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Figure 1: Overview of our LLM-assisted pipeline for detecting potentially discriminatory laws in ~9M law sections across
9,623 local jurisdictions. We identify and cluster laws mentioning differential treatment of protected categories, flag key
attributes—whether laws are facially discriminatory, lack a remedial purpose or accommodation, impose unjustified burdens,
or use demeaning language—and rate nearly 10,000 as high priority, e.g., poll taxes.

Abstract

Legal reformers, for repeal campaigns and litigation, identify dis-
criminatory laws through painstaking manual searches. This ap-
proach has proven effective at the federal and state levels, but
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becomes infeasible for local law owing to its scale. We make three
contributions. First, we assemble the largest corpus of U.S. local
codes and charters, spanning 9,623 jurisdictions and covering ap-
proximately 75% of the U.S. population. Second, we introduce a
large language model (LLM)-assisted pipeline that combines (i)
high-recall candidate identification with (ii) soft legality ratings,
prioritizing provisions for human review. We detect laws that ex-
plicitly reference protected categories and impose group-specific
treatment, and apply few-shot, chain-of-thought prompting to as-
sign priority ratings for expert review. We find that this framework
(1) achieves high recall (0.91) and precision (0.91) on a held-out,
curated validation set of historical and expert-identified laws, but
(2) is less reliable in drawing substantive assessments of antidis-
crimination law compared to human reviewers. Third, we show
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that this system uncovers a wide range of discriminatory provi-
sions, including poll taxes, race and gender-based voting rules,
gendered occupational restrictions, and citizenship-based licensing
exclusions. Together, these results demonstrate the potential of
LLM-assisted workflows to scale review and reform of local law.
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Natural language processing.
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Warning: This paper includes offensive, derogatory, and outdated language
from local laws.

1 Introduction

Why do facially discriminatory laws persist in local codes for
decades? In 2010, a Florida resident encountered a racial slur em-
bedded in Palm Beach County’s online code, where it had remained
since 1959 [66]. In Nevada, a 1917 “sundown” ordinance barring
Indigenous people from town after 6 p.m. stayed in place for more
than fifty years [60]. Across local jurisdictions, laws that from their
plain meaning appear discriminatory can sit untouched. Sometimes
the explanation why is mundane: no one looked.

When researchers do search for discriminatory laws, typical
keyword searches and manual review are time-consuming and
produce uneven results. In the 1950s, Pauli Murray compiled over
700 pages of segregation laws—a volume Justice Thurgood Marshall
called the “bible” of Brown v. Board—but only through demanding
review constrained by the limits of printed legal indexes [54, 62].
In the 1970s, Ruth Bader Ginsburg co-led the U.S. Commission on
Civil Rights’ effort to excise sex bias from federal law, but relied
on a federal database of only 59 gender-related keywords [74]. In
the 2000s, Professor Gabriel Chin cataloged vestigial Jim Crow
laws, prompting removals in several states, while acknowledging
that his team missed unusually phrased laws [16]. As recently as
2019, a Virginia commission tasked with identifying sixty years’
worth of facially discriminatory laws succeeded largely by brute
force, mobilizing law students from three universities, staff from
the governor’s office, practicing attorneys, and a sitting judge [2].

The scale of local law makes surveys rare; one scholar describes
comprehensive review across thousands of cities as “practically im-
possible” [23]. Yet local laws govern consequential matters: who can
vote, who can work particular jobs, who can attend which schools,
and who can be detained or punished. Systematic review of these
codes would offer a road-map for litigation and reform. Litigators
could identify jurisdictions where suspect classifications exist and
where residents may not realize that a restriction is legally suspect.
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Even when a law has no attached legal consequence, residents may
wish to see laws expressing outdated or discriminatory sentiments
removed.

We assess how large language models (LLMs) can scale this
review process. We propose a pipeline designed to focus expert
attention on provisions where discriminatory intent is evident from
the text itself. We focus on overtly discriminatory language that
reviewers can quickly assess, excluding facially neutral laws with
discriminatory effects. We apply this pipeline to local codes in
two stages: identifying candidates, which removes irrelevant legal
sections, then rating risk levels, an interpretive screen which prior-
itizes candidates for review. In the first stage, we arrive at a set of
sections that reference protected categories and impose differential
treatment using conventional natural language processing (NLP)
methods, few-shot prompting, and embedding-based clustering.
Dictionary methods and topic modeling further help flag explicit
slurs and group sections by subject matter. In the second stage, we
use LLM-generated reasoning to rate sections for priority review.

