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Abstract

Legal reform can be challenging due to the volume, complexity, and interdependence of laws, codes,
and records. One salient example is racially restrictive covenants. In 2021, California mandated that
counties identify and redact such covenants, but implementation has proved challenging, with 84
million pages in Santa Clara County (SCC) alone. Through a partnership with SCC, we develop an
open, accurate, and fast language model-based pipeline to solve this problem. Our model is deployable
elsewhere with minimal resources, fundamentally altering the cost-benefit calculus of such policy
reform. We estimate one in three SCC properties were subject to racial covenants in 1950.

1. INTRODUCTION

Legal reform is complex. When a court declares a statutory provision unconstitutional, a legislature

prohibits a certain practice, or the public adopts a referendum, such changes can ripple through

thousands of code provisions, a thicket of regulations, and millions of administrative records. Armies

of lawyers and clerks can spend thousands of hours to identify legal dependencies to implement such

changes. Because this process is so resource-intensive, many outdated legal provisions can persist in

official documents for decades.

One prominent example of this issue is the persistence of racially restrictive covenants in real

property deeds. Examined extensively by lawyers and social scientists (Brooks 2011; Brooks and Rose

2013; City Roots Community Land Trust and Yale Environmental Protection Clinic 2020; Gonda 2015;

Kevin Fox Gotham 2000; Jones-Correa 2000; Ming 1949; Roisman 2022; Rose 2022; 2024; Rose et al. 2016;

Rothstein 2017; Vose 1967), racial covenants are discriminatory clauses that prohibited the purchase,

lease, or occupation of land based on race.1 Although declared unenforceable by the United States

Supreme Court in Shelley v. Kraemer (1948)2 and illegal under the Fair Housing Act (1968),3 such covenants

� Equal contribution.

1 Discriminatory restrictive covenants may also apply to other attributes, such as religion, family status, and national
origin, but we focus on the principal case of racial covenants here.

2 334 U.S. 1.
3 42 U.S.C. Section 3600, et seq.
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Table 1. Resource cost comparison for identifying racially restrictive covenants in Santa Clara
County’s 7.2 million pages of property records from 1907 to 1978. Our custom finetuned Mistral
model stands out as the most scalable and economical solution, completing the full review in just
seven days for $356, a small fraction of the cost and time required for manual review, which would
cost over $1.4 million and take years to finish. For additional details, please refer to Section E in the
Appendix.

Method Time Monetary Cost

Manual Review (One Staff Member) 13.6 years $1,927,185

Off-the-Shelf LM (GPT-3.5) 4.98 days $18,768

Off-the-Shelf LM (GPT-4 Turbo) 4.98 days $65,998

Our Custom LM (Finetuned Mistral) 7.25 days $356

continue to exist in the pages of real property records across the United States. Their persistence

exemplifies the challenges associated with legal reform: even as universal consensus about the legality

of racial covenants exists, the sheer volume of property records makes identifying these covenants

a monumental and resource-intensive task (Lexi Purich Howard 2021). Over a dozen jurisdictions

have enacted legislation to address racial covenants (City Roots Community Land Trust and Yale

Environmental Protection Clinic 2020). The typical approach has been to enable individual homeowners

to petition for legal review to redact these records to limited effect.4

But change is afoot. In 2021, California enacted Assembly Bill 1466 (AB 1466; California State Legisla-

ture 2021),5 which mandates that all 58 counties develop programs to affirmatively identify and redact

racial covenants from property records.6 While AB 1466 is seen as an important step to recognizing

and mitigating the remnants of institutionalized housing discrimination, its implementation presents

significant challenges. Santa Clara County, for example, has more than 24 million property records,

spanning over 84 million pages, including some that date back to the 1850s.7

The complexity and scale of these historical documents, some of which are handwritten or stored on

decades-old microfiche cards, render manual review infeasible. Given available resources for manual

review, it could take a single county about 160 years and over $22 million to complete a scan of all 24

million records.8

In a unique multiyear partnership between Stanford RegLab and the Santa Clara County Clerk-

Recorder’s Office, along with a collaborator at Princeton University, we prototyped, developed, and

operationally integrated a machine learning-based pipeline to identify and map racial covenants at

scale. Our system is capable of processing millions of documents in a single day. It offers an efficient

and reliable solution that drastically reduces the time and labor required for manual review. As shown

in Table 1, our machine-learning pipeline has saved over 86,500 hours of manual human labor, costing

less than 0.02% of a full manual human review and under 2% of a comparable off-the-shelf-model such

as OpenAI’s ChatGPT-3.5. Because our pipeline is fully open-source, it can easily be adopted by other

jurisdictions without procurement challenges and the need to share sensitive data with third-party

vendors. Our solution offers an accurate, fast, and cost-effective path to best utilize limited human

resources, meet legislative requirements, and preserve important historical records for further study.

Dramatically reducing the cost of redaction initiatives may have significant implications for policy

reform. To date, only California has mandated government identification and redaction; other states,

largely for fiscal reasons,9 have relied on individual homeowners to petition for redaction of racial

4 City Roots Community Land Trust and Yale Environmental Protection Clinic (2020,noting from interviews with county
clerks that �only a few people have used these provisions�).

5 AB 1466 is codified at Cal. Gov. Code Section 12956.3.
6 Under California’s Fair Employment and Housing Act, unlawful restrictions are also ones based on age, race, color,

religion, sex, gender, gender identity, gender expression, sexual orientation, familial status,marital status, disability, veteran
or military status, national origin, ancestry, genetic information, or source of income. Cal. Gov. Code Section 12955.

7 Santa Clara County Clerk-Recorder’s Office, Restrictive Covenant Modification Program Implementation Plan, https://
clerkrecorder.sccgov.org/unlawfully-discriminatory-restrictive-covenant-modification-program-assembly-bill-1466

8 At California’s 2024 minimum wage of $16.00 per hour, the projected cost of hiring human reviewers to manually
examine the Santa Clara County’s entire real property records would be about $22.4 million.

9 In the state of Washington, draft legislation initially proposed a requirement for cities and counties to �work
cooperatively to review existing recorded covenants and deed restrictions to identify those recorded documents that include
racial or other restrictions on property ownership or use against protected classes.� After concerns were raised that �the bill
would require a considerable use of staff time and pull staff away from their comprehensive plan duties,� the measure was
amended to provide only a process for homeowners and sellers to petition for redaction (Washington State Legislature 2021).
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Figure 1. Although racially restrictive covenants are no longer legally enforceable and are considered illegal under
the Fair Housing Act today, they still exist in thousands, possibly even millions, of historical property records in
California. One such example, found in a 1940 real property deed from Santa Clara County’s archives, contains
the following discriminatory language: �No persons not of the Caucasian Race shall be allowed to occupy, except
as servants of residents, said real property or any part thereof.� The deed further specifies that �[t]hese covenants
are to run with the land and shall be binding on all parties,� thereby affecting not only the tenants at the time but
also the potential future owners of the land.

covenants or have taken no action at all. Our approach fundamentally alters the cost-benefit calculus:

what would have cost millions and taken years can now be accomplished for hundreds of dollars in

days, potentially making reform politically viable for many more jurisdictions.

