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A. Introduction

In the five years since our comprehensive review of computational meth‍
ods in legal analysis (Frankenreiter & Livermore 2020), the field has un‍
dergone a revolutionary transformation driven by the emergence of large 
language models (LLMs). What began as a promising but limited set of 
natural language processing tools has evolved into sophisticated systems 
capable of analyzing and generating legal texts with remarkable fluency 
and accuracy. GPT-3.5, which was released in 2022, demonstrated that 
neural language models could perform legal tasks ranging from contract 
analysis to bar exam questions. Subsequent models like GPT-4, Claude, 
and specialized legal LLMs have pushed these capabilities even further, 
achieving performance levels that often rival trained legal profession‍
als. 

This technological leap represents more than just an incremental im‍
provement in computational power – it constitutes a paradigm shift in 
how we approach the intersection of law and artificial intelligence. Where 
earlier computational methods required extensive preprocessing, feature 
engineering, and domain-specific architectures, modern LLMs can work 
directly with legal texts in their natural form, modeling context, capturing 
nuance, and replicating legal reasoning patterns that previously required 
human expertise to capture. In contrast to earlier methods, they also do 
not require the construction of specialized architectures for each new task. 
As a result, researchers can integrate these models into their work rela‍
tively easily, both streamlining and scaling existing lines of inquiry, and 
opening entirely new approaches to measuring legally relevant phenom‍
ena. These developments are also reflected in Christoph Engel’s recent 
scholarship, which – in line with his longstanding openness to method‍
ological innovation – has recently turned to the integration of large lan‍
guage models and other machine learning techniques into legal analysis. 
This includes a paper coauthored by all three of us (with additional col‍
laborators) (Dominguez-Olmedo et al. 2024).
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The implications extend beyond academic research. Legal practition‍
ers are increasingly adopting LLM-powered tools for document review, 
legal research, contract drafting, and case prediction. Law schools are 
grappling with how to integrate these technologies into curricula and as‍
sessment. Courts and regulatory bodies are beginning to encounter LLM-
generated content and must develop frameworks for its evaluation and 
admissibility.

This updated review builds on our earlier framework while address‍
ing the unique characteristics and applications of LLMs in legal contexts. 
We focus on three primary application areas that have emerged as domi‍
nant in the LLM era: sophisticated data generation and feature extraction; 
advanced inference and prediction capabilities; and engineering-focused 
research that treats legal tasks as benchmarks for model development and 
optimization. We maintain the foundational distinction between “law as 
code” and “law as data” from our prior work but also examine how LLMs 
blur these traditional boundaries.

As we will demonstrate, LLMs represent both the culmination of 
decades of progress in computational legal analysis and the beginning of 
an entirely new chapter in the field’s evolution.

B. From Traditional NLP to Large Language Models

The emergence of large language models represents a fundamental trans‍
formation in how computational methods can be applied to legal analysis. 
This shift extends and complicates the traditional distinction between 
“law as code” and “law as data” approaches (Frankenreiter & Livermore 
2020; Livermore and Rockmore 2019).

Law as code conceives of legal rules as logical statements that can be 
formalized into executable algorithms – decision trees that mechanically 
apply legal rules to factual inputs. These systems have found practical 
success in domains like tax preparation software, where clear rules can 
be translated into deterministic computational processes. Law as data ap‍
proaches, by contrast, treat legal texts as sources of information to be an‍
alyzed quantitatively, using techniques from natural language processing 
and machine learning to extract patterns and insights from large corpora 
of legal documents.

LLMs treat law as data: they are trained on vast collections of le‍
gal texts to learn statistical patterns in legal language and reasoning. 
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However, they differ from earlier approaches in at least two important 
respects. First, unlike earlier computational methods that required exten‍
sive preprocessing and feature engineering – transforming legal texts into 
structured numerical representations – LLMs can work directly with legal 
language in its natural form. Second, LLMs learn patterns in legal lan‍
guage and reasoning through exposure to massive datasets, not through 
predefined feature sets or models – often unsupervised – that could cap‍
ture only limited structural or topical patterns in text. This reduces the 
cost of tasks like feature extraction, which previously required bespoke 
training datasets, and increases interpretability for tasks that once relied 
on sometimes opaque statistical groupings by producing outputs in natu‍
ral language.

This paradigmatic shift has profound implications for legal text pro‍
cessing. Traditional bag-of-words approaches reduced legal documents to 
collections of isolated terms, losing crucial information about word order, 
context, and semantic relationships. Topic models, while able to auto‍
matically discover thematic patterns in legal corpora, remained funda‍
mentally limited by their bag-of-words foundation. Supervised machine 
learning approaches required extensive feature engineering for each task – 
researchers had to specify which textual patterns or document charac‍
teristics to extract for the relevant prediction task. LLMs, by contrast, 
concentrate engineering effort in pre-training on massive text corpora, 
learning general representations that capture vast amounts of semantic 
and contextual information. These learned representations can then be 
applied across diverse legal tasks without task-specific feature engineer‍
ing, enabling analysis of complex textual dependencies that would be 
difficult or impossible to specify manually.

Beyond these advantages within law as data, LLMs have also been 
proposed as a bridge to law as code approaches [Ash, same volume]. One 
promising direction involves integrating formalized representations of le‍
gal texts with LLM-based classifiers capable of addressing vague terms 
(cf. Livermore 2020). For example, while classic law-as-code projects like 
formalizing the British Nationality Act faced difficulties with vague terms 
such as good character, an LLM-based classifier could analyze natural 
language descriptions of individual cases and generate an output concern‍
ing whether they satisfy such standards. Similarly, Janatian et al. (2024) 
demonstrated how LLMs can automatically extract structured representa‍
tions from legislation, using GPT-4 to create decision pathways, with 60 % 
of generated pathways rated as equivalent or better than manually created 
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ones. This suggests LLMs can ease the costly development of transparent, 
rule-based systems while preserving their explainability advantages.

This convergence suggests that LLMs can enable more fluid transla‍
tion between different representational formats, capturing both the rule-
like characteristics of law as well as broader social, cultural, linguistic, and 
political contexts [Ash, same volume]. For doctrinal scholars, LLMs can 
assist in synthesizing vast bodies of case law, identifying doctrinal incon‍
sistencies, and tracing the evolution of legal concepts across jurisdictions 
and time periods at unprecedented scale. For empirical researchers, LLMs 
can facilitate large-scale studies that can simultaneously capture broad 
patterns in legal decision-making while preserving the contextual richness 
that traditional computational methods often sacrifice.

In line with our previous review, this article focuses primarily on 
the second line of work, while also covering related research that LLMs 
have opened up for empirical scholars, including benchmarking and engi‍
neering research oriented toward improving model performance on legal 
tasks. The scholars and projects highlighted in the following sections illus‍
trate the breadth and transformative potential of this emerging research 
agenda. Due to space constraints, we exclude other relevant areas, such as 
socio-legal examinations of how LLMs are affecting legal institutions and 
law practice.

C. Data Generation and Feature Extraction

In our previous review, we documented how computational analysis of‍
ten serves as a first step in empirical legal research, generating structured 
data from unstructured legal texts for use with traditional statistical tech‍
niques, including causal inference. 1 Large language models extend this 
line of work in important ways. First, they enable the extraction of fea‍
tures that depend on multiple stylistic and semantic dimensions, such as 
patterns in legal reasoning styles. Earlier approaches often required sub‍
stantial dimensionality reduction, which could obscure or discard such 

1 An emerging econometrics literature distinguishes between prediction-policy and 
causal inference research, maintaining that in the latter context the most appropriate 
role for computational tools, including large language models, often is to create mea‍
surable variables from unstructured data or otherwise generate inputs for downstream 
statistical analysis (see Kleinberg et al. 2015; Ludwig et al. 2025). 
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complex attributes. Second, they enable the extraction of relatively com‍
plex features that earlier machine learning methods could capture only 
at the cost of assembling extensive, task-specific training datasets. By re‍
ducing or eliminating that requirement, LLMs lower the barriers to incor‍
porating new, previously cost-prohibitive dimensions into empirical legal 
analysis. Overall, the promise of LLMs in this area appears substantial 
enough that some have described this application as the “killer app for 
LLMs in empirical legal research” (Choi 2025).

