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Abstract

Bringing more transparency to the judicial system for the pur-
poses of increasing accountability often demands extensive
effort from auditors who must meticulously sift through nu-
merous disorganized legal case files to detect patterns of bias
and errors. For example, the high-profile investigation into
the Curtis Flowers case took seven reporters a full year to
assemble evidence about the prosecutor’s history of select-
ing racially biased juries. LLMs have the potential to auto-
mate and scale these transparency pipelines, especially given
their demonstrated capabilities to extract information from
unstructured documents. We discuss the opportunities and
challenges of using LLMs to provide transparency in two im-
portant court processes: jury selection in criminal trials and
housing eviction cases.

Introduction
The criminal legal system is known to be structurally bi-
ased in ways that amplify existing patterns of social in-
equality (Appleman 2016; Hetey and Eberhardt 2018; Hin-
ton, Henderson, and Reed 2018). However, most evidence
of this state of affairs comes from the diligent work of re-
porters and researchers, with particularly egregious cases
receiving additional scrutiny (Craft 2018; Cohen and Yang
2019). More transparency is needed at scale and over time
across all components of the criminal legal system. While
such transparency may or may not uncover illegal actions,
regular audits are known to improve adherence to standards
by discouraging improper behavior through implied over-
sight (Raji and Buolamwini 2019). Legal structures such as
malpractice claims, the Department of Justice’s Office for
Professional Responsibility, and more recently, prosecuto-
rial conduct committees, are in place to monitor these bi-
ases. But these avenues fail to impose consequences for bi-
ased behaviors, largely because they are unable to uncover
and process the documents that detail biased conduct. In this
work, we argue that a substantial opportunity exists for AI
systems to automate and scale existing transparency mech-
anisms, which could allow lawyers and academics to more
rapidly conduct audits and address injustices.

There are a number of challenges to automating parts of
the existing data-driven transparency mechanisms. First, le-
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gal documents are difficult to access due to a lack of cen-
tralization and digitization. Clerk’s offices hold onto printed
casebooks until they reach their expiration date; while the
information is available to the public, accessing court files
often requires going to courthouses, pulling relevant files,
and manually scanning them. A second concern is the dif-
ficulty in processing the varying types and formats of data
the legal system collects. In criminal proceedings, most state
courts require some kind of record keeping such as court
transcripts, but documentation requirements vary from state
to state, and the data is non-standard and incomplete in a va-
riety of ways. Even within a jurisdiction, court data is largely
unstructured and often poorly annotated and logged; build-
ing technologies robust enough to handle such high variance
is a challenge. Even the digitization of court documents into
machine-readable formats remains a technical problem, es-
pecially given that some documents contain handwritten in-
formation.

A key example of this data-driven transparency is an audit
of jury selection done by journalists working on the Amer-
ican Public Media (APM) Reports podcast “In The Dark,”
who spent a year gathering and analyzing court records from
1992 through 2017 in the Fifth Circuit Court District of Mis-
sissippi (Craft 2018). With this data, APM was able to un-
cover patterns of discrimination in a series of trials that cul-
minated in a man’s exoneration and the resignation of a dis-
trict attorney (Pettus 2023). According to one of the lead re-
porters, it took a team of seven people almost a year to pro-
cess the court documents into a dataset for analysis (Craft
2018). The process consisted of showing up with a scanner
to each courthouse, going through each courthouse’s docket
book and writing down the names of each trial, then pulling
the relevant case files. The team then spent months extract-
ing the relevant data about jury selection from the case files
of every trial. Researchers who conducted a similar audit in
North Carolina concluded that the difficulties in data acces-
sibility and processing leave “no vantage point from which
one might see the whole of jury selection, rather than the
selection of a single jury” (Wright, Chavis, and Parks 2018).

Large language models (LLMs) have the potential to auto-
mate and scale transparency mechanisms given their promis-
ing information extraction capabilities. LLMs have been
shown to extract information from many kinds of docu-
ments, such as full-length novels (Chang et al. 2023), elec-
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tronic health records (Van Veen et al. 2023), and financial
documents (Kim, Muhn, and Nikolaev 2024). A growing
area of research explores using LLMs for processing legal
documents as well. However, the majority of these works
focus on automating information extraction tasks performed
by lawyers, such as contract review (Hendrycks et al. 2021),
case summarization (Ash et al. 2024), and legal reasoning
tasks (Guha et al. 2024).

Our work is one of the first to explore using LLMs for
transparency in two important court processes: jury selection
in criminal trials and housing eviction cases. Specifically, we
make the following contributions:

• We highlight the opportunities for LLMs to automate un-
structured document extraction tasks that constitute cur-
rent transparency mechanisms in each domain.

• We evaluate LLM performance across some of these
tasks and surface several challenges, such as the various
capabilities needed and nuanced sources of error.

• We spotlight the need for both legal and technical in-
vestments to make automated transparency and auditing
mechanisms more feasible.

Related Work
The incredible proliferation of data-driven technolo-
gies across the US criminal legal system is well-
documented (Barabas 2020; Wang 2018). These technolo-
gies have mostly prioritized the risk management of crimes,
and work from the algorithmic fairness community has
largely focused on ensuring these risk management tools sat-
isfy technocratic notions such as accuracy and fairness (Berk
et al. 2021; Brayne 2017; Chouldechova 2017; Goel et al.
2021). Our work aligns with those who call to reimagine
how AI systems are used in legal contexts. Specifically, as
several works have pointed out, a more substantive under-
standing of what it means for AI to benefit carceral con-
texts would go from ensuring the measurement of defen-
dants’ pathologies and deficiencies are “fair” and “accurate”
to serving decarceral ends. As Chelsea Barabas further de-
scribes: “an abolitionist re-imagining of AI in criminal law
would require shifting away from measuring criminal behav-
ior and towards understanding processes of criminalization,
from supporting law and order towards increasing com-
munity safety and self-determination, and from surveilling
risky populations towards holding accountable state offi-
cials” (Barabas 2020).

Only a few studies have explored using LLMs for ac-
countability or transparency in the legal domain. Chien and
Kim (2024) focus on the potential for LLMs to make legal
processes and information more accessible to low-end con-
sumers. Specifically, they developed a GPT-powered chat-
bot to extract information on Arizona’s eviction rules and
provide guidance to users on eviction forms and proce-
dures. Pereira et al. (2024) investigate the ability of GPT-
4 to streamline the processing of Brazilian audit cases. In
a pipeline similar to ours, they start with raw case docu-
ments and attempt to determine the allegations made as well
as the legal admissibility and plausibility of the case. While
they hope to assist audit courts in speeding the processing of

cases, we differ in our goal of providing transparency into
court cases after their resolution. We contribute a novel ap-
plication of LLMs for automating transparency mechanisms
for how cases are adjudicated.

Case Studies
In this section, we provide case studies of two important
court processes with a history of biased and exploitative
practices. We describe how transparency mechanisms in
each domain rely on the manual analysis of numerous un-
structured court documents in order to highlight the oppor-
tunities for LLMs to potentially help audit for bias.

Jury Selection
Jury selection plays a central role in ensuring the fair and im-
partial administration of justice in criminal trials. However,
the process has come under scrutiny for its opacity and im-
plicit biases in which jurors are selected. Transparency into
jury selection requires the analysis of long court transcripts
and handwritten jury strike sheets, which LLMs could po-
tentially help process.

Background. In the US, the process of narrowing down a
pool of potential jurors, or the venire, to the final list differs
slightly across different jurisdictions and courts. However,
the core procedure centers around the process termed voir
dire. Initially, potential jurors are randomly sampled from
a state’s voter and motor vehicle registration lists. These
potential jurors then proceed through the voir dire process,
where they answer a verbal questionnaire administered by
the judge or counsel that aims to determine if jurors are im-
partial and capable of sitting on the jury for that case. Attor-
neys from each side of the case may ask questions such as if
any health issues could potentially stand in the way of serv-
ing on the jury, if the potential juror has any pre-existing ties
to the criminal justice system, and if the potential juror holds
any preconceived notions or biases about the case type.

While voir dire is intended to remove jurors who could
be biased regarding the case, the process leaves doubts as to
why jurors are struck. In a criminal trial, either the prosecu-
tor or the state defense can strike a juror for cause or through
peremptory strikes. Strikes for cause require a legal basis for
a juror’s dismissal to be provided to the judge, such as know-
ing the defendant or an inability to effectively communicate
in court. Alternatively, peremptory strikes allow each side
to dismiss a certain number of jurors without reason unless
specifically questioned by the court.

Exploitative Practices. The format of peremptory strikes
creates an easy loophole for biased strikes and jury manip-
ulation (Baker et al. 2022; Bennett 2010). In the landmark
1986 Batson v. Kentucky case, the US Supreme Court ruled
that peremptory strikes could not be used to exclude a poten-
tial juror solely on the basis of race, and later the ruling was
extended to include gender and sexual orientation as well.
But the burden falls on the opposing party to raise a Batson
challenge, which requires the suspected party to provide a
race- and gender-neutral reason for why they struck the ju-
ror. Moreover, these challenges are often ruled unsuccessful
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by judges when prosecutors provide vague reasons such as
low intelligence, which are actually “race-neutral” ways to
strike people of color (Bennett 2010; Baker et al. 2022). For
example, a prosecutor in the American Public Media (APM)
dataset gave the following reason for striking a black male
from the jury: “He has an earring in his ear. I do not like to
keep jurors, male jurors that wear earrings” (Craft 2018).

The infamous Curtis Flowers v. Mississippi trials (2000-
2010) are a canonical example of the extent to which bias
in jury selection can completely upend a case outcome and
thus an innocent person’s life. Flowers was tried six times
for murder, four of which resulted in convictions and the
death sentence. These dispositions were later overturned
by the Supreme Court, with the ruling citing a “relentless,
determined effort to rid the jury of black individuals” by
Doug Evans, the prosecutor in the cases (US Supreme Court
2019). Flowers’ case does not stand in isolation – the Grov-
eland Four in 1949 faced a similar outcome when two inno-
cent black men received death sentences and one other was
sentenced to life in prison for a crime they did not commit.
Again, the all-white jury that the prosecutors selectively as-
sembled resulted in a case outcome that only years later was
overturned for racial bias. More recently, peremptory strikes
against female and Jewish jurors in death row cases have
come under question as instances of illegal bias, which could
lead to more high-profile overturned convictions (Goggin
2024; Arango 2024).

Transparency Mechanisms. Audits conducted by jour-
nalists and social scientists can help uncover specific pros-
ecutors and jurisdictions with patterns of implicit bias in
jury selection (Craft 2018; Wright, Chavis, and Parks 2018).
The aforementioned audit of Mississippi criminal trials con-
ducted by American Public Media (APM) Reports found
that prosecutors exercised a disproportionate number of
peremptory strikes against black jurors, striking them at a
rate 4.5 times that of white jurors. Female jurors were also
struck by the prosecution at a rate 1.2 times that of male
jurors (Craft 2018). These findings helped pressure Doug
Evans, the prosecutor in the Curtis Flowers’ case, to re-
sign over broader allegations of racial bias in cases spanning
his 30 years as a Mississippi district attorney (Pettus 2023).
APM’s audit took a team of seven people a full year to com-
pile an aggregated dataset of jurors, whether they were se-
lected or struck, and demographic information over about
305 criminal trials from 1992 to 2017 in Mississippi’s Fifth
Circuit Court District.