We make three contributions:

o Corpus. We assemble a novel corpus of local codes and char-
ters spanning 9,623 jurisdictions and covering an estimated
75% of the U.S. population, roughly three times the next
largest reported collection.

e Method. We introduce an LLM-assisted pipeline to priori-
tize local laws likely to be discriminatory or offensive and
demonstrate that the pipeline can reduce approximately nine
million sections to 9,980 high-priority candidates, a 99.9%
reduction making legal review tractable. For the highest-
priority stage, when evaluated against human raters, the
pipeline achieves 0.89 recall and 0.47 precision, with fair
inter-rater agreement (Cohen’s x = 0.31). These results are
consistent with our design choice to prioritize recall over
precision at the final stage. We characterize model-human
disagreement patterns (legal ambiguity, historical terminol-
ogy, deference to governmental interests) to inform future
refinements.

o Substantive findings. We document discriminatory provisions
across areas of law, including Jim Crow and pre-suffrage
holdovers, such as segregated schools, literacy tests, poll
taxes, and male-only voter eligibility. We further identify po-
tentially suspect and more contemporary citizenship-based
occupational licensing restrictions across over 1,600 juris-
dictions which govern 49 million residents. We inventory
offensive language, including ethnic slurs, anachronistic ter-
minology, and references to bygone practices such as min-
strel and “freak” shows.

These findings provide a starting place for further legal research
and reform across U.S. local jurisdictions.

2 Background

This study builds on two strands of scholarship. First, computa-
tional legal scholarship increasingly supports statutory analysis but
faces challenges on interpretive legal questions. Second, legal schol-
arship on local law identifies structural reasons why discriminatory
provisions arise and stay on the books, suggesting the problem
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may be widespread. Together, these point to an opportunity for
large-scale, LLM-assisted review.

2.1 Computational Methods for Statutory
Interpretation

Computational methods offer tools for narrowing the set of laws
requiring expert review. Traditional NLP approaches like lexical
dictionaries and embedding-based clustering can flag terminology
or group provisions by subject matter [25, 30]. More recent work de-
velops and evaluates LLMs for semantic processing and reasoning
across qualitative and legal settings [63, 64, 82]. Applied to statutes
specifically, LLM-assisted approaches have shown promise in legal
retrieval and reasoning tasks, including finding state and local laws
[71], identifying racially restrictive covenants in property records
[4], analyzing state unemployment schemes [35], classifying mu-
nicipal zoning regulations [10], and general statutory reasoning
tasks [11, 22, 32, 39].

Yet fewer studies focus on LLMs’ capacity for interpretive analy-
ses like assessing a provision’s legality. Here, generative interpreta-
tion poses distinct challenges. LLM prompting begins by translating
a concept into concrete criteria the model can apply, but legal con-
cepts are often “ambiguous or contested by experts” [45]. This
labeling task exhibits what Guerdan et al. call rating indeterminacy:
even with identical instructions, reasonable annotators may dis-
agree with one another, or even with themselves over time, about
whether a provision counts towards a contested definition [31].
How well classifiers match human judgments, therefore, depends
on how precisely the task is defined [34, 61, 72]. Developing that
specification is itself a costly research problem [33], and in legal set-
tings, even when annotators review many examples together, they
may continue to disagree [72]. Conversely, under-specified tasks,
such as zero-shot prompting, defer discretion to the model, risking
errors that are hard to detect downstream [34]. Technical choices,
including model selection and prompt design, further pose engi-
neering problems that can meaningfully affect generative statutory
interpretation outcomes [18, 29, 37, 77].

For these reasons, scholars have proposed generative interpreta-
tion as an assistive tool rather than a replacement for legal judgment
[29, 59]. Coan and Surden suggest that constitutional analysis in
particular benefits from “focused queries” where attorneys rea-
son alongside model outputs on narrower questions [18]. When
researchers engage with model outputs in the style of grounded
theory or qualitative content analysis, LLM-assisted interpretation
offers additional benefits. Iterative review of topics and labels can
help refine the research task [55, 64], and computational approaches
can surface legally relevant concepts that reviewers might other-
wise miss but recognize as relevant once flagged [80]. LLMs’ broad
parametric knowledge and multi-step reasoning can support legal-
ity assessment, reaching beyond the four corners of a provision to
consider relevant real-world context. Our approach builds on these
insights. We develop an LLM-assisted pipeline through iterative
prompt design, with authors reviewing outputs over the course
of project conceptualization and providing few-shot examples in
prompts.
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2.2 Why Do Discriminatory Local Laws Persist?

Local lawmakers operate with limited budgets, little or no dedi-
cated legal staff, and minimal outside oversight [23, 24, 81]. Most
Americans are governed by part-time local lawmakers[24, 81]. Local
legislatures can be unrepresentative of the populations they govern,
increasing the risk of “noninclusive legislation” that excludes polit-
ical or demographic minorities [24]. Yet local lawmakers are often
on the front line of hot-button social conflicts and may translate
political disputes into politically-charged rules. These conditions
create multiple pathways for discrimination to enter and remain in
the code: some jurisdictions discriminate deliberately, while others
retain discriminatory language inadvertently.

Over time, such enactments can sediment into a kind of policy
sludge. Legal scholars describe these provisions as “dormant,” “dead,”
or “zombie” laws, and even when unenforced, they pose risks [9,
12, 26, 28, 41, 44, 65, 70, 79]. They can misfire when precedent
shifts, muddy the legal landscape by creating ambiguity about legal
obligations, and communicate outdated moral judgments through
law’s expressive function.

Local jurisdictions do occasionally review their codes, with such
efforts often taking one of two forms: wholesale recodification
oriented toward modernizing the code, or targeted reforms aimed
at discrete issues, like unnecessarily gendered language [27, 42, 50].
These efforts reveal how rarely codes get sustained attention; as
Contra Costa County discovered in its review of gender-specific
pronouns, the code had not been changed in parts since 1970 [46].

Absent code revision, cities improvise. Some pass blanket ordi-
nances that sweep changes across the code without revising indi-
vidual sections. In Norwalk, Connecticut, for example, an official
explained that the city pursued a “universal change” by revising
a definition because it was more cost-effective than review [14].
Other cities turn to residents: Portland runs a hot-line for reporting
discriminatory language in local ordinances [5]. Such inventive
responses offer only partial fixes and place the onus on ordinary
citizens to research legal provisions.

That jurisdictions infrequently review their codes reflects, among
other things, the basic difficulty of searching thousands of legal
sections. This difficulty helps explain the growing role of third-
party code publishers, who offer services to flag obsolete provisions
[3, 6, 17, 75]. As more jurisdictions rely on these vendors to host
and maintain their codes, these providers become key access points
for local law.

3 Data

No central clearinghouse exists for local codes. Though some ju-
risdictions still require an in-person visit to city hall to consult
the official code [1], fortunately, many others publish their codes
online, either on their own websites or through third-party codifica-
tion providers. Scholars who have reviewed these codes to describe
local regulations [51, 56], theorize about their origins and effects
[36, 47, 52, 53], and analyze them as legal text [8, 21] have, with
good reason, generally focused on a single state, policy area, or
small set of cities. To study legal complexity, Ash, Goessmann, and
Naidu gathered LexisNexis’ complete collection, some 3,259 legal
codes [8]. Because discriminatory provisions make up only a small
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Figure 2: Geographic distribution of jurisdictions by code
providers in our corpus. Provider coverage varies regionally,
with more CivicPlus (teal) use in the South and more ICC
(purple) in the Northeast. The number of mapped jurisdic-
tions is fewer than in our corpus (see Appendix A).

fraction of local codes, we assemble a dataset nearly three times
larger to ensure sufficient coverage.

We collect local laws from two major providers, the International
Code Council (ICC) and CivicPlus, which publish codes for thou-
sands of jurisdictions through various online portals. We scrape and
parse codes, yielding a dataset of local codes and charters for 9,623
jurisdictions. These jurisdictions account for about 25% of all "lo-
cal governments," a category that includes any “city, county, town,
township, village, or other general-purpose political subdivision,”
which typically possess their own legislative authority [73, 81].
Although 25% is a minority of jurisdictions by count, coverage is
concentrated in larger and more populous places. We estimate that
the jurisdictions in our dataset govern approximately 75% of the
U.S. population. We report detailed coverage statistics in Appendix
A.

For each jurisdiction, we parse the code into their sections, often
identified by a code’s section headers (e.g., § 50-31). Though we
collected these codes in late 2025, not all codes are up-to-date;
for example, some jurisdictions host PDFs which lag behind their
corresponding web versions.

4 Methods

We develop a multi-step, LLM chain-of-reasoning prompting ap-
proach to identify, cluster, and rate provisions that are likely to
be discriminatory or offensive. We use Google’s family of mod-
els, Gemini, based on relative cost and other considerations (see
Appendix Table 7).

4.1 Identifying References to Protected
Categories and Differential Treatment

We prompt a smaller LLM, Gemini-2.5-Flash, to label all provisions

that reference one of eight federally-protected categories, or prox-

ies for such: race, religion, sex/gender/sexual orientation, marital
status, national origin/alienage/ancestry, genetic information, age
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(40 and over), and disability or medical condition [19]. We also
prompt to determine whether each provision involves differential
treatment, which we define as the assignment of distinct rules, re-
quirements, accommodations, or definitions to specified groups. We
further instruct the model to produce explicit reasoning to justify
each classification (see Appendix B.1). Because labeling our full
dataset is costly, we first label a 40% sample of sections and train a
TF-IDF logistic-regression classifier to screen the remaining sec-
tions for protected-category references. By setting the classification
threshold to achieve 99.5% recall on a held-out set, we filter 17% of
the corpus before labeling the remainder (see Appendix C).

4.2 Clustering Provisions by Treatment

We then use Instructor [68], an instruction-tuned embedding model,
on the text of the LLM-generated reasoning to cluster provisions
identified as involving differential treatment. We prompt the model
to create embeddings for provisions according to two dimensions:
the protected categories referenced and the type of treatment. We
embed the reasoning rather than the statutory text because in-
dividual laws can address multiple topics; reasoning text better
isolates the treatment of protected categories (see Appendix E). We
then apply k-means clustering to the resulting embeddings. We test
different values of k, balancing the need for clusters that capture dis-
tinct kinds of law and cohere together (as measured by high mean
cosine similarity) against the need for clusters large enough that
removing them shrinks the set of laws needing review. From each
cluster, we sample 20 laws and use Gemini-2.5-Flash to generate a
descriptive label summarizing the form of treatment represented
within the cluster.