This article presents three contributions stemming from this effort. First, we present our machine-

learning pipeline for identifying and mapping racial covenants. Our pipeline processes images of

historical property deeds, converts them into text, and then leverages a state-of-the-art, finetuned

language model to accurately detect racial covenants. If unlawful language is found in a deed, the

system highlights the content and extracts the property address. Both the highlighted documents and

their corresponding address are then sent to Santa Clara County for legal review and final confirmation.

Remarkably, our model achieves extremely strong performance, with a precision of 1.0 and a recall of

0.99 on an evaluation suite of real property deeds.

We show that this AI-based approach offers significant advantages over traditional methods, such

as keyword-based searches, which are prone to substantial false-positive rates. Scanning artifacts, such

as poor OCR quality in older deeds, and ambiguous terms like �white� (which could refer to a person’s

name or a street) contribute to the inaccuracies of lexical search techniques. In contrast, our system

analyzes the full semantic context of each document, enabling it to detect racial covenants that have

atypical language structures or obscure phrasing, some of which had previously gone unnoticed by

manual reviewers.

Second, we discuss how we integrated the model into a responsible operational process that includes

thorough legal review and the creation of a historical registry of the removed racial covenants. By

retaining a historical record, we ensure that this dark chapter of housing discrimination is not erased

from public memory, but preserved and understood. We also make our models, results, and a full

detection pipeline available to assist the hundreds of jurisdictions engaged in similar efforts to identify

these unenforceable legal provisions.10

Third, our findings shed light on the history of racial exclusion in the California housing market.

The racial covenants identified by our system reveal distinct patterns of racial categorization, usage

across time, and geographical clustering, adding to an important body of scholarship on housing

discrimination and racial covenants. Our large-scale dataset enables researchers to understand and

test for different accounts of racial covenants. We observe a drop in racial covenants after Shelley, but

consistent with Brooks and Rose (2013), racial covenants persist well after 1948. We also find that a

state actor (the city of San Jose) owned land subject to a substantial number of burial deeds with racial

covenants (e.g., burial plots exclusively for �Caucasian race�), complicating conventional accounts of

covenants as a private substitute for public state action (racial zoning) found unconstitutional in 1917.

Similarly, Connecticut considered creating an archive of redacted racial covenants (albeit not requiring municipalities to
affirmatively search for them) but struck the provision after the State Librarian testified that such a requirement would be
�expensive and would be done at significant costs to the towns� (Connecticut General Assembly 2021; Schander 2021).

10 These will be made available at https://reglab.github.io/racialcovenants/.
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Just ten developers appear responsible for nearly a third of racial covenants in the County, suggesting

more agency in the construction of what became Silicon Valley (Grier and Grier 1960; Howell 2016;

Redford 2017). We provide an estimate that one in three properties the county were covered by a racial

covenant in 1950.

Overall, our project demonstrates the power of machine learning and large language models to play

a substantial role in scalable legal reform and the public sector (Engstrom et al. 2020). At core, we show

how AI can meaningfully assist to unearth, preserve, and shine a light on housing discrimination in a

way that was obscured by previously inaccessible deed records.11

Organization. Our paper proceeds as follows. Section 2 provides background on racial covenants,

California’s reform efforts, and existing efforts to map and redact deeds. Section 3 discusses the

data processing steps to digitize, augment, and label deed records for machine learning. Section 4

discusses the AI-based detection pipeline, which shows that large language models enable substantial

improvements over keyword-based searches, and the geolocation of records. Section 5 presents results,

which show remarkable improvements, such as the reduction in the false positive rate from 28.9% with

keyword searches to 0% with a fine-tuned open-source language model. Section 6 discusses how we

integrated the AI system to preserve legal review of each redacted provision, but with dramatically

lower search costs. Section 7 shows how this comprehensive effort enables us to unearth rich historical

facts about the evolution of racial covenants in Santa Clara County. Section 8 presents an estimate of the

proportion of 1950 housing stock that was covered by racial covenants. Section 9 discusses limitations

of the approach and Section 10 concludes.

2. BACKGROUND
2.1 Racial Covenants
Racially restrictive covenants were legal clauses embedded in property deeds that prohibited the sale,

lease, or occupation of land by individuals based on race. These covenants became a widespread tool

for enforcing residential segregation in the United States during the first half of the 20th century.

Generally, covenants �run with the land,� which meant that restrictions affect not only current but

also all future owners of the real property (Brooks and Rose 2013). While African Americans were

the primary targets of racial covenants, other groups, such as Asians, Latinos, Jews, and Southern

and Eastern Europeans, were also excluded from certain neighborhoods through the use of these

discriminatory binding clauses (Brooks and Rose 2013). Racial covenants were designed to maintain

racially homogenous,white-majority neighborhoods by barringminority groups from settling in specific

areas, and they were actively supported by real estate boards, developers, homeowner associations, and

governmental institutions (Brooks and Rose 2013).

Racial covenants originated in the mid-19th century, but became more prevalent after the Supreme

Court held racial zoning unconstitutional in Buchanan v.Warley.12 During this period,white homeowners

viewed racial covenants as a means to protect property values and maintain racial homogeneity

within their communities. Integrating neighborhoods with non-white residents, particularly African

Americans, was perceived as leading to economic decline and social instability.13 Consequently, racial

covenants were often marketed as desirable features in new suburban developments, which promoted

�restricted� neighborhoods as more valuable, secure, and exclusive (Rothstein 2017; Santucci 2020).

A typical restrictive covenant had the following language:

�No part of said property shall be sold, let, or leased, transferred, or assigned to, or occupied by any

person not of the Caucasian race, or to be used by any other than a person of the Caucasian race.�

But significant variation in the precise language is known to exist.

11 As we articulate below, California deed records are not publicly available at scale, despite being public records.
12 245 U.S. 60 (1917). See also Rothstein (2017,78).
13 The April 1936 edition of the Underwriting Manual of the Federal Housing Administration explicitly stated this as a

policy as follows: �If a neighborhood is to retain stability it is necessary that properties shall continue to be occupied by the
same social and racial classes. A change in social or racial occupancy generally leads to instability and a reduction in values.
The protection offered against adverse changes should be found adequate before a high rating is given to this feature. Once
the character of a neighborhood has been established it is usually impossible to induce a higher social class than those
already in the neighborhood to purchase and occupy properties in its various locations.� (Part II, para. 233)

D
ow

nloaded from
 https://academ

ic.oup.com
/jla/article/18/1/151/8692755 by guest on 26 M

ay 2026

https://fraser.stlouisfed.org/files/docs/publications/fha/1936apr_fha_underwritingmanual.pdf


AI for scaling legal reform: mapping and redacting racial covenants in Santa Clara County | 155

Figure 2. Brief overview of legal developments that impacted California’s housing market in the 20th century. The
Rumford Act was overturned by Proposition 14, which was in turn found unconstitutional by the California
Supreme Court in Mulkey v. Reitman, 64 Cal. 2d 529 (1966).

