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This article examines the use of large language models (LLMs) to collect and classify
information in court data. While computational approaches have traditionally relied
on pattern matching techniques, these methods struggle to obtain detailed information
from court data. Drawing on projects involving more than 2,700 Indian court cases
and 4,800 U.S. state cases, I argue that LLMs offer three advantages over traditional
approaches: they can identify concepts from natural language descriptions, synthesize
information across complex documents, and lower the technical barriers to large-scale
text analysis. I develop a framework to use LLMs effectively so that the model draws
on relevant information and produces reliable outputs. In a hand-coding validation
of 600 cases, the framework produced classifications that mostly aligned with human
coding. The article concludes by discussing the ethical considerations, including
environmental costs, research labor implications, and risks of concentrating power
within a small number of firms.
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1. INTRODUCTION

Court cases are among the richest data sources available to political scientists. A single opinion

contains a factual narrative, competing legal arguments, judicial reasoning, and a disposition.

However, despite a growing “text as data” movement in the discipline (Grimmer and Stewart 2013;

Lucas et al. 2015; Liebman et al. 2017), computational approaches have typically extracted only

surface-level features from these cases.

The dominant approach to collecting and classifying court data is based solely on pattern

matching (Lazarev 2019; D. D. Choi, Harris, and Shen-Bayh 2022; Bhupatiraju et al. 2024; Joshi

et al. 2024; Ash et al. 2025; Truscott and Romano 2026). Using techniques such as string matching,

regular expressions, keyword dictionaries, character n-grams, and word embeddings, pattern match-

ing identifies concepts through predefined textual markers. While effective for extracting clearly

specified information, it is less useful when extracting information embedded within detailed factual

narratives, competing legal arguments, and judicial reasoning.

Large language models (LLMs) provide a compelling alternative. LLMs are artificial neural

networks “trained on a large portion of the internet” (Somers 2025). This training allows them to

identify complex patterns in language that correspond to underlying social, cultural, and political

concepts. These associations serve as a “proxy for semantic meaning” (Pavlus 2024). As a result,

these models can extract and analyze information from a text that would be difficult to identify

through pattern matching alone.

In the context of court data, I find that LLMs offer three distinct advantages over a pure

pattern matching approach: First, they identify concepts from natural language descriptions

without requiring extensive hand-crafted dictionaries, training data, and rules. Second, they can

synthesize and classify information distributed across long and complex text rather than relying

on localized textual features. Third, they substantially lower the technical barriers to advanced

text analysis given they can be deployed through commercially available APIs using natural

language instructions.

Recent work has shown that LLMs including those that are off-the-shelf like OpenAI’s

GPT-4 or GPT-4-turbo can annotate and classify political text rivaling or exceeding human coders

(Gilardi, Alizadeh, and Kubli 2023). This holds true for court data as well, which tends to be

long and complex and involves information that is more subtly expressed (J. H. Choi 2024; Deroy,
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K. Ghosh, and S. Ghosh 2024; Heddaya et al. 2024). Yet these studies also highlight the risks of

hallucinations and biases, making human oversight and validation essential.

Despite growing interest in LLMs, many political scientists remain uncertain about how to

use them effectively in judicial research. In a recent conversation, a graduate student described

uploading a lengthy court opinion into GPT-4 only to receive outputs that were inaccurate. While

LLMs are powerful tools for collecting and classifying information from legal texts, their perfor-

mance depends heavily on how they are used.

Based on applying an “LLM-with-human-in-the-loop” approach in my own research, which

involved collecting and classifying more than 2,700 Indian High Court cases and 4,800 U.S. state

appellate cases, I propose a two-part framework for using LLMs on court data so that the LLM

draws on the right information and produces reliable outputs. To ensure relevance, the first part

concerns structuring the case document and prompt so that the LLM can identify and analyze the

information most pertinent to the question at hand. To ensure reliability, the second part concerns

constraining the model and building in checks to minimize hallucinations and biases. I validate the

framework by comparing a hand-coded classification of a random sample of 600 cases against the

model’s output. The two outputs aligned on 95% of the classifications.

The article also considers ethical tradeoffs associated with LLM use, including environ-

mental costs, loss of opportunities for student RAs, and the risk of furthering the concentration

of power in a small number of firms that control the development and deployment of LLMs.

These considerations should factor into decisions about whether LLMs are preferable to alternative

approaches.

The article proceeds as follows. First, I explain why LLMs were better suited than pattern

matching alone for my research objectives. I then present the two-part framework, illustrate how

it improves the effectiveness of LLMs for legal text analysis, and discuss validating the framework

using a hand-coded sample of 600 cases. I conclude by discussing the ethical considerations that

should guide the use of LLMs in political science research. This article contributes to a growing

literature on the rigorous and theoretically informed integration of LLMs into political science

research (Lee et al. 2025; Weidmann, Faulborn, and García 2026).
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2. WHAT PATTERN MATCHING CANNOT DO

The limitations of pattern matching become clearer when considering the requirements of my own

research. I sought to identify individuals who lacked default recognition as family but nonetheless

claimed that status in court. In India, this meant women in extramarital relationships who sought

recognition as wives. In the U.S., it meant individuals who were neither biological nor legal parents

but sought recognition as parents on the basis of kinship and caregiving. Beyond identifying these

cases, I also wanted to collect detailed information about relationship characteristics discussed

by courts, such as whether a woman had been deceived into marrying a man who was already

married or whether a claimant had housed and cared for the child. Collecting and classifying this

information at scale through conventional approaches would have required substantial technical

expertise, labeled training data, and custom model training, increasing both the budget and time for

this project. In this context, LLMs proved a compelling alternative.

First, LLMs allowed me to identify concepts using natural language descriptions. This was

important because the same concept appeared in highly variable language. In the India dataset,

participation in a marital ritual could be described as a marriage being “solemnized at Jaynati

Mandir,” a woman wearing “‘Sindoor’,” or a couple having “exchanged garlands.” Similarly, in

the U.S. dataset, caregiving could be described through activities such as “raising the children

in her home,” “enrolling them in gymnastics and dance classes,” and “attending parent-teacher

conferences.” Capturing these varied descriptions through pattern matching approaches would

require extensive dictionaries and hand-crafted rules. By contrast, LLMs allowed me to specify the

underlying concept– “marital ritual” for the Indian dataset, “caregiving” for the U.S. dataset–and

identify it across diverse linguistic expressions.

Second, LLMs enabled inference across long and complex case transcripts. In the India

project, the decision to include a case in the dataset depended on a combination of facts: a woman

claiming recognition as a wife, the existence of a prior marriage, and a dispute over spousal

entitlements. No single phrase reliably identified such cases. Instead, determining whether a case

belonged in the dataset required drawing inferences based on reading the full case and assembling

the “right” set of facts. The same challenge arose when classifying outcomes. Existing approaches

often infer outcomes from whether a petition was “allowed” or “dismissed” (Bhupatiraju et al.

2024). In my project, because women in disputed relationships could appear as either petitioners
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or respondents, identifying whether a judgment benefitted them required understanding the parties,

the claims, and the court’s reasoning before interpreting the final disposition. Such inference is

difficult to achieve through conventional pattern matching but is possible with LLMs.

Finally, LLMs lowered the cost and technical barriers to large-scale text analysis. Whereas

advanced pattern matching approaches often require more budget and time, commercially available

LLMs can be deployed through natural language instructions and relatively affordable APIs. This

not only reduced the resources required for the project but also made it easier to revise coding

schemes as my understanding of the data evolved. In other words, I could easily revise the prompt

to adjust the classification criteria without worrying about rebuilding an entire analytical pipeline.