Two authors then manually review the resulting clusters, eval-
uating cluster labels and the statutory text of selected provisions
across all protected categories. We exclude clusters whose under-
lying legal content does not align with our analytical criteria (see
Appendix E), including clusters that reflect legislative accommoda-
tions or remedial efforts (see Appendix Table 4). We retain clusters
recommended by at least one author. We document our prompt,
review criteria, and examples of removed clusters in Appendices B
and E.

4.3 Rating Discriminatory Risk Levels

Antidiscrimination law is contested territory. Different theories—
anticlassification versus antisubordination—and different legal ap-
proaches can support distinct arguments about whether a provision
passes constitutional muster. We therefore generate a diverse set
of signals and aggregate them into a priority rating fitting our goal
for review.

4.3.1 Discriminatory Attributes. In this step, we classify whether
provisions exhibit features indicative of discriminatory treatment
in the absence of a recognized justification.

We instruct the LLM to assess whether each provision exhibits
any of the following features: (1) explicit facial discrimination,
defined as the express identification of a protected or otherwise
identifiable group coupled with a differential treatment such as
a ban, exclusion, or denial of fundamental rights; (2) absence of
a remedial or sovereignty-based justification; (3) lack of accom-
modation or affirmative action intent; (4) unjustified classification,



Hidden in Plain Text: LLM-Assisted Detection of Discriminatory Local Laws

whereby a provision burdens, excludes, or privileges a group in a
manner not necessary to the legitimate regulatory function at issue;
and (5) demeaning or historically oppressive framing, including
language or structures that mirror historically exclusionary legal
regimes. We instruct the LLM to indicate whether each criterion is
present and to provide supporting reasoning for its determinations
(see Appendix B.4).

4.3.2  Soft Legality Rating. Next, we use a more capable LLM, Gemini-
2.5-Pro, to rate provisions identified as having unjustified classi-
fications from the previous step. We prompt to assess whether a
provision satisfies, violates, or presents an ambiguous case under
the Equal Protection Clause or federal anti-discrimination law, and
to provide supporting sources, including relevant Supreme Court
cases.

We set up two prompts to capture uncertainty in legal interpre-
tation. One prompt steers the model to prefer the ambiguous label
when legal precedent is weak or indeterminate. The second prompt
asks the model to more readily distinguish between “violates” and
“satisfies” determinations. We provide different few-shot examples
to each model in order to steer their judgments towards our own
assessments (see Appendices B.5 and B.6). We combine assessments
between the two prompting strategies to produce an overall pri-
ority rating of provisions (see Appendix Table 2). We caution that
LLM-assisted statutory interpretation is an area of active research;
accordingly, we use the rating with due skepticism.

4.4 Offensive Language

To identify provisions containing offensive language, we use two
complementary strategies: searching for laws with potentially of-
fensive words and labeling laws directly. For offensive terms to
search, we construct a candidate list by gathering all unigrams and
a sample of bigrams from the corpus, and prompt an LLM to label
the words which are potentially offensive. We further supplement
from public lists of offensive terms. We search all potentially of-
fensive terms, then prompt an LLM to label the matching laws as
offensive or not. Second, to cover offensive language not captured
by the one or two-word phrases in the first approach, we gather a
sample of provisions which an LLM labels directly. Further details
are available in Appendix B.7, B.8, and G.

4.5 Evaluation

We evaluate two distinct tasks: (1) whether the model correctly
detects provisions that explicitly reference a protected category
and encode group-specific treatment and (2) whether our pipeline’s
priority ratings align with human judgments about what warrants
legal review.

4.5.1 Validating Candidate Identification Using External Sources.
We build out our validation set using three external lists and our
own purposive sampling of state and local law. The first list consists
of laws that discriminate against persons with disabilities. Over 100
legal historians and scholars assembled this list in their amici curiae
brief for Board of Trustees of the University of Alabama v. Garrett
(2001). The scholars catalog 398 examples of state statutes, session
laws, and constitutional provisions from the late nineteenth cen-
tury through 2000 which they argue are discriminatory [40]. The
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second list contains state-level same-sex marriage restrictions from
two sources: (i) a Wikipedia compilation and (ii) a Congressional
Research Service aid [20]. The third list is an expert-labeled train-
ing set of Jim Crow laws in North Carolina session laws between
1866 and 1967, assembled by University of North Carolina (UNC)
researchers [38]. The UNC team, as part of a machine learning
project to identify Jim Crow laws, constructed the dataset from
foundational legal bibliographies, including Pauli Murray’s, and a
random sample of laws reviewed by hand.