There are two main approaches to feature extraction with the help of 
LLMs. One combines LLMs with traditional supervised learning methods. 
Snippets of text – such as paragraphs from legal opinions or contrac‍
tual documents – are first converted into vector representations (embed‍
dings). Embeddings are then paired with human-coded datasets to train 
more conventional machine learning algorithms, which can subsequently 
classify unlabeled portions of a corpus. Thalken et al. (2023) and Stiglitz 
& Thalken (2024) illustrate this approach, using transformer models on 
annotated Supreme Court opinions to classify modes of legal reasoning. 
Frankenreiter (2025) applies this strategy to identify fee-shifting and fo‍
rum-selection provisions in corporate charters and bylaws. By preserving 
richer linguistic information than bag-of-words approaches, embedding-
based methods make it possible to detect features that earlier computa‍
tional methods often could not classify, in particular those that depend on 
subtle stylistic or semantic cues.

The second approach relies entirely on LLMs and uses their text-gener‍
ation capabilities to produce classifications directly. For example, Franken‍
reiter & Talley (2026) identify the presence of 102(b)(7) waivers in cor‍
porate charters by providing the text of charters to OpenAI’s ChatGPT, 
together with a prompt instructing the model to determine whether the 
provision appears. Extending this method, Frankenreiter & Hirst (2026) 
show that ChatGPT can generate highly detailed codings of complex pro‍
visions (advance notice bylaws), in some cases matching or exceeding the 
performance of human coders. Similarly, Oliver et al. (2024) demonstrate 
that ChatGPT can accurately classify the presence of suspicious factors 
in narrative descriptions of traffic-interdiction stops. Unlike the first ap‍
proach, this method requires no labeled training data: the classification step 
draws entirely on the linguistic and contextual patterns LLMs learned dur‍
ing model training, substantially reducing the costs of compiling datasets.

However, the second approach also comes with challenges. In the 
first approach, techniques like cross-validation allow for a robust assess‍
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ment of an extraction pipeline’s accuracy during the training stage. By 
contrast, when predictions are generated directly by an LLM, assessing 
reliability is less straightforward. This difficulty is compounded by the 
“jagged technological frontier” of AI (Dell’Acqua et al. 2023): LLMs can 
excel at some classification tasks while failing at others, and performance 
often defies intuitive expectations about task difficulty. Moreover, outputs 
can be highly prompt-dependent. Against this backdrop, careful valida‍
tion against human-coded datasets is essential. To avoid overfitting, these 
validation datasets should be distinct from any datasets used to refine 
prompts or otherwise tune the classification process. That said, the scale 
of human labeling required for validation is often much smaller than for 
training a separate classifier – often hundreds rather than thousands (or 
more) of labeled examples.

D. Prediction, Classification, Description

In our previous review, we also highlighted that computational meth‍
ods are sometimes applied not just to generate datasets for downstream 
analysis, but to produce results more directly. Prediction tasks – such as 
forecasting case outcomes – are a central example. Large language models 
can also be deployed in this mode. Their ability to process and generate 
legal text in contextually rich, human-like ways, and to adapt across di‍
verse legal domains, makes them well-suited to support novel forms of 
legal prediction, from simulating judicial reasoning to generating plausi‍
ble arguments for each side in a dispute. An example of this approach is 
Nigam et al. (2024), who employ LLMs to predict the outcomes of court 
cases based on the fact patterns presented.