Real estate institutions like the National Association of Real Estate Boards (NAREB) played a crucial

role in institutionalizing racial covenants. From 1924 to 1950,NAREB’s code of ethics required realtors to

engage in racial steering provisions, effectively ensuring that minority buyers were not introduced into

white neighborhoods (Brooks and Rose 2013).14 Violating this code could result in expulsion, further

promoting racial segregation within the real estate industry (Santucci 2020). Federal programs such

as the Federal Housing Administration further entrenched these practices by making racial covenants

a condition for mortgage insurance approval, thus embedding racial segregation in housing markets

across the country (Brooks and Rose 2013).

In 1948, the Supreme Court found racial covenants to be unenforceable in Shelley v. Kraemer. The

federal Fair Housing Act of 1968 prohibited the use of racial covenants. But because covenants run

with the land, such provisions have remained on the books, even if unenforceable. Much debate exists

around the persistent impact of racial covenants. One perspective is that covenants institutionalized

segregation in the housing market, contributing to enduring racial disparities in wealth accumulation,

homeownership, and access to essential resources such as education and public services (Mapping

Prejudice Project 2022). Brooks and Rose (2013) argue that racial covenants continued to have effect

post-Shelley as signaling devices for the kind of community associated with the property. They provide

an account stemming largely from litigated cases and the history in Chicago, and argue, based on

game theory, that racial covenants were most widely deployed in �loosely knit� communities requiring

a signaling device (id.). Using neighborhood data from Chicago, Brooks (2011) estimates that racial

covenants had effects lasting past Shelley, consistent with signaling. Yet because a comprehensive

register of racial covenants is so difficult to compile, studies have been limited in their ability to examine

or test these accounts with quantitative evidence about the prevalence, dynamics, and geographic

correlates of racial covenants.15

2.2 California Legislation
In recent years, there has been growing desire to address the ongoing presence of racial covenants

in property records. Numerous states, including California, Washington, Minnesota, and Texas, have

passed laws allowing property owners to remove racial covenants from their deeds. However, these

laws typically place the responsibility on individual homeowners, resulting in a piecemeal approach.

Between 1999-2021, California, for instance,maintained a process by which homeowners could petition

with the County Recorder to modify a racial covenant on their property. Brooks and Rose (2013) note

that a homeowner would have to be quite �dedicated� to pursue that process, as the disclosure of the

process is given to purchasers along with all other home disclosures. As in other jurisdictions that

put the onus on individual homeowners (City Roots Community Land Trust and Yale Environmental

Protection Clinic 2020), Santa Clara County had only received a handful of such requests prior to 2021.16

One state legislator opined, �the present system is underutilized and public awareness on the issue is

low.� (Lexi Purich Howard 2021).

14 The Article 34 of Part III of the 1924NAREB’s Realtors’ Code of Ethics stated: �A Realtor should never be instrumental in
introducing into a neighborhood a character of property or occupancy,members of any race or nationality, or any individuals
whose presence will clearly be detrimental to property values in that neighborhood.� (as quoted in (Brooks and Rose 2013).)

15 Brooks (2011), for instance, provides one of the few quantitative analyses, but had to rely on covenant data at the
neighborhood level.

16 Cal. Gov. Code §§ 12956.1-12956.2.
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In recognition of this limitation, California adopted a more proactive and comprehensive approach

with the passage of Assembly Bill 1466 (California State Legislature 2021). Instead of relying on

homeowner initiative,AB 1466mandates that all 58 counties in California establish programs to identify

and redact racial covenants from property records. In addition, AB 1466 mandates the retention of each

�nonredacted record for future reference and public request needs.�17 In short, counties must redact

unlawful discriminatory language in active property records, while retaining historical deed records.18

The implementation has posed serious logistical challenges. A prior proposal faced resistance by

county recorders for �creat[ing] an enormous workload� and posing a �potential near shut-down of

county recorder offices.�19 First, because these records span all county properties and all historical

transactions, the sheer record volume is large. In counties such as Santa Clara � with some 24 million

of property records � purely manual review is impractical. Second, the language used to identify racial

groups and prohibitions can vary substantially over time and place. Third, AB 1466 requires review by

county counsel to formally record any amendment,making the process organizationally challenging to

navigate. Fourth, while AB 1466 included a fee provision that allocated $2 of recording fees per specified

document for funding the implementation of AB 1466, such fees may not cover the full costs.20 In Santa

Clara County, this would fund up to three positions, excluding costs for time for review by the county

counsel, digitization of records, and any software to aid in the process. Some counties have turned

to third-party private vendors to expedite the process. Los Angeles, for instance, hired a private firm

in an $8 million contract to carry out the process over seven years.21 But resources across counties

can vary widely. In late 2022, Santa Clara piloted a manual review process with two staff members

manually reviewing 89,000 pages of deeds, finding roughly 400 racial covenants. At an average of a

minute per page, performing a manual review of the entire collection of 84 million pages of records

would require approximately 1.4 million staff-hours, amounting to nearly 160 years of continuous work

for a single individual.22 As Lexi Purich Howard (2021) notes, the big open question is whether �fifty-

eight different county recorders in California are able to develop and maintain redaction procedures

that are consistent, predictable, effective, efficient, and easily implemented.�

Outside of California, numerous other states and private organizations have undertaken efforts to

address racial covenants. These efforts include legislation allowing homeowners and nonprofits to

submit covenants for redaction, as well as organizations employing large numbers of volunteers to

manually comb through deed records for racial covenants.23 To our knowledge, no prior effort has

employed large language models to automatically identify racial covenants.

3. DATA

We now describe the data used for training and deploying our AI-based approach. Gathering this

data required a significant digitization process, extracting and processing 7.2 million pages of deeds

stretching back to the 1850s (Section 3.1). We then supplemented this data with historical deed records

available online from around the country (Section 3.2), which has the coincidental benefit of enabling

us to assess the model’s robustness across jurisdictions. Finally, we manually annotate 3,801 deeds to

build a training dataset and held-out evaluation dataset for our AI pipeline (Section 3.3).

3.1 Digitization, Collection, and Sharing of Real Property Deeds
The Santa Clara County Clerk-Recorder’s Office has an extensive archive of over 24million real property

deeds. Of these records, approximately 18 million � issued since 1980 � are stored digitally, while the

remaining 6 million deeds � created before 1980 � were originally preserved on physical microfiche

17 Cal. Gov. Code §12956.3(c).
18 Though, there is some leniency for false positives or false negatives: �The failure of a county recorder to identify or

redact illegal restrictive covenants, as required by this section, or the county recorder’s identification or redaction of any
restrictive covenants that are later determined not to be illegal, shall not result in any liability against the county recorder
or the county.� Cal. Gov. Code §12956.3(g).