To supplement these lists, we purposively sampled additional
laws using dictionary searches, embedding-based searches, and
web searches, then drew our final validation set from the combined
pool, yielding 259 laws. These laws consist of positive and negative
examples, span 45 states (all states excluding Illinois, Iowa, Ken-
tucky, Rhode Island, and Virginia) and Puerto Rico, and include
laws with differential treatment based on socioeconomic status.
Because sustained legal attention at the local level is limited, the set
consists mostly of state statutes and does not overlap with our local
code corpus. We use the same prompting, instructions, and output
format on this set as in the main pipeline. We discuss the tradeoffs
of validating a local-code pipeline against state statutes and provide
the distribution of protected categories within the validation set in
Appendix D.

Using this set, we report precision and recall for correctly identi-
fying laws which differentially treat protected categories. Because
a single legal section can reference multiple protected categories, a
section may contribute both true positives and false positives. The
model flags sections correctly when the model identifies at least
one correct category-treatment pair in a section (see Appendix D).

4.5.2  Validating Risk Ratings Using Pipeline Output. For the risk
rating task, we perform two separate validations for robustness.
First, we take our previously assembled validation set of exter-
nal sources, draw a 20% stratified sample ensuring representation
across all protected categories, and produce human and LLM labels
following Section 4.3. For the discriminatory attribute detection,
we report the proportion of agreement for each attribute. For the
soft legality rating, we compute the proportion of laws for which
human annotators agree with the LLM output along three dimen-
sions: (1) whether the cited legal reference exists and is relevant
to the provision; (2) whether the model accurately interprets the
referenced case law or legal holding; and (3) whether annotators
agree with the model’s assigned priority rating. Second, we con-
struct an additional validation set by sampling 306 provisions rated
by our pipeline. We stratify our sample across risk ratings (HIGH-
/MED/LOW) and by legal topic. Our pipeline functions as triage
for human review, so we evaluate its alignment with annotator
judgment. We measure inter-rater agreement on priority labels
(Cohen’s k) and characterize Type I and Type II errors.

5 Findings

The pipeline reduces a corpus of over nine million provisions to
a tractable set for expert review. Of those provisions, it classifies
933,047 (9.8%) as referencing protected categories and 455,673 (4.8%)
as imposing differential treatment based on those categories. Within
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this subset, the pipeline flags nearly 10,000 provisions as high pri-
ority. Below, we describe the discriminatory laws and offensive
language these high-priority flags surface, then turn to validation.

5.1 High Priority Discriminatory Laws

Our approach rates as high priority nearly 10,000 laws, spanning
myriad domains and all federally-protected categories, as illustrated
in Table 1 and Appendix Table 6. We highlight striking examples
below.

First, 70 years after Brown v. Board of Education (1954), we
still find provisions mandating racial segregation. Memphis,
Tennessee’s Charter provides for “separate schools for the use and
accommodation of the white and colored youths of the City...” (Charter
§ 1000) While shocking, this finding is consistent with findings of
state laws by Gabriel Chin [16].

Second, we find numerous provisions imposing race-based
voting restrictions. For example, poll taxes have long been held
unconstitutional, with Harper v. Virginia State Board of Elections
(1966) finding that wealth-based discrimination for voting violates
the Equal Protection Clause. However, Valparaiso, Florida, provides:
“No person shall be permitted to vote [without] pay[ing] ... poll taxes.”
(Charter § 4). A similar race-based restriction remains in Carrollton,
Georgia, which requires that “[The clerk] shall keep...separate lists
of white and colored voters, who are entitled to vote in said city...”
(Charter § X).

Third, we uncover an extensive set of provisions expressly

barring non-citizens in occupational licensing. As Calvo-Friedman

discusses [15], courts have largely treated alienage-based licens-
ing requirements as unconstitutional. Alienage classifications are
subject to strict scrutiny, Graham v. Richardson, 403 U.S. 365 (1971),
and states may not condition professional licenses on citizenship,
see, e.g., Bernal v. Fainter, 467 U.S. 216 (1984) (notary public); In re
Griffiths, 413 U.S. 717 (1973) (attorney), absent a narrow exception
for positions involving democratic self-governance, see, e.g., Foley v.
Connelie, 435 U.S. 291 (1978); Ambach v. Norwick, 441 U.S. 68 (1979)
(both upholding citizenship requirements for public employment).
Yet we find a myriad of restrictions in occupations far outside the
bounds of recognized exceptions. Non-citizens may be prohibited
from operating businesses such as go-cart tracks; bowling alleys;
taxi or limousine services; bus or tow truck companies; casinos;
pawnshops; used car dealerships; hotels; bars; arcades; dance halls;
cabarets; massage parlors; jewelry shops; tattoo studios; boarding
houses; and private investigator agencies, to name a few. These
laws exist across over a thousand jurisdictions (see Table 1).

Fourth, we identify a wide range of laws discriminating
on the basis of sex or gender. These laws include provisions
restricting voting eligibility to men (City of Opp, Alabama Charter
§ 5), as well as gender-segregated employment, such as a local code
in Massachusetts specifying the composition of a police department
as “not less than 85 and not more than 113 patrolmen, a matron
of police, [and] two police women” (City of Holyoke, MA, Code
§ 50-31). Some of these provisions may have begun as reformist
efforts to expand women’s role in society [13], but are now leftover
artifacts, illustrating the interpretive complexity we return to in
our analysis of model-human disagreement.
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Finally, we identify provisions that likely conflict with
federal age discrimination law. For example, one Pennsylvania
city requires that: “All employees, except elected officers, eligible for
full pension hereunder, shall retire at the age of 70 years.” (Hazle-
ton, PA § 90-6) Because of how broadly this provision sweeps, it
likely violates the Age Discrimination in Employment Act, which
prohibits mandatory retirement.

Table 1: Examples of discriminatory provisions appearing
in local codes and charters available online. J indicates a
lower bound on the number of jurisdictions featuring each
provision type; R indicates number of residents living in
those jurisdictions. More examples are provided in Appendix
Table 6.

Type J R Example

Racial segregation 15 1.8M “The town council shall have the power to enact or-
dinances...... providing separate cemeteries for
white and black” (Smithfield, NC, Charter § 37)

Race or gender- 29 101k “Voters... shall consist of all male persons of the

based voter age of twenty-one and upwards” (Opp, AL, Charter §

eligibility 5)

Race-based voting 18 189K “No person shall be permitted to vote [without]

restrictions pay[ing]... poll taxes” (Valparaiso, FL, Charter §
4)

Gender-based 19 400k “It shall be unlawful... to use indecent or obscene

indecent language language in the presence... of any woman or child”

restrictions (Walled Lake, MI, Code § 50-157)

Women-only 50 2.6M “The police department shall consist of... patrol-
police roles men... a matron of police, two police women”
(Holyoke, MA, Code § 17-16)

Citizenship-based 1.6k 499M  “No [junk dealer] license shall be issued... if the
occupational applicant is... an alien” (Alameda County, CA, Code
licensing § 3.48.060)

5.2 Offensive Language

Our pipeline flags 30,584 provisions as containing potentially of-
fensive language. We note two caveats before presenting examples.
First, “offensive” is a broad and contested category; some terms
flagged by our pipeline have been reclaimed by the communities
they once targeted or remain contested within them. Second, some
flagged provisions contain language that is demeaning but does not
operate against a protected category, while others may expressly
target specific communities.

Some provisions (see Table 2) contain explicit slurs or derogatory
labels which often also evidence histories of exclusion. For example,
the corpus includes ordinances referencing “gypsies” and “gypsy
cunning”—a pejorative exonym for Romani people—within pro-
visions restricting fortune-telling, an occupation associated with
Romani communities, and thereby targeting that community. We
also identify repeated use of the word “Dago,” a term historically
directed at Italian immigrants and Italian Americans, appearing in
our corpus in reference to “Dago bombs”, a type of firework.

The persistence of this language reflects the uneven pace of
code revision. In the 1980s, California cities acknowledged copy-
ing anti-Romani references from neighboring jurisdictions’ codes;
while some like Los Angeles moved to revise their ordinances, the
language remained in others, such as Arcadia [78]. A parallel pat-
tern appears with model codes: officials removed “dago” from the
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National Fire Prevention Code in the 1980s [43], but despite its
national-level removal, over 100 local provisions in our corpus still
contain the term.

Table 2: Sample of local laws with offensive language.

City Law

Parkersburg, “No circus, show or street carnival shall be licensed which has any
wv gypsy fortunetellers or fortunetellers of any kind, or gypsies con-
nected therewith in any manner.” (Code § 713.01)

Houston, “The City of Houston shall have power... to restrain and punish

TX vagrants, mendicants, beggars and prostitutes” (Code § 16)

Lewisburg, “Each person, desiring to conduct... a circus, menagerie, carnival,

OH sideshow, musical or minstrel entertainment, or exhibition of
monsters or freaks of nature... shall first obtain a license” (Code §
A7.204)

Euclid, “Every person... housing... invalids, children, aged persons or indi-

OH viduals adjudged... as feeble-minded, insane, lunatics, imbeciles

or idiots, shall... comply with all the laws of the State” (Code § 753.13)

Texarkana, “The term ‘disability’...does not apply to an individual because... that

TX individual is a transvestite.” (Code § 16.3)

Linn “Skin type: III. Skin reactions...: Burns moderately and tans about
County, average. Examples: Normal average Caucasoid.” (Code Appendix B)
IA

Additionally, some provisions rely on terminology that was once
treated as technical or descriptive but is now widely recognized as
outdated or inaccurate, including: “feeble-minded,” historically used
to describe individuals presumed to lack intelligence; “transvestite,”
a stigmatizing term; and “Caucasoid,” an obsolete, unscientific racial
classification.