Document Extraction Tasks. In APM’s dataset of Mis-
sissippi criminal trials, the jury selection information for
each case is present in either (1) a court transcript of the
jury selection process or (2) a jury strike sheet1. Court tran-
scripts include the voir dire questionnaire process for each
juror, as well as the final jury roll call. Both sections of the
transcript possibly reveal which jurors were chosen and their
gender (based on identifiers like ‘Mr.’ or ‘Mrs.’ and other
pronouns used to refer to them in the transcript). Jury strike

1The raw case files are available at: https://features.apmreports.org/
in-the-dark/season-two/source-notes.html

sheets include a complete list of all summoned jurors as
well as demarcations for who was struck or chosen2. Some-
times, the prosecutor for the case includes handwritten notes
about why a juror was struck and their race and gender, usu-
ally coded as ‘W’ or ‘B’ for White/Black, and ‘M’ or ‘F’
for Male/Female. Other states besides Mississippi mandate
the collection of demographic information from prospec-
tive jurors, which may or may not be included in the case
files (Berkeley Law Death Penalty Clinic 2020). Assuming
the information is present, LLMs could potentially automate
the following extraction tasks from court transcripts, jury
strike sheets, and other case documents:

• Juror Demographic Information: name, race, gender,
and occupation history;

• Trial Information: county, judge, attorneys, offense, and
case verdict;

• Voir Dire Responses: reasons jurors are unable to be im-
partial to a case (ties to or biases about the law enforce-
ment system, inability to communicate, etc.);

• Selected Jurors: whether each prospective juror was se-
lected to serve on the jury, selected as an alternate, or
struck for cause;

• Batson Challenges: whether or not a challenge claim
was made, and by which party (prosecution or defense).

Eviction
Evictions occur when tenants of a rental property are forced
to leave by the landlord, often through a court-based pro-
cess. However, this process may allow landlords to exploit
their power imbalance, especially in lower-income or mi-
nority communities. Transparency into the eviction process
requires the analysis of many different court documents that
are often unorganized and contain handwritten information.

Background. The eviction process varies across US cities
and jurisdictions (Eviction Lab 2018). Most evictions hap-
pen because tenants fail to pay their rent on time. Other rea-
sons for eviction may involve violations of the lease, dam-
ages to the property, or otherwise caused disturbances. Some
cities also allow for no-fault evictions, in which a landlord
seeks to regain possession of the property without claiming
any faults by the tenant.

To start the eviction process, landlords are usually re-
quired to provide written notice to the tenant, commonly
called a Notice to Quit (NTQ). If the tenant does not va-
cate or meet the landlord’s demands, the landlord may file a
lawsuit. In these instances, tenants are served notice to ap-
pear in court, such as through a Summons and Complaint
(S&C) form3. Landlords receive a default judgment to evict
if tenants do not appear in court. If a tenant meets the land-
lord in court, several outcomes could occur – the case may
be dismissed voluntarily or by the court, it could go to trial,
or be resolved through a settlement (Eviction Lab 2018). A
settlement could still involve a move-out agreement, or re-
sult in a move-out later if tenants do not meet certain condi-
2Figure 3 in the Appendix shows example strike sheets.
3Figure 4 in the Appendix shows an example S&C form.
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tions (Summers and Steil 2024). If the court issues an exe-
cution, law enforcement can forcibly remove a tenant.

Exploitative Practices. Several studies have documented
a variety of injustices in the eviction process, and being
evicted can make it considerably more difficult to find future
housing (Desmond and Kimbro 2015). Landlords may ex-
ploit their power imbalance or tenants’ lack of legal knowl-
edge in order to intimidate them during the eviction process.
Because eviction cases usually occur in civil court, where
tenants have no right to an attorney, many tenants do not ap-
pear in court and receive a default judgment if the landlord
is present. In fact, around 70% of tenants do not show up to
court for eviction cases in many major US cities (Desmond
and Kimbro 2015).

Some of these cases may involve no-fault or retaliatory
evictions. No-fault evictions have historically been used to
displace low-income tenants in areas with rent control in
order to gentrify cities (Desmond and Gershenson 2016).
Landlords may also issue retaliatory evictions where they
threaten to evict as a consequence of tenants complaining
about poor living conditions. An exploitative landlord may
also make living conditions so unbearable that a tenant vol-
untarily evicts themselves. Restriction of electricity or heat-
ing access, coercion, or creating a hostile environment fall
under this type of constructive or “self-help” eviction. While
these practices are usually illegal, the burden falls on the ten-
ant to successfully prove this in court. This may be difficult
for tenants who cannot afford counsel or who are otherwise
unable to make a strong case for themselves.

Transparency Mechanisms. Legal academics such as the
Eviction Lab at Princeton University have been able to un-
cover exploitative practices and patterns of bias through vig-
orous data collection and processing efforts. The Eviction
Lab has been at the forefront of transparency work in evic-
tion thus far, combining public eviction records4 with cen-
sus data and proprietary individual records to assemble the
largest dataset covering all 50 US states (Gromis et al. 2022).
Their work has helped to reveal how tenants with children,
with low incomes, or in disadvantaged neighborhoods are
disproportionately affected by evictions (Desmond and Ger-
shenson 2016). Moreover, their case study of Milwaukee’s
inner-city neighborhoods found black renters were twice as
likely to be evicted through the courts than white renters, and
female renters were more than twice as likely to be evicted as
male renters (Desmond 2012; Desmond and Kimbro 2015).