Ultimately, using LLMs enabled screening more than 10,000 case transcripts in each legal context

in order to construct the final datasets.2

3. HOW TO USE LLMs FOR COURT DATA

The workflow presented here assumes that the researcher has some preliminary understanding of

programming especially if they are looking to collect and classify information across a wide sample

of case transcripts. In my research, I used Python to automate retrieving more than ten thousand

case transcripts from legal databases3, performing preliminary pattern matching to ensure that the

obviously irrelevant cases were filtered out, passing relevant cases to the LLM, and compiling

outputs into structured datasets.4

While calling the LLM was one of many components in my code, it was central for collecting

and classifying all the data. As mentioned, LLMs were used based on a two-part framework. The

first part concerned feeding the most relevant portions of the case document and designing the

prompt in a manner that ensured the right information was analyzed for the specific task. The

second part concerned constraining the model and building in checks to minimize hallucinations
2Based on an estimate of $0.03 per 1,000 tokens, reading and generating outputs across 20,000 transcripts with

about 10 pages each, which would mean a total of 120-180 million tokens, roughly turned out to be about $4,500.
Tokens are essentially the basic units of language for AI. One token can include spaces, punctuation marks, and/or a
couple of characters.

3Indian High Court cases were collected through a set of systematic search queries from Indian Kanoon, an online
public legal repository. U.S. state court cases were available on Nexis but unlike Indian Kanoon, Nexis did not allow
me to directly have the LLM read cases off the websites; I therefore downloaded every case matching my search criteria
and had my code pass these cases that were stored locally to the LLM.

4This is technically cumbersome but it is much less demanding than traditional pattern-matching approaches, and
LLMs can assist in generating and refining code.
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and biases and ensure the outputs were reliable. I discuss each part in turn.

3.1. FOCUSING ON RELEVANT INFORMATION

As much as LLMs are capable of processing lengthy case documents, many of these documents

are complex, containing procedural histories, factual narratives, competing legal arguments, and

judicial reasoning. Of all this information, only some will be relevant to the question at hand.

Asking an LLM to read an entire opinion, however specific the question, risks diluting the model’s

attention. The goal should therefore be to ensure that the LLM focuses on the most relevant

information necessary to answer the question.

This principle is reflected in how researchers use a model’s context windows (J. H. Choi

2024). A context window is essentially how much text a model can hold in its working memory

during a single interaction. Although many of today’s LLMs can process well over 100,000 tokens

at once, researchers often feed them far less, instructing the model to read no more than 8,000-

10,000 tokens at a time. 5 This reduces costs and processing time but critically, ensures that the

model’s attention is focused on the "right" information.

Capping tokens, however, does not help with directing the model to the right parts of the

document. For this, I found two steps especially helpful: first, leveraging the case document’s

format; second, designing prompts to align with whether the task calls for direct or indirect case

information.

3.1.1. LEVERAGING THE CASE DOCUMENT FORMAT

Many court opinions follow a predictable format that can be exploited to improve classification

accuracy. U.S. state appellate opinions, for example, typically contain sections such as case

summary, headnotes, factual backgrounds, and discussion. Figure 1 shows a sample of how

the case document is formatted. Even before sending documents to the LLM, I used a basic

pattern matching function to remove sections irrelevant to the analysis such as “Core Terms” and

“Headnotes.” This ensured that the model processed only the portions of the opinion most likely to

contain relevant information.
5The average case transcript is 10 pages, or roughly 8000-10,000 tokens.
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Figure 1: Sample Case Format of a U.S. State Appellate Court Judgment

The prompts were then designed to factor the document’s structure. For example, when

identifying cases involving individuals who were neither biological nor legal parents seeking

custody, I instructed the model to read the case summary and, when unavailable, the opening

paragraphs of the “Opinion.” A qualitative review of more than 300 cases indicated that the nature

of the dispute was almost always summarized in one of these locations.

By contrast, Indian judgments lacked these formal demarcations. Figure 2 presents a sample

of how an India case transcript appears. Nonetheless, they informally followed a recognizable

structure, typically opening with the background, presenting legal arguments, and closing with a

decision. When the case length was within the context window, I directed the model to focus on

the opening portions of the judgment to identify the nature of the dispute, and the closing portions

to determine the outcome.
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Figure 2: Sample Case Format of an Indian High Court Judgment

When judgments exceeded the context window, a different strategy was necessary. Re-

searchers often address this problem by chunking texts into smaller segments (J. H. Choi 2024).

The drawback is that relevant information may be distributed across multiple chunks. To mitigate

this risk, I generated multiple strategically selected samples of the text based on the particular

task. For outcome classification, for example, I provided several overlapping excerpts from the

concluding portions of a case - including the final 20 percent of the text, the last 3,000 characters,

and the final ten paragraphs - and asked the model to classify the outcome and report its confidence

for each excerpt.

The broader point is that document format can be leveraged to ensure that the model

focuses on the “right” information. Whether that structure is formal, as in U.S. appellate opinions,

or informal, as in Indian judgments, understanding where the relevant information is likely to

appear allows researchers to provide LLMs with more helpful context and obtain better-grounded

classifications.
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3.1.2. DESIGNING PROMPTS GIVEN THE TYPE OF INFORMATION REQUIRED

To determine whether the information is relevant or not, researchers must also consider what type

of information they want the LLM to collect and classify. In my experience, court data projects

involve two distinct tasks: extracting explicitly stated information and inferring more complex

concepts from information distributed throughout a judgment. Because these tasks place different

“cognitive” demands on the model, they demand different prompting strategies.

Extraction tasks involve collecting information that is explicitly stated in the judgment,

such as litigant gender, cohabitation, or caregiving activities. Because these details are typically

described directly, multiple variables can often be collected through a single prompt. In the U.S.

dataset, for example, one prompt extracted information on caregiving duration, claimant privilege,

and criminal history. The full prompt is inserted below:

Extraction Prompt: Caregiving Extraction

You are an American legal analyst with a specialization in family law.

Extract evidence of the third-party claimant’s caregiving role and

relationship with the child.

CONTEXT FROM STAGE 1:

- Third-Party Claimant: {third_party_claimant}

- Opposition: {opposition}

Read the complete case and extract:

======================================================================

THIRD-PARTY CLAIMANT <-> CHILD RELATIONSHIP

======================================================================

- Caregiving Duration: For how long did the claimant provide care to

the child? (<6 months / 6-24 months / 2-5 years / 5+ years / Unknown)

- Caregiving Duration Evidence: Direct quote or "Not found"

- Cohabitation: Did the claimant live with the child?
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(0 = No co-residence / 1 = Partial or intermittent /

2 = Full-time co-residence)

- Residential Caregiving Evidence: Direct quote describing living

arrangements or household integration, or "Not found"

- Caregiving Depth: What caregiving functions did the claimant perform?

(0 = Limited support only / 1 = Daily care without major decision-making /

2 = Daily care plus school/medical/disciplinary decisions)

- Caregiving Depth Evidence: Quote describing feeding, bathing,

supervision, schooling, medical care, discipline, or other parental

functions, or "Not found"

======================================================================

THIRD-PARTY CLAIMANT’S PRIVILEGE & SOCIAL CONTEXT

======================================================================

- Claimant Privilege Indicators: Evidence of education, disability,

race, class, homelessness, socioeconomic, or immigration status

(High/Medium/Low/Unknown)

- Claimant Privilege Evidence: Direct quote, or "Not found"

- Claimant Criminal History: Has claimant served time/been in prison?

(Yes/No/Unknown)

- Claimant Criminal History Evidence: Direct quote, or "Not found"

By contrast, inference tasks require the model to synthesize information distributed through-

out a judgment and classify a more complex concept. Examples include determining whether a

case involved a woman seeking recognition as a wife despite the existence of a prior marriage,

whether a claimant demanded child custody despite lacking legal status, and whether a judgment

ultimately benefited a particular individual. Because these classifications depend on multiple facts,

legal arguments, and judicial conclusions, I found it more efficient to dedicate an entire prompt to
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a single inferential task. A prompt for such a task is shown below:

Inference Prompt: Indian High Court Outcome Determination

You are a senior Indian legal expert analyzing an Indian High Court

judgment. Your task is to determine the EXACT outcome of this case.

Based ONLY on the text above, determine the court’s decision.

Pay special attention to:

- The FINAL paragraph which typically contains the court’s order.

- Phrases like "petition is allowed/dismissed", "appeal is allowed/

dismissed", "application is allowed/dismissed", "not maintainable",

"hence it is dismissed", "accordingly allowed", "writ petition is

allowed/dismissed", etc.

- The concluding sentence, often starting with phrases like "In view

of", "Accordingly", "Therefore", etc.

- If there are different outcomes for different petitioners, note this

as a split decision.