The corpus also contains references to historically discrimina-
tory social practices embedded within statutory text. Examples
include ordinances regulating “minstrel shows,” which are racially
caricatured performances, as well as references to exhibitions of
“monsters” and “freaks of nature,” phrases historically used to de-
scribe individuals with disabilities or unique physical traits in a
dehumanizing manner. Additionally we surface laws with archaic
and charged terminology such as “buggery” for sodomy. Other
provisions employ language which marginalizes and polices per-
ceived moral deviance, including statutes penalizing “beggars,” or
“vagrants.”

5.3 Validation using External Sources

Our prompting approach demonstrates strong performance in iden-
tifying provisions involving protected-category-based differential
treatment. The model achieves an overall recall of 0.91 and an over-
all precision of 0.91 for identifying provisions involving differential
treatment based on protected categories. In addition, 98.8% of pro-
visions containing protected-category-based differential treatment
are correctly flagged by the model. When restricting evaluation
to provisions in our validation set that were drawn from existing
datasets (excluding those obtained through manual searches), per-
formance is comparable: recall is 0.90, precision is 0.91, and 98.3% of
provisions containing protected-category-based differential treat-
ment are correctly identified.

We find that Gemini-2.5-Flash’s classifications of discriminatory
attributes in this validation set exhibit strong alignment with human
annotations (see Appendix Table 5). Additionally, we find that 91.6%
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of the provisions that the model classified as satisfying all five
discriminatory criteria are either unconstitutional or in violation of
federal anti-discrimination law. In addition, among the validation
set provisions evaluated, 98.0% of model interpretations include
cited legal references that annotators find relevant to the form of
treatment described in the provision. For 90.2% of provisions, the
model’s interpretations of the cited authorities reflect, in general
terms, the underlying legal holdings. Finally, we agree with the
LLM-generated HIGH/MED/LOW ratings for 96.1% of provisions.

5.4 Validation Using Pipeline Output

Among flagged provisions, how well do LLMs fare in making sub-
stantive assessments under antidiscrimination law? Compared with
human annotations, the pipeline is over-inclusive in flagging provi-
sions as discriminatory (see Figure 3): it labels 64% of provisions as
high priority, compared with 34% under our human annotations.
Correspondingly, agreement on the binary high-priority classifica-
tion is fair (x = 0.31).

For provisions labeled as high priority by human annotators,
the LLM achieves high recall (88%). However, its precision is sub-
stantially lower (46%). Annotators judged more than half of the
provisions the model flagged as high priority to be ambiguous or
defensible. This reflects our design choice; we tuned the pipeline
to prioritize recall so that fewer discriminatory provisions escape
human review.

Model performance varies considerably across substantive clus-

ters. Certain clusters—most notably those involving explicit citizenship-

based restrictions—exhibit near-perfect precision and recall, reflect-
ing strong alignment between the model and human annotators.
Agreement is substantially lower in clusters related to gender, where
the model frequently assigns high-priority labels to gendered lan-
guage that does not impose substantive differential treatment.

We also observe signs of distributional shift between the vali-
dation set and the provisions surfaced by the scaled pipeline. This
observation suggests that the broader corpus contains a larger share
of legally ambiguous provisions than we could source in our vali-
dation set; given the wide range of topics in local law, anticipating
every edge case in advance is difficult.

The value of our pipeline, then, lies in surfacing provisions for
review rather than in rendering substantive legal assessments. By
reducing the corpus by roughly three orders of magnitude, the
pipeline makes human review tractable, leaving the interpretive
work of applying antidiscrimination doctrine to reviewers.

5.5 Model-Human Disagreement Patterns

Type I Error: Constitutionally suspect under other doctrines. In
our evaluation sample, the model flags as HIGH priority a Wood-
bury, Georgia charter provision empowering the mayor to prohibit
“the pursuing of one’s ordinary avocation or labor on the Sabbath”
(Charter § 19) and a City of Chapin, South Carolina, law prohibit-
ing “cults, masked faces or organizations practicing discrimination”
(Code § 14.1003) from assembling. Human raters instead assigned
these provisions MEDIUM or LOW priority, reasoning that while
constitutionally suspect, these were primarily First Amendment
concerns rather than Equal Protection violations. This disagreement
likely stems from under-specification in our prompt: we instruct the
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Pattern
mm LLM & Human agree
V4 LLM & Human don't agree

Low HIGH

. R 4%

E—

88%

36%
21%

(n=126) (n=76) (n=104)
Human Annotation

Figure 3: LLM and human priority agreement. Solid fills indi-
cate the proportion of human classifications at that priority
level which the LLM classified similarly; hatched segments
show unaligned annotations.

model to analyze provisions “under the Fourteenth Amendment”;
the model reasonably interprets Fourteenth Amendment analysis to
include incorporated First Amendment rights, while human raters
apply the narrower Equal Protection lens our study intends.