Another academic effort to provide transparency into
evictions is the recent work by Summers and Steil (2024).
They curated a dataset of eviction cases in Massachusetts
through the meticulous process of physically accessing evic-
tion files in the courthouse, scanning them, and then hand-
coding them for analysis. Their work helps bring trans-
parency into the various legal procedural pathways that re-
sult in forced tenant moves once an eviction case is filed. In

4Transparency into evictions can also require documents beyond
court files, such as tenant surveys to uncover informal evictions
or mortgage records to trace connections between landlords under
the same ownership.

particular, they find that move-out agreements are a settle-
ment type often omitted from administrative datasets, yet are
a primary procedural pathway by which tenants are forcibly
moved (Summers and Steil 2024).

Document Extraction Tasks. We summarize the infor-
mation extraction tasks undertaken by Summers and Steil
in order to explore whether LLMs could partially automate
their extensive effort. The case files that they collected in-
cluded the Notice To Quit (NTQ), Summons and Complaint
(S&C), counterclaims from the tenant, court order informa-
tion, and other court documents. These files were often not
arranged in chronological order and needed to be processed
together in order to glean the following information:

• Case Background: address, whether the tenancy was
subsidized, the type of landlord, whether each party was
represented by legal counsel, the type of eviction case
(nonpayment of rent, fault, or no-fault);

• Procedural History of the Case: whether the tenant de-
faulted, whether execution issued, case dispositions;

• Settlement Terms: specific settlement conditions,
whether a judgment was entered in favor of the landlord.

Methods for LLM Experiments
We first discuss the various capabilities that LLMs would
need in order to perform the document extraction tasks in
our case studies. We then describe the subset of tasks that
we test in our experiments for each domain. Our selected
tasks are not meant to demonstrate an end-to-end automated
pipeline. Rather, we explore tasks that we hypothesized to be
feasible using LLMs and that test for different capabilities.
Table 1 lists the prompts for our selected tasks, and Table 2
outlines the capabilities required for each task.

LLM Capabilities
Given how relevant information is presented in documents
and the query format, the following capabilities are required
for extraction.

• Synthesis: The relevant information is present in multi-
ple sections of a document or across multiple documents.

• Inference: Answering the query requires logical or legal
inference from the information in the document(s).

• Non-Categorical Query: The query does not ask for
specific categorical outputs.

• Handwritten Information: The relevant information is
handwritten as annotations in the document.

We focus on the case where LLMs are given machine-
encoded text from documents that have already been con-
verted using an external Optical Character Recognition
(OCR) tool, such as Adobe Acrobat or Microsoft Azure.
Thus, the LLM capability to process handwritten informa-
tion refers to understanding text that may not have been con-
verted perfectly by virtue of it being interspersed with the
printed text or along the margins of the document.
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Task Prompt

Selected Juror
Names

Can you give me the names of the final list of jurors that were selected to serve on this case as a comma-separated
list? Include alternate jurors, if present. Do not output any other text, explanations, or annotations, and make sure
to give the juror names.

Batson Challenges Can you output if there was a Batson challenge claim made by the defense and state respectively? A Batson
challenge happens when a party objects the opposing party’s peremptory challenge on grounds that it was used to
exclude a potential juror based on race, ethnicity, or sex. Output as a comma-separated value with ‘Yes’ or ‘No’
for each of the parties. Do not output any text, explanations, or annotations.

Jury Gender
Composition

Count the number of female and male jurors that were chosen to serve on this case. Female jurors are denoted
using Ms. in the transcript, and males using Mr. Only count jurors that were chosen to serve on the jury or serve as
alternates. Only output the number as a comma-separated list. There should only be 12-14 jurors in total. Do not
output any other text, explanations, or annotations.

Zip Code Can you give me the zip code of the property in this case? Do not output any other text, explanations, or annotations.

Landlord Type Can you give me the type of landlord involved in this case? Output either ‘Corporation,’ ‘Individual,’ or ‘Boston
Housing Authority.’ Do not output any other text, explanations, or annotations.

Landlord
Representation
Status

Can you output if the landlord was represented by a counsel. Representation by counsel is if an attorney signed a
pleading or court document on behalf of the landlord/tenant at any point during the case. Do not output any other
text, explanations, or annotations. If the information is not there, output ‘N/A’.

Case Disposition Can you give me the ultimate case disposition of this case? Output ‘VD’ for voluntary dismissal by the landlord
or both parties, as noted by a Notice of Voluntary Dismissal, a joint Stipulation of Dismissal, or if neither party
appeared at court. Output ‘Default’ for a default judgment, noted by a Judgment of Summary Process By Default
or a ‘Default Judgment’ entered on the case docket sheet. Output ‘Dismissed’ if the case was dismissed by court
order, noted by a court’s Notice of Dismissal, if the plaintiff failed to appear at court, or if the case was dismissed
by a judge by other means. Output ‘Trial’ if the case underwent trial by a judge. Output ‘Settlement’ if a settlement
agreement was reached, noted by a Summary Process Agreement for Judgment. Only output the final case dispo-
sition, by chronological ordering. Do not output the initial judgments. Do not output any other text, explanations,
or annotations.

Execution Issued
& Settlement Type

Can you tell me if this case resulted in the issuance of an execution? An execution happens in four ways. First,
if the case results in a default judgment, noted by a Judgment of Summary Process By Default or a ‘Default
Judgment’ entered on the case docket sheet, an execution must be issued afterwards. Second, if the case results
in a trial that awards the landlord a possessory judgment, an execution must be issued afterwards. If the case
results in a settlement agreement, noted by a Summary Process Agreement for Judgment, there are two possible
pathways. Either the case results in a move-out, where the tenant agrees to vacate the unit on or before a specific
date, followed by an execution. Alternatively, the case results in a civil probationary agreement (CPA), containing
terms providing for reinstatement of tenancy if the tenant complies with specified terms for a specified period of
time, and if a violation of those terms occurs, a motion to issue an execution is filed and granted. In all cases, an
issued execution is noted by an Execution of Judgment for Summary Process or an ‘X Prepared’ entered on the
docket sheet. If a motion to issue is filed, a granted motion may also include comments such as ‘Motion Allowed’
on the document. Output the settlement type (“Move-out” or “CPA”) and whether or not an execution was issued
(“Yes” or “No”) as a comma-separated list. In settlement cases with multiple settlements, only look at the terms
of the initial settlement. If the case is not a default, trial, or settlement case, output ‘N/A’ for both values. Do not
output any other text, explanations, or annotations.

Table 1: Zero-shot prompts for each task.

Jury Selection Experiments
Using APM’s dataset of Mississippi criminal trials (Craft
2018), we focus on the feasibility of automating information
extraction from court transcripts. We test with court tran-
scripts because they could provide transparency beyond jury
selection, and because we found OCR limitations when pro-
cessing jury strike sheets. However, we still limit our anal-
ysis to the 50 cases in APM’s dataset that had a strike sheet
and final jury roll call in the transcript (see Figure 1 for an
example roll call). Focusing on these cases allowed us to
cross-reference the anonymized APM dataset of jurors with
the strike sheet, as well as to test the effect of fine-tuning on
the portion of the transcript with the final jury roll call. We

used Adobe Acrobat’s OCR technology to extract the text
from the scanned transcripts, which ranged anywhere from
15 to 400 pages. We test the following tasks which are re-
lated to those performed by APM, but we structure the juror
name and gender composition tasks so that it is possible to
determine them using only the final jury roll call.

• Selected Juror Names: the names of jurors selected to
serve on the jury (including alternates).

• Batson Challenges: whether or not a challenge claim
was made, and by which party (prosecution or defense).

• Jury Gender Composition: the counts of male and fe-
male jurors selected for the jury (including alternates).
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Task Input Document Synthesis Inference Non-Categorical
Query

Handwritten
Information

Selected Juror Names
Court TranscriptBatson Challenges

Jury Gender Composition

Zip Code
Summons & ComplaintLandlord Type

Landlord Representation Status ∼∼∼
Settlement Type

Various Case Files
∼∼∼

Case Disposition ∼∼∼
Execution Issued ∼∼∼

= capability always required, ∼∼∼ = capability required for some cases, = capability not required

Table 2: Document extraction tasks that we test in our experiments and the corresponding capabilities required to complete
them (based on the court cases in the APM jury selection dataset and the Summers and Steil eviction dataset).

Extracting the selected juror names requires no synthesis or
inference because they are always present at the end of the
voir dire transcript as part of a final roll call by the judge.
Determining whether a Batson challenge occurred during a
case and from which party (prosecution or defense) requires
the LLM to infer what constitutes a Batson violation and
track which party initiated it. Determining the jury’s gender
composition requires both synthesis and inference by know-
ing which jurors were selected, finding their gender (speci-
fied through pronouns or prefixes like “Mr.” or “Mrs.”), and
outputting the final count of female and male jurors.

Eviction Experiments
Using Summers and Steil’s dataset of eviction cases in Mas-
sachusetts, we explore the feasibility of automating a few of
their information extraction tasks. We limit our analysis to
case books from 2013 that include the aforementioned NTQ,
S&C, and other court documents (105 cases). We generated
an abridged version of each case book, removing miscel-
laneous notices, email records, and other pages not func-
tional for our selected tasks. We used Microsoft’s Azure
OCR model5 to extract both the text and the handwritten
components from the scanned documents.

We test the following tasks that represent some of the vari-
ables (or aggregations of variables) coded by Summers and
Steil. For a complete list of variables coded by Summers
and Steil and their legal definitions, we refer to Appendix
A in their cited work. We note that automating the extrac-
tion of zip code and landlord type would not provide addi-
tional transparency as these are often available in adminis-
trative datasets; however, we include them as a baseline for
the other tasks.

• Zip Code: zip code of the property.
• Landlord Type: whether the listed plaintiff is a corpora-

tion, individual, or the “Boston Housing Authority”.

5We originally tried Adobe Acrobat OCR on these documents as
well, but found Microsoft Azure Document Intelligence to have
better performance.

• Landlord Representation Status: whether the landlord
was represented by legal counsel, determined by if an
attorney signed the S&C6 on behalf of the landlord.

• Settlement Type: whether there was a move-out agree-
ment, civil probationary agreement, or no settlement.

• Ultimate Case Disposition: voluntary dismissal, default
judgment, dismissed by court order, trial by judge, or set-
tlement agreement.

• Execution Issued: whether or not an execution to evict
the tenant was issued by the court (and not later dis-
missed).

Determining the zip code requires no synthesis or inference
as it is always present in the address section of the S&C. The
landlord type requires inference from the plaintiff listed on
the S&C. Determining the landlord’s representation status
requires inference from signatory names on the S&C, which
may be handwritten. The settlement type also requires in-
ference from whether there is a clause to vacate the prop-
erty by a certain date, or if there is a clause for reinstate-
ment of tenancy in accordance with specific terms. Deter-
mining the ultimate case disposition and whether an execu-
tion was issued both require parsing through multiple dif-
ferent files within the case book – files such as a “Notice
of Dismissal” or a settlement “Agreement for Judgment” are
often included, indicating the type of resolution the case had.
However, sometimes these files are not included in the case-
book itself, but the disposition is instead handwritten on the
case docket sheet7. Additionally, cases may go through sev-
eral different dispositions over time, making it necessary for
an LLM to be able to synthesize across a chronologically
ordered collection of documents. Detecting an execution re-
quires understanding the different execution pipelines and
distinguishing between motions to issue an execution that
were allowed, withdrawn, or denied.

6Signatures on other forms would need to be checked if the land-
lord received limited assistance representation, but this did not oc-
cur in any of the considered cases.

7Figure 5 in the Appendix shows an example docket sheet.
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Model and Experimental Details
For our main analysis, we use OpenAI’s GPT-4 Turbo
model (gpt-4-turbo-2024-04-09). We use
gpt-3.5-turbo-0125 for our fine-tuning experi-
ments. We evaluate GPT models because prior work
found them to have the best performance in the legal
domain (Guha et al. 2024; Pereira et al. 2024). Our main
analysis also uses a zero-shot prompt structure. Table 1
specifies the exact prompt that we use for each task, which
we arrived at after testing variations on a few documents.
For each court case and task, we conduct five iterations to
account for stochasticity.

Results and Challenges
We find LLMs to have varying performance across tasks
in both domains, and that accuracy is generally worse for
tasks that require more capabilities. Table 3 reports the accu-
racy for each task using zero-shot prompts. The best perfor-
mance is for the tasks that do not require synthesis or infer-
ence (juror names and zip code), which is expected as these
tasks merely demand a simple search and return scheme.
However, performance varies greatly across the more com-
plex tasks. Below, we describe common errors and highlight
task-specific nuances beyond capabilities that cause LLMs
to struggle.

Results for Jury Selection Tasks
Selected Juror Names (81.6% accuracy). We find two
common errors that occur in the cases with an incorrect out-
put. The first is incomplete recall, where the model “forgets”
part of the answer to the task (i.e., some of the names are
missing). The other error is misunderstanding the output for-
mat, such as outputting the juror IDs rather than their names.

Batson Challenges (23.2% accuracy). The legal infer-
ence required for this task may contribute to the low ac-
curacy. In particular, the LLM must know what indicates a
successful Batson challenge and how to distinguish which
party in the court initiated it. We experiment with two-shot
prompting, as we elaborate on below, to facilitate in-context
learning for the legal inference required. There were no ob-
servable patterns of errors for this task.

Jury Gender Composition (3.6% accuracy). This task
had the worst accuracy among jury selection tasks. We hy-
pothesize that one challenge is the synthesis required across
the entire court transcript, as compared to the other jury se-
lection tasks that can be isolated to specific sections of the
transcript. We also observe a more complex failure point for
this task related to understanding transcribed speech. For ex-
ample, sometimes a prosecutor will misread a name and pro-
ceed to correct it, or call the same person twice (e.g., Figure
1). These disfluencies, or breaks and disruptions that occur
in the flow of speech, may cause LLMs to misunderstand
how many male or female jurors there actually are. We also
note that the performance of gender composition is uncor-
related to the performance of extracting juror names, sug-
gesting that the error may stem from complications in the
aggregation step.

Figure 1: Example of a jury selection voir dire transcript ex-
cerpt. We extracted these excerpts of the final jury roll call
in order to improve performance on the tasks of extracting
selected juror names and determining the jury’s gender com-
position. The highlighted text is a disfluency that causes the
model to miscount jurors.

Results for Eviction Tasks

Zipcode (95.8% accuracy), Landlord Type (89.7% ac-
curacy), and Representation Status (71.0% accuracy).
For these tasks, which require only the S&C form, we ob-
serve that the performance decreases as the number of ca-
pabilities required increases. However, the synthesis and in-
ference requirements do not reduce performance as much
as in the jury selection tasks. One likely reason is that the
S&C form is shorter and more structured than a full court
transcript. For zip code, the primary source of error is mis-
understanding the prompt, such as outputting the zip code of
the landlord’s office instead of the property. The main type
of error for landlord type and representation status was the
model failing to find any relevant information.

Case Disposition (94.9% accuracy). LLMs perform sur-
prisingly well in determining the ultimate case disposition.
This is likely because there are usually specific files corre-
sponding to the ultimate disposition (e.g., a “Notice of Dis-
missal” for a dismissed case). A majority of errors come
from cases that do not have these files present and thus re-
quire using the case docket sheet for the final disposition,
where the information may be handwritten.

Settlement Type (88.6% accuracy). While this task does
not require synthesis, the performance is slightly worse than
the case disposition task, which requires both synthesis and
inference. We hypothesize that this is because determining
the settlement type has a higher dependence on handwrit-
ten information than the case disposition in our dataset. The
settlement type almost always has a handwritten component
within the typed settlement agreement form, with cross-outs
and check boxes for additional terms written by the plain-
tiff (e.g., a common format is: □ The tenant agrees to va-
cate on ). We observe worse performance for settlement
agreements with messier handwritten components, suggest-
ing that the errors from the OCR process may propagate to
the model’s inference abilities. We also see errors stemming
from the model failing to classify the case as a settlement
case and thus not extracting any settlement terms.
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Domain # Cases Input Document Task Accuracy

Jury
Selection 50 Full

Transcript

Selected Juror Names 81.6 ± 4.8

Batson Challenges 23.2 ± 5.2

Jury Gender Composition 3.6 ± 2.3

Eviction 105

Summons
&

Complaint

Zip Code 95.8 ± 1.7

Landlord Type 89.7 ± 2.6

Landlord Representation Status 71.0 ± 3.9

Various
Case Files

Settlement Type 88.6 ± 2.7

Case Disposition 94.9 ± 1.9

Execution Issued 68.8 ± 4.0

Table 3: Accuracy with 95% CI by domain, input type, and task. Computed over all iterations (5 per case).