19 Prior proposals (AB 2204 and AB 985) would have placed the responsibility on title companies (Lexi Purich Howard
2021).

20 This fee provision would lapse by December 31, 2027.
21 Jaclyn Cosgrove, Racist History Lives on inMillions of Housing records. L.A. County is about to fix that, L.A. Times, Feb. 6,

2024, https://www.latimes.com/california/story/2024-02-06/l-a-county-will-remove-racist-restrictive-covenant-language-
from-millions-of-documents.

22 Please refer to Section E in the Appendix for additional details about our assumptions and calculations.
23 We discuss these efforts at greater length in Appendix B.
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sheets. More than a decade prior to our work, the County had engaged a vendor to scan these records

into a proprietary system known as Digital Reel; however, as we discuss in Appendix C, the quality of

these scans was poor and required significant post-processing.

Our partnership around exploring the use of AI began in October 2022. One of the notable barriers

to transparency around deed records in California lies in a statutory mandate to charge fees for any

copies of recorded documents.24 In other words, despite their status as public records, deed documents

are available only on an individual fee basis. Given themassive scale of the review task, purchasing deed

records would, of course, have been prohibitively expensive.25 Through our partnership, we developed

unique a data sharing agreement, enabling the Stanford team to process deed data, with the County

retaining ownership of the records.

We began our work on samples of 20,000 pages of property deeds filed between 1900 and 1940,

manually exported from theCounty’s Digital Reel system.This 20,000-page sample enabled us to rapidly

develop and refine our automated detection pipeline.

After this piloting phase, the County extracted the full collection of pre-1980 scans in February 2024.

This represents roughly 7.2 million pages of real property documents from 1865 to 1980. We focus

our analysis on documents from 1902 to 1980 for two reasons. First, deeds filed prior to 1902 were

handwritten rather than typed, and we found no available OCR tools to be effective at transcribing

these documents.26 Second, records after 1980 contain protected fields like Social Security information,

so we avoided ingesting sensitive data and potentially training our model on it, which may have raised

privacy and legal concerns. As we note above and consistent with our results in Section 7, 1902 to 1980

likely covers the vast majority of racial covenants in the County; the first racial covenant we find was

filed in 1907 and the last in 1974.

3.2 Data Augmentation
Both within California and across the nation, historical property deeds vary significantly in format,

phrasing, and, when digitized, OCR quality. In order to build a system that is robust to these variations,

we supplemented the Santa Clara County dataset with property deeds from around the nation, both

with and without racial covenants.

Since property records in California counties are not freely accessible, we expanded our search to

other counties in the United States. Using GovOS Cloud Search, we identified seven counties whose

�Official Records Search� platforms allowed users to freely search and download real property deeds,

although downloads were limited to fifty records per batch.27 These platforms enabled searches by

metadata and keyword terms. To gather a seed dataset of deeds with a high probability of containing

racial covenants, we conducted manual searches for terms typically associated with such covenants,

such as �No person of,� �Caucasian,� �Negro,� and other relevant racial terms. This method provided us

with more than 10,000 property deeds from seven counties: Bexar County, Texas; Cuyahoga County,

Ohio; Denton County, Texas; Franklin County, Ohio; Hidalgo County, Texas; and Lawrence County,

Pennsylvania. This approach not only helped us collect relevant data but also allowed us to assess

the generalizability of our model across different jurisdictions. As we discuss below, we specifically

investigate the limitations of keyword-based approaches, and find that context-aware language models

boost performance substantially.

3.3 Annotation
We labeled our data collection by identifying quotes that contain racial covenants on each page. This

annotation occurred over three stages: initial training data generation, model prediction review, and

rich annotation.

In our initial round of annotation, we selected a sample of 3,000 pages in our collection based on

keywords that almost certainly indicate the presence of a racial covenant in the deed text. These

24 Cal. Gov. Code § 27366 provides: �The fee for any copy of any other record or paper on file in the office of the recorder,
when the copy is made by the recorder, shall be set by the board of supervisors in an amount necessary to recover the direct
and indirect costs of providing the product or service or the cost of enforcing any regulation for which the fee or charge is
levied.� This provision has been subject to extensive litigation. See, e.g., California Public Records Research, Inc. v. County of
Stanislaus, 246 Cal. App. 4th 1432 (2016); California Public Records Research v. County of Yolo, 4 Cal. App. 5th 150 (2016).

25 At a cost of $4 for the first page and $2 for each subsequent page, purchasing the 7.2M pages (with the average deed
running 2.5 pages) might have cost over $20 million.

26 We did explore developing a bespoke computer vision or multimodal text-vision system.
27 https://kofilehelp.zendesk.com/hc/en-us/sections/4416665864343-Cloud-Search-Active-Sites.
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include terms like �Negro,� �Mongolian,� and �Asiatic.� We partnered with data annotation company

CloudFactory to help us identify and label racial covenants in these pages.28

After training models and generating predictions, we reviewed their performance. For all positive

predictions, we labeled whether they were true positives or false positives. These ensured that we

verified the small number of positive examples as well as hard negative examples. We additionally

sampled and verified negative predictions to ensure some balance in the data. These new annotations

were incorporated into the training set of future models.

Recognizing the need to easily validate model predictions and locate racial covenants on a page, we

built a web application to assist with rich annotation. This made it easy to precisely select a bounding

box on the image of the deed book page and compute a text span for the annotation process, while

simultaneously allowing us to visualize predictions for verification.

All combined, including both Santa Clara County documents and documents fromacross the country,

we collected 3,801 annotations of deed pages, of which 2,987 (78.6%) contained a racially restrictive

covenant. Notably, this annotation requires human review, but at a much smaller scale than reviewing

all records.

4. AN AI-BASED RACIAL COVENANT DETECTION SYSTEM

Our racial covenant detection pipeline first takes deed images, converting them to text through optical

character recognition (OCR)machine learningmodels.We pre-process and clean all of these documents

(Section 4.1). Next, we process this text to detect racial covenants. We test five different approaches

for this, including a custom finetuned large language model (Section 4.2). Then we identify the part

of the original image containing the racial covenant, highlighting it for Santa Clara County officials

(Section 4.3). Finally, we extract any geographic information from the deed to help map the location of

the racial covenant (Section 4.4).

4.1 Preprocessing and OCR
Our data preprocessing pipeline operates on property deeds split at the page level. We run OCR to

retrieve the text of each page. We used the docTR OCR library (Mindee 2021) to run a VGG16 model

(Simonyan and Zisserman 2014) for text recognition and a DB-ResNet-50 model (Liao et al. 2020) for

text detection.