Type I Error: Historical terminology misinterpreted as discrimina-
tory. The model sometimes misreads historically contingent lan-
guage as discrimination. A 1931 Paulsboro, New Jersey ordinance
regulating “Shows and Exhibitions” requires permits for merchan-
dise sales by “persons commonly known as fakirs.” (Code § 64-3)
The model assigns HIGH priority, reasoning that “fakir” references
religion and therefore implicates religious classification. Human
raters instead assign LOW priority, interpreting “fakir” in its his-
torical context as a period term for street-show performers, rather
than a regulation targeting Muslim religious practice. These errors
illustrate how archaic terminology may produce false positives.

Type II Error: Deference to governmental interests. These Type II
errors occur when the model accepts an offered government justifi-
cation too readily and assigns a lower priority to provisions that
may still warrant scrutiny. For example, in evaluating a Puerto Rico
law stating that “the Authority may only issue pilot licenses to natu-
ral persons, citizens of the United States, of age, and of good repute,”
(Code § 2404) the model reasons that citizenship requirements may
fall within the political-function exception. It concludes that harbor
pilots “exercise significant discretionary authority and responsibility
for public safety and commerce” and therefore lowers the provi-
sion’s priority. This reasoning under-emphasizes the breadth of the
exclusion; it is not obvious that all licensed harbor pilots qualify
under the model’s reasoning. In such cases, the model’s deference
to plausible governmental justifications can de-prioritize provisions
that merit closer human review.

6 Discussion

We present a structured pipeline for aiding in what to date has been
done by intensive, manual work: crafting the litigation blueprint for
civil rights. Our results reveal significant promise for LLM-assisted
detection of potentially discriminatory laws to scale review and
reform.

Bateyko et al.

We focus on antidiscrimination law, but a similar approach ap-
plies to other surveys where initial filtering can rely on textual
features and irrelevant clusters are easy to spot. Antidiscrimination
law suits this approach well. First, the field has increasingly turned
toward the principle of anticlassification—the idea that the law may
not classify people by protected categories—which, with attention
to doctrinal subtleties, makes potential violations tractable to flag
through textual methods. Second, when a survey’s criteria focuses
on what laws do, clustering on that dimension makes the legal
question at hand clear for further research. Our survey fits this
pattern. For example, one cluster contains laws requiring litigants
to self-fund English interpreters in legal settings; on further re-
view, we found the Obama-era Department of Justice Civil Rights
Division identified the practice as inconsistent with the agency’s
expectations under Title VI of the Civil Rights Act [57]. Surveys
that hinge on specific wording, by contrast, may not cluster as
cleanly.

We acknowledge several limitations. First, some might object
that many of these provisions may not be in effect. Indeed, while
we exclude provisions annotated as repealed, some laws may signal
repeal in other ways, such as placement in a historical section of
the code. Our pipeline may miss these rare indicators. Additionally,
the laws may simply be not in practical effect at all. This may be
true, but we surface large numbers of provisions (e.g., citizenship
restrictions in licensing) that some jurisdictions have encountered
and recently moved to repeal. For example, Highland Park, Illinois,
removed its citizenship requirement for liquor licenses in 2026 after
a non-citizen applicant raised the issue [67]. Even if not practiced,
laws have an expressive function [7, 69] stigmatizing groups in
ways that conflict with the promises of equal protection.

Second, our analysis operates at the section level rather than
the code level. We evaluate provisions without regard for cross-
references to other sections that may supersede or otherwise qualify
a provision’s apparent meaning [39, 48]. While this design choice
enables our large-scale analysis, it risks overstating the legal effect
of provisions that cities have constrained elsewhere in the code.

Third, our approach does not capture discrimination expressed
through facially neutral language. As lawmakers increasingly avoid
overtly discriminatory terms, explicit exclusions have often given
way to what Sofia Martos describes as “coded codes”—statutes that
appear neutral on their face while achieving discriminatory ends
in practice [49]. For example, cities in the 1990s and 2000s targeted
undocumented migrants using trespassing and anti-solicitation
ordinances, with courts later striking down those applications as
unconstitutional [76]. Our analysis also does not reach to discrimi-
natory enforcement.

Finally, we show that LLM capacity to make substantive legal
assessments remains limited. Constitutional law evolves, sometimes
dramatically. That said, the fluidity and uncertainty of the doctrine
is also what poses challenges to human reviewers in prioritizing
provisions. As Susannah Pollvogt observes, “the central challenge
of equal protection jurisprudence is not to account for prejudices
already apparent to us...but for those that today seem natural,
familiar, and fair” [58].

Regardless, the search problem, especially for local law, has
stymied code cleanup efforts for decades. We show that in one
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important domain—antidiscrimination law—modern Al systems
offer considerable promise.

Generative Al assistance

We used ChatGPT and Claude for assistance with editing and for
supporting scripting tasks (e.g., automating PDF parsing quality
checks; assisting with crosswalking place names to Census data;
stylizing graphics and figures).
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