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This paper proposes a method for extracting housing data from historic mortgage records.
The approach described below has the potential to expand the period of time for which we have
property-level housing data well before the 1990s and 2000s. In general, property- or address-level
data are available either for the contemporary period or the period before 1940 when US Census
data are de-anonymized and researchers can observe the name and address of respondents. In the
contemporary period, studies make use of proprietary transactions data collected by real estate
monitoring services. The earliest available transactions in these datasets are often in the 1990s, but
comprehensive coverage usually begins around the year 2000. Examples of these studies include
Kermani and Wong, 2021 who use data from ATTOM, Bayer, M. Casey, et al., 2017; Diamond and
McQuade, 2019; Diamond, McQuade, and Qian, 2019 who use data from DataQuick, Bayer, M. D.
Casey, et al., 2022 who use data from CoreLogic, and Deng, 2011 who uses data from Fidelity Na-
tional Information Services Inc. The latter includes transactions beginning in 1985, but the data
used were only for one county - Santa Clara, CA.

The historical literature, on the other hand, has leveraged address-level data onhome-ownership
and home values from the de-anonymized US Census. The names and addresses of respondents
are available to view for all Censuses collected before 1950. However, neither home-ownership nor
home values are available for 1950 as those responses were not preserved. They are both available
for the Censuses of 1930 and 1940, while home-ownership is also available from 1900. Examples
of recent studies that use these data to study housing markets include Hynsjö and Perdoni, 2024
and Akbar et al., 2022.

Few studies can examine the interveningperiodwith the samegranularity affordedbyproperty-
or address-level data. At the same time, this period saw important developments in housing mar-
kets, including the rise of the American home-ownership society, the development of the suburbs,
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the exodus of white households from central cities, and a dramatic rise in residential segregation
(Cutler, Glaeser, and Vigdor, 1999; Massey and Denton, 1993). Gordon and Bruch, 2019 study the
trajectory of home values for a sample of roughly 100 properties in St Louis, MO between 1940 and
2016. The small sample size is due to the fact that following properties over this period required
identifying relevant transactions in the archival records of the St Louis City Recorder of Deeds.
Since property records were not digitized, this involved in-person visits to the office. Despite the
small sample, the study uncovered important facts, including stark differences in the implications
of home-ownership for wealth accumulation for Black and white residents. Whereas properties
in white neighborhoods maintained their values as the city de-industrialized and lost a significant
share of its population, those in Black neighborhoods experienced a precipitous decline over the
same period. Another study that examines property-level data during this period is Rose andHart-
ley, 2023, which documents how blockbusting affected home values between 1940 and 1990. The
authors use both property records and census tract data for their analysis. A detailed case study
is conducted using property-level data for the neighborhood of Edmondson Village, Baltimore be-
tween 1954 and 1976. Those data were obtained from mortgages in Baltimore City, which were
scanned and made available online, allowing the authors to compile a larger sample than Gordon
and Bruch, 2019 and observe the terms of financing, among other details.1 They find that realty
companies engaged in blockbusting resold properties to Black families with a significant markup
often through high-risk mortgages. A recent paper, Lyons et al., 2024, comes closest to bridging
the housing data gap spanning the second half of the 20th century. Unlike the first set of papers
that use real estate records maintained by county recorders, this study leverages real estate listings
from newspapers to compile a dataset of 2.7 million properties offered for sale or rent between
1890 and 2006 across 30 cities. In addition to the rent and sale price, their data also include prop-
erty characteristics, which are missing from mortgage records. On average, the dataset includes
90,000 listings per city and less than 800 per year for each city. For many cities, this constitutes a
small share of transactions and may not capture the rich heterogeneity in housing markets across
neighborhoods.

Although these recent, innovative, papers shed light on housing market dynamics during a
period critical in the construction of America’s racial geography, scholars are still limited in what
is possible due to the lack of geographically and temporally detailed data on property transac-
tions. Our paper seeks to fill this gap by introducing a method for generating data on property
transactions from historic land records. Our method uses optical character recognition (OCR) and
queries of large languagemodels to compile information - such as buyer and seller names, address,
mortgage lender, and home value - useful to housing scholars into a tabular dataset (see Figure 4).

Figure 1 displays our process for extracting housing data fromhistorical property records, start-
ing with obtaining said records from local counties (i.e., through county recorders/registrars, or

1Fishback et al., 2022 use a similar dataset to study the spatial distribution of FHA-insured mortgages in Baltimore
and two other cities between 1935 and 1940.

2



Figure 1: Data extraction pipeline

Start: Obtain Records

OCR Processing & Mortgage Identification

Text Analysis & Tabular Conversion (GPT)

Human Review & Validation

End: Tabular Data

state archives).2 The first image on the right is an excerpt from one of these documents, in which
N. H. Gill and Hattie Lee Gill secured a mortgage for the property at Lot 6, Square 10, in Crescent
Heights, outside the City of Charlotte, NC on September 6, 1935. A larger version of this same
record is reproduced in panel (b) of Figure 3.

The second image on the right shows the results of OCR processing for this property record,
while the third displays the result of ChatGPT’s extraction of pertinent information about the trans-
action. Notably, most of the record’s text is not relevant to our current work, but standard legal
language, which is ignored by ChatGPT as it follows the prompt received through its API. The
prompt instructs the model to extract the book and page number, date of mortgage, first and last
name of mortgagor(s), mortgagee (here called party of the third part), mortgage amount, interest
rate, and legal description. Many of these fields are recorded exactly as they appear on the scanned
record. We have added orange highlights to the cells that required correction in the subsequent

2We have acquired millions of scanned mortgages from more than twenty counties across the United States.
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step. Finally, each record is reviewed and validated by a human research assistant. The fourth im-
age on the right is a screenshot of our post-validation dataset, which includes minor corrections on
some records. Overall, less than 10% of cells require manual correction. Most of these errors occur
with missing or misspelled names. Other cells, including dates, amounts and other numbers, have
error rates below 3%.

We can geolocate properties based on the legal description included in the mortgage. Some
counties - Baltimore, for example - include the address within the property description. In most
other counties, such as Tulsa, OK or Charlotte, NC, nearly all properties are uniquely identified
by a subdivision name or corresponding plat map, as well as a lot and block number. These can
often be linked directly with REGRID parcel data that includes the modern street address, as well
as latitude and longitude. Some counties are not as straightforward. These may contain a mixture
of addresses, subdivisions, and metes and bounds property descriptions or might not have avail-
able parcel data for geo-locating. Properties can still usually be geo-located manually by cross-
referencing current and historical maps.

Figure 2

(a) FHA-insured mortgage

Found on most 
FHA deeds

Issue date

Borrowers

Mortgagee

Loan value

Location 
information

Interest rate

Monthly 
installment

Loan end date

(b) HOLC map and FHA mortgages

Note: Panel (a) shows a scanned image of an FHA-insured mortgage (called "deed of trust" in some states) issued
in Mecklenburg County, annotated with the location of relevant information extracted in the automated data entry
stage. Panel (b) shows the HOLC map of Charlotte, NC, city boundary (black line), location of households by race in
1940 (yellow circles and blue triangles), and location of FHA mortgages issued in 1935-40 (red crosses). The polygons
correspond to neighborhoods rated in the HOLC map for Charlotte. Color-coded maps rated neighborhoods as best
(green), still desirable (blue), definitely declining (yellow) and hazardous (red).

Figure 2 displays an excerpt from another property transaction with an FHA-insuredmortgage
(on the left) and provides an example of how these data can be used to explore racial and spa-
tial inequalities in FHA mortgage provision (on the right). Specifically, we plotted FHA-insured
mortgages issued in 1935-40 as red crosses, Black and White households (yellow circles and blue
triangles, respectively), and neighborhood lending risk grades from the Home Owner’s Loan Cor-
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poration (HOLC) map for Charlotte, NC.

Figure 3: Conventional mortgages (deeds of trust) from Mecklenburg, NC, in 1935.

(a) (b)

Note: These deeds represent one of the standard forms used in Mecklenburg, NC, in 1935. In the tabular output in
Figure 4, the information for these particular records is highlighted.

5



Fi
gu

re
4:

Sa
m
pl
e
of

ta
bu

la
ro

ut
pu

tf
or

co
nv

en
tio

na
lm

or
tg
ag

es
in

M
ec
kl
en

bu
rg
,N

C

N
ot
e:

Th
is
fig

ur
e
pr
es
en

ts
a
sa
m
pl
e
of

th
e
ta
bu

la
rd

at
a
re
tu
rn
ed

by
C
ha

tG
PT

fr
om

th
e
O
C
R’
d
te
xt

of
a
sa
m
pl
e
of

co
nv

en
tio

na
lm

or
tg
ag

es
fr
om

M
ec
kl
en

bu
rg
,N

C
.T

he
hi
gh

lig
ht
ed

lin
es

co
rr
es
po

nd
to

th
e
ex
am

pl
e
m
or
tg
ag

es
in

Fi
gu

re
3.

Th
es
e
da

ta
re
pr
es
en

ts
a
w
or
k
in

pr
og

re
ss

an
d
m
ay

co
nt
ai
n
er
ro
rs
.

6



References

Akbar, Prottoy A., Sijie Li Hickly, Allison Shertzer, and Randall P. Walsh (Nov. 2022). “Racial Seg-
regation in Housing Markets and the Erosion of Black Wealth”. In: The Review of Economics and
Statistics, pp. 1–45 (cit. on p. 1).

Bayer, Patrick, Marcus Casey, Fernando Ferreira, and Robert McMillan (Nov. 2017). “Racial and
ethnic price differentials in the housing market”. In: Journal of Urban Economics 102, pp. 91–105
(cit. on p. 1).

Bayer, Patrick, Marcus D. Casey, W. Ben McCartney, John Orellana-Li, and Calvin S. Zhang (Sept.
2022). Distinguishing Causes of Neighborhood Racial Change: A Nearest Neighbor Design. Working
Paper (cit. on p. 1).

Cutler, David M., Edward L. Glaeser, and Jacob L. Vigdor (1999). “The Rise and Decline of the
American Ghetto”. In: Journal of Political Economy 107.3, pp. 455–506 (cit. on p. 2).

Deng, Lan (2011). “The ExternalNeighborhoodEffects of Low-IncomeHousing TaxCredit Projects
Built by Three Sectors”. In: Journal of Urban Affairs 33.2, pp. 143–166 (cit. on p. 1).

Diamond, Rebecca and TimMcQuade (June 2019). “WhoWantsAffordableHousing in Their Back-
yard? An Equilibrium Analysis of Low-Income Property Development”. In: Journal of Political
Economy 127.3, pp. 1063–1117 (cit. on p. 1).

Diamond, Rebecca, Tim McQuade, and Franklin Qian (Sept. 2019). “The Effects of Rent Control
Expansion on Tenants, Landlords, and Inequality: Evidence from San Francisco”. In: American
Economic Review 109.9, pp. 3365–3394 (cit. on p. 1).

Fishback, Price V., Jonathan Rose, Ken Snowden, and Thomas Storrs (May 2022). “New Evidence
on Redlining by Federal Housing Programs in the 1930s”. In: Journal of Urban Economics (cit. on
p. 2).

Gordon, Colin and Sarah K. Bruch (Sept. 2019). “Home inequity: race, wealth, and housing in St.
Louis since 1940”. In: Housing Studies 0.0, pp. 1–24 (cit. on p. 2).

Hynsjö, DisaM. and Luca Perdoni (2024). The Effects of Federal “Redlining”Maps: A Novel Estimation
Strategy. Tech. rep., p. 76 (cit. on p. 1).

Kermani, Amir and FrancisWong (Sept. 2021).Racial Disparities in Housing Returns. Working Paper
29306. National Bureau of Economic Research (cit. on p. 1).

Lyons, Ronan C., Allison Shertzer, Rowena Gray, and David N. Agorastos (June 2024). The Price of
Housing in the United States, 1890-2006. Working Paper (cit. on p. 2).

Massey, Douglas S. and Nancy A. Denton (1993). American Apartheid: Segregation and the Making of
the Underclass. Harvard University Press (cit. on p. 2).

Rose, Jonathan and Daniel Hartley (2023). Blockbusting and the Challenges Faced by Black Families
in Building Wealth through Housing in the Postwar United States. Tech. rep. WP 2023-02. Federal
Reserve Bank of Chicago (cit. on p. 2).

7