Beyond text generation, researchers have begun to use the vector 
representations produced by these models to obtain measures for the 
meaning of words in legally relevant contexts. For example, Nyarko & 
Sanga (2022) develop a statistical test that leverages word embeddings to 
quantify differences in meaning across groups and contexts. Even more 
ambitiously, Arbel & Hoffman (2024) introduce a method for estimating 
the ordinary meaning of contract terms, and Choi (2024) applies a related 
embedding-space methodology to quantify uncertainty in statutory lan‍
guage.

While this line of work – particularly the ability to leverage the lan‍
guage-generating capabilities of LLMs to produce novel forms of pre‍
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dictions – holds great promise, it also faces major challenges. The most 
important concerns the validation of these tools to ensure they produce 
meaningful output. This problem is related to the one described in the 
previous section. LLMs are built on the basis of next-word-prediction 
technology, and their ability to generate legally meaningful outputs is 
not a given. In other words, there is an alignment problem: LLMs are 
optimized for next-word prediction, not for producing legally correct an‍
swers, and so their actual performance in this domain requires rigorous 
validation. Unlike in the context of feature extraction tasks, which usually 
allow for straightforward accuracy tests with validation data, such valida‍
tion can be complicated. Especially when LLM use involves the generation 
of unstructured text or when embeddings are used to quantify the mean‍
ing of terms, it can be difficult to assess the extent to which the generated 
text or measures are meaningful or correct (see Tobia 2024).

E. Engineering and Benchmarking Studies

The emergence of LLMs has spawned a new category of legal AI research 
that approach legal tasks as engineering challenges to be systematically 
benchmarked and optimized. This engineering-focused approach prior‍
itizes measurable performance improvements over theoretical insights 
about law itself. Unlike the causal inference and prediction studies dis‍
cussed in earlier sections, which seek to understand legal phenomena, 
engineering studies focus primarily on optimizing model performance 
against standardized metrics.

One significant development in this line of research has been the 
creation of large-scale benchmarks designed to evaluate LLMs across 
multiple dimensions of legal reasoning. LegalBench (Guha et al. 2023), 
developed through a collaborative process involving over 40 contribu‍
tors, consists of 162 tasks covering six different types of legal reasoning. 
LaborBench (Hariri & Ho 2025) is a dataset based on state unemploy‍
ment insurance laws to assess performance on extracting statutory in‍
formation. Zheng et al. (2025) develop a benchmark based on bar exam 
questions to assess performance on retrieval augmented generation tasks 
in the legal domain. LEXam (Fan et al. 2026) focuses on long-form rea‍
soning derived from 340 actual law exams comprising 4,886 questions in 
English and German. LexEval represents China’s largest legal evaluation 
dataset, introducing standardized comprehensive benchmarks for evalu‍
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ating LLMs across Chinese legal contexts (Li et al. 2024). These efforts 
highlight the importance of multilingual and cross-jurisdictional evalua‍
tion frameworks as LLMs are deployed globally.

A parallel strand of engineering research focuses on developing spe‍
cialized legal LLMs through targeted training and fine-tuning approaches. 
Research by Niklaus et al. (2024) demonstrates that law-specific instruc‍
tion training can improve LLM performance on legal task benchmarks. 
Studies have explored various approaches to legal model optimization, 
from domain-specific pre-training to instruction fine-tuning on curated 
legal corpora (Dominguez-Olmedo et al. 2024). Related research has ex‍
amined prompt engineering strategies (Zambrano 2024) and few-shot 
learning approaches (Doyle & Tucker 2024). Others have focused on se‍
mantic role extraction and legal information extraction tasks (Bakker et 
al. 2025; de Faria et al. 2025).

One pressing engineering challenge for the practical use of LLMs in 
the legal context has been hallucinations – instances where LLMs gener‍
ate plausible but factually incorrect legal information. Dahl et al. (2024) 
revealed that hallucinations occur between 58 % of the time with Chat‍
GPT-4 and 88 % with Llama 2 when asked specific, verifiable questions 
about federal court cases. Subsequent research by Magesh et al. (2025) 
evaluated commercial legal research tools, finding that Lexis+ AI and 
Westlaw AI-Assist hallucinate between 17% -33 % of the time despite us‍
ing retrieval-augmented generation techniques. This work demonstrates 
that even sophisticated engineering approaches cannot entirely eliminate 
hallucinations, emphasizing the need for transparent benchmarking of 
commercial products.