4.2 Racial Covenant Detection
Once converted to text, we test five approaches for identifying and extracting racial covenants: keyword

matching, fuzzy keyword matching, zero-shot GPT-3.5 Turbo, few-shot GPT-3.5 Turbo, and a custom

finetuned Mistral 7B parameter open source model.

Keyword matching. The rudimentary approach approximates keyword searches that humans may

conduct on digitized text, and follows the baseline that the county had established. The approach

matches historically common racial or ethnic terms in the text, such as �Caucasian,� �Mongolian,� or

�Negro.�We implemented a simple substringmatching approach to detect these keywords.We construct

this list by first conducting a manual review of known racial covenants and then manually adding

additional variations, with input from the County.

Fuzzy Keyword Matching. Keyword matching identifies some racial covenants, but OCR errors

can result in many false negatives. For instance, the term �Caucasian� was sometimes transcribed

as �Caucian� or �Causasan� on scans with significant visual artifacts. To address these issues, we

implement a simple augmentation to keyword matching: fuzzy keyword matching.

Our fuzzy matching approach first tokenizes deed text into words. Then, each word is broken down

into a set of trigrams. We then compute the cosine similarity between the set of trigrams in each word

of the deed and the trigrams of each keyword in our list. We conclude a deed contains a keyword if the

28 During our collaborationwith CloudFactory for data annotation,we carefully prepared comprehensive documentation
to guide the annotators through the task. Given the potentially sensitive nature of the material�historical property deeds
containing racially restrictive covenants, aswell as accounts that could be considered offensive or harmful to some readers�
we issued a clear advisory to approach the content with care. We emphasized that the annotators could stop the task at
any point if they felt uncomfortable. In addition, we consulted with CloudFactory’s management to ensure that appropriate
counseling and support resources would be available to their team, should any annotator feel the need for assistance or
support. Our priority was to handle this material with the utmost sensitivity, while ensuring the well-being of those involved
in the annotation process.

D
ow

nloaded from
 https://academ

ic.oup.com
/jla/article/18/1/151/8692755 by guest on 26 M

ay 2026



AI for scaling legal reform: mapping and redacting racial covenants in Santa Clara County | 159

Figure 3. Diagram of our pipeline for detecting racial covenants. The process begins by converting an image of a
property deed into text using an OCR tool (docTR). The transcribed text is then analyzed for racially
discriminatory language. If such unlawful language is found, the system highlights the content and extracts the
property address. Both the highlighted language and the corresponding address are sent then to Santa Clara
County for legal review and final confirmation.

maximum cosine similarity between any word in the deed and any keyword in our list is greater than

the threshold value of 0.75.

Large Language Models. Lexical approaches � while computationally inexpensive and fast � are

still inherently limited by their lack of contextual understanding of the textual content. Both lexical

approaches described above require the pre-specification of a set of keywords to match. Even minor

perturbations of the term list can lead to significant changes in output quality. For instance, the term

�white� is a key phrase used in many racial covenants, but those usages are far outnumbered by

innocuous uses of the term, such as in street names, surnames, descriptions of an object’s color, and

other contexts. In addition, the specific terms commonly used in racial covenants vary significantly by

time period and location.

To address this, we design detectors based on large language models (LLMs), which have shown

promise in other natural language generation and understanding settings. We test three versions.

First, we evaluate the closed-weight GPT-3.5 Turbo model with a zero shot prompt (asking the model

to directly identify a racial covenant); specifically, the gpt-3.5-turbo-1106model.29 The input prompt

we used can be found in Appendix D.

Second, we test a few-shot approach with the GPT-3.5 Turbo Model, where two examples of correctly

annotated racial covenants are additionally included in the prompt.

Third, we finetune an open LLM for the racial covenant detection task. Given the scale of the racial

covenant task, the reliance on an open model poses particular potential benefits: we are able to take

advantage of our full labeled training data and the cost of running inferencemay be substantially lower

than paying per API request for GPT.We used Mistral 7B as a base model, then the state-of-the-art open

LLM for its size (Jiang et al. 2023). We finetuned the model with low-rank adaptation (LoRA) (Hu et al.

2021) at 16-bit precision on a single A100 80GB GPU. Our custom model was trained on 80% of our

annotations; the remainder (739 pages30) was used to evaluate all of the detectors described in this

section. The prompt template used for finetuning can be found in Figure D1.

For each of our LLM detectors, we also compute a confidence score for the model’s classification:

confidence D softmax.w/yes

wherew D [wyes,wno] are the logits for the �yes� and �no� tokens.We empirically determined that a 75%

confidence threshold resulted in the best performance for the LLM detectors; the evaluation results

shown in Section 5.1 are computed based on that threshold.

4.3 Racial Covenant Span Recovery
In order to operationally integrate model output for county recorder and counsel review, it was

important to pinpoint the racial covenant on the page image, not just in the OCR text. We hence

develop an approach to plot a bounding box around the racial covenant provision on a deed page. Our

29 At the time of the work described in this paper (mid-2024), the two most capable general-purpose LLMs were GPT-4
and GPT-3.5 Turbo, both closed models offered by OpenAI. As GPT-4 would have been much more expensive for the scale of
the task, see Section E, we excluded it from evaluation.

30 During the evaluation process, we discovered a small number of duplicate pages in our dataset and excluded them
from evaluation; 739 pages is therefore slightly less than 20% of the total dataset.
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Figure 4. Example of location information in a 1916 property deed. Crucially, we can extract the name of the map
which depicts the property, as well as the book and page number on which the map appears. Other useful data,
such as the names of the parties and the exact date on which the deed was recorded, can also be extracted.

OCR system provides us character-level positional metadata for each page, allowing us to compute a

bounding box for any substring of the text.

In practice, LLMs prompted (or trained) to return an exact span of input text do not always do so, and

instead return text with minor variations. This is especially true for text with severe OCR artifacts. To

solve this problem,we implement a fuzzymatching algorithm to identify the span of text in a deed page

closest to the LLM’s output. First, we break the deed text into chunks with a sliding window of size equal

to the length of the LLM output. Then, we tokenize each chunk into trigrams and compute the Jaccard

similarity between each chunk’s tokens and the tokens of the LLM’s output. Finally, we select the span

with the highest similarity and apply simple heuristics to align the span to sentence and paragraph

boundaries.

4.4 Geolocation
One of the major contributions of existing crowdsourcing efforts lies in the geographic characterization

of racial covenants. Such geolocation information is important for understanding patterns of housing

development, segregation, and mobility, and is hence also important for empirical research on and

historical understanding of racial covenants. For instance, testing the long-term effects of covenants

on housing segregation requires understanding which properties were and were not subject to racial

covenants.

Unfortunately, the County’s pre-1980 microfilm deed records do not contain structured data, such

as ownership information, present-day location, or parcel numbers. The initial perception by all parties

was that resolving deed records to present day geolocationwould be near impossible without significant

manual effort.