- Phrases that indicate the disposition such as "is entitled to",

"be released on", "is granted", "is rejected", "is disposed of".

Tailoring prompts based on the type of information that was being collected improved the

clarity of the task presented to the model. It reduced ambiguity and made it easier to evaluate

whether the model was working with the relevant information, particularly in cases that required

substantial inference.

3.2. ENSURING RELIABLE OUTPUTS

Effective use of LLMs requires not only feeding the model relevant information but also minimizing

hallucinations and biases. While recent research suggests that LLMs can classify legal texts at levels

comparable to human coders, they remain capable of generating inaccurate information.
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A common safeguard is to reduce the model’s temperature. When accessed through APIs,

temperature typically ranges from 0 to 2, with lower values limiting the scope of its interpretation

and higher values encouraging more creative and exploratory responses. In studies that attempt to

extract and classify information, the temperature is typically set to 0.

Besides lowering the temperature, I relied on three additional practices: requiring textual

evidence for every classification, validating outputs through multiple classification strategies, and

adopting conservative coding rules when information was ambiguous.

3.2.1. REQUIRING TEXTUAL EVIDENCE FOR CLASSIFICATIONS

For every classification, the model was required to provide supporting textual evidence. For exam-

ple, when collecting information on the circumstances surrounding which an individual claimed

child custody, the model not only classified the trigger (e.g., state intervention or parent cutting

contact) but also extracted the passage supporting that conclusion. Figure 3 provides a sample

of these outputs. This made classifications transparent and allowed for quick verification without

reading the entire opinion.
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Figure 3: Example of an Auditable Classification

3.2.2. VALIDATING OUTPUTS THROUGH MULTIPLE CLASSIFICATION STRATEGIES

To avoid further classification errors, I incorporated another practice which involved classifying the

same concept using multiple approaches and comparing the results. This practice was especially

helpful when collecting information on case outcomes. I used two distinct approaches to classify

this variable. First, I asked the model to assign the case to a predetermined list of outcomes such

as “Custody Granted,” “Spousal Support Granted,” or “Visitation Denied.” Second, I asked the

model to provide an open-ended response on whether the individual was broadly “Recognized,”

“Not Recognized” or “Unclear” by the court. Cases in which these two outputs diverged were

flagged for manual review. This approach proved particularly useful in cases where the disposition

was ambiguous or involved multiple forms of relief.
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3.2.3. CONSERVATIVE CODING APPROACH

Case judgments are interpretive documents rather than comprehensive repositories of facts. Judges

routinely rely on information that never appears explicitly in court opinions. For example, in

the India project, judges could likely infer the caste background of many litigants but caste was

explicitly mentioned in only 112 of 2,721 cases in the dataset. Asking the model to infer caste in

the remaining cases would therefore require relying on assumptions rather than textual evidence.

Unless these inferences can be validated using independent data, relying solely on LLM to generate

them is difficult to justify, particularly given the possibility of hallucination.

For this reason, the model was instructed to code a feature only when it was explicitly sup-

ported by the judgment. When information was ambiguous or absent, the default classification was

“Unknown” rather than an inferred value. While this approach likely underestimates the prevalence

of certain characteristics, it reduces the risk of hallucination and ensures the classifications remain

grounded in the text being analyzed.

3.3. ACCURACY AGAINST HUMAN CODING

To assess whether these practices produced accurate classifications, I hand-coded a random sample

of 300 cases drawn from each dataset and compared the hand-coded classifications to the model’s

output. Overall, the model’s classifications matched human coding in 95% of the classifications.

When the information extracted was directly stated in the text such as litigant gender

or whether there was a marital ritual, the agreement was 97%. The cases where there were

discrepancies were primarily because there was disagreement between the parties on case details.

For example, in a case where a woman claimed that there had been a marital ritual, the opposing

party argued that there had been no such ritual and there was no evidence to support the claim.

Wherever possible, in such cases, I noted that the value should be “Unknown.” By contrast, when

the information extracted depended on inference, i.e. classification based on assembling multiple

facts distributed across the judgment, the agreement rate was 92%. Inference-based extraction

was mainly for determining whether the case was relevant and identifying the case outcome. The

accuracy rate with respect to case relevance was 94%, which is notably high: Of 600 cases, only

36 were incorrectly selected. In comparison, the accuracy rate in relation to case outcome was

relatively lower at 90%. These cases had been flagged by the two-step check described above.
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Reviewing these discrepancies revealed that the issues were less due to the model and more due to

ambiguous dispositions and required close, multiple readings of the case document to determine

the outcome.

In sum, these results suggest that the framework produces classifications accurate enough

for large-scale descriptive analysis, further suggesting that with this framework, LLMs can be a

powerful tool to analyze case data at scale while also ensuring that their outputs are verifiable.

4. ETHICAL CONSIDERATIONS

Despite their advantages over traditional pattern matching, LLMs raise distinct ethical concerns.

As Bender et al. note (2021), “the size of the training data they leverage and the spheres of influence

they can possibly affect” means that it “incurs new kinds of risks.” Among the most important are

environmental costs, loss of opportunities for student RAs, and the further concentration of power

in a small number of firms that control the development and deployment of LLMs. Using LLMs

over standard pattern matching approaches should be considered in light of these risks as well.

First, training and operating LLMs requires substantial energy consumption (Strubell,

Ganesh, and McCallum 2019). As the journalist Stephen Witt (2025) notes, “To write a col-

lege term paper, an A.I. might produce about five thousand tokens, consuming enough electricity to

run a microwave over at full power for about three minutes.” These costs extend beyond electricity

use to the construction and operation of data centers, which can impose environmental burdens on

surrounding communities (Hassan 2026). Researchers should therefore weigh these costs against

the expected benefits of using LLMs. For relatively straightforward tasks, such as identifying

litigant gender or case subject, traditional pattern matching may remain preferable. By contrast,

researchers interested in concepts that are more deeply embedded in the text may benefit from the

framework outlined above. Such an approach that prioritizes feeding LLMs the “right” information

makes it possible to leverage the strengths of LLMs while also ensuring that they are not “endlessly

data hungry” (Bender et al. 2021).

Second, as Lee et al. (2025) note, there is a risk that the use of LLMs, as presented in this

article, will “outsource tasks traditionally performed by student RAs.” At the same time, validation

continues to require substantial human oversight. Moreover, by lowering technical barriers to

large-scale text analysis, LLMs make computational research more accessible to scholars whose
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expertise lies outside programming and data science, enabling them to participate in conversations

that have historically been dominated by researchers with specialized computational skills.

Third, using off-the-shelf LLMs including OpenAI’s GPT-4 and Claude’s Sonnet 4.5 risks

centralizing “[a] handful of companies’ control” over a “$15.7 trillion game changer of an industry”

(Weil 2023). For researchers, this raises concerns with respect to safety and privacy. There is no

clarity on what happens to data that is fed into the system and equally, there is no accountability

in terms of what data the model is relying on to process and classify information (Spirling 2023).

This means that researchers should be cautious in using LLMs particularly when case data is not

public or contains sensitive information.

Outside of concerns over safety and privacy, there is a deeper public fear that AI is an

“elite political project” that is being “pushed down our throats” (The Ezra Klein Show, New York

Times Podcasts, and New York Times Opinion 2026). Arguably, using LLMs then can ostensibly

be a political statement. However, an outright rejection of LLMs is both difficult to sustain and

arguably, counterproductive given their widespread adoption by consumers and businesses. In fact,

many policymakers today are focused on developing regulatory frameworks informed by a nuanced

understanding of how these systems operate in practice.6

In this context, the approach outlined in this article offers one way for researchers to engage

with LLMs in a manner that allows them to develop a more textured understanding of both their

capabilities and limitations, making them better equipped to evaluate the promises and shortcomings

of AI.

6Alex Bores, a New York State assembly member, is renowned for his interest in regulating AI, and not banning it, to
an extent that companies like OpenAI, Google, and Palantir have targeted him with ads that assault his reputation. Bores’
regulatory recommendations stem from his own personal experience working at these companies and his understanding
of how AI works: http://nytimes.com/2026/06/06/nyregion/alex-bores-primary-ai-palantir.html
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