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Overview

● Developments in natural language processing

● In-context learning

● Examples of empirical legal studies

○ Predicting Legal Factors from Court Opinions

○ Inductive Analysis of Criminal Court Opinions on Thefts
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● Empirical legal studies (ELS) is an approach to the study of law through empirical 
methods typical of economics, psychology, and sociology.

● Law is a heavily text-based discipline → ELS frequently focuses on text analytic methods
○ deductive coding - applying a fixed set of codes to a dataset
○ inductive coding - discovery of the codes from the data and their application

Empirical Legal Studies (ELS)
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Deductive Coding (hired annotators case)

● Specify task (annotation guidelines)
● Pilot study (update guidelines)
● Hire and train human annotators
● Annotate the data set

○ Monitor performance
○ Re-train annotators
○ Quality assurance (QA)

● Analyze results

Typical ELS Project (text analysis focused)

4

Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Searching for themes
● Reviewing themes
● Defining and naming themes
● Projecting themes onto the data
● Analyze results



Developments in Natural 
Language Processing



Artificial Intelligence: Definition

AI is a family of technologies and scientific field that enables/studies: (i) automation, (ii) 
acceleration, and (iii) extreme scalability of human (i) perception, (ii) reasoning, and (iii) 
decision making.

● Narrow AI - focused, specialised intelligent behavior approximating human performance.

● Extended AI - outperforming human in specialised intelligent behavior in scale, speed, 
precision or reliability and robustness.

● General AI - holistic intelligent behavior in general sense (creativity, intensionality, 
transfer learning capability)

● Super AI - outperforming humans in the general AI in scale, speed, etc.
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Artificial Intelligence: Evolving Paradigms

● Symbolic AI (GOFAI) - AI solvers, automated reasoning, planning & optimisation

● Statistical AI - machine learning (e.g., neural networks, deep learning)
○ Probabilistic data-driven approaches (since late eighties)
○ Fully supervised machine learning (since nineties)

■ Traditional ML - heavy reliance on feature engineering.
■ Deep neural networks - architecture engineering and need for (extremely) large datasets.

○ Pre-train -> Fine-tune paradigm (since 2017)
■ A model with a fixed architecture is pre-trained to predict the probability of observed data.
■ A model is than adapted to different downstream tasks.

○ Pre-train -> (Fine-tune)? -> Adapt paradigm (since 2021)
■ Prompt engineering, in-context learning
■ Instruction following, reinforcement learning (e.g., RLHF)

● Distributed AI - agentic systems, decentralised control, game theory (recently)
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Artificial Intelligence: Evolving Paradigms

● Symbolic AI (GOFAI) - AI solvers, automated reasoning, planning & optimisation
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Deductive Coding (hired annotators case)

● Specify task (annotation guidelines)
● Pilot study (update guidelines)
● Annotate the data set

○ Formulate explicit rules
○ Apply rules for annotation
○ Quality assurance (QA)

● Analyze results

Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Searching for themes
● Reviewing themes
● Defining and naming themes
● Projecting themes onto the data
● Analyze results



Artificial Intelligence: Evolving Paradigms

● Symbolic AI (GOFAI) - AI solvers, automated reasoning, planning & optimisation

● Statistical AI - machine learning (e.g., neural networks, deep learning)
○ Probabilistic data-driven approaches (since late eighties)
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Deductive Coding (hired annotators case)

● Specify task (annotation guidelines)
● Pilot study (update guidelines)
● Hire and train human annotators
● Annotate the data set

○ Monitor performance
○ Re-train annotators
○ Quality assurance (QA)

● Use machine learning to annotate 
additional data (train, evaluate)

● Analyze results

Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Searching for themes → Clustering?
● Reviewing themes
● Defining and naming themes
● Projecting themes onto the data
● Use machine learning to project 

themes onto additional data
● Analyze results



Artificial Intelligence: Evolving Paradigms

● Symbolic AI (GOFAI) - AI solvers, automated reasoning, planning & optimisation

● Statistical AI - machine learning (e.g., neural networks, deep learning)
○ Probabilistic data-driven approaches (since late eighties)
○ Fully supervised machine learning (since nineties)

■ Traditional ