurate, or non-unique linkage keys or were old enough that they never applied for 

an SSN and so were not captured in the Numident database. While this latter issue presents significant 

challenges for matching older individuals, it has much less of an impact on our sample of children in 1940.   

                                                           
16 A-graded neighborhoods represent the smallest share of neighborhoods in the maps and neighborhoods tend to 
border neighborhoods with either the same grade or one grade lower or higher.  For these reasons the C-D and D-C 
boundaries are the most prevalent. 
17 PIKs are similar to SSNs but anonymized. Massey, Genadek, Alexander, Gardner, and O’Hara (2018) describe the 
system that was developed for matching the 1940 Census. For children living with their parents in 1940, the matching 
algorithm uses both the child’s and parents’ names, since Numident records contain both individual, mother, and father 
names. This is especially helpful for women who, at this time, commonly changed their last names at marriage. The 
father’s name on the Numident record is the equivalent of the woman’s birth surname and will often match to the 
woman’s 1940 last name when she was a child. Other matching data fields include age on April 1, 1940, state or 
country of birth, sex, and state of residence in 1940 and 1935 which is known on the 1940 Census and can be partially 
inferred on the Numident based on the first 3 digits of the SSN.  



 

12 
 

 

A similar PIK assignment process was used for the 2000 Census, enabling its linkage to the 1940 

Census (see Wagner and Lane (2014) for details). For this analysis, we focus on educational attainment,18 

namely total years of completed schooling as well as indicators for having completed high school or more, 

attended college or more, and having completed college or more.19 This sample has a few drawbacks. First, 

it is relatively small. Not every 1940 child lived to 2000 and, of those who did, not all of them received the 

long form. Therefore, we are only able to match approximately 600,000 children, or 11 percent of those 

with PIKs. Second, those children who do match are relatively old by 2000 and past their prime working 

years, making it difficult to interpret socioeconomic outcomes such as labor market income and occupation 

measured so late in life. Third, the sample may be somewhat positively selected since individuals would 

have to have survived to the year 2000 and there is a well-known education gradient in mortality (e.g. 

Cutler, Lleras-Muney and Vogl 2011). 

Therefore, to vastly increase our sample of children matched to adult outcomes, and to expand 

those outcomes to include income during the prime working years, we match the 1940 children to IRS 1040 

income tax returns from 1974 and 1979. These files originally contained SSNs for both the main and 

secondary filers which enable a simple look-up in the SSA Numident file to obtain a unique PIK for both 

single taxpayers and members of married couples. Individuals from 1940 will not match to these data if 

they die before 1974 or if they did not file a tax return in either of these years. Our matched sample includes 

4.63 million individuals, or 82 percent of those who were assigned PIKs. From these data we obtain 

information about adjusted gross income, wage and salary income, flags for having filed a Schedule C, D 

or SE, and place of residence. 

                                                           
18 The long form was mailed to one out of six people in the U.S. in 2000. 
19 In earlier analyses, we also examined effects on home ownership, house values, disability status, and income 
reported in the 2000 Census (before we had access to the tax data). Given everyone in our sample was born before the 
1940 Census, the 2000 Census outcomes are measured late in life, making them less useful as indicators of 
socioeconomic success. For example, the majority of our sample are retirees and the vast majority are homeowners 
by 2000. 
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In order to reduce yearly variability, we use the mean of inflation adjusted (in 2000$) income from 

1974 and 1979 when both years of income are available.20 We keep individuals in the sample if one year 

of income is missing and ignore the missing year. We also create an indicator variable for being in the tax 

return data in 1974/79 conditional on being PIKed in the 1940 Census to check that our sample is 

representative.21  

Our migration and neighborhood characteristic outcomes are computed from the latitude and 

longitude of the address of the tax filer and the 1940 Census household.22 In particular, 1940 Census and 

1974 and 1979 IRS residences are mapped to a 1970 Census tract, with the sample restricted to those we 

can place in a 1970 Census tract. This restriction turns out not to matter for the 1940 sample, as nearly all 

of our HOLC cities had a large enough population that they were tracted by 1970. However, by 1974 and 

1979, about 15 percent of people had moved to places that were not tracted by 1970, which reduces our 

sample size relative to the sample used to analyze income outcomes. We consider six Census tract-level 

neighborhood measures: the college graduation rate, the high school graduation rate, the employment to 

population ratio, the unemployment rate, the poverty rate, and the share of households with a single head. 

We also construct a composite neighborhood characteristic index that is aligned so that a higher value 

indicates a worse outcome by taking the z-score of each variable, adding the first three z-scores, subtracting 

the last three z-scores, and dividing by 6.23 

Table 1 provides summary statistics for our outcomes of interest in both the tax data (Panel A) and 

the 2000 Census (Panel B) for the different subsamples that we will use in our estimation, which we turn 

to next.  

                                                           
20 The inflation adjustment is the Consumer Price Index for all urban consumers (CPI-U). We keep any zeroes that are 
reported for wage and salary income and any zeroes or negative values reported for adjusted gross income. 
21 As we show later, we find that there is a very slightly lower probability of being in the tax data for children who 
grew up on the D-side of a D-C boundary. 
22 Geolocation of addresses in both datasets was done in the recent past (since 2015) and may be more likely to fail 
for street names that have changed. 
23 We subtract the last three z-scores because for those measures a higher value is generally viewed as an adverse 
outcome. 
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Identification Strategy 

It is well established in the historical record that the HOLC defined neighborhoods based on the 

observable characteristics of areas and trends in these characteristics over time. Therefore, a simple 

comparison of the outcomes of children growing up in neighborhoods with different HOLC grades might 

reflect these pre-existing characteristics and trends rather than capture the causal effects of the 

neighborhood. Therefore, a major challenge to any analysis of the maps is developing an identification 

strategy that can yield plausible causal estimates.  

Our empirical approach follows two of the estimation strategies used in AHM and Aaronson, Faber, 

Hartley, Mazumder, and Sharkey (2021). Both strategies start with the sample of 1940 Census children 

living in one of the 149 cities for which we have maps. We further restrict the sample to children who lived 

in the buffer zones (within ¼ mile) on the two sides of the D-C and C-B boundaries. Narrowing the sample 

to just those living within a few city blocks of a boundary, reduces, but doesn’t eliminate, the stark 

differences in the housing and other characteristics of families by neighborhood grade. For example, these 

families would have shared many amenities (e.g. transportation, labor markets) in common despite living 

in different neighborhoods. At the same time, we know from the historical record and from statistical 

analysis in AHM that these neighborhood characteristics sometimes changed sharply at neighborhood 

borders, thereby making simple cross-border comparisons fraught with bias. 

Method 1:  Use of comparison boundaries 

 Our first strategy uses propensity score methods to create a set of “comparison” boundaries that are 

weighted to resemble the actual “treated” HOLC boundaries. The intuition behind this approach is that there 

were likely many “missing” boundaries that the HOLC could have used to separate neighborhoods but did 

not for practical reasons. For example, buried within a largely homogenous D neighborhood might be a 

small pocket resembling a C neighborhood based on demographic and housing characteristics. But it may 

not have made practical sense to classify this smaller area nestled inside a larger neighborhood as a separate 
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neighborhood.24 Our strategy uses children who grew up in the buffer zones on the two sides of these 

potential boundaries as a comparison group. We can then compare the cross-boundary differences in the 

treated sample of children to the cross-boundary differences in our comparison boundaries. This difference-

in-differences strategy allows us to infer the true causal effect of growing up on the lower-graded side of a 

redlined or yellowlined neighborhood.  

 To implement this strategy in practice, we overlay a one-half mile by one-half mile grid over each 

city. We then take all the grid segments that are located within HOLC neighborhoods of the relevant grade. 

For example, for the estimation of the effects along D-C boundaries, all of the grid segments inside of D 

areas and C areas are used to construct a comparison sample of boundaries and buffer zones. For each 

comparison boundary, we randomly assign one side to be the lower-graded side (lgs).25  

Next, we use the propensity score model below to develop weights that will be used to ensure that, 

pre-map, comparison group segments are similar to treated boundaries based on observable characteristics: 

1{𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇}𝑏𝑏,𝑐𝑐 = 𝛼𝛼𝑐𝑐 + �𝛽𝛽1910𝑘𝑘 𝑧𝑧𝑏𝑏,𝑐𝑐
𝑘𝑘,1910 + 𝛽𝛽1920𝑘𝑘 𝑧𝑧𝑏𝑏,𝑐𝑐

𝑘𝑘,1920 + 𝛽𝛽1930𝑘𝑘 𝑧𝑧𝑏𝑏,𝑐𝑐
𝑘𝑘,1930

𝐾𝐾

𝑘𝑘=1

+ 𝜖𝜖𝑏𝑏,𝑐𝑐 . 

Each observation is a border segment b located in city c. 𝛼𝛼𝑐𝑐 is a city fixed effect and 𝑧𝑧𝑏𝑏,𝑐𝑐
𝑘𝑘,𝑡𝑡 = 𝑥𝑥𝑙𝑙𝑙𝑙𝑙𝑙,𝑏𝑏,𝑐𝑐

𝑘𝑘,𝑡𝑡 −

𝑥𝑥ℎ𝑙𝑙𝑙𝑙,𝑏𝑏,𝑐𝑐
𝑘𝑘,𝑡𝑡  is the gap between variable k on the lower-graded side (lgs) versus the higher-graded side (hgs). 

The sample pools treated and comparison borders and 1{𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇}𝑏𝑏,𝑐𝑐 is an indicator equal to one if the 

border is treated. The variables in k include: share African American, share foreign born, African American 

population density, White population density, homeownership rate, log house value, log rent and the share 

of homeowner households that have a mortgage.  

                                                           
24 See Appendix Figure A4 in AHM for a stylized example of this situation. Figure 2 in AHM shows that this is 
especially plausible for Chicago where there are many broad swaths of red-shaded neighborhoods that likely contained 
pockets that resembled yellow graded neighborhoods.  
25 We use this approach to make sure that the distribution of boundary differences in our comparison set of borders is 
representative of the underlying universe of all such boundaries and is not overrepresenting either tail of the 
distribution. The reweighting of comparison boundaries occurs after the randomization. 
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We use the results of the propensity score model to create a set of inverse probability weights (IPW) 

for each individual with the following specification:26   

𝑦𝑦𝑖𝑖𝑙𝑙𝑏𝑏𝑡𝑡 = 𝛽𝛽𝑡𝑡1[𝑙𝑙𝑙𝑙𝑙𝑙]1[𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇] + 𝛽𝛽𝑙𝑙𝑙𝑙𝑙𝑙1[𝑙𝑙𝑙𝑙𝑙𝑙] + 𝛽𝛽𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡1[𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇] + 𝑋𝑋𝑖𝑖𝑙𝑙𝑏𝑏1940 + 𝛼𝛼𝑏𝑏 + 𝜖𝜖𝑖𝑖𝑙𝑙𝑏𝑏𝑡𝑡 . 

In this equation, an observation is a person, i, living within ¼ miles of a border segment, b, on either the 

lower- or higher-graded side, g, in 1940. The sample pools individuals living in the buffers of the actual 

treated borders along with those living in the buffers of the comparison borders. The index t reflects the 

fact that the outcomes are measured in either the 1970s (IRS data) or 2000 (Census). 1[𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇] is an 

indicator for a treated border, 1[𝑙𝑙𝑙𝑙𝑙𝑙] is an indicator for the lower-graded side of the border, 𝛼𝛼𝑏𝑏 is a border 

segment fixed effect, and 𝑋𝑋𝑖𝑖𝑙𝑙𝑏𝑏1940 is a set of covariates from the 1940 Census which were likely determined 

prior to the HOLC maps. They include the race of the child, whether the child was a teen birth, family size 

indicators, and mother and father measures for age, marital status, race, foreign born, citizen, Hispanic, and 

educational attainment. 

AHM find strong evidence that this approach largely eliminates any gaps in the cross-boundary 

differences between the treatment and comparison groups in the share African American, home ownership 

rate, house values, and rents in the pre-period before the maps were drawn which provides support for this 

identification strategy.27 

                                                           
26 The weights are as follows: for the comparison boundaries, 𝑤𝑤 = pscore/(1-pscore) and for the “treated” 
boundaries, 𝑤𝑤 = 1. The sample excludes treated borders with a propensity score above that of the maximum 
comparison border and comparison borders with a propensity score below that of the minimum treated border. Using 
this procedure essentially “up-weights” comparison boundaries that are most similar to treated boundaries and “down-
weights” those that are least similar. As a result, the reweighted comparison borders look more similar to the actual 
HOLC borders than the unweighted comparison borders do. AHM also show that there is a sizable amount of overlap 
in the distributions of the propensity scores for the two groups (see their Appendix Figure A6, Panels A and B).  
27 We also validated this approach using children 16 years and younger in the 1910, 1920, and 1930 Censuses. We ran 
regressions using our two main estimation strategies and used the following left hand side variables to check for 
balance in the pre-period: an indicator for being a Black person, an indicator for living in an owner-occupied household 
(1920 and 1930 only), the log of rent if living in a rented home, and the log of the home value if living in an owned 
home. Again, we were largely able to eliminate gaps in these outcomes in the period before the maps were drawn as 
the estimates in this pre-period were generally economically small and statistically insignificant. The two exceptions 
are that the estimate for the 1930 gap in rent along the C-B boundary is -3 percent and statistically significant at the 
10 percent level and the estimate for the 1920 gap in owner-occupancy along the D-C boundary is -2 percentage points 
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Method 2:  Low Propensity Score (LPS) Borders 

Our second approach is based on the idea that some borders may have been drawn for more 

idiosyncratic reasons and did not actually reflect meaningful differences between adjacent neighborhoods 

of different grades. One way these “misaligned” borders could arise is because the map makers may have 

simply needed to close a polygon, and the exact street that was chosen to do so was somewhat arbitrary.28 

The way we operationalize this idea is to limit our sample to the subset of actual HOLC borders that appear 

“idiosyncratic” -- that is, where meaningful pre-existing differences across boundaries do not exist. A nice 

advantage of this approach is that, by definition, it no longer requires an explicit comparison group based 

on counterfactual boundaries, and therefore provides a second approach that complements our first strategy.  

Practically, we use the predicted p-scores from our model and select the actual HOLC borders with 

a low predicted probability of being chosen (below median p-score) based on our model.29 AHM show that 

this approach effectively removes pre-existing cross-boundary differences and trends providing supportive 

evidence for the validity of this method. The specification for this model is: 

𝑦𝑦𝑖𝑖𝑙𝑙𝑏𝑏𝑡𝑡 = 𝛽𝛽𝑡𝑡1[𝑙𝑙𝑙𝑙𝑙𝑙] + 𝑋𝑋𝑖𝑖𝑙𝑙𝑏𝑏1940 + 𝛼𝛼𝑏𝑏 + 𝜖𝜖𝑖𝑖𝑙𝑙𝑏𝑏𝑡𝑡 . 

4. Results 

Education 

We begin by describing our findings on educational attainment based on the link between the 1940 

and 2000 Census. Figure 1 shows four estimates of the effects of living on the lower-graded side of an 

HOLC boundary on completed years of schooling, corresponding to the two border types (D-C and C-B) 

and the two estimation strategies. “T vs C” is shorthand for treated borders vs comparison borders (method 

1) and “LPS” refers to low propensity score boundaries (method 2). One striking finding is the consistency 

                                                           
and statistically significant at the 5 percent level. However, we did not correct for multiple hypothesis testing, and 
since we ran a total of 16 regressions the exceptions could be due to chance.  
28 See Appendix figure A4 and the text within AHM for a stylized and actual example of this situation.  
29 Our focus on low-p-score boundaries is akin to the subclassification approach described in Imbens (2015) and 
Imbens and Rubin (2015).  
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of the estimates; growing up on the lower-graded side of a neighborhood leads to an approximately 0.2 

decrease in years of education for both D-C and C-B comparisons using either estimation strategy. These 

effects are in all cases highly statistically significant, suggesting that something about the lower 

neighborhood grade led to worse educational outcomes. Relative to a mean of roughly 13-14 years, 0.2 

years translates to a 1.5 percent reduction in years of schooling. 

Figure 1 

 

We also examined whether the education effects occurred at a particular stage of schooling (HS, 

some college, or college). The results for our treatment versus comparison borders are shown in Figure 2.30 

Along the D-C borders (blue bars), we find a consistent 2 to 3 percentage point reduction across all 3 

education margins. However, along the C-B borders (green bars), we find no effect on the high school 

margin but a much larger 4½ and 5½ percentage point reduction in attending college and graduating college, 

respectively. These reductions are economically significant compared to the mean college attendance rate 

of 53 percent and the mean college graduation rate of 26 percent for this sample. 

                                                           
30 The estimates using the LPS method are generally smaller for high school and some college for both border types 
but are similar for college or more.   
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Figure 2 

 

We also estimated separate effects for Whites and non-Whites and men and women.31 We found 

much larger negative point estimates for non-White children, as shown in Figure 3, but these estimates 

came with extremely large standard errors, leading us to conclude that our samples were too small to allow 

for sufficient precision to detect significant racial differences.32  

Figure 3 

                                                           
31 We grouped all non-White peoples together for the purposes of meeting Census Bureau disclosure avoidance review 
requirements.  
32 Putting aside precision, the differences in point estimates by gender did not follow a consistent pattern along D-C 
boundaries but men were more negatively affected along C-B boundaries. However, none of these gender differences 
were statistically significant.  
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Income 

Next, we turn to results on mid-career income reported on tax forms, starting with wage and salary 

income in Figure 4. We find large, negative, and statistically significant effects across three of our four 

estimates. Unlike with years of schooling, the magnitude of the results appears to differ by border type and 

by the choice of estimation method. Along the D-C borders, estimates range from a loss of $1,120 when 

using only low propensity score borders to a loss of $2,140 when comparing the treated borders to 

comparison boundaries. The analogous estimates along the C-B boundaries are a loss of $862 and a loss of 

$2,760. Relative to the mean level of wage and salary income in these samples, the effects range from -1.3 

percent to -4.6 percent.  

Figure 4: 
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Figure 5 displays estimates on Adjusted Gross Income (AGI), which allows for other forms of 

income in addition to wages and salaries. Here we find even larger negative effects that are highly 

statistically significant. Along the D-C border, our estimates range from -$1,440 to -$2,250, which are 

modestly higher than what we found using just wage and salary income. However, our AGI estimates along 

the C-B boundaries are at least twice as large (-$2,480 and -$5,890) as comparable estimates using just 

wage and salary income. Larger estimates along the C-B boundary are consistent with neighborhood level 

housing outcomes in AHM and suggest that the effects of yellowlining may have been especially severe 

for some. We return to these estimates later in the section on heterogeneity. 

Figure 5:  
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Migration and neighborhood characteristics in adulthood 

In this section, we consider both the migration response to HOLC grades as well as measures of 

the neighborhood where children were living later in life. Roughly 96 to 97 percent of our sample of 

children in 1940 moved to a new Census tract by 1970. However, only 50 to 60 percent moved to a new 

county and 25 to 30 percent to a new state. We ran our main specifications using these three migration 

measures as outcomes and found that both redlining and yellowlining led to no effect on changing tracts 

(since nearly everyone had moved tracts) and only modestly lower state and county migration rates of about 

0.5 and 2 percentage points.33  

However, there was a statistically robust and economically relevant difference in the characteristics 

of the places where they moved. Figure 6 shows the effect of redlining and yellowlining on the composite 

neighborhood index of the location where the children were living in adulthood during the 1970s. Effects 

range from -0.02 to -0.04 standard deviations, depending on the specification. By way of one comparison, 

Kling et al (2007) find that the effects of the Moving to Opportunity program increased their summary 

                                                           
33 The reductions in migration are not statistically significant for the D-C border when using our treatment versus 
comparison group specification, but they are statistically significant for the other three specifications. 
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measure of the socioeconomic outcomes of adults by 0.04 standard deviations and that of youth by 0.02 

standard deviations.34 

Figure 6: 

 

In figure 7, we show each of the components of the neighborhood index using the treatment versus 

comparison group method and the redlining sample.35 It is immediately evident that the educational 

components of the index are driving the effect on the composite neighborhood index. Children that grew 

up on the D side of a D-C border in 1940 live in Census tracts in the 1970s that have 0.05 standard deviations 

lower rates of attainment of college or more and high school or more. We also find economically smaller 

effects on the neighborhood poverty rate, the unemployment rate, and the rate of single headed households 

of around 0.01 to 0.02 standard deviations. Although these estimates are not statistically significant, they 

are significant, and of a similar magnitude, when using the low propensity score method (not shown). 