As Figure 4 shows, however, the text of older deeds does contain some limited information about the

location of the properties in question. This text is difficult to parse, referencing, for instance, a �Map

[that] was recorded : : : June 6, 1896, in Book ‘I’ of Maps at page 25.�

By extracting these textual clues and cross-referencing them against multiple administrative

datasets from the County’s Surveyor’s Office, we show that it is possible to recover the location of

individual properties to the tract level (several blocks) formost properties. This is particularly significant

as county recorders have engaged surveyors for custom projects to conduct such geo-referencing.

Our pipeline for geolocating properties consists of several steps:

1. Information Extraction: We use a few-shot prompted LLM (gpt-4o-mini) to extract key geo-

graphic information from the OCR text, including the name of the referenced map, book number,

page number, and other relevant details such as mentioned street names.

2.MapMatching: We cross-reference the extractedmap information against a list of maps published

by the Santa Clara County Surveyor’s Office. Individual maps typically encompass a single

developer’s subdivision, usually the size of a city block. This step involves fuzzy matching the

extractedmapname against the names in the spreadsheet to account for OCR errors and variations

in naming conventions. The Surveyor’s Office records provide exact book and page numbers for

each map, as well as scans of the (often hand-drawn) maps themselves.
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Table 2. Page-level precision, recall, F1, and span-level BLEU score for each racial covenant detector,
with 95% Wilson score confidence intervals for precision and recall.

Model Precision Recall F1 BLEU

Keyword Matching 0.913 (0.889, 0.930) 0.971 (0.955, 0.980) 0.941 -

Fuzzy Matching 0.992 (0.982, 0.996) 0.898 (0.873, 0.917) 0.943 -

GPT Zero-Shot 0.993 (0.982, 0.996) 0.771 (0.738, 0.799) 0.868 0.787

GPT Few-Shot 0.926 (0.904, 0.942) 0.961 (0.944, 0.973) 0.943 0.773

Mistral Finetuned 1.000 (0.995, 1.000) 0.994 (0.984, 0.997) 0.997 0.932

3. Geospatial Lookup: Using the verified book and page numbers, we query the Surveyor’s ArcGIS

system to retrieve the precise geographic location of a given map. This system contains geospatial

data for many historical maps, allowing us to pinpoint the location of the property in question.

4.Manual Augmentation: For cases where the ArcGIS system lacks coverage, we conducted manual

research using scans of historical maps available at the Surveyor’s office. We focused on the most

frequently occurring maps not found in the digital system, manually determining their present-

day locations to enhance our dataset’s coverage.

While not exhaustive, this approach allows us to construct a granular picture of the geographic

distribution of racial covenants over time, down to at least the level of individual neighborhoods. It

also enables us to identify which developers and individuals were instrumental in their proliferation.

The resulting dataset allows for a rich analysis of spatial patterns of restrictive covenants and their

potential long-term impact on residential segregation in Santa Clara County.

5. EVALUATION

We evaluate model performance using standard classification metrics on our evaluation set, which

comprises 739 pages of human-annotated deeds from Santa Clara County.We also compare this against

the resources required to run the model across the full dataset of Santa Clara County deeds. We find

that a finetuned open model (Mistral) outperforms all other methods.

5.1 Evaluation Metrics for Detection
To assess models’ abilities to detect racially restrictive covenants, we compute page-level precision,

recall, and F1 and span-level BLEU scores (Papineni et al. 2002) (on the model’s reproduction of the

exact span of the racial covenant) on our evaluation set.

These are calculated on an evaluation set of 739 pages of deeds, which were held out and not used

for training. Roughly 7 in 10 of the pages in our evaluation set contain a racial covenant. By contrast, our

best-performing detector found that fewer than 2 in 1000 deeds in the full 7.2 million deed collection

contain one.

AB 1466 requires that county counsel review every provision to be redacted, so high false positive

rates (or low precision) can quickly become burdensome. Meanwhile, a high false negative rate (or low

recall) would mean that some racially restrictive covenants are missed by the system.We use the BLEU

score to assess the overlap between the annotated racially restrictive covenant and the identified text.

If the BLEU score is low, this may mean that the identified text span doesn’t neatly overlap with the

annotated text span. Alternatively, it may mean that the language model �hallucinated� information

that wasn’t in the original document (Magesh et al. 2024; Rohrbach et al. 2018).

5.2 Results for Detection
Effectiveness of Detection. Table 2 shows a summary of our evaluation.

First, we find that the finetuned Mistral model uniformly performed better than all the other

detectors across all metrics that we examined. Importantly, the Mistral model is able to identify more

racially restrictive covenants than any other method (recall of 99.4%), while never, in our evaluation

set, misidentifying other text as a racially restrictive covenant (precision of 100%).31 We also find that

31 We note in Section 6, however, that at deployment time we ran additional manual review and identified some false
positives in out-of-distribution documents, such as the example shown in Figure 5, bottom left.
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Figure 5. False positive and false negative predictions from each detection approach considered in our study.
These examples show typical OCR errors present in our pipeline.

the finetuned Mistral model mitigates �hallucinations� that are found in other language model-based

approaches.

Second, keyword-based detectors exhibited a range of errors, illustrated in Figure 5. For keyword

matching, lower OCR quality meant that some racial covenants would be missed due to racial terms

beingmisspelled. Conversely, terms couldwrongly appear within amisspelledword, causing a high false

positive rate of 28.9%. The regular expression-based fuzzy matching detector addressed some of these

challenges and the false positive rate between the two dropped from 28.9% to 2.2%. However, the lack

of understanding of context, for both of these approaches, resulted in more significant errors overall.

Third, off-the-shelf language models exhibited only modest improvements, if any, over keyword

matching. The initial GPT 3.5 Turbo detector with zero shot prompting had a false negative rate of 22.9%,

likely due to the lack of similar language or tasks in the training data. Few-shot prompting provided the

model withmore examples of racial covenants. This reduced the false negative rate to 3.9%,but the false

positive rate increased to 23.9%. The majority of false predictions from the few shot model appeared to

be �hallucinations,� as evidenced by the lower BLEU score.

Efficiency.We then compare the costs of the different approaches for processing all 7.2 million Santa

Clara County documents, as seen in Table 1.32 Due to the immense volume of property deeds owned by

the county, we estimate that manual review,while likely effective, would take 86,667 hours of paid labor

for a single individual to complete exhaustively. That kind of reviewwould have required an enormously

expensive undertaking, making it nearly impossible to implement AB 1466 in a timely manner. Recall,

for instance, that Los Angeles is contracting with a vendor for $8M to complete the task over a seven

year period.

