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Abstract 

 

This project studies the impact of a policy carried out in the U.S. between 1937 and 1940 

by an organization created by the Roosevelt Administration after the Great Depression, 

the Home Owners Loan Corporation. The so-called City Survey program elaborated a 

series of maps in cities of a population in 1930 of more than 40.000 inhabitants in order 

to evaluate the credit risk of the different neighborhoods, primarily so as to stabilize 

housing values. I hypothesize that this program might have led to restricted access to 

credit in areas that were assigned a worse evaluation, leading to lower house prices. Since 

school districts were primarily financed through property taxes up to some decades ago, 

this mechanism could have also led to lower school district revenues. Using data from the 

1940 and 2000 censuses and school fiscal data from the National Center for Educational 

Statistics, I take advantage of the decision to only evaluate those cities with a 1930 

population of more than 40.000 inhabitants to study the impact of the program by using 

an RDD design. 
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1. INTRODUCTION 

Segregation has been predominantly theorized as being driven by social interactions and 

individual sorting (e.g., Schelling, 1969, 1971; Tiebout, 1956)1. However, not only 

individual preferences, but also collective action and public policy have had a role in the 

contribution to reinforcing and perpetuating segregation2.  

The configuration of the unequal distribution of opportunity in the U.S. has been 

strengthened by investments in place driven by policy actions, with subsequent growth 

and upward mobility in selected areas, whereas others remain underdeveloped (Chetty et 

al., 2014; Faber, 2020; Massey & Denton, 2018)3.   

Cutler, Glaeser and Vigdor (1999) findings suggest it was collective actions taken by 

whites (and not individual preferences) what acted as the main underlying force behind 

racial segregation in the mid-twentieth century in the U.S.4. 

For decades, numerous scholars have been pointing to the New Deal era housing policies 

as the main mechanism through which current segregation patterns in the United States 

were shaped (Faber, 2020). The purpose of this research is to study one of these programs, 

the Home Owners Loan Corporation Residential Security Maps. 

In the onset of the housing crisis that followed the 1930s Great Depression, the Roosevelt 

Administration carried out a set of initiatives in order to support the lending industry and 

stabilize the housing market. Among these initiatives, a Federal agency, the Home 

Owners Loan Corporation (HOLC), was commissioned to perform a systematic and 

uniform evaluation of the credit risk of 239 cities across the US, taking into account 

neighborhood-level indicators (Hillier, 2005).   

The aim of this assignment was to evaluate the risk of new assets the Federal Government 

had recently acquired, analyze the state of the housing finance industry after the crisis and 

 
1 In Shelling’s social interaction model (Schelling, 1969, 1971), preferences on the racial composition of 

neighborhoods play a central role, and once the share of a minority in total neighborhood population 

surpasses a “tipping point”, all the whites leave. Other theoretical frameworks such as Tiebout’s model 

(1956), focus on differences in preferences for public goods that, to the extent that they vary with race and 

socioeconomic characteristics of the individual, can lead to sorting in the existence of location-specific 

amenities. 
2 In spite of the theoretical positive effects associated to family and ethnic networks, residential segregation 

of minority ethnic groups and the urban poor has been found to be detrimental due to its associated 

‘neighborhood effects’. As Bayer, McMillan and Reuben (2004) note, the limitation of housing options of 

minorities to neighborhoods with less employment opportunities can result on significantly worse outcomes 

in educational attainment, employment, and welfare participation of minorities in more segregated areas. 

Evidence for such detrimental impact of segregation of black households in the U.S. has been found by 

Cutler and Glaeser (1997). 
3 Numerous U.S. policies have contributed to racial segregation and the limitation of opportunities of 

segregated minorities -especially African Americans-, ranging from land use regulation (Rothwell and 

Massey, 2009; Shertzer, Twinam & Walsh, 2016; Trounstine, 2018), to the construction of highways 

(Baum-Snow 2007; Brinkman & Lin 2017), slum clearance (Collins & Shester 2013), the location of public 

housing projects (Hunt, 2009), steering by real estate agents (Bresbis & Faber, 2017) or racially restrictive 

covenants (Sood, Speagle, & Ehrman-Solberg, 2019; Kucheva and Sander, 2014). 
4 These authors estimate that, since the 1990s, it has been white’s willingness to pay more to live in areas 

that are predominantly white (Cutler & Vigdor, 1999). This phenomenon, related to suburbanization and 

what has been called “white flight” has been widely studied by authors such as Leah Boustan (2010, 2013). 
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help stabilize the property values (Aaronson, Hartley & Mazumder, 2020; Hillier, 2005; 

Nicholas & Scherbina, 2013). The HOLC named a series of appraisers to elaborate the 

so-called Residential Security Maps, which basically assigned a grade to each city based 

on its credit worthiness. The neighborhoods were given one of four grades, A, being the 

highest, to D, being the lowest. These grades were color-coded and the areas that received 

a grade D were indicated in red, many consider this is where the term “redlining” came 

from. “Redlining” refers to the practice of denial of credit based on the applicant’s 

neighborhood characteristics (including its racial composition) (Anders, 2019). 

The appraisals were built on the base of a series of different characteristics, agents took 

into consideration the conditions of the terrain, the quality of the housing stock and 

economic activity. However, demographic indicators, mainly race, were an essential 

determinant of a given neighborhood’s grade. 

Some researchers sustain these maps and their evaluation system were shared with private 

lending institutions and that they were also relevant in the decision process of granting 

public mortgage insurance (Jackson, 1980; Light, 2011; Woods, 2012).  

The Digital Scholarship Lab of the University of Richmond (Nelson, Winling, Marciano, 

Connolly & Ayers, 2019) has digitalized, georeferenced and made publicly available 

more than 200 of these Residential Security Maps since 2016. Since their publication, a 

few studies have started to analyze the impact of redlining at a national scale and have 

mainly focused on the study of the effect of restricted access to credit on segregation and 

the housing characteristics of redlined areas (Aaronson et al., 2020; Anders, 2019; Appel 

& Nickerson, 2016; Faber, 2020; Fishback, LaVoice, Shertzer, & Walsh, 2020; Krimmel, 

2018). 

However, the intended goal of this project is to analyze the impact of the elaboration of 

the HOLC maps on house values and property taxes as a mechanism to study if these 

maps might have also had a subsequent effect on school funding. 

To understand this potential effect of the 1930’s HOLC policies, it is important to explain 

that, throughout the 20th century, school districts (the territorial US subdivision for 

primary and secondary school funding purposes) have been primarily financed through 

local property taxes. Since the mid-20th century until now, K-12 funding gradually started 

to be less reliant on local tax revenues, and funding became more centralized (Boustan, 

Ferreira, Winkler & Zolt, 2013). However, up to 2015, this budget item represented on 

average 30% of total school district budget.  

I hypothesize that the maps and their diffusion might have reduced access to credit in 

poorly evaluated areas, leading to lower housing prices in the places that were redlined. 

The diminished house values would have then caused a lower revenue from property taxes 

in those school districts that were assigned an inferior grade. 
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2. BACKGROUND 

 

2.1. The City Survey Program 

Before 1929’s crash, real estate agents understood the evolution of housing prices in the 

different areas of a city partly as the result of a process in which new demographic groups 

came into the neighborhood, leading the original residents to leave, similarly to what 

happens in Schelling’s segregation model (Schelling, 1969, 1971). This “succession 

process” was supposed to take place gradually, however, in the occurrence of the arrival 

of new racial groups, it was generally believed that the decline in house values was 

accelerated. As Fishback et al. (2020) note, this view was explicitly sustained by 

Frederick Babcock, future director of the Federal Housing Agency (FHA, a government’s 

organization in charge of granting public mortgage insurance) in his book The Valuation 

of Real Estate (1932)5.  

As a result, mortgages mostly consisted of short-term loans with balloon payments 

(Aaronson et al, 2020) as a way for lenders to avoid the risk attributed to neighborhood 

succession. During this period, most of the lenders in the housing market were local 

institutions. Building and Loans (B&L, financial institutions that increased the access to 

loans, in which the borrowers were the lenders and members at the same time) were the 

leading lenders of the market, benefitting of their network and direct knowledge of local 

housing conditions (Fishback et al., 2020).  

However, the 1930s crisis changed the landscape of the housing market. The housing 

crisis that ensued the Great Depression, caused a dramatic decrease in house prices 

followed by a foreclosure crisis (Aaronson et al, 2020; White, 2014)6. In response, the 

Government carried out a set of initiatives in order to support the lending industry and 

stabilize the housing market. To accomplish this task, a series of federal agencies were 

created. Along with the previously mentioned Federal Housing Agency (FHA), that was 

in charge of the concession of public mortgage insurance, the Home Owners Loan 

Corporation (HOLC) was created in 1933 under the direction of the Federal Home Loan 

Bank Board (in charge of supervising Government savings and loan organizations). The 

HOLC was at the beginning mainly tasked with issuing bonds to remortgage existing 

loans with more flexible conditions (Aaronson et al, 2020). The scope of the HOLC was 

considerably substantial, having granted $3 billion loans in its first two years and 

 
5 Fishback et al. (2020) cite Frederick Babcock: “Most of the variations and differences between people are 

slight and value declines are, as a result, gradual. But there is one difference in people, namely race, which 

can result in a very rapid decline (1932, p. 91)”. Appel and Nickerson (2016) argue HOLC maps 

institutionalized this view of inevitable housing decline and Hillier (2003) sustains this theory (by which 

wealthy neighbors leave inner-cities due to the arrival of ethnic minorities, leading the prices to fall) was 

made popular by the chief economist of the FHA, Homer Hoyt. 

6 Aaronson et al. (2020) estimate the magnitude of the drop in house values ranged was around 30-40 

percent. Hundreds of thousands of mortgage borrowers defaulted on their loans and thousands of lending 

institutions went bankrupt (Krimmel, 2018). 
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refinanced around 1 in every 10 non-farm mortgages in the United States (Fishback et al, 

2011). 

Despite the fact that the HOLC was intended to put in place short-term policies, it had 

two enormous long-term consequences. The first of them was that it effectively created 

the American Home Ownership Society through the institutionalization of the long-term 

standard payment mortgage. As I have explained, prior to the creation of this association 

there was no standardized mortgage credit, wealthy households could usually afford to 

make balloon payments and were otherwise reliant on what Robert Fishman (1987) 

describes as a “patchwork mortgage system”. In this way, the HOLC contributed to 

establish a major mechanism for the generation of wealth in the US, wealth that can be 

used for intergenerational and intragenerational mobility, such as investments in college, 

entrepreneurship and additional subsequent homeownership (Faber, 2020). This is, in 

large part, why the racial animus underlying the HOLC design and implementation (also 

consequence of its era), are so relevant to the study of racial segregation. 