Execution Issued (68.8% accuracy). This task had the
lowest accuracy across all eviction tasks, which we attribute
to several sources. First, determining whether an execution
was issued requires substantially more legal context than
other tasks, since there are several different pathways to an
execution based on the case disposition (Summers and Steil
2024). An execution to evict the tenant may be issued af-
ter (1) a default judgment, (2) a move-out settlement agree-
ment, (3) if the tenant violates the terms of a civil probation-
ary agreement and the landlord proceeds with the execution
process, or (4) if there is a judgment for the landlord post-
trial. Without a concrete understanding of these legal path-
ways, an LLM would be unable to correctly assess if a valid
execution was issued to force the tenant to move out. An-
other source of difficulty is that the result of the execution
motion (allowed, withdrawn, or declined) is often handwrit-
ten in the margins of the motion or shorthand on the docket
sheet. Without appropriate OCR and inference capabilities
to discern the motion result, the model can struggle to accu-
rately categorize the case. Finally, there may be executions
issued in cases that are ultimately dismissed; therefore, the
LLM needs to understand the order of dispositions in order
to determine whether the tenant was ultimately required to
move out.

Improving Jury Selection Performance
We explore few-shot prompting, reducing the document
length, and fine-tuning as avenues to improve performance
on jury selection tasks. In particular, we experiment with
two-shot prompting for all three jury tasks but focus the lat-
ter two avenues on only the jury gender composition task
because it had the worst performance across all tasks across
both domains. Table 4 reports the accuracy improvements
for all tasks. Figure 2 shows the improvements in absolute
error, which we define as the sum of the differences in pre-
dicted and actual counts of male and female jurors, as well
as the standard error for the gender composition task. Us-
ing the full transcript with zero-shot prompting, the baseline
absolute error on average is 4.09 ± 0.305 (standard error).

Few-Shot Prompting. For all three tasks, we find that ac-
curacy improves with two-shot prompts compared to zero-

shot prompts. In particular, we observe that the Batson chal-
lenges task has the largest jump in performance, from 23.2%
to 76.8% accuracy. We also see a reduction in the absolute
error for the gender composition task to 2.61 ± 0.263. This
suggests that the legal context and inference capabilities for
some tasks might be possible to inject into the model via
few-shot prompting.

Document Length. Instead of using the full court tran-
scripts, we test the jury gender composition task using just
the excerpts of the final jury roll call to isolate the relevant
information (e.g., Figure 1). This leads to an improvement
in accuracy from 3.6% with zero-shot prompts to 23.8%.
Moreover, if we examine the absolute errors, we observe
both reduced error and variance across the documents (Fig-
ure 2). This results in an improvement of the absolute error
to 2.17 ± 0.233, similar to the performance of the two-shot
prompting. While shortening the document length reduces
the synthesis required, it does not address the problems of in-
ferring gender and understanding disfluencies in transcribed
speech.

Fine-Tuning. We test if fine-tuning can help models un-
derstand disfluencies and improve performance on the gen-
der composition task. We fine-tune on the excerpts of the
final jury roll call with a 60-40 train-test split8, and average
the results over ten random train-test splits. Fine-tuning us-
ing the excerpts only increases the accuracy from 23.8% to
34.0%. However, the absolute error and standard error on
average were reduced to 1.40 ± 0.053, yielding an error re-
duction of 65.8% and a standard error reduction of 82.6%
from the baseline (Figure 2).

Downstream Impact Tests
Lastly, we highlight the importance of measuring model per-
formance as it relates to downstream auditing questions that
researchers and journalists might ask. We use the jury gen-
der composition task as our working example. One goal of
APM’s analysis was to understand the selection ratios of
different demographics on the jury and how they differed

8In our sample of 50 cases, this corresponds to 30 cases in the train-
ing set and 20 cases in the test set.
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Prompt Zero-Shot Two-Shot Zero-Shot Zero-Shot
Input Type Full Transcript Full Transcript Roll Call Excerpt Roll Call Excerpt

Fine-Tuning No No No Yes

Selected Juror Names 81.6 ± 4.8 94.8 ± 2.8 – –

Jury Gender Composition 3.6 ± 2.3 18.4 ± 4.8 23.8 ± 5.3 34.0 ± 6.6

Batson Challenges 23.2 ± 5.2 76.8 ± 5.2 – –

Table 4: Accuracy for jury selection tasks across experiment types. 95% CI computed over all iterations (5 per case).

Figure 2: Absolute error for the jury gender composition task
across different technical interventions. Error bars represent
the standard error over all iterations.

across specific counties and prosecutors (Craft 2018). We
analyze these downstream questions using our LLM outputs
to see the extent to which model errors impacted the broader
conclusions one could draw about the dataset. Specifically,
we simulate what APM’s analysis would look like using out-
puts from both our baseline LLM (using the full transcript as
input) and fine-tuned LLM (using the roll call excerpt as in-
put).