By contrast, our finetuned Mistral model can process 7.2 million pages for less than $400 of compute

costs on any commodity cloud provider. Consider the cost comparison to closed models. While an off-

the-shelf languagemodel like GPT-3.5 Turbo shows promising performance in a few-shot setup, running

it across the County’s entire collection would cost 50 times as much (more than $18,000 compared to

$356).33

These comparisons illustrate a significant performance and cost-advantage to open models in this

context.

5.3 Evaluating the Geolocation Pipeline
Due to the resource-intensive nature of validating our geolocation pipeline, we conduct a smaller-

scale sample review.We sample 50 geolocated documents and manually verify correctness.Within this

sample, we did not identify any misidentified geolocations, but it is possible that there are errors. Any

discussion of specific locations in this work, however, are manually verified.

6. AI-DRIVEN REDACTION IN OPERATIONAL PRACTICE: SANTA
CLARA COUNTY AND BEYOND
As we show above, our pipeline is able to identify racial covenants in typewritten property deeds with

near-perfect precision and recall. Even so, putting such a system into production in a government

32 Please refer to Appendix E for a detailed resource comparison of each approach.
33 See Appendix E.
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context requiresmore than an accuratemodel. For redaction efforts to be effective at scale, government

agencies and researchers must address a number of additional considerations, including technical

questions about deployment and process considerations about how to integrate the model into existing

workflows.

To guide future redaction efforts, we discuss here our approach to these issues in Santa Clara County,

and how municipalities can use our system for their own redaction efforts. Second, we make available

a self-contained implementation of our pipeline, including components for OCR, model inference, and

result reporting.

Prerequisites. The primary prerequisite for AI-driven redaction is that property records must be

digitized. While the records need not be converted to text�our pipeline handles OCR�they must at

minimum exist as digital image scans that can be processed in bulk. In some jurisdictions, historical

records may exist only as physical documents or on microfiche cards, which would require an initial

digitization effort before a system like ours could be applied. In addition, records must be accessible

in bulk�in some cases, we found, jurisdictions had digitized records accessible only via a proprietary

cloud-based system operated by a private vendor.

Scalability. Deploying such a system at scale requires more than just accurate predictions - it

demands a robust technical infrastructure for document processing, batch inference, and result

reporting. We address these challenges through a comprehensive pipeline that handles OCR text

extraction, efficient batch inference, and result reporting.The pipeline is packaged as aDocker container

that can be deployed on any system with sufficient GPU resources. The modular design of our pipeline

ensures resumability in case of interruptions and provides detailed logging for monitoring and auditing.

This implementation is available at https://github.com/reglab/rrc-pipeline and can be deployed on

both commodity cloud providers and on-premise hardware with sufficient GPU resources.34 In our

assessment, the pipeline can be run on a jurisdiction’s data by any information technology professional,

without the need for specialized software development or machine learning expertise.

In Santa Clara County, we used this pipeline to process 7.2 million pages of deeds. The most

computationally intensive component was OCR processing, which required 294 hours on 4 A100 GPUs.

Validation. To validate our model’s performance, we spot-checked deeds with identified RRCs from

the 7.2 million page set. Unlike our evaluation, we found a small number of false positives in the 1960s

and 1970s�our evaluation dataset has documents from many different time periods outside of Santa

Clara, but our Santa Clara County evaluation documents were exclusively pre-1940s.

One example of how the temporal shift led to the emergence of false positives are so-called �fair

housing� covenants. Several false positives from the 1970s stipulated the opposite of a racial covenant:

citing the Fair Housing Act of 1968, these provisions explicitly banned discrimination on the basis of

race. Because our fine-tunedmodel was never exposed to any similar language in training, it incorrectly

flagged the discussion of racial restrictions as a racial covenant, particularly in documents with poor

OCR quality.35

However, we observed that the model was well-calibrated: more than 90% of these later-period

false positives had a prediction confidence score of below 75%, while no known true positives did. We

therefore set a minimum confidence threshold of 75% in preparing our final results.36

To ensure that our results were sufficiently precise, we randomly sampled 200 positive predictions

from our final results.We observed two false positives; the precision on the full dataset can be estimated

with a 95% confidence interval of 96.4% to 99.7%.37

Finally, for any specific covenants that we discuss,wemanually review to ensure that identification is

correct. Additionally, over 5,200 of the identified covenants have already received confirmation through

attorney review.

Information Security and Control. Technology procurement has long been a major pain point for

government (Kelman 1990; Pahlka 2023). Strict security requirements, lack of technological expertise,

34 We tested our pipeline on systems with (a) a single NVIDIA RTX 3090 GPU and (b) four NVIDIA A100 GPUs. We expect
thatwith the pipeline can be run on awide array of hardware configurations using optimizations such asmodel quantization,
albeit with performance and speed tradeoffs.

35 One such covenant read: �Fair Housing: No owner shall, either directly or indirectly, forbid or restrict the conveyance,
encumbrance, leasing, mortgaging, or occupancy of his unit to any person of a specified race, color, religion, ancestry, or
national origin.�

36 As an additional heuristic, we also filtered any covenant which contained the phrase �fair housing� on the assumption
that these were likely to be false positives similar to the example in note 35.

37 These figures are calculated using the Wilson score interval for binomial proportions.
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Figure 6. This workflow diagram depicts the multi-step process undertaken by the Restrictive Covenant
Modification Program (RECOMP) in Santa Clara County Clerk Recorder’s Office to identify, review, and remove
RRCs from real property deeds. The process begins when CRO locates a deed with potential RRCs and checks for a
digital copy. If none exists, the original deed is scanned and uploaded to the County Cloud. CRO highlights
unlawful language and submits the document to the County Counsel (CC) for review via DocuSign. Based on CC’s
review, the redaction may be approved, corrections may be required, or the request may be rejected. If approved,
RECOMP proceeds with the redaction, records, indexes, and verifies the document. The final version is then logged
and uploaded for accurate and up-to-date recordkeeping.

and extensive procurement requirements have made technology adoption in the public sector difficult

(id.).

AI systems magnify these challenges. The alternative models we evaluate�GPT-3.5 Turbo, and GPT-

4 Turbo�are both �closed-weight� models developed by OpenAI. These models can only be accessed

through APIs hosted by OpenAI or its partners. For many agencies, providing OpenAI or another

AI vendor access to millions of documents�potentially sensitive information�raises security and

compliance concerns. And when a proprietary model vendor chooses to deprecate old models�as is

common (OpenAI 2024)�agencies may find themselves locked out of critical functionality.

Beyond the significant cost savings and accuracy improvements compared to closed-weight alterna-

tives that we show in Section 5, our use of an open model allows for easy deployment on any suitable

cloud or on-premise hardware.38 Wemake available our fine-tunedMistralmodel under theMIT license,

which allows use in perpetuity without restrictions. Because the system can be deployed in-house

without external dependencies, agencies can bypass lengthy procurement processes typically required

for third-party AI services.