Figure 8 reveals a similar pattern for the effect of yellowlining on the components of the 

neighborhood composition index. Again, lower educational attainment is driving the drop in the composite 

                                                           
34 This is from Kling et al (2007)'s intent to treat estimates of the experimental group versus the control group (E-C) 
on summary measures shown in their Table 2. 
35 Each outcome is measured in standard deviation units and aligned so that a negative sign indicates an adverse 
outcome. 
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neighborhood index. In this case, the effects are even larger, with an estimated decline of around 0.07 to 

0.09 standard deviations in our educational outcomes and an increase in rates of neighborhood poverty, 

unemployment, and single headed households of around 0.03 to 0.05 standard deviations. 

Figure 7: 

 

Figure 8: 
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Heterogeneity of Effects on AGI 

Next, we stratify the sample by demographic and socioeconomic characteristics to consider 

situations that may have led to especially negative outcomes and to begin to collect results that could help 

uncover mechanisms. To help with precision, we focus on the tax records where our sample is substantially 

larger. Even still, sample size ultimately limits how much can be inferred about many group differences. 

We also focus on AGI as our outcome of interest, partly for brevity, but also to highlight some useful 

differences by the type of income filers.  

We begin by looking at individuals who owned a business or had financial income. Specifically, 

we use an indicator variable for whether individuals filed either a schedule C or schedule SE to proxy for 

whether they had business income. Similarly, we use an indicator for whether individuals filed a schedule 

D to capture capital income from sources such as financial or real estate investments. We also construct a 



 

26 
 

 

separate indicator for those who fit into both categories. Finally, we compare these three groups to those 

who did not file C, D, or SE schedules.   

The results using the treated vs comparison group approach are shown in Figures 9 and 10.36 We 

find an especially large negative effect on AGI among those with schedule D capital income. Along D-C 

boundaries, the magnitude of the effect is -$3,400 for those who only filed a schedule D for capital income, 

although there is no significant effect for those who file both a business schedule and schedule D.  The 

impact is extremely large along the C-B boundaries: -$10,100 for those who only file a schedule D and -

$14,700 for those who filed both a business schedule and a capital income schedule. These results are 

consistent with individuals experiencing smaller capital income gains from housing investments if they 

grew up in lower-graded neighborhoods. 

Figure 9 

 

Figure 10: 

                                                           
36 We find broadly the same qualitative patterns when using the low propensity score method. However, the 
magnitudes of the estimates differ in a similar pattern to the full sample shown in Figure 5.   
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We now turn to examining heterogeneity based on characteristics from the 1940 Census. Figures 

11 and 12 provide treated vs comparison group estimates by homeownership, age, income of parents in 

1940, and whether the parents were married and present in the household.37 The top bar reproduces the 

overall effect on AGI for each border type that was previously displayed in Figure 5. It is important to note 

that the scales on Figures 11 and 12 are quite different, and the overall negative effects of yellowlining in 

Figure 11 are more than twice as large as those of redlining in Figure 12. 

The first set of results considers whether the parent was a homeowner or renter in 1940. One 

hypothesis is that children of homeowners might have been more severely impacted by financial 

                                                           
37 See our earlier discussion of differences by race and gender. We also considered differences by proximity to the 
border and by whether families had migrated between 1935 and 1940, but it was a priori unclear what such differences 
may reveal. Regarding proximity to the border, focusing only on those families living extremely close to the border 
(within 1/8th of a mile), on either side, might compare more similar families and thus might provide a better causal 
estimate. At the same time, there could be negative spillover effects for those on the higher-graded side if they lived 
extremely close to the lower-graded side. Our estimates were consistently higher for those living farther from the 
border (between 1/8th and ¼ mile) but the magnitudes varied quite a bit depending on our estimation strategy and 
border type. Regarding movers in the 1930s, those who lived at the same address in 1935 may have been “treated” for 
longer (depending on exactly when the maps were made in their city) and could have experienced larger effects. On 
the other hand, families who decided to move from 1935 to 1940 into an area that received a lower HOLC grade may 
reflect a selected sample. We generally found more negative income effects for children in households that had been 
in the same address since at least 1935 compared to those whose households had moved between 1935 and 1940. 
Appendix Figures A1 and A2 show comparable results using the low propensity score approach. These results 
generally reveal similar patterns.  
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disinvestment in a neighborhood due to declining access to credit. We discuss this point in greater detail in 

the next section. AHM show evidence that the lower-graded side of neighborhoods experienced declines in 

house values and suffered impacts associated with financial disinvestment such as higher rates of vacancies 

and dilapidated housing. Indeed, we find that the negative effects on AGI appear to have been larger, albeit 

not precisely so, for children whose parents were homeowners. For example, along C-B borders, the effect 

on AGI for children of homeowners was -$7,430 versus -$3,680 for children whose parents did not own 

their home. However, these differences are not statistically significant at conventional levels.  

A growing literature on the effects of early life events has highlighted how the consequences of 

shocks experienced by young children may be especially severe (e.g. Almond and Currie, 2011, Almond, 

Currie and Duque, 2017). In the context of neighborhoods, Chetty, Hendren and Katz (2016) found that the 

Moving to Opportunity program only had effects on the long-run income of children below the age of 13. 

Therefore, we divided our sample into those who were “young” in 1940 (below the age of 9) and those who 

were “old” (between the ages of 9 and 16). We found little difference in the estimates between these age 

groups though the point estimates were consistently larger for the older group particularly when using the 

low propensity score approach (Figures A1 and A2).  

We also consider how the effects might differ based on two measures of the socioeconomic status 

of the family in 1940, namely the income level of the parents and whether there were two married parents 

in the household. We created three categories of wage and salary income, those with below median income 

(“low”), those with above median income (“high”) and those with zero or no reported income (“missing”). 

We find a similar pattern by parental income along both the redlining and yellowlining borders. The effects 

are least negative for the children with high-income parents, then more negative for the children with low-

income parents, and the most negative for children whose parental income is missing in 1940. 

Unfortunately, the latter mixes business owners and farmers, since their income was not collected in 1940, 

with those who did not report an income. But there may have been reason that each group would have been 

hard hit by less access to credit. The maps may have been particularly detrimental to very low-income 
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households that had no earnings. Moreover, it is also possible that the maps negatively impacted access to 

credit for businesses or further exposed business owners to negative real estate shocks if they owned their 

premises.  

Finally, we see almost no difference in the effect of redlining between children with two parents in 

the household and those without two parents.  The effect of yellowlining is more negative for children with 

two parents, but the sample size is somewhat small (26,500) for those without two parents, resulting in a 

wide confidence interval.38 

Figure 11 

 

 

Figure 12 

                                                           
38 We also have a relatively small subsample of 82,000 children who did not live with both parents when estimating 
this along the D-C boundary compared to 643,000 children who lived with both parents. 
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Selection into the Tax Sample 

One concern is not all children in the 1940 Census who were successfully matched to the Social 

Security NUMIDENT database and received a personal identification key (PIK) are observed in the tax 

data. This selection issue could arise from children not filing taxes as adults or from any failure to match 

the tax records to Social Security records. Across our four estimation samples the baseline rate of being 

included in the tax records is between 82 and 84 percent, suggesting that we are capturing most of the 

potential sample. Still, in Figure 13, we show the results of using our statistical model where the outcome 

is an indicator of inclusion in the tax records and our universe is the sample of all children who were 

“PIKed.” In all four models, we find very small negative point estimates of less than 0.5 percentage points 

and in only one case is the estimate statistically significant. This suggests that there is no meaningful 

difference in the effect of being redlined or yellowlined on selection into the tax sample.  

Figure 13  
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5. Discussion 

Mechanisms 

We find economically significant, negative long-term consequences for children who grew up in 

lower-graded neighborhoods. Naturally, the critical question is why. A key starting point is that these lower-

graded neighborhoods likely experienced reduced access to credit and that this led to a sharp and rapid 

decline in housing demand as marginal or credit constrained borrowers could no longer afford to buy a 

home in these neighborhoods.39 This is supported by evidence from AHM who find that by 1940 the HOLC 

maps had caused home values to fall by 9 percent in “redlined” neighborhoods and 10 percent in 

“yellowlined” neighborhoods. They also find that the effects of the maps were to reduce rents by 7 percent 

along D-C boundaries and 2 percent along C-B boundaries.40 Since the maps were largely completed by 

1937, the housing supply would have had very little time to adjust by 1940. Therefore, the decline in rents 

and house values in these areas are likely due to a drop in housing demand that was caused by reduced 

access to credit. Housing demand could have also fallen due to a decline in the quality of housing units in 

                                                           
39 In a more recent episode, Jensen and Johannesen (2017) find that contractions of credit supply after the financial 
crisis caused affected Danish households to decrease consumption, including real estate consumption. 
40 We find very similar results when we estimate these effects using individual-level data for the sample of children 
16 years old or younger in 1940. 
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these neighborhoods as landlords began to reduce investment as the value of their properties declined due 

to lower HOLC grades. This could have also been accompanied by reductions in local public investment in 

public goods such as schools and public safety. 

One potential mechanism for the decline in long-run outcomes for children living in these 

neighborhoods is that the decline in the value of homes and the accompanying loss of wealth, may have 

made it harder for parents to invest in their children’s education. This may have been a factor, for example, 

in driving the roughly 5 percentage point reduction in college attendance for children growing up in 

“yellowlined” households. The reduction in children’s education could then have resulted in decreased 

income later in life and a greater likelihood of living in neighborhoods with lower educations levels and 

higher poverty rates. However, if all the effects on earnings that we estimate were due solely to reductions 

in educational attainment, then it would imply very high rates of return to education on the order of 14 

percent per year.41 Such a rate of return might be implausibly high, or that there were other effects of 

reduced credit access that operated outside of the channel of human capital investment.42   

Another possible mechanism that can explain our findings is related to the effects that the HOLC 

maps had on the rates of homeownership among the parents of the affected children growing up in lower-

graded neighborhoods. For example, AHM estimate that redlining caused homeownership rates to fall by 

1.2 percent by 1940 and 2.6 percent by 1950 and found even larger declines along C-B boundaries. This 

period covers the years in which our sample of children would have been living at home with their parents. 

Parental homeownership may provide the needed stability for later-life success for children through having 

positive peer influences and providing networks that could enable future opportunities or simply from better 

parent labor market outcomes (Hausman, Ramot-Nyska, and Zussman 2021). By contrast, disruptions in 

                                                           
41For example, our estimate of the effects of redlining (D-C borders) based on the treatment vs comparison group 
method imply a reduction of 0.215 years of schooling and a decline of 3.78 percent (relative to the mean) in wage and 
salary income. This translates into an estimate of a 17.6 percent rate of return (3.78/0.215) per year of education. A 
simple average of this return to education across our four estimation models is 13.7 percent. 
42 For example, Goldin and Katz (1999) using log weekly wage differentials estimate that the returns to a year of high 
school in 1979 for young men was 8.1 percent and the return to a year of college for young men was 8.4 percent. The 
corresponding rates in 1969 were 7.4 percent and 9.6 percent.   
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the residential, and possibly schooling, environment experienced by children could lead to instability and 

worse socioeconomic outcomes. That said, studies on the effects of homeownership and residential stability 

on children’s outcomes are typically associative (e.g. Adam 2004; Green and White 1997).  

Still, these disruptive housing effects are consistent with the more negative impacts on children’s 

income for families whose parents were initially homeowners. Moreover, higher residential instability 

arising from redlining and yellowlining could have affected a number of outcomes besides educational 

attainment and therefore provide a potential explanation for why the long-run effects on income are greater 

than what would have been predicted based on the estimated effects on education alone. It would be useful 

for future work to also explore whether children’s health was negatively impacted by redlining and 

yellowlining as this could provide another explanation for the very large, implied returns to schooling. To 

date, work on the health effects of the maps is purely associative and study later generations. 

We also speculate that as credit access declined in lower-graded neighborhoods, there could have 

been disruptive effects arising from losing local businesses that may have impacted children’s long-run 

outcomes. This may have particularly been the case for family run businesses as it was more common in 

1940 for families to live above their shop. More generally, commercial real estate could have also been 

impacted by the sharp decline in real estate values if local business owners also owned residential 

properties. This would be consistent with our finding that children whose parents had missing income, some 

of which is due to their owning a business and therefore not having their income collected in the 1940 

Census, experienced larger income losses in adulthood. 

Caveats 

One important downside of our focus only on children living in buffer zones around the borders of 

HOLC neighborhoods is that our estimates may not generalize to the children who grew up in the interior 

of neighborhoods. For example, it could be the case that areas in the interior of neighborhoods had higher 

concentrations of Black families and Black-owned businesses, and that the children growing up in these 
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areas were much more severely impacted than the children growing up near a border and therefore in closer 

proximity to a higher-graded neighborhood.43 We believe that this is an important area for future research 

to consider, although it will be challenging to come up with a research design that can deliver causal 

estimates. Similarly, there may be other important outcomes that our analysis did not consider due to data 

limitations such as effects on business ownership, social networks, criminal activity, health, and exposure 

to pollution. 

It is also important to recognize that there were many other overlapping policies and environmental 

influences that were affecting these neighborhoods both at the time the maps were drawn, as well as in 

subsequent years. For example, urban renewal policies that started in the 1950s that aimed to clear “slums” 

and redevelop urban areas and which were sometimes associated with highway construction, may have also 

impacted the opportunities faced by some of the children in our sample.44 The boundaries of school districts 

and school funding could have also been affected by the maps.45 Our estimates should be viewed as the 

reduced form effects of all of the possible effects that were associated with redlining and yellowlining. 

Finally, given that much remains unknown about the extent to which the information in the HOLC 

maps were used by private actors or the FHA in their decisions to insure mortgage loans (see section 2), it 

is important to carefully consider how to interpret our findings. As we discuss earlier, it may be useful to 

think of our analysis as serving as a proxy for the overall effects of discriminatory policies that targeted 

urban neighborhoods. If so, our estimates may serve as a lower bound of the full effects of such policies. 

This is because the grade classifications and the borders between neighborhoods chosen by the HOLC maps 

are unlikely to have always lined up with those chosen by other pertinent actors, adding measurement error 

and likely attenuating estimates. 