One of the key enterprises the Home Owners Loan Corporation undertook between 1937 

and 1940 was the City Survey Program, which is precisely the subject of this research. 

This operation involved a systematic and uniform evaluation of the credit risk of 239 

cities across the US, considering neighborhood level indicators. The aim of this 

assignment was to evaluate the risk of the new assets the Federal Government had 

recently acquired, analyze the state of the housing finance industry after the crisis, and 

help stabilize the property values (Aaronson et al, 2020; Hillier, 2005; Nicholas & 

Scherbina, 2013).  

The HOLC named a series of appraisers to elaborate the so-called Residential Security 

Maps, which basically assigned a grade to each area of a city based on its credit 

worthiness. These areas did not necessarily coincide with official territorial units but were 

defined in the evaluation process according to common characteristics7. Each zone was 

given one of four grades, A, being the highest, to D, being the lowest. Figure 1 visually 

shows the grading scheme. 

 

Figure 1: HOLC maps color-coded categories assigned based on its evaluated 

creditworthiness. Source: Nelson et al, 2019. 

 
7 As explained by Robert Nelson (Director of the Digital Scholarship Lab of the University of Richmond, 

which accomplished the digitalization of the maps) in an email exchange: “We have some neighborhood 

names for areas in our dataset when those are noted in the area descriptions. But there is not a tight 

connection between neighborhoods and areas. Some neighborhoods would be split into multiple areas. For 

example, a few square blocks with African American residents or near an African American neighborhood 

might be defined as its own area and graded lower than the rest of that neighborhood. In short, areas are far 

from synonymous with neighborhoods”. 

A "Best"

B "Still Desirable"

C "Definitely Declining"

D "Hazardous"
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Hillier (2005) cites a 1937 appraisal manual from the FHLBB’s Division of Research and 

Statistics to describe each category: “First-grade areas, also referred to as ‘A’ and colored 

green, were the ‘hot spots’. These were areas that still had room for new residential 

growth, were ‘homogenous’, and were in demand during ‘good times or bad’. Second-

grade or ‘B’ areas were coded blue and had been completely developed. ‘They are like a 

1935 automobile -still good, but not what the people are buying today who can afford a 

new one’. Third-grade or ‘C’ areas, colored yellow, were older, becoming obsolete, and 

had ‘expiring restrictions or lack of them’ and ‘infiltration of a lower grade population’. 

These areas had poorly maintained homes, had ‘jerry built’ areas, and often lacked 

homogeneity. Fourth-grade or ‘D’ areas, colored red, ‘represent those neighborhoods in 

which the things that are now taking place in C neighborhoods, have already happened’. 

They had lower homeownership rates, poor housing conditions, ‘detrimental influences 

in a pronounced degree’, and ‘undesirable population or an infiltration of it’” (Hillier, 

2005, pp. 216-217). 

As indicated in the previous description, grades were color-coded and the areas that 

received a grade D were indicated in red. Some authors argue this is where the term 

“redlining” is thought to come from. “Redlining” refers to the practice of denial of credit 

based on the applicant’s neighborhood characteristics (including its racial composition) 

(Anders, 2019). 

The Digital Scholarship Lab of the University of Richmond (Nelson et al, 2019) has 

digitalized, georeferenced and made publicly available near to 200 of these Residential 

Security Maps. Figure 2 shows an example of one of these maps for the city of Chicago: 

 

Figure 2: Chicago Residential Map. Source: Nelson et al, 2019. 
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This map typifies the kind of geographic distribution of grades, where downtown and 

urban areas, typically home to the poor, racialized communities and immigrants, were 

given the lowest grades. A and B grades were reserved for the wealthier white suburbs 

(Faber, 2020). The appraisals were built on the base of a series of different characteristics, 

agents took into consideration the conditions of the terrain, the quality of the housing 

stock and economic activity. However, demographic indicators, mainly race, were an 

essential determinant of a given neighborhood’s grade.  

Along with these maps, we also have the digitalized archives of the area description files 

made by the appraisers with a report of the description of the area as well as a list of 

positive and negative characteristics. In Figure 3 we have part of the area description file 

of a Chicago’s D-graded area. Among the damaging aspects of the neighborhood, the 

appraisers considered the share of African Americans or people of other minorities that 

lived in the area, or what they referred to as the “infiltration” of new ethnic or racial 

groups. 

 

 

Figure 3: Example of an Area Description file. Source: Nelson et al, 2019. 

 

Performing a descriptive analysis of the digitalized Residential Security Maps, Krimmel 

(2018) observes black households were disproportionately D-graded8. As a matter of act, 

Greer (2012) found evidence analyzing Chicago’s area description files that sometimes it 

sufficed with the presence of one African American family for the agents to give an area 

a D grade. 

However, there is still debate on whether the HOLC maps really had the power to 

influence the lending behavior of the private sector. Some authors argue the maps were 

not really distributed and remained classified (Hillier, 2003), while others claim they were 

not only widespread, but the Federal housing agencies also gave banks directives on how 

to implement the spatial method of appraisal used by the HOLC, requiring them to build 

their own maps for their respective lending areas (Woods, 2012; Jackson, 1980)9.  

 
8Nevertheless, in a later study, Fishback et al. (2020) analyze 1930 and 1940 census data, and, unlike 

Krimmel (2018), they find that, even if most black households in C areas lived within a 200 distance from 

the border with D areas, there is weak evidence of heaping on the redlined side. 
9 Wood (2012) argues that proof in support of the argument that there was a wide diffusion of HOLC 

evaluation practices is the fact that the FHLBB (HOLC’s parent agency) published a journal, The Federal 
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There is also ample evidence of the fact that many real estate agents from the private 

sector participated on the elaboration process of the HOLC maps (Greer, 2012). The 

HOLC agents were assisted by map consultants, who were mainly realtors (but also 

lenders) and worked on a fee-for-service regime (Hillier, 2005). 

Nevertheless, many authors claim that it was mostly through their later influence on 

Federal Housing Agency’s risk maps that the HOLC’s Residential Security Maps had a 

real impact. By 1949, the FHA provided mortgage insurance to one third of houses of 

new construction (Aaronson et al, 2020; Woods, 2012). To help the decision process of 

granting insurance services, the FHA created risk maps that also took into account 

neighborhood characteristics, including the presence of racial minoritarian groups. There 

is some consensus that HOLC maps and the information their agents had collected during 

the City Survey Program were largely shared with the FHA for the development of their 

maps (Jackson, 1980). Hillier (2003) admits the existence of communication between 

both agencies but underlines that the FHA had their own information sources for the 

construction of the risk maps. Since very few of these maps have been found, we do not 

know the extent to which FHA maps resembled HOLC’s. An exception is FHA’s Chicago 

map (which can be seen in Appendix Figure 1), for which Aaronson et al. (2020) find that 

around 82 percent of the population has the same grade as in HOLC map. 

In the 1970s, The Civil Rights Act, passed in 1968, followed by the Equal Credit 

Opportunity Act (1974) and the Community Reinvestment Act (1977), banned the 

discriminatory practices carried out in the lending sector, including the use of these maps. 

In any case, as Anders (2019) points out: “Whether or not there still exist de facto forms 

of discrimination, the legal use of HOLC maps from roughly 1938 to 1968 created 

widespread de jure racially discriminatory practices in the credit market. This de jure 

discrimination restricted credit access to neighborhoods which were given low grades for 

at least this 30-year period” (Anders, 2019, pp. 6-7). 

 

2.2. School district finances 

The understanding of the evolution of school district funding is important to understand 

our research question. The causal mechanism through which I hypothesize the HOLC 

maps might have had (or still have) an impact is through the potential restriction of credit 

to lower-graded areas, which could have led to lower house prices. The diminished house 

values would have then caused a reduced revenue from property taxes in those school 

districts that were assigned an inferior grade. 

Nowadays, school district funding comes from federal, state, and local sources. Local 

funding is primarily comprised of local tax revenues, in particular property taxes 

(Weather & Sosina, 2019). This was the main funding source until the mid-twentieth 

century, when disparities in resources between school districts due to this finance system 

 
Home Loan Bank Review, that broadly circulated among private lenders. In this journal, they gave great 

detail about the influence of neighborhood demographics on the housing market. Besides, lending 

institutions were required to include a security map of the area where they operated (replicating HOLC’s 

methodology) along with their balance sheet (Aaronson et al., 2020).  
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led States to start supplementing revenue from local sources to compensate for shortfalls 

(Boustan et al., 2013).  

Besides, since the 1970s, some state supreme courts ruled their school funding systems 

unconstitutional because of their high reliance on property taxes, further challenging the 

use of local taxes as a school district source due to the high disparities in the capacity to 

raise revenue between wealthy and poor districts. Since Serrano vs Priest decision (1971) 

in California, other court-ordered school finance reforms ensued in other states, leading 

to a more progressive funding pattern and the reduction in funding expenditures 

inequality between districts (Boustan et al., 2013; Weathers & Sosina, 2019).   

States also provide direct aid to school districts to fulfill their constitutional obligation of 

delivering basic education to their citizens. This revenue mainly comes from sales and 

income taxes. The formulas to calculate the amount to be distributed across districts 

consider differences in their local funding capacity. The most common way of calculating 

the amount of state fund to be assigned to each school district sets a minimum funding 

amount in order to provide basic education needs taking account different weighted 

student factors (such as district size, poverty, disability, or ability to speak English) 

(Weathers & Sosina, 2019). That way, States guarantee that minimum amount, 

compensating for the difference between district’s local revenue and that minimum level.  

As Weathers and Sosina (2019) explain, States also have the ability of shaping school 

district funding through policy, by for example limiting the amounts of tax revenues. 

Besides, although most school districts are fiscally independent and have the power to 

raise taxes, others are dependent on other authorities (such as the municipality, the county 

or State Government), to approve their budget and raise the taxes deemed necessary to 

achieve a certain revenue level. 

Since 1965, funding from federal sources is largely provided through Title I of the 

Elementary and Secondary School Act (Boustan et al., 2013; Cascio, Gordon, Lewis & 

Reber, 2010). The goal of this federal program is to compensate school districts with 

higher concentrations of economically disadvantaged students or at risk of educational 

failure (Weather & Sosina, 2019). The eligibility criteria for the allocation of these founds 

across school districts includes factors such as poverty, disability, and English language 

status.  

As explained, since mid-twentieth century, the role of state and federal funding as a 

compensatory source has increased, especially in those districts that implemented school 

funding equalization plans after court-ordered school finance reforms since the 1970s. As 

a result, local property taxes only accounted for 60% of total school district resources in 

the 1970 (Boustan et al., 2013) and, by 2015, that share had decreased to around 30%. 