Responsible Integration with Santa Clara County Workflow. Our longer-term partnership enabled

working closely together to consider responsible integration of machine learning output. Figure 6

presents the baseline operationalworkflow for how theCounty Recorder and theCounty Counsel offices

approached the Restrictive Covenant Modification Program (RECOMP). Our model essentially took the

time-consuming search steps 1�3 and automated them. After that, the county recorder reviewed the

results and delivered them to the County Counsel for approval of redaction, per statutory requirement

under AB 1466. All redacted provisions were retained, as required.

Our partnership enabled us to identify the most time-consuming task (search) and test the benefits

of AI assistance. The academic team ensured the evaluation of performance, and the County team

reconfigured its operational processes to integrate themodel output. One key principle is that AI is used

solely in aid of the statutorily required human review, ensuring that any redactions meet the county

counsel standard for an RRC.

Application Beyond Santa Clara County. Since the completion of our work with Santa Clara County,

we engaged numerous other jurisdictions to apply our detection system. For instance, our team has

partnered with the City and County of San Francisco, the County of Yolo, and researchers at the

University of Nevada (Reno’s Racist Covenants Research Project) to identify racial covenants (University

of Nevada, Reno 2024).

While this work is ongoing, we have found that the system performs robustly across different

jurisdictions and document formats, consistent with our evaluation metrics on deeds from Texas, Ohio,

and Pennsylvania.We have found that no further fine-tuning is necessary for themodel to achieve high

performance in these new contexts.

38 Other research has documented similar knock-on benefits of open-source and open-weight AI systems (Bommasani
et al. 2023; Kapoor et al. 2024). Bisht and Roberts (2025) surveyed technical leadership at major companies, finding lower
implementation costs and greater adaptability for open AI systems compared to proprietary ones.
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7. THE EVOLUTION OF RACIAL COVENANTS IN SANTA CLARA
COUNTY

Overall, our findings illustrate how machine learning can support the implementation of redactions,

while unearthing historical discrimination in a more granular fashion.

7.1 Geographic Distribution
From 1907 to 1974, we identified roughly 8,600 deeds that the County recorded containing racial

covenants. Our geolocation pipeline, described in Section 4.4, is able to identify the tract-level locations

of 81.9% of properties with racial covenants. Figure 7 plots the locations of properties subject to racial

covenants, with dots proportional to the number of covenants in each tract. Figure 8 depicts the spread

of racial covenants throughout the County over the first half of 20th century.

Prior to 1920, racial covenants were a highly concentrated phenomenon in Santa Clara County. The

overwhelming majority of covenants were attached to properties located in modern day Palo Alto and

San Jose. The two largest racially restricted developments in the County at this time were the University

Park and Stanford University Villa tracts, both developed with the creation of the Stanford university

(lower left panel of Figure 7).39

Racial covenants became dramatically more common across the County during the 1920s and 1930s.

During this period, racially restricted properties became more diffuse, and it became increasingly

common for individual sellers to insert discriminatory provisions on sale of their property. 1925 also

saw the first use of a racial covenant at San Jose’s Oak Hill Cemetery � then publicly owned by the

City of San Jose (Rhoads 2018) � which would go on to sell at least 50 burial plots for the sole use of

�the human dead of the Caucasian race� (lower right panel of Figure 7).40 The fact that the city of San

Jose owned the cemetery, with racial covenants on burial deeds, complicates conventional historical

accounts of racial covenants as marking the shift from discrimination by state action to by private

action.41

One rural community in the Santa Cruz Mountains known as Redwood Estates accounts for 771

covenants, nearly 10% of all found in the County.With a 1940 population of less than 4,200 individuals,

it is likely that the entire town was covered by racial restrictions.42

After 1948, we find that use of racial covenants precipitously declines, first with the onset of World

War II (potentially due to a decline in new construction) and later with Shelley.

7.2 The Role of Developers
Our analysis also shows that a small number of developers were responsible for the vast majority of

racial covenants. For instance, ten developers appear responsible for roughly a third of covenants. Part of

the explanation here lies in the growth of the Santa Clara County population during this period, nearly

tripling in population from 1920�1950. Developers played a prominent role in the construction of Santa

Clara County (and, in turn, Silicon Valley), converting agricultural land into residential neighborhoods.

Thomas A. Herschbach, for instance, was a prominent developer and builder of numerous subdivi-

sions around San Jose, described laudably in historical volumes (April Hope Halberstadt 1997). When

the Stone Church of Willow Glen Presbyterian ran out of funds, Herschbach, the builder, donated the

roof (id.). Yet not told in these volumes is the fact that Herschbach was single-handedly responsible

for 169 deed records with racial covenants. In the new Palm Haven subdivision that he developed in

39 See, e.g., Stanford University: Some of the Building to be Opened for the Next Fall Term, The Evening News, Feb. 8, 1889,
at 3.

40 In 1933, the Oak Hill Cemetery was sold to a private party, though it continued to sell racially restricted burial plots
for more than a decade thereafter. The cemetery, now known as the Oak Hill Memorial Park, continues to operate to this day
(Rhoads 2018).

41 Since the late 1800s, the city had chartered and contracted with the Oak Hill Improvement Company and the Oak Hill
Cemetery Association to operate the cemetery. Burial deeds were hence sold from the Association, while the city retained
control of the land until the 1933 sale. See Cemetery Affairs: City May Sue Oak Hill Improvement, The Evening News, Jan. 22,
1900, at 1. This anticipates questions of when a private business is sufficiently connected to government to be deemed a
state actor. See, e.g., Burton v.Wilmington Parking Authority, 365 U.S. 715 (1961).Notably, in 1900, several Chinese associations
purchased land adjacent to Oak Hill, where Chinese were not allowed to be buried, to create a Chinese Cemetery. See https://
thebpog.org/chinese-american-cemetery/.

42 According to the 1940 decennial Census, the population of �Redwood Township�, the enumeration district which
included Redwood Estates, was 7,822. Excluding the town of Los Gatos, the remainder of the township’s population was
4,225. While a population estimate for Redwood Estates alone is not available, several other rural communities existed
within the township (including 96 racial covenants filed outside Redwood Estates), implying an upper bound of less than
4,200 people (Census and Bureau 1942).
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Figure 7. Top: Clusters of racial covenants on a map of modern-day Santa Clara County. Some of the largest and
most notable racially restricted developments � discussed in this section � are shown in red. Bottom left: Racial
covenants in south Palo Alto and Mountain View. Bottom right: Racial covenants in downtown San Jose. Dots
represent individual subdivisions and are scaled in proportion to the number of racial covenants within the
subdivision.

the years before Buchanan, advertisements bearing his name described the development as �the most

beautiful homeplace in San Jose,�with a picture of six evidently white children playing in a sandbox, and

touting a price lower than �other restricted districts� (see Appendix H).43 In the years of development,

43 Sunday Mercury and Herald, May 4, 1913, at 8.
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