F. Challenges and Limitations

While large language models offer transformative capabilities for legal 
analysis, their integration into legal scholarship and practice poses a num‍
ber of important challenges that must be carefully addressed. Among 
the most pressing concerns are accuracy and reliability. Unlike tradi‍
tional computational methods where errors are typically systematic and 
predictable, LLM failures can be subtle, inconsistent, and difficult to de‍
tect. Plausible hallucinations and the jagged technological frontier phe‍
nomenon can make it difficult for legal scholars and practitioners to un‍
derstand and predict errors associated with LLMs. Legal change may also 
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prove to be a fundamental limit on the use of LLMs in certain cases. Legal 
information evolves continuously through new legislation, regulations, 
and case law. LLMs trained on historical data are much more well-suited 
for providing a snapshot based on prior information than offering clear 
guidance on the current state of the law.

Another important set of challenges concern bias and fairness. Be‍
cause LLMs are trained on vast corpora of legal texts that reflect historical 
patterns of legal decision-making, their outputs may encode prior biases 
or discriminatory behavior. This fact can help reveal patterns in ways that 
are useful for researchers (Ash and Chen), but scholars must work care‍
fully to ensure that their work illuminates, rather than perpetuates, bias. 
The scale and opacity of LLM training data make bias identification and 
mitigation particularly challenging. Unlike traditional machine learning 
approaches where training datasets can be systematically audited, LLM 
training involves processing billions of documents whose contents and 
biases cannot be comprehensively characterized.

The integration of LLMs into legal practice also raises fundamental 
questions about professional responsibility that existing ethical frame‍
works are not equipped to address. Legal professionals have duties of com‍
petence, confidentiality, and zealous advocacy that may be compromised 
by inappropriate reliance on LLM systems. Courts and regulatory bodies 
are grappling with how to address LLM-generated content in legal pro‍
ceedings, raising novel questions about admissibility, authentication, and 
reliability standards. Traditional rules of ethics, evidence, and procedure 
were not designed to handle content generated by artificial intelligence 
systems, creating uncertainty.

G. Conclusion

The emergence of large language models represents a paradigm shift in 
how legal scholars conduct empirical research. Our review identifies three 
dominant applications: data generation and feature extraction that dra‍
matically reduce barriers to incorporating complex textual features; in‍
ference and prediction applications unlocking new forms of legal analysis; 
and engineering studies establishing technical foundations despite persis‍
tent accuracy challenges. These developments collectively represent both 
the culmination of decades of progress and the opening of entirely new 
research frontiers.
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However, this transformation brings fundamental research chal‍
lenges that demand sustained scholarly attention. The persistent problem 
of hallucinations introduces validation complexities absent in traditional 
computational methods. Models may excel at sophisticated legal reason‍
ing while failing unpredictably at seemingly simpler tasks, defying intu‍
itive assessment of reliability. Beyond technical limitations, LLMs raise 
deeper methodological questions about the nature of legal knowledge and 
reasoning. When models trained on vast legal corpora produce insights 
that match or exceed human expert performance, scholars must grap‍
ple with the difference between genuine understanding or sophisticated 
pattern matching, and what this distinction means for empirical legal re‍
search.

Moving forward, legal scholars should approach LLMs as powerful 
tools requiring careful validation rather than as replacements for tradi‍
tional methods. In the domain of practice, professions should view these 
tools as sophisticated assistants that require close oversight, particularly 
given hallucination risks. And policymakers face the challenge of balanc‍
ing LLMs substantial benefits with requirements for accuracy, fairness, 
and accountability through new validation standards and transparency 
guidelines. The response of these communities will determine how these 
recent technological innovations will affect the practice and study of the 
law.
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