However, the share of each government revenue source (local, state and federal) on total 

revenue widely varies between and within states10. 

 
10 Weathers and Sosina (2019) illustrate this by using two examples. In 2015 fiscal year for example, in 

Illinois two thirds of school district funding came from local sources, 25% from state sources and only 8% 

from the Federal Government. On the other side, Vermont received only 4% of their funding from local 
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It was already mentioned that revenue coming from state and federal sources considers 

economic factors and other barriers to academic performance (such as disability or the 

English level of students) to determine the funding allocation, whereas local funding only 

depends on the district’s capacity to raise taxes. That is why I expect the impact of the 

restricted access to credit due to redlining to have a different effect depending on the 

revenue source.  

The main research question of this project analyses whether HOLC maps could have 

potentially reduced access to credit in lower-graded areas (C and D categorized areas), 

and thus have affected house values, leading to lower property tax revenues.  

However, revenues coming from state and federal sources are also expected to be higher 

in those areas if the potential restricted access to credit prompted by redlining had caused 

a poorer economical performance in those areas.  

Furthermore, literature on racial heterogeneity has found evidence on the reduction of 

investment in public productive goods due to higher levels of racial fractionalization 

(Alesina, Baqir & Easterly 1999). These authors argue that this is due to the fact that the 

perception that those public goods are going to be shared with members of other ethnic 

groups, leads to a reduction in the willingness to pay for public goods. However, Boustan 

et al. (2013), find that higher levels of fractionalization are correlated with higher 

municipal revenue. On the other hand, both papers find that higher levels of ethnic 

fragmentation are associated with increases in intergovernmental transfers.   

If racial heterogeneity is associated with lower capacity to raise revenue at the school 

district level, then we would expect that, if the maps caused higher levels of 

fractionalization at the school district level and less coexistence among different ethnic 

groups due to segregation, then school district revenue from local sources would be lower 

driven by this negative force.  

Besides, if according to literature, ethnic fragmentation is correlated with higher 

intergovernmental transfers, then revenues from state and federal sources would be 

expected to be higher in those districts where HOLC maps might have led to higher levels 

of fractionalization.  

3. LITERATURE REVIEW 

 

3.1. The impact of HOLC maps 

Before the digitalization of the maps, empirical research focused on the study of the 

Residential Security Maps for specific cities.  Hillier (2005) was the first in quantitatively 

analyzing these maps, concretely the case of Philadelphia, by using spatial lag and spatial 

autoregressive models to disentangle the factors that determined the grades each area 

received. Fishback (2014), followed a similar approach, estimating an ordered logit to 

study the determinants of the HOLC grades for New York. 

 
sources, the large majority, 90%, came from the State, and 6% from the Federal Government (McFarland, 

Hussar, Wang, Zhang, Wang, Rathbun & Mann, 2018). 
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More recent studies have started to analyze the impact of redlining at a national scale and 

have mainly focused on the study of the effect of restricted access to credit based on 

neighborhood characteristics (including its demographic composition) on segregation and 

the housing market of redlined areas.  

Among these, Appel and Nickerson (2016) collected 58 Residential Security Maps and, 

using a regression discontinuity design, study differences in outcomes across borders of 

different graded areas drawing data from 1990 U.S. Decennial Census. Their results show 

the maps were associated with worse housing characteristics in lower-graded areas: such 

as higher vacant and fewer owner-occupied units, and lower house values11.  

After the publication of the digitalized maps by The Digital Scholarship Lab of the 

University of Richmond (Nelson et al, 2019), the quantitative study of the Residential 

Security Maps has drawn the attention of more scholars.  

On his part, Krimmel (2018), uses this newly digitalized data to study the existence of 

significative differences in housing and demographic outcomes across D-C borders. He 

uses a difference-in-difference approach to study if the maps had an impact on different 

outcomes (with data taken from Decennial Censuses from 1940 to 2010). He finds that, 

from 1940 to 1970, there was a significative differential decline of housing supply and 

population density in redlined areas. He does not study house values but finds that HOLC 

maps did not have a large differential impact across D-C borders regarding 

homeownership rates and racial composition during this period. After 1970 (recall in this 

decade various laws banned redlining practices)12, he finds there is some convergence in 

homeownership and racial composition between C-D borders. However, population 

density and housing supply remain significatively lower in redlined areas up to 2010.   

Anders (2019) finds no pre-trends nor pre-treatment jumps across neighborhoods using 

1920 and 1930 Census data, so he performs a regression discontinuity design to study 

differences in crime rates across neighborhoods that received different grades in Los 

Angeles13. Using this method, he fundamentally finds that lower-grade neighborhoods 

have higher crime volumes in 2010 in Los Angeles.  

Anders (2019), further documents what appears to have been an unannounced population 

cutoff. By using a list of all cities surveyed and data on population drawn from 1930 

Census, he showed that having a population higher than 40.000 nearly perfectly 

guaranteed a probability of having a map equal to 1. He then uses this characteristic to 

define another identification strategy by which he uses a regression discontinuity design 

 
11 They find no jumps or diverging trends observing 1940 Census data as their pre-treatment information. 

However, Krimmel (2018) as Appel and Nickerson (2016), takes 1940 as his pre-treatment data. However, 

although using the same information source, he documents large differences in covariates across HOLC 

boundaries in 1940, which deem inadequate the regression discontinuity design used by those authors. 

Instead, given that he does not observes diverging pre-trends across borders, he uses a difference-in-

difference approach. 
12 The Civil Rights Act, passed in 1968, followed by the Equal Credit Opportunity Act (1974) and the 

Community Reinvestment Act (1977), banned the discriminatory practices carried out in the lending sector. 
13 However, by using neighborhoods and not more geographically detailed data, the results might be 

contaminated by neighborhood-level characteristics, compared to the studies where the cross-border impact 

of HOLC maps is studied at a more detailed level. 
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to compare outcomes between cities immediately above and below the threshold. This 

way, he finds evidence that the maps increased crime levels through higher levels of 

segregation in mapped cities. I will also benefit from the HOLC decision of limiting maps 

to those cities with a population in 1930 above 40.000 inhabitants to analyze the impact 

on the maps on different school district outcomes, mainly on school district revenues from 

property taxes. This will be further explained in section 5.  

Research by Faber (2020) used Census data from 1920 to 2010 to carry out a difference-

in-difference model to study city-level differences in segregation. He studies the effect of 

a city having a map taking the full sample of appraised cities. He finds that appraised 

cities became more segregated than those that did not have a map, and he observes this 

difference remains significative up to 2010.  

Aaronson et al. (2020), have done the most extensive analysis of the effects of the HOLC 

maps up to date. Using 1930 Census data, they construct different counterfactuals, using 

propensity score weighting and fictional comparison boundaries by, among other 

methods, drawing grids over each city’s HOLC map14. Then they estimate triple 

difference regressions using these comparison boundaries. They find the HOLC maps 

contributed to the increase in the percentage of black people and the worsening of the 

housing conditions across the C-D boundaries15. Most importantly, these authors 

emphasize the relevance of the phenomenon of “yellow-lining” or the existence of 

significative negative differences in segregation, housing values and homeownership 

rates across B-C boundaries1617.   

Finally, in a later study, Aaronson et al. (2021) use the same approach and data from the 

Opportunity Atlas (Chetty, Hendren, Kline & Saez, 2018), to analyze the potential impact 

of the Residential Security maps on outcomes related to socioeconomic status and 

economic opportunity (including national income rank, family structure, incarceration, 

and geographic mobility) and find that cohorts born in the late 1970s and early 1980s 

show a statistically significative worse performance in lower-graded areas across C-D 

borders, and the magnitude of the effect is even larger across B-C borders.  

My main contribution to the studies that have emerged since the publication of the 

digitalized version of the maps, that examine their effect on different outcomes using 

diverse methodology, is the fact that I take advantage of a plausible causal mechanism 

that was not studied before and that implies a clear logical path through which the maps 

 
14 They contend that Appel and Nickerson’s (2016) as well as Krimmel’s (2018) methods are not the 

adequate ones for their pre-treatment data (U.S. Census data from 1910 to 1930) since they find jumps in 

the variables of interest and diverging pre-trends across differently graded borders. This would violate the 

assumptions on which regression discontinuity and difference-in-difference methods are built. For that 

reason, they opt for a different strategy. 
15 As all previous authors that studied the effect of the maps across several Census years, they find their 

estimates are weaker after redlining was outlawed in the 1970s. 
16 It is worth underlining that the proximity to D areas was also central in the appraisal process and 

influenced the decision of granting a C instead of a B grade to certain places (Aaronson et al., 2020). 
17 These authors also use the 40.000 population cutoff to study differences at the city-level between treated 

and non-treated cities. The results corroborate the cross-border evidence they observed, the maps were 

associated with worse housing conditions and higher concentration of African Americans also at the city-

level. 
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might have had an impact. Aggregating Census data to the school district level (which is 

my unit of observation, since it is the basic administrative territorial subdivision for 

primary and secondary school funding purposes) and combining it with census data and 

data on school district revenues, I use a regression discontinuity design, taking advantage 

of the cutoff of 40.000 inhabitants discovered by Anders (2019), to analyze the potential 

impact of the maps on different outcomes at the school district level. I am mainly 

interested on the impact the maps might have had on school district resources, essentially 

those coming from property taxes. 

3.2. School district finances 

Large part of literature studying the connection between racial segregation and 

educational outcomes theorize it emerges from disparities in school financial resources. 

Some studies (Baum-Snow & Lutz, 2011; Johnson, 2011; Reber, 2005; Rivkin & Welsh, 

2006) have used the exogenous variation introduced by the Brown vs Board of Education 

of Topeka (1954) and found that school desegregation had a positive impact on 

educational outcomes for black students, without harming white students. Starting three 

decades ago, scholars have begun to observe a pause in the decline of school segregation 

and even a pattern of increasing segregation across school districts according to measures 

such as Black-White isolation (Orfield & Eaton, 1996; Reardon & Owens, 2014; 

Weathers & Sosina, 2019). Furthermore, Weathers and Sosina (2019) study differences 

between school districts from 1993 up to 2015 and observe that higher racial segregation 

is associated with racial disparities in school resources after controlling for racial 

differences in socioeconomic variables.  

This analysis provides a new mechanism through which increased segregation might be 

connected to school district revenues. If HOLC’s City Survey program had resulted (as 

has been found in many studies), in increased segregation in graded districts, then this 

increased segregation could have been associated with lower school revenue.  

There are two mechanisms that might have driven this potential outcome in our 

framework. Namely, the restriction to credit that HOLC maps might have imposed to 

redlined areas could have led to lower revenues from property taxes if they had affected 

house values. Besides, as it was already argued, some authors also have theorized and 

found evidence on the link between increased segregation with increased state transfers 

and lower capacity to raise local revenues (Alesina et al., 1999). 