We find that using LLM outputs to answer downstream
questions substantially alters the outcomes of a potential au-
dit, although the fine-tuned model has less of an impact. The
ground truth female-to-male ratio was 1.36 on average. This
would decrease to 1.22 under the baseline LLM outputs, and
1.29 under the fine-tuned LLM outputs. However, both the
baseline LLM and fine-tuned LLM would have flipped the
dominant gender in the jury for 11 out of our 50 cases. We
also find large changes in the ranking of counties and prose-
cutors with the most female bias in jury selection. Using the
baseline model, the ranking changed for four of the seven
counties and nine out of the ten prosecutors in the dataset
(Tables 8 & 9 in the Appendix). With the fine-tuned model,
the ranking changed for only two of the seven counties and
five of the ten prosecutors. These effects could be further ex-
acerbated if tested with more jurisdictions and prosecutors,
making it difficult to conclude that LLMs could be relied on
to automate transparency in this scenario.

Discussion
Our results indicate the challenges of using LLMs to auto-
mate information extraction tasks that would provide more
transparency in court processes. In this section, we discuss
the technical and legal investments that are needed in order
to make LLMs more feasible for legal auditing.

Technical Investments
Re-Orienting Benchmarks. Our results provide several
examples of how LLM capabilities may not always trans-
late to tasks with real-world impact. For example, our jury
gender composition query highlights the difficulty of a sim-
ple counting task – a synthesis capability for which models
demonstrate high scores on toy datasets (Wu et al. 2024).
Moreover, capabilities may not be robust to nuances across
all tasks that concern a particular set of legal documents.
An example of this is determining whether an execution was
issued from eviction case files, which requires more lay-
ered deductions and familiarity with specific contexts than
the other eviction tasks we tested. These results indicate the
need to orient more LLM benchmarks around tasks with
real-world impact, such as the applications we highlight.

Training Datasets. More training on the types of unstruc-
tured data in the legal domain could significantly improve
performance for judicial transparency use cases. The poor
out-of-the-box performance that we observe for court docu-
ments may be because these documents are not often digi-
tized, and LLMs are mostly trained on easily scrapable inter-
net datasets (Lareo 2024). For example, transcribed speech
may not be a common data format across online data, which
would explain why LLMs struggle to understand speech dis-
fluencies.

Pre-Processing Capabilities. Processing handwritten in-
formation is a major bottleneck for information extraction
from legal documents. Important information is often hand-
written by lawyers and judges in the margins of documents
that are already unstructured. Even state-of-the-art optical
character recognition (OCR) tools struggle with the high
variance of messy handwriting in court documents. Another
pre-processing task is to identify the relevant parts of docu-
ments and casebooks, as we found better performance with
shorter input lengths. Methods such as Retrieval Augmented
Generation (RAG) may be useful for this task, which could
improve performance on longer casebooks with extraneous
documents and forms.
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Legal Investments
Data Accessibility and Standardization. States and ju-
risdictions could mandate more standard formats for doc-
umentation in court cases, and collect documents in digital
databases. As we discuss in our case studies, accessing court
files often requires going to courthouses and manually scan-
ning files. Judges or clerks could also be required to convert
handwritten notes into typed records. The potential bene-
fits of LLMs cannot be fully realized unless documents are
digitized and in more standard formats. Fine-tuning LLMs
also requires a collection of labeled examples across vari-
ous transparency-related tasks. The investment by law firms
into collecting data for the types of tasks paralegals have
traditionally performed (e.g., case summarization) may be
helpful, but even these tasks may not directly translate into
transparency use cases.

Model End-Users. Journalists and legal practitioners who
currently perform transparency mechanisms may be reluc-
tant to adopt LLMs in their pipelines. LLMs may already be
able to assist with easier tasks that have less downstream
impact. However, for more complicated tasks, human ex-
perts may need to perform the overhead of prompt engineer-
ing and monitoring for errors. Some tasks may also not be
possible to fully automate given the domain knowledge re-
quired, such as figuring out if a property tends to offer subsi-
dized housing. Tasks like these would require human experts
to oversee a model in order to check edge cases. Technical
scholars must continue to collaborate with social scientists
and legal practitioners in order to understand and address the
hesitations in using LLMs to assist their work.

Mitigating Disparate Impacts. We caution against the
potential disparate impacts of deploying LLMs for legal
transparency without further investigation into the failure
points and direct implications. Jurisdictions representing
affluent neighborhoods and higher-profile cases generally
have better-maintained documentation and could benefit
more from the adoption of LLMs. Private lawyers and
law enforcement agencies may also have the resources to
keep better documentation than public defenders. Given
that LLMs are likely to perform better on well-maintained
and structured data, advantaged communities may be more
likely to benefit from automated transparency pipelines,
while minorities and those who would benefit the most from
more transparency still face higher barriers.

We call on both the technical and legal communities to in-
vest in solutions that can bring more transparency to the judi-
cial system. By focusing efforts on legal data centralization,
training models on unstructured data, and remaining vigilant
about the implications of errors, information extraction us-
ing LLMs can help support efforts to provide transparency
in the judicial system.
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The following supplementary materials are available at:
https://arxiv.org/abs/2408.08477.

• Figure 3: Example strike sheet in jury selection
• Figure 4: Example S&C form from an eviction case
• Figure 5: Example docket sheet from an eviction case
• Table 5: Additional metrics for selected juror names

(precision, recall, F1 score)
• Table 6: Additional metrics for jury gender composition

(absolute error for male vs. female counts)
• Table 7: Additional metrics for Batson challenges

(accuracy for defense vs. state challenges)
• Table 8-9: Downstream impact tests for jury selection
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