6. Conclusion 

                                                           
43 We thank Trevon Logan and Sun Kyoung Lee for their comments in this spirit. 
44 See Collins and Shester (2013), LaVoice (2019) and Shi et al (2021) for recent studies of urban renewal. 
45 See Lucas and Cleveland (2021). 
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The federal government’s initial attempt to institute a national housing appraisal system in the mid 

to late 1930s was meant to help public and private lenders better understand community-level repayment 

risk, a worthwhile goal following the devastating foreclosure crisis earlier in the decade. However, the new 

system used some measures that were not tied directly to creditworthiness, including ethnicity, immigration 

status, and race, causing harm to poorer and more diverse neighborhoods. Indeed, past research, by us and 

others, has documented the geographically inequitable development that arose over the following decades.   

This paper adds to this literature by studying the later life educational attainment and income of 

individuals who grew up in differentially graded neighborhoods when the HOLC maps were first drawn, 

regardless of where they moved later in life. Our approach therefore more closely resembles the modern 

literature that uses experimental or quasi-experimental methods to trace the impact of specific policies that 

change neighborhood exposure during childhood. We find economically and statistically significant effects 

of being on the lower-graded side of either a D-C or C-B boundary, including 0.2 years less of schooling, 

$1,500 to $6,000 (in 2000$) lower prime-age annual income, and neighborhood residences during 

adulthood with lower education and other socioeconomic characteristics. The effects on income appear to 

be especially large along C-B boundaries, among individuals with capital income (schedule D filers), and 

among children whose parents were homeowners in 1940. In light of these results, we speculate on 

mechanisms that may have caused access to credit of parents to have had a lifetime impact on their children.  

We want to stress that there is much left to be learned, however. For example, we know very little about 

how a variety of mid-century housing and urban policies, including the broader use of private and public 

appraisal maps, intertwined to have long-run implications on poorer and diverse populations. Therefore, we 

strongly believe this is a rich and important area of future study. 
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Table 1:  Summary Statistics

Panel A.  Income Tax Data from 1974/1979

Rounded Rounded Rounded Rounded
Mean S.D. N Mean S.D. N Mean S.D. N Mean S.D. N

Adj Gross Income (74/79 avg) 64,110   67,340   725,000 68,940   61,480   305,000 66,050   76,820   133,000 78,600   75,020   55,500   

Wage and Salary Inc (74/79 avg) 56,610   47,640   725,000 60,040   43,930   305,000 58,630   44,430   133,000 66,440   55,530   55,500   

AGI, No Schedule 54,640   31,660   486,000 57,890   29,440   179,000 56,630   28,560   87,500   60,860   32,960   30,500   

AGI, Bus. Schedule (C/SE) 53,100   32,230   70,000   54,910   37,640   31,500   54,750   31,900   13,000   59,260   35,510   5,800     

AGI, Capital Inc Schedule (D) 94,130   79,660   107,000 96,110   73,710   58,000   95,090   82,970   21,000   111,500 97,700   11,500   

AGI, both Bus. and Cap Inc Sched 94,310   164,600 62,000   103,000 130,000 37,000   96,550   208,500 12,000   115,700 130,400 7,500     

Neighborhood Index  (Tract) -0.046 0.76 609,000 0.12 0.64 256,000 0.05 0.65 113,000 0.22 0.59 46,000   

College Rate (Tract) 0.14 0.11 609,000 0.16 0.12 256,000 0.14 0.11 113,000 0.18 0.13 46,500   

Hish School Rate (Tract) 0.61 0.17 609,000 0.65 0.17 256,000 0.61 0.17 113,000 0.67 0.15 46,500   

Employment to Pop Rate (Tract) 0.58 0.06 609,000 0.59 0.06 256,000 0.59 0.06 113,000 0.59 0.06 46,500   

Unemployment Rate (Tract) 0.04 0.02 609,000 0.03 0.02 256,000 0.03 0.02 113,000 0.03 0.02 46,500   

Poverty Rate (Tract) 0.06 0.06 609,000 0.05 0.04 256,000 0.05 0.04 113,000 0.04 0.03 46,000   

Single Headed HH Rate (Tract) 0.11 0.08 609,000 0.10 0.06 256,000 0.10 0.07 113,000 0.09 0.06 46,000   

Moved Tract 0.96 0.19 609,000 0.96 0.19 256,000 0.97 0.18 113,000 0.97 0.18 46,500   

Moved County 0.51 0.50 609,000 0.54 0.50 256,000 0.56 0.50 113,000 0.62 0.49 46,500   

Moved State 0.28 0.45 609,000 0.30 0.46 256,000 0.26 0.44 113,000 0.34 0.47 46,500   

Panel B.  2000 Census

Years of Education 13 2.68 91,000   13.5 2.58 40,000   13 2.63 17,000   14 2.7 7,400     

High School or More 0.81 0.39 91,000   0.86 0.35 40,000   0.82 0.38 17,000   0.90 0.29 7,400     

Some College or More 0.44 0.50 91,000   0.53 0.50 40,000   0.43 0.50 17,000   0.60 0.49 7,400     

College or More 0.20 0.40 91,000   0.26 0.44 40,000   0.2 0.40 17,000   0.34 0.47 7,400     

D-C C-BD-C C-B
Treated vs Comparison Low Propensity Score
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