4. DATA 

I draw on data from primarily three sources: the Residential Security Maps digitalized by 

The Digital Scholarship Lab of the University of Richmond (Nelson et al, 2019), 1940 

and 2000 Decennial U.S. census via Brown University’s Longitudinal Tract Data Base 

(Logan, Xu & Stults, 2014) and detailed school district-level fiscal data for the year 2000 

published by the U.S. National Center for Education Statistics (William, McLaughlin, 

Glander & Fowler, 2006). 
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4.1. Residential Security Maps Data 

I have used ArcGIS in order to obtain information about which school districts belong to 

cities that were appraised and for which a map was elaborated (treated school districts) 

and those that were not treated, belonging to cities that were not appraised by the HOLC. 

Combining the 2000 National Center for Education Statistics (NCES) school boundary 

shapefile and projecting the layer of the digitalized HOLC’s Residential Security Maps, 

I have gotten the information on which districts were/were not treated and the percentage 

each category (A, B, C, D) represented on the total district’s area. An example of the 

projection of both layers in ArcGIS can be seen in Appendix Figure A2, to better 

understand this procedure. 

I have restricted the sample of treated school districts to those for which the map covered 

at least 70% of its area and I have only considered as controls those districts that were at 

a distance of at least 100 km from a treated city.  

A drawback of using 2000 NCES school boundary shapefile is that some school district 

boundaries have changed since 1940, but I have not found an older U.S. school boundary 

shapefile to which I could have access. 

4.2. U.S. Census Data 

The City Survey Maps were elaborated between 1937 and 1940 so, ideally, as Aaronson 

et al. (2020) do, I would use address-level data from the 100 percent count of the 1930 

U.S. as the pre-treatment data. Individual-level census data are made publicly available 

after 72 years have passed since its collection. However, it has been unfeasible for me to 

use these data since the main ways to do so are by accessing either the U.S. National 

Archives or the georeferenced database from the Minnesota Population Center, which are 

only available onsite. Aaronson et al. (2020) also use data obtained by an agreement with 

Ancestry.com (a genealogy website that publishes individual-level census data after the 

72-year confidentiality period). Nevertheless, accessing this website as a particular, I 

would have to georeference the data for each surveyed individual in the census and this, 

given the time restriction, has been unattainable. 

Census data for the year 1930 is also publicly available at the tract and county level. A 

census-tract is a territorial division that includes between 5000 and 8000 people and is 

created for census data reporting purposes. Nonetheless, although nowadays data at the 

census tract-level is reported for the whole country, back in 1930 it was only some 

territories, often the most densely populated ones, those for which tract data was reported.  

This has left me with very few observations for the 1930 census, leading me to use the 

georeferenced 1940 U.S. Census data provided by Brown University’s Longitudinal Tract 

Data Base (Logan et al., 2014), which covers a little bit more of the U.S. territory.  

Since the unit of observation in my analysis is the school district (as it is the basic 

administrative territorial subdivision for primary and secondary school funding 

purposes), I need to aggregate census data at the school district-level.  
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To do this, I have used ArcGIS and took the 2000 NCES school boundary shapefile to 

calculate weighted averages of the census tract-level data for those school districts for 

which these data is available, using the percentage of the school district covered by each 

tract as weights (see Appendix Figure A3 as an example).  

Since tract-level data is has been only reported in the 1940 census for the most densely 

populated U.S. territories and the HOLC maps have also been elaborated for cities with a 

higher population, I have few observations with census tract data for school districts 

belonging to “untreated” cities (those cities that were not appraised by the HOLC and 

thus, do not have a map). To increase the number of observations I also include in my 

sample those districts whose boundaries exactly coincide with their corresponding county 

boundaries (as in Appendix Figure A4). This way I assign county-level census data to 

these districts. 

I do not only perform this process to aggregate 1940 pre-treatment census data to the 

school district level, but also to aggregate 2000 census data on certain outcomes for which 

I want to study the effect of the maps (house values and segregation). 

4.3. NCES School District Fiscal Database 

The NCES has made available a detailed dataset on school district finances from 1990 up 

to 2002 fiscal years (William et al., 2006). This is the dataset where I obtained the data 

on the main outcomes that I want to study, the effect the maps might have had on the 

financial resources of the school districts. I mainly want to study the possible effect of the 

maps on the revenues of school districts raised by property taxes (if, at has been found by 

other authors, they had an impact on house values), but also on state and federal transfers. 

5. METHOD 

Given that the effect of the maps across school districts can be attributed to preexisting 

differences, I need to find exogenous variation by defining an identification strategy.  

My first intention was to study, not only the impact of the maps per se, but the effect of 

the different grades assigned, since I hypothesize that lower graded areas had more 

restrictions to credit, with subsequent lower house values and revenues from property 

taxes. I constructed an indicator with the weighted average of the different HOLC grades 

for treated school districts (those covered by a map in at least 70% of their area) and 

intended to perform a nearest neighbor matching with those districts that were not treated. 

By doing this, I would be able to compare the impact of the maps in better versus worse 

evaluated districts by the HOLC appraisers.  

Nevertheless, not only my control sample was not as big as to find proper matches for the 

treated districts, but the director of the project that digitalized the maps, Robert Nelson, 

explained there are some cities that were surveyed for which they have not yet located a 

map or for which the map did not survive. By continuing with the previous strategy I 

could also risk having treated districts as my control.  

With a full knowledge of the cities appraised and increased data availability this line of 

research could be pursued. Access to address-level data from the 100 percent count of the 
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U.S. census could also enable to study differences across borders of differently graded 

school districts. 

Despite of the limitations, I benefit from the HOLC’s unannounced decision of limiting 

the elaboration of maps to those cities that in 1930 had a population of at least 40.000 

inhabitants. As already explained in section 3, this population cutoff was first documented 

by Anders (2019), who showed that having a population higher than 40.000 nearly 

perfectly guaranteed a probability of having a map equal to 1.  

Whenever we have a treatment (the elaboration of the City Survey Maps) assigned 

according to an underlying variable (in this case, 1930 population), we can use a 

regression discontinuity design to compare outcomes between observations immediately 

above and below the threshold (the 40.000 population cutoff), as long as some conditions 

are fulfilled for its correct application. 

I thus use this characteristic of the HOLC program implementation to define another 

identification strategy. This way I follow previous work from Anders (2019) and 

Aaronson et al (2020) by using a regression discontinuity model to examine the effect the 

maps might have had on school districts that belong to treated cities against those that do 

not. 

The basic regression model of my regression discontinuity strategy can be specified as 

follows:  

(1)                 𝑦𝑖𝑐 = 𝛼 + 𝛾𝑚𝑎𝑝𝑖𝑐 + 𝑋𝑖𝑐
′ 𝛽 + 𝑓(𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛) + 𝜀𝑖𝑐  

where 𝑦𝑖𝑐 is the outcome of interest for school district i in city c, and 𝑚𝑎𝑝𝑐 is a variable 

equal to 1 if the school district i, belongs to a treated city (evaluated by the HOLC) above 

the cutoff of 40.000 inhabitants, and equal to 0 otherwise; 𝑋𝑖𝑐
′  is a vector of other 

covariates that will be included as controls (mainly regional dummies, this will be further 

explained when we analyze the results in the next section); 𝑓(𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛) is the 

regression discontinuity (RD) polynomial, that controls for smooth functions of the 

forcing variable (population in 1930, the variable according to which the treatment is 

established), capturing how other variables happen to be changing continuously with 

1930’s population.  

I would have liked to include city fixed effects in my regression models, but this could 

not be possible because there were too many cities relative to the number of observations, 

leading to very little variation in some city groups and very large t statistics, which would 

have led to biased estimators. A better analysis could be performed with more data 

availability. 

One of the identifying assumptions for the causal inference derived from an RD 

framework to be valid is that there is no existence of manipulation in the running variable, 

and this is usually confirmed by looking at the histogram of the forcing variable (Gertler, 

Martinez, Premand, Rawlings & Vermeersch, 2016). In this case, it is not possible that 

there exists heaping across the cutoff, since the forcing variable (population in 1930), 

according to which the treatment is assigned, is not subject to manipulation. 
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The second assumption necessary to correctly implement this method and be able to 

consider the school districts just below the population cutoff as appropriate 

counterfactuals for those districts with a population just above, is that everything except 

for the treatment varies smoothly across the threshold.  

Many school district characteristics can vary as its population is bigger, but the idea is 

that, except for the treatment (having or not a map), the other covariates should change 

continuously at the discontinuity threshold. We should not find jumps. Let 𝑦1 and 𝑦0 

denote the outcome of interest under treatment and under control and 𝑥 denote population, 

this assumption would imply that 𝐸[𝑦1|𝑥] and 𝐸[𝑦0|𝑥] are continuous across the 40.000 

population cutoff. 

In order to assess if this condition is fulfilled, I examine in Table I the following pre-

treatment characteristics of school districts across boundaries using 1940 census data: 

percentage of foreign-born individuals, percentage of African Americans, 

fractionalization18, median house values, median house rent, homeownership rate, 

percentage of vacant units, percentage of houses with more than one family, 

unemployment rate and percentage of individuals with a 4-year college degree or more.  

It was already noted in section 2 that, to assign a certain grade to an area, the HOLC 

agents took into consideration characteristics related to the housing conditions, the 

economic activity of the area and also demographic indicators (mainly race). Preexisting 

differences in these and other variables between the treated observations and those used 

as control, could cause the estimators not to be valid for causal inference. Table I tests for 

the existence of significant differences between treated districts, with a population above 

40.000, and the sample of control districts, with a population in 1930 below 40.000. 

The first three columns restrict the sample to those school districts belonging to cities 

within a population buffer of + - 10.000 inhabitants across the 40.000 population cutoff 

(those above are the ones that belong to treated cities, appraised by the HOLC). Next 

three columns restrict it to those districts belonging to cities within a margin of +- 15.000 

inhabitants across the threshold, and last three columns do the same for those with a 

population of +-20.000 inhabitants from the 40.000 population point. 

The table shows the mean values for each group of observations and the results for the t 

test for statistically significant differences in means between groups. Robust standard 

errors are reported in parentheses.  

As we can see, none of the differences in means between those districts above and below 

the population cutoff is statistically significant, and this result holds using different 

buffers below and above the threshold. This leads me not to reject that the previously 

explained identification assumption is sustained by these data.  

 

 
18 We construct a measure of racial fractionalization as defined by Alesina, Devleeschauwer, Easterly, 

Kurlat and Wacziarg (2003). This racial fractionalization index is calculated as 1 −
∑ (𝑠ℎ𝑎𝑟𝑒 𝑜𝑓 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠 𝑜𝑓 𝑟𝑎𝑐𝑒 𝑖)2

𝑖 . In this calculation we consider the share of residents of each of the 

four racial groups reported in the 1940 census data: Whites, Blacks, Asians, and Hispanics). 



20 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Below the cutoff Above the cutoff s.e. Below the cutoff Above the cutoff s.e. Below the cutoff Above the cutoff s.e.

%Foreign-Born 10.09 15.09 (4.03) 8.72 9.01 (2.58) 8.20 12.08 (2.33)

%African Americans 12.86 4.45 (6.09) 12.31 13.22 (4.45) 15.19 11.39 (4.231)

Fractionalization 0.17 0.08 (0.07) 0.17 0.19 (0.05) 0.19 0.16 (0.04)

Median House Values 3653.02 3229.11 (779.6) 3473.01 3437.33 (506.98) 3367.30 3330.94 (466.84)

Median House Rent 24.07 24.06 (3.88) 22.10 22.83 ( 2.90) 21.15 23.86 (2.91)

Homeownership Rate 38.07 38.51 (4.91) 38.40 38.29 (3.59) 38.17 35.46 (3.16)

Vacancy Rate 6.37 3.18 (4.11) 5.93 3.96 (2.10) 5.06 4.30 (1.61)

%Multi-family Units 41.56 52.54 (10.07) 41.12 41.94 (6.87) 38.72 48.70 (5.99)

Unemployment Rate 9.37 11.31 (1.85) 10.41 9.60 (1.15) 9.92 10.46 (1.00)

%With College Degree 6.46 4.10 ( 1.80) 6.13 7.06 (1.42) 5.59 6.28 (1.15)

Observations 18 9 35 19 53 23

+- 20000 inhabitants from the cutoff

TABLE I

1940 PRE-TREATMENT SUMMARY STATISTICS

Note: Robust standard errors for the difference in means are in parentheses. Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, and ***1%.

+- 10000 inhabitants from the cutoff

Sample Falls Within

+- 15000 inhabitants from the cutoff
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Dell (2010), in her famous paper examining the impact of the mita in Peru using a 

regression discontinuity design, expresses how, if we had infinite data, we would directly 

calculate the treatment effect by measuring the jump ad the discontinuity. However, given 

the data limitations we face in the reality, we need to distinguish the effect of the 

treatment, which is a discontinuous function of the 1930 population, from the RD 

polynomial. This smooth function of the forcing variable, 1930 population, captures how 

other variables happen to be changing continuously with 1930’s population.  

We have to beware of the fact that, an incorrect specification of the RD polynomial, could 

lead to an incorrect estimation of the effect of the treatment impact. In the words of 

Melissa Dell (2010, p. 1875) “it is important for the regression model to approximate 

these effects well, so that a nonlinearity in the counterfactual conditional mean function 

𝐸[𝑦0|𝑥] is not mistaken for a discontinuity, or vice versa”.  

To avoid this, I put my results to the test using different specifications of the RD 

polynomial (linear, quadratic, and cubic functions of the forcing variable, 1930 

population), this is common practice when a regression discontinuity design is used to 

analyze the impact of a treatment. 

Before moving on to estimation results, I would want to remark that, in principle, this 

strategy only allows me to study the impact of having a map. Therefore, I would not be 

able to analyze the differential impact of having been assigned a lower versus a higher 

grade. Nonetheless, as can be seen in Table II, the treated school districts used in the 

sample analyzed with this RD methodology, have in average the majority of their territory 

(around 70%) covered by C and D graded areas, and this is true through all the three 

samples with varying population margins above and below the 40.000 cutoff. Hence, I 

could consider my results as a proxy of the effect on school districts of having a map and 

being poorly graded in the HOLC maps.  

 

 

+- 10000 inhabitants 

from the cutoff

+- 15000 inhabitants 

from the cutoff

+- 20000 inhabitants 

from the cutoff

%A 10.57 10.91 12.35

(19.95) (20.22) (21.30)

%B 17.29 19.43 19.89

(16.94) (19.68) (19.11)

%C 39.30 39.69 40.10

(23.73) (24.68) (24.87)

%D 32.83 29.96 27.64

(27.65) (26.12) (25.94)

Observations 1943 2970 4189

TABLE II

SUMMARY STATISTICS FOR TREATED DISTRICTS

% OF EACH HOLC GRADE

Note: the standard deviations are reported in parentheses.
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6. RESULTS 

6.1. School finances 

Table III reports my estimation results studying school district revenues for 2000 fiscal 

year coming from local property taxes as my outcome of interest. I have put my outcome 

variable in per capita terms so as for it to be comparable across districts and took logs as 

well, for it to follow a normal distribution.  

This table shows my results for a bandwidth of 10.000 across the cutoff across three 

different specifications of the RD polynomial: a linear, quadratic, and cubic function of 

my running variable, population.  

The first column shows my base specification, which only includes the treatment 

indicator and the smooth function of population. All of the treatment coefficients remain 

significant at the 5% level in all three different panels, showing different ways of 

estimating the RD polynomial. Overall, I estimate that belonging to a city evaluated by 

the HOLC lowers school district revenues from property taxes by around a 25 percent in 

these models. The map coefficient indicating the estimated effect of the treatment is fairly 

stable across the different specifications of the polynomial and I cannot reject that they 

are statistically equal.  

The following tree columns show model specifications that include regional variables, so 

as to see if part of the estimated map effect can be attributed to regional variation, but 

essentially to see if the effect of having a map is different in southern states. 

Many legislators in southern states were opposed to New Deal programs and resisted to 

include African Americans in such plans. These states also refused to adopt measures on 

fair housing once it was legislated that discriminatory practices on the housing market 

were unconstitutional (Faber, 2020).  

Moreover, in southern states resisted the application desegregation measures and were 

slow to put them in place. These measures started to be taken after the U.S. Supreme 

Court resolution of Brown vs Board of Education of Topeka (1954), by which racial 

segregation of children in public schools was ruled as unconstitutional (Weathers and 

Sosina, 2019).  

Given that race was central in the evaluation process and that resistance to the adoption 

of fair housing legislation might have strengthened the impact of the maps, I decided to 

include regional dummies and their interactions with the treatment indicator.  

Column 2 shows the regressions of the logarithm of property tax per capita on my 

treatment indicator, having or not a map, including regional variables and their 

interactions. I omit the dummy for the southern states to have it as my base group. This 

specification, as well as the one in column three, in which I only consider the dummy 

south, that takes the value 1 for southern states, shows imprecise results for the regional 

dummy coefficients. The statistical power that is lost because of the disaggregation might 

be the reason behind this imprecision (there are only 20 observations in the West and 

most of them belong to Los Angeles Area). None of the dummy coefficients is 

significative and they sometimes show counterintuitive signs according to the hypothesis  



23 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sample Within:

(1) (2) (3) (4)

MAP  -0.256** -0.258* -0.258* -0.337**

(0.127) (0.143) (0.143) (0.152)

Northeast 0.204

(0.345)

Map x Northeast 0.734

(0.669)

West -0.085

(0.436)

Map x West 0.098

(0.679)

Midwest -0.574

(0.362)

Map x Midwest -0.818

(0.601)

South 0.354

(0.339)

Map x South 0.711

(0.581)

Southcentral -0.421***

(0.107)

Map x Southcentral 0.646***

(0.159)

R
2 0.026 0.146 0.065 0.061

MAP -0.261** -0.263* -0.263* -0.332**

(0.133) (0.138) (0.138) (0.147)

Northeast -0.244

(0.340)

Map x Northeast -0.654

(0.636)

West -0.083

(0.437)

Map x West 0.156

(0.705)

Midwest -0.592

(0.360)

Map x Midwest -0.808

(0.609)

South 0.340

(0.343)

Map x South 0.737

(0.571)

Southcentral -0.421***

(0.107)

Map x Southcentral 0.646***

(0.159)

R
2 0.054 0.148 0.066 0.061

(Continues)

TABLE III

SCHOOL FINANCES

Log Property Tax Per Capita (2000)

<10.000 inhabitants from the cutoff

Panel A. Linear Polynomial on Population

Panel B. Quadratic Polynomial on Population
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that motivated me to consider there might have been a differential effect on southern 

states, namely, coefficients for the dummy south and its interaction with map are positive 

(across all RD polynomial specifications in column 3). 

On the other side, these estimation results also show that the estimated effect of the HOLC 

maps does not seem to be attributable to regional differences, as the coefficient for map 

is still significative at the 10% level in all specifications and the coefficients are 

economically similar across specifications, having a map is estimated to lower school 

districts revenue from local property taxes by around a 25%.  

In the fourth column I consider a dummy for those states belonging to the core of the 

southern region. I still cannot reject that my coefficient of interest is significative, and the 

effect is even higher in this specification, treated districts are considered to have 40% 

lower per capita property tax revenue.  

Even if I do find that districts belonging to southern central states also have significantly 

lower per capita property tax revenues, belonging to a southern central state does not 

Sample Within:

(1) (2) (3) (4)

MAP -0.245** -0.248* -0.243* -0.323**

(0.124) (0.140) (0.140) (0.146)

Northeast -0.247

(0.347)

Map x Northeast -0.663

(0.620)

West -0.086

(0.443)

Map x West 0.148

(0.702)

Midwest -0.596

(0.367)

Map x Midwest -0.801

(0.622)

South 0.374

(0.355)

Map x South 0.731

(0.558)

Southcentral -0.421***

(0.107)

Map x Southcentral 0.646***

(0.159)

R
2 0.055 0.148 0.073 0.065

Clusters 98 98 98 98

Observations 189 189 189 189

SCHOOL FINANCES

TABLE III—Continued

Log Property Tax Per Capita (2000)

<10.000 inhabitants from the cutoff

Panel C. Cubic Polynomial on Population

Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, 

and ***1%. Robust standard errors, adjusted for clustering by city, are in parentheses.
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aggravate the effect of the treatment. On the contrary, these states seem to more than 

offset the effect of having a map, as coefficient for the interaction is significative and 

doubles that of the treatment indicator.  

These results suggest there is some regional variation, but it does not seem to affect the 

magnitude, sign, or significance of the coefficient of interest. However, by including city 

fixed effects, I could have controlled for unobservable variation at the city level. This 

could not be possible because there were too many cities relative to the number of 

observations, leading to very little variation in some city groups and very large t statistics,  

which would have led to biased estimators. A better analysis could be performed with 

more data availability or the consideration of other controls. 

Tables A1 and A2 in the Appendix test the results using different bandwidths across the 

threshold (of +-15.000 and +-20.000 inhabitants). The previous results hold when using 

different population buffers. Belonging to a city appraised by the HOLC is associated to 

lower school district revenues from property taxes, this reduction is of around 20% for 

treated districts and this result remains stable and significative in most specifications. The 

explained imprecision associated to the inclusion of regional dummies in my sample 

might be contributing to the fact that the coefficient in the treatment indicator is not 

always significative when these variables are included in the models. Also, this 

coefficient not significative when I specification the RD polynomial as a cubic function 

of population using these population bandwidths. But since the higher risk of 

overestimating the effect of the treatment takes place when we confound a nonlinearity 

of the forcing variable with a statistically significative difference between treated and 

control groups across the threshold, this does not seem as worrying, since the results hold 

when I use less flexible specifications. More refined ways of estimating the RD 

polynomial would help to better measure the true effect, in any case it is more likely that 

I am underestimating it. 

The left-hand side of Table A3 in the Appendix also shows that, by using placebo cutoffs 

(of 30.000 and 25.000 inhabitants), there is not a significative effect on my outcome of 

interest, the logarithm of per capita property taxes, this result adds further evidence that 

the maps seem to have had negative impact on the financial capacity of treated school 

districts by lowering its revenues collected through property taxes.  

However, it might also be the case that, by observing the impact of the HOLC appraisal 

in 1930, we find that treated districts have in the 2000s more revenues in their other 

budget items, state and federal transfers, that offset their lower property tax collection 

capacity.  

Table IV observes the impact of the maps on the logarithm of state transfers per capita 

and the logarithm federal revenues per capita in the year 2000. Not only none of the 

coefficients measuring the statistical effect of belonging to an appraised city is 

significative, but also in most of the models its sign is negative. So at least in this sample 

of smaller cities, the effect of having lower property tax revenues associated to having 

been evaluated by the HOLC does not seem to be offset with other types of transfers.  
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Although not reported in this table, in the analysis of the impact of the HOLC appraisal 

on school districts revenue by state transfers I have also included a dummy equal to 1 for 

those states that ruled their school financial system as unconstitutional after Serrano vs 

Priest decision (1971) because of their high reliance on property taxes. These states 

further complement and redistribute the revenues of their school districts, being less 

dependent on property tax collection (I used the list of these states provided by Card & 

Payne (2002)). However, none of the coefficients was significative and these regression 

models did not provide additional information. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

All in all, considering that Aaronson et al. (2020) and Faber (2020), by using panel data 

methods, find that their results concerning house values wane after the 1970s due to the 

fact that the U.S. Supreme Court banned discriminatory practices in the housing market 

and they were progressively suppressed, and also that, as discussed, property taxes in the 

2000 represent a much lower share of total revenue than they used to, the estimated impact 

of the treatment on revenues from property taxes seems to be fairly considerable.  

It is also important to keep in mind that, although this method only allows me to 

statistically infer the causal effect of belonging to a city for which a map was drawn by 

the HOLC, as was seen in Table I, the vas majority of the school district’s area was in 

average poorly evaluated (around 70% consisted of C and D grades). For this reason, I 

could consider these results as a proxy for being treated and being assigned a bad grade. 

 

Sample Within:
+-10.000 inhabitants 

from the cutoff

+-15.000 inhabitants 

from the cutoff

+-10.000 inhabitants 

from the cutoff

+-15.000 inhabitants 

from the cutoff

(1) (2) (3) (4)

MAP 0.0313 -0.035 -0.128 -0.165

(0.132) 0.114 (0.132) (0.119)

R
2 0.004 0.001 0.009 0.016

MAP 0.028 -0.034 -0.129 -0.164

(0.129) (0.114) (0.131) (0.118)

R
2 0.019 0.003 0.009 0.018

MAP -0.011 -0.018 -0.195 -0.176

(0.132) (0.121) (0.133) (0.118)

R
2 0.026 0.003 0.017 0.018

Clusters 98 170 98 170

Observations 189 323 188 321

TABLE IV

SCHOOL FINANCES

Dependent Variable

Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, and ***1%. Robust 

standard errors, adjusted for clustering by city, are in parentheses.

Panel A. Linear Polynomial on Population

Panel B. Quadratic Polynomial on Population

Panel C. Cubic Polynomial on Population

Log of State Transfers Per Capita (2000) Log of Federal Revenue Per Capita (2000)
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6.2. Channels of persistence 

 

My main hypothesis implied that the crucial mechanism that could lead treated school 

districts to raise lower property taxes, was that the HOLC appraisal and the practice of 

‘redlining’ could have led to credit restrictions in lower graded areas, especially 

restrictions to mortgage loans, with subsequent lower house values.  

By repeating the same analysis as with property taxes, I analyze the effect that the HOLC 

evaluation might have had on the house values of treated school districts. Using as the 

outcome the logarithm of the median house values of the district, we find evidence that 

supports the hypothesis that having a map could have les to lower real estate values. The 

coefficient of interest is significative at the 10% level across most specifications. I 

estimate that median house values in treated districts are between 22% and 27% lower in 

treated districts. Nevertheless, this coefficient is not always significative when using a 

cubic specification of the RD polynomial, although it remains statistically significant 

across less flexible specifications.  

The inclusion of regional dummies to account for regional variation and the possible 

aggravated effect in districts of southern states does not show conclusive results, as 

happened in with the study of the impact of the treatment on property taxes. This maybe 

due partly to imprecision due to disaggregation and the necessity to include additional 

controls that are able to explain the disparities between districts. Although in most of the 

cases the dummies included are not significative, or are not coherent across specifications, 

the fourth column shows that, even if southern districts have lower property values, 

treated districts belonging to southern states have higher median house values, a result 

that offsets the negative impact of being treated. Accounting for these disparities, by for 

example, including fixed effects at the city level (as it is the territorial unit for which the 

maps were drawn) would better estimate the treatment effect.  

In any case, the treatment estimator remains stable even after the inclusion of regional 

dummies and these disparities do not seem to have a big influence on its correct 

estimation. 

Table A4 in the Appendix shows these results hold when taking different bandwidths 

across the population threshold (+-15.000 and +-20.000 inhabitants) and Table A5 tests 

these models by using placebo cutoffs (of 30.000 and 25.000 inhabitants) and finds no 

evidence of a significative map effect across these placebo cutoffs, further supporting the 

evidence that the maps led to lower house values in poorly evaluated districts.  

Table VI shows the results for the rest of the variables that were considered to potentially 

have an effect on revenues.  
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Sample Within:

(1) (2) (3) (4)

MAP -0.227* -0.279* -0.239* -0.228*

(0.123) (0.142) (0.132) (0.124)

Northeast 0.439***

(0.130)

Map x Northeast -0.081

(0.244)

West 0.861

(0.488)

Map x West -0.625

(0.421)

Midwest 0.045

(0.099)

Map x Midwest 0.076

(0.145)

South -0.415***

(0.140)

Map x South 0.227

(0.171)

Southcentral -0.610***

(0.129)

Map x Southcentral 0.528*

(0.279)

R
2 0.065 0.318 0.112 0.092

MAP -0.229* -0.233* -0.237* -0.230*

(0.124) (0.128) (0.133) (0.125)

Northeast 0.389***

(0.131)

Map x Northeast 0.059

(0.229)

West 0.854*

(0.483)

Map x West -0.496*

(0.298)

Midwest 0.031

(0.097)

Map x Midwest 0.074

(0.150)

South -0.407***

(0.140)

Map x South 0.207

(0.173)

Southcentral -0.601***

(0.125)

Map x Southcentral 0.535**

(0.269)

R
2 0.068 0.331 0.113 0.094

(Continues)

TABLE V

CHANNELS OF PERSISTENCE

Log Median House Value (2000)

+-10.000 inhabitants from the cutoff

Panel A. Linear Polynomial on Population

Panel B. Quadratic Polynomial on Population
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In section 2.2 we explained how some authors such as Weathers and Sosina (2019) find 

that higher racial segregation is associated with racial disparities in school resources after 

controlling for racial differences in socioeconomic variables. Besides, authors as Alesina 

et al. (1999) find that racial heterogeneity leads to a lower capacity to raise taxes, as 

opposed to evidence provided by Boustan et al. (2013), that suggests the opposite effect.  

Studying segregation as the percentage of African Americans in a school district in the 

year 2000 and racial heterogeneity for the same year (its calculation is explained in 

footnote 18), columns 1 to 4 show no evidence of a statistically significative difference 

in both these measures across the threshold that could be causing differences in school 

district revenues. 

Sample Within:

(1) (2) (3) (4)

MAP -0.173 -0.267* -0.192 -0.169

(0.119) (0.140) (0.128) (0.120)

Northeast 0.389

(0 .331)

Map x Northeast 0.052

(0.237)

West 0.852***

(0.275)

Map x West -0.503

(0.324)

Midwest 0.029

(0.100)

Map x Midwest 0.078

(0.157)

South -0.393***

(0.134)

Map x South 0.203

(0.170)

Southcentral -0.623***

(0.127)

Map x Southcentral 0.561*

(0.307)

R
2 0.078 0.331 0.120 0.107

Clusters 98 98 98 98

Observations 187 187 187 187

TABLE V—Continued

CHANNELS OF PERSISTENCE

Log Median House Value (2000)

+-10.000 inhabitants from the cutoff

Panel C. Cubic Polynomial on Population

Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, 

and ***1%. Robust standard errors, adjusted for clustering by city, are in parentheses.
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Sample Within:
+-10.000 inhabitants 

from the cutoff

+-15.000 inhabitants 

from the cutoff

+-10.000 inhabitants 

from the cutoff

+-15.000 inhabitants 

from the cutoff

+-10.000 inhabitants 

from the cutoff

+-15.000 inhabitants 

from the cutoff

+-10.000 inhabitants 

from the cutoff

+-15.000 inhabitants 

from the cutoff

(1) (2) (3) (4) (5) (6) (7) (8)

MAP -0.002 -0.053 -0.0364 0.008 -0.021 -0.006 -0.018 -0.026

(0.068) (0.060) (0.054) (0.047) (0.017) (0.021) (0.057) (0.062)

R
2 0.000 0.018 0.016 0.008 0.036 0.033 0.036 0.013

MAP -0.001 -0.057 -0.0385 0.007 -0.019 -0.005 -0.021 -0.028

0.066 (.060) (0.052) (0.047) (0.014) (0.021) (0.055) (0.058)

R
2 0.000 0.031 0.021 0.009 0.089 0.059 0.057 0.033

MAP -0.010 -0.004 -0.0138 -0.001 -0.005 -0.009 -0.039 -0.007

0.062 0.063 (0.051) (0.050) (0.014) (0.018) (0.056) (0.061)

R
2 0.001 0.039 0.031 0.010 0.108 0.059 0.061 0.035

Clusters 99 171 99 171 98 170 98 170

Observations 311 490 311 490 189 324 187 321

Panel A. Linear Polynomial on Population

Panel B. Quadratic Polynomial on Population

Panel C. Cubic Polynomial on Population

Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, and ***1%. Robust standard errors, adjusted for clustering by city, are in parentheses.

TABLE VI

CHANNELS OF PERSISTENCE

Share of African Americans (2000) Fractionalization %In poverty 5-17 year olds (2000) Log of Median household income
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In section 2.2. I also explained that state and federal transfers formulas took into account 

the economic conditions of the school districts within their eligibility criteria. The next 

set of columns in Table VI examine the impact of the HOLC maps on the percentage of 

5–17-year-olds in poverty in a determined school district in the year 2000 on the 

logarithm of median household income. As can be seen in columns 5-8, the coefficient of 

interest is not significative in any of the model specifications, leading me to reject the 

hypothesis that the maps had an impact in these school district outcomes. This result is 

consistent with the fact that there does not seem to be a significative difference between 

treated and control districts in state transfers and federal revenues in the year 2000. 

  

7. CONCLUSION 

The study of the maps elaborated by the Home Owners Loan Corporation seems to have 

shed light on one potential mechanism through which this policy might have had 

consequences in the long term. I conclude that the City Survey Program had considerable 

and lasting effects on school district revenues from property taxes and this has been likely 

caused by the limitation of credit access in areas that received lower grades, leading to a 

reduction in house values of those areas.  

Even if my methodology design does not study the differential impact of having been 

assigned a certain grade, I can think of it as an approximation of the study of the impact 

of having a lower grade, as most of the districts in my sample had a large part of their 

area as C-D graded by the HOLC appraisers. 

The City Survey Program is just one example of Governmental policies put in place in 

the U.S. that could have been detrimental for minorities in the long-term. As explained in 

footnote 3, many policies in the 20th century have contributed to racial segregation and 

the limitation of opportunities of segregated minorities. Despite of the fact that, by 

studying school districts as my unit of observation, I do not find that this program had a 

statistically significative impact on segregation, other authors do find evidence supporting 

the hypothesis that the maps led to higher segregation at the city-level (Aaronson et al., 

2020; Anders, 2019). 

My identification strategy studied only a sample of smaller cities so it remains uncertain 

if these results could be extrapolated. Nevertheless, the substantial significative evidence 

found on the effect of the maps in the reduction of school district revenues from property 

taxes along with the lack of evidence for its compensation (there is no differential effect 

of the treatment on state transfer nor on federal revenues), shows that this could be a way 

of identifying those districts that have been left behind for a long time and seem to be 

bearing up to the year 2000 the burden of a 1930s discriminatory policy.  

 

 

 

 



32 
 

8. REFERENCES 

Aaronson, D., Faber, J., Hartley, D., Mazumder, B., & Sharkey, P. (2021). The long-run 

effects of the 1930s HOLC “redlining” maps on place-based measures of economic 

opportunity and socioeconomic success. Regional Science and Urban Economics, 86, 

103622. 

Aaronson, D., Hartley, D., & Mazumder, B. (2020). The effects of the 1930s HOLC" 

redlining" maps (No. 2017-12). Working Paper. 

Alesina, A., Baqir, R., & Easterly, W. (1999). Public goods and ethnic divisions. The 

Quarterly Journal of Economics, 114(4), 1243-1284. 

Alesina, A., Devleeschauwer, A., Easterly, W., Kurlat, S., & Wacziarg, R. (2003). 

Fractionalization. Journal of Economic growth, 8(2), 155-194. 

Anders, J. P. (2019). The Long Run Effects of Transformational Federal Policies: 

Redlining, the Affordable Care Act and Head Start (Doctoral dissertation). 

Appel, I., & Nickerson, J. (2016). Pockets of poverty: The long-term effects of 

redlining. Available at SSRN 2852856. 

Babcock, F. M. (1932). The valuation of real estate. McGraw-Hill. 

Baum-Snow, N. (2007). Did highways cause suburbanization?. The quarterly journal of 

economics, 122(2), 775-805. 

Baum-Snow, N., & Lutz, B. F. (2011). School desegregation, school choice, and changes 

in residential location patterns by race. American Economic Review, 101(7), 3019-46. 

Bayer, P., McMillan, R., & Reuben, K. (2004). The causes and consequences of 

residential segregation: an equilibrium analysis of neighborhood sorting. Working 

Paper. 

Besbris, M., & Faber, J. W. (2017, December). Investigating the relationship between real 

estate agents, segregation, and house prices: Steering and upselling in New York State. 

In Sociological Forum (Vol. 32, No. 4, pp. 850-873). 

Bischoff, K. (2008). School district fragmentation and racial residential segregation: How 

do boundaries matter?. Urban Affairs Review, 44(2), 182-217. 

Boustan, L. P. (2010). Was postwar suburbanization “white flight”? Evidence from the 

black migration. The Quarterly Journal of Economics, 125(1), 417-443. 

Boustan, L. P., Fishback, P. V., & Kantor, S. (2010). The effect of internal migration on 

local labor markets: American cities during the Great Depression. Journal of Labor 

Economics, 28(4), 719-746. 

Boustan, L. P. (2013). Local public goods and the demand for high-income 

municipalities. Journal of Urban Economics, 76, 71-82. 

Boustan, L., Ferreira, F., Winkler, H., & Zolt, E. M. (2013). The effect of rising income 

inequality on taxation and public expenditures: Evidence from US municipalities and 

school districts, 1970–2000. Review of Economics and Statistics, 95(4), 1291-1302. 



33 
 

Brinkman, J., & Lin, J. (2019). Freeway Revolts! (Federal Reserve Bank of Philadelphia 

WP 19-29). Philadephia: Federal Reserve Bank of Philadelphia. 

Card, D., & Payne, A. A. (2002). School finance reform, the distribution of school 

spending, and the distribution of student test scores. Journal of public economics, 83(1), 

49-82. 

Carruthers, C. K., & Wanamaker, M. H. (2017). Separate and unequal in the labor market: 

human capital and the jim crow wage gap. Journal of Labor Economics, 35(3), 655-696. 

Cascio, E., Gordon, N., Lewis, E., & Reber, S. (2010). Paying for progress: Conditional 

grants and the desegregation of southern schools. The Quarterly Journal of 

Economics, 125(1), 445-482. 

Chetty, R., Hendren, N., Kline, P., & Saez, E. (2014). Where is the land of opportunity? 

The geography of intergenerational mobility in the United States. The Quarterly Journal 

of Economics, 129(4), 1553-1623. 

Chetty, R., Friedman, J. N., Hendren, N., Jones, M. R., & Porter, S. R. (2018). The 

opportunity atlas: Mapping the childhood roots of social mobility (No. w25147). 

National Bureau of Economic Research. 

Collins, W. J., & Shester, K. L. (2013). Slum clearance and urban renewal in the United 

States. American Economic Journal: Applied Economics, 5(1), 239-73. 

Cutler, D. M., & Glaeser, E. L. (1997). Are ghettos good or bad?. The Quarterly Journal 

of Economics, 112(3), 827-872. 

Cutler, D. M., Glaeser, E. L., & Vigdor, J. L. (1999). The rise and decline of the American 

ghetto. Journal of political economy, 107(3), 455-506. 

Dell, M. (2010). The persistent effects of Peru's mining mita. Econometrica, 78(6), 1863-

1903. 

Faber, J. W. (2020). We Built This: Consequences of New Deal Era Intervention in 

America’s Racial Geography. American Sociological Review, 85(5), 739-775. 

Fishback, P. V., Flores-Lagunes, A., Horrace, W. C., Kantor, S., & Treber, J. (2011). The 

influence of the Home Owners' loan corporation on housing markets during the 

1930s. The Review of Financial Studies, 24(6), 1782-1813. 

Fishback, P. (2014). Panel Discussion on Saving the Neighborhood: Part III. Arizona Law 

Review, available at http://arizonalawreview. org/fishback. 

Fishback, P. V., LaVoice, J., Shertzer, A., & Walsh, R. (2020). Race, Risk, and the 

Emergence of Federal Redlining (No. w28146). National Bureau of Economic Research. 

Gertler, P. J., Martinez, S., Premand, P., Rawlings, L. B., & Vermeersch, C. M. (2016). 

Impact evaluation in practice. World Bank Publications. 

Greer, J. L. (2012, March). Race and mortgage redlining in the United States. In Western 

Political Science Association Meetings. Portland, Oregon. 



34 
 

Hillier, A. E. (2003). Redlining and the home owners' loan corporation. Journal of Urban 

History, 29(4), 394-420. 

Hillier, A. E. (2005). Residential security maps and neighborhood appraisals: The home 

owners' loan corporation and the case of Philadelphia. Social Science History, 207-233. 

Hunt, D. B. (2009). Blueprint for disaster: The unraveling of Chicago public housing. 

University of Chicago Press. 

Jackson, K. T. (1980). Race, ethnicity, and real estate appraisal: The home owners loan 

corporation and the federal housing administration. Journal of Urban History, 6(4), 419-

452. 

Johnson, R. C. (2009). Long-run impacts of school desegregation and school quality on 

adult health. Unpublished manuscript, UC-Berkeley. 

Krimmel, J. (2018, March 2). Persistence of Prejudice: Estimating the Long-Term Effects 

of Redlining. https://doi.org/10.31235/osf.io/jdmq9 

Kucheva, Y., & Sander, R. (2014). The misunderstood consequences of Shelley v. 

Kraemer. Social science research, 48, 212-233. 

Light, J. (2011). Discriminating appraisals: cartography, computation, and access to 

federal mortgage insurance in the 1930s. Technology and Culture, 52(3), 485-522. 

Logan, J. R., Xu, Z., & Stults, B. J. (2014). Interpolating US decennial census tract data 

from as early as 1970 to 2010: A longitudinal tract database. The Professional 

Geographer, 66(3), 412-420. 

Massey, D. S., & Denton, N. A. (2018). American apartheid: Segregation and the making 

of the underclass (pp. 170-181). Routledge. Schelling, T. C. (1969). Models of 

segregation. The American Economic Review, 59(2), 488-493. 

McFarland, J., Hussar, B., Wang, X., Zhang, J., Wang, K., Rathbun, A., & Mann, F. B. 

(2018). The Condition of Education 2018. NCES 2018-144. National Center for 

Education Statistics. 

Nelson, R. K., Winling, L., Marciano, R., Connolly, N., & Ayers, E. L. (2019). Mapping 

inequality. American Panorama. Retrieved December 15, 2020 

(https://dsl.richmond.edu/panorama/redlining/). 

Nicholas, T., & Scherbina, A. (2013). Real estate prices during the roaring twenties and 

the great depression. Real Estate Economics, 41(2), 278-309. 

Orfield, G., & Eaton, S. E. (1996). Dismantling Desegregation. The Quiet Reversal of 

Brown v. Board of Education. The New Press, 500 Fifth Avenue, New York, NY 10110. 

Reber, S. J. (2005). Court-ordered desegregation successes and failures integrating 

American schools since Brown versus Board of Education. Journal of Human 

resources, 40(3), 559-590. 

Rothwell, J., & Massey, D. S. (2009). The effect of density zoning on racial segregation 

in US urban areas. Urban Affairs Review, 44(6), 779-806. 

https://doi.org/10.31235/osf.io/jdmq9


35 
 

Rivkin, S., & Welch, F. (2006). Has school desegregation improved academic and 

economic outcomes for blacks?. Handbook of the Economics of Education, 2, 1019-1049. 

Schelling, T. C. (1971). Dynamic models of segregation. Journal of mathematical 

sociology, 1(2), 143-186. 

Shertzer, A., Twinam, T., & Walsh, R. P. (2016). Race, ethnicity, and discriminatory 

zoning. American Economic Journal: Applied Economics, 8(3), 217-46. 

Sood, A., Speagle, W., & Ehrman-Solberg, K. (2019). Long Shadow of Racial 

Discrimination: Evidence from Housing Covenants of Minneapolis. Available at SSRN 

3468520. 

Tiebout, C. M. (1956). A pure theory of local expenditures. Journal of political 

economy, 64(5), 416-424. 

Trounstine, J. (2018). Segregation by design: Local politics and inequality in American 

cities. Cambridge University Press. 

Weathers, E. S., & Sosina, V. E. (2019). Separate Remains Unequal: Contemporary 

Segregation and Racial Disparities in School District Revenue. CEPA Working Paper No. 

19-02. Stanford Center for Education Policy Analysis. 

White, E. N. (2014). 4. Lessons from the Great American Real Estate Boom and Bust of 

the 1920s (pp. 115-158). University of Chicago Press. 

William, P.K., McLaughlin, D., Glander, M.C., and Fowler, W.J. Jr. (2006). 

Documentation of the NCES Longitudinal School District Fiscal-Nonfiscal Detail File, 

Fiscal Years 1990 to 2002 (NCES 2006-320). U.S. Department of Education. Washington 

DC: National Center for Education Statistics  

Woods, L. L. (2012). The Federal Home Loan Bank Board, redlining, and the national 

proliferation of racial lending discrimination, 1921–1950. Journal of Urban 

History, 38(6), 1036-1059. 

 

 

 

 

 

 

 

 

 

 

 



36 
 

9. APPENDIX 

Appendix Figure A1 

 

Appendix Figure A1. Chicago’s FHA map. Source: Fishback et al., 2020. 
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Appendix Figure A2 

 

Appendix Figure A2. Example of the projection of the HOLC maps shapefile (color-

graded: A -green-, B -blue-, C -yellow-, D -red-) on the school district boundaries of the 

city of Boston, Massachusetts (in red). Source: Own elaboration using Brown 

University’s Longitudinal Tract Data Base (Logan, Xu & Stults, 2014) and the digitalized 

HOLC maps from The Digital Scholarship Lab of the University of Richmond (Nelson et 

al, 2019). 
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Appendix Figure A3 

 

Appendix Figure A3. Example the projected layer of census- tract data (in green) on 

school district boundaries shapefile (in red). In this example the tract data is covering the 

districts of Philadelphia City School District (left-side) next to Camden City School 

District (right-side). Source: Own elaboration using Brown University’s Longitudinal 

Tract Data Base (Logan, Xu & Stults, 2014) and NCES school district boundary 

shapefiles. 
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Appendix Figure A4 

 

 

Appendix Figure A4. Example of a school district (Washington County School District, 

in red) where the projected layer of census-county data (in blue), exactly matches the 

school district’s boundaries. Source: Own elaboration using Brown University’s 

Longitudinal Tract Data Base (Logan, Xu & Stults, 2014) and NCES school district 

boundary shapefiles. 
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Table A2 

 

 

 

 

 

 

 

 

 

 

Sample Within:

(1) (2) (3) (4)

MAP  -0.250** -0.159 -0.299** -0.259**

(0.121) (0.190) (0.126) (0.122)

Northeast -0.178

(0.291)

Map x Northeast -0.521

0.641

West 0.267

0.356

Map x West -0.243

0.629

Midwest -0.284

0.285

Map x Midwest -0.846

0.557

South 0.159

(0.272)

Map x South 0.623

(0.549)

Southcentral -0.368**

(0.146)

Map x Southcentral 0.497**

(0.216)

R
2 0.020 0.087 0.037 0.033

MAP -0.252** -0.228 -0.313 -0.262*

(0.116) (0.174) (0.121) (0.117)

Northeast -0.179

(0.291)

Map x Northeast -0.536

(0.629)

West 0.261

(0.357)

Map x West -0.244

(0.628)

Midwest -0.285

(0.285)

Map x Midwest -0.862

(0.537)

South 0.158

(0.272)

Map x South 0.620

(0.535)

Southcentral -0.372**

(0.154)

Map x Southcentral 0.480**

(0.210)

R
2 0.037 0.087 0.037 0.050

(Continues)

Panel B. Quadratic Polynomial on Population

TABLE A1

SCHOOL FINANCES

Log Property Tax Per Capita (2000)

+-15.000 inhabitants from the cutoff

Panel A. Linear Polynomial on Population
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Sample Within:

(1) (2) (3) (4)

MAP -0.280** -0.222 -0.370 -0.278**

(0.129) (0.183) (0.135) (0.130)

Northeast -0.233

(0.285)

Map x Northeast -0.562

(0.636)

West 0.305

(0.353)

Map x West -0.377

(0.597)

Midwest -0.291

(0.280)

Map x Midwest -0.940

(0.526)

South 0.168

(0.270)

Map x South 0.674

(0.520)

Southcentral -0.368**

(0.152)

Map x Southcentral 0.468**

(0.207)

R
2 0.037 0.093 0.041 0.050

Clusters 170 170 170 170

Observations 323 323 323 323

Coefficients that are significantly different from zero are denoted by the following system: *10%, 

**5%, and ***1%. Robust standard errors, adjusted for clustering by city, are in parentheses.

SCHOOL FINANCES

TABLE A1—Continued

Log Property Tax Per Capita (2000)

+-15.000 inhabitants from the cutoff

Panel C. Cubic Polynomial on Population
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Sample Within:

(1) (2) (3) (4)

MAP  -0.221** -0.278 -0.272** -0.226**

(0.105) (0 .178) (0.109) (0.105)

Northeast 0.553

(0.404)

Map x Northeast -0.541

(0.546)

West 0.308

(0.315)

Map x West 0.033

(0.627)

Midwest 0.182

(0.208)

Map x Midwest -0.860

(0.531)

South 0.056

(0.198)

Map x South 0.592

(0.517)

Southcentral -0.407***

(0.112)

Map x Southcentral 0.489**

(0.190)

R
2 0.015 0.080 0.033 0.037

MAP -0.220* -0.284 -0.272** -0.225**

(0.106) (0.179) (0.111) (0.106)

Northeast -0.026

(0.207)

Map x Northeast -0.534

(0.548)

West 0.282

(0.316)

Map x West -0.005

(0.634)

Midwest -0.192

(0.207)

Map x Midwest -0.882

(0.527)

South 0.060

(0.197)

Map x South 0.595

(0.516)

Southcentral -0.406***

(0.113)

Map x Southcentral 0.487**

(0.191)

R
2 0.015 0.083 0.034 0.037

(Continues)

Panel B. Quadratic Polynomial on Population

TABLE A2

SCHOOL FINANCES

+-20.000 inhabitants from the cutoff

Panel A. Linear Polynomial on Population

Log Property Tax Per Capita (2000)
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Sample Within:

(1) (2) (3) (4)

MAP -0.126 -0.429** -0.181 -0.131

(0.119) (0.183) (0.123) (0.119)

Northeast 0.024

(0.204)

Map x Northeast -0.735

(0.539)

West 0.253

(0.313)

Map x West 0.015

(0.613)

Midwest -0.198

(0.206)

Map x Midwest -0.901

(0.523)

South 0.046

(0.195)

Map x South 0.672

(0.509)

Southcentral -0.407**

(0.117)

Map x Southcentral 0.530**

(0.193)

R
2 0.022 0.100 0.051 0.045

Clusters 258 258 258 258

Observations 460 460 460 460

Panel C. Cubic Polynomial on Population

Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, 

and ***1%. Robust standard errors, adjusted for clustering by city, are in parentheses.

TABLE A2—Continued

SCHOOL FINANCES

Log Property Tax Per Capita (2000)

+-20.000 inhabitants from the cutoff
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Cutoff 30.000 

inhabitants

Cutoff 25.000 

inhabitants

Cutoff 30.000 

inhabitants

Cutoff 25.000 

inhabitants

(1) (2) (3) (4)

MAP -0.083 -0.166 0.116 0.067

(0.162) (0.195) (0.146) (0.102)

R
2 0.011 0.005 0.059 0.021

MAP -0.076 -0.188 0.159 0.026

(0.143) (0.197) (0.159) (0.112)

R
2 0.011 0.009 0.063 0.040

MAP 0.019 -0.302 0.058 0.066

(0.167) (0.262) (0.157) (0.118)

R
2 0.014 0.011 0.067 0.040

Clusters 190 278 190 278

Observations 291 439 289 433

Panel A. Linear Polynomial on Population

Panel B. Quadratic Polynomial on Population

Panel C. Cubic Polynomial on Population

Coefficients that are significantly different from zero are denoted by the following system: *10%, **5%, and 

***1%. Robust standard errors, adjusted for clustering by city, are in parentheses.

TABLE A3

SPECIFICATION TESTS

Dependent Variable

Log Property Tax Per Capita (2000) Log Median House Value (2000)
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Sample Within: +-15.000 inhabitants from the cutoff +-20.000 inhabitants from the cutoff

(1) (2)

MAP -0.229* -0.273**

(0.136) (0.115)

R
2 0.025 0.046

MAP -0.239* -0.275**

(0.132) (0.115)

R
2 0.039 0.046

MAP -0.240* -0.075

(0.129) 0.139

R
2 0.041 0.085

Clusters 170 258

Observations 321 457

Panel C. Cubic Polynomial on Population

Coefficients that are significantly different from zero are denoted by the following system: 

*10%, **5%, and ***1%. Robust standard errors, adjusted for clustering by city, are in 

parentheses.

TABLE A4

CHANNELS OF PERSISTENCE

Log Median House Value (2000)

Panel A. Linear Polynomial on Population

Panel B. Quadratic Polynomial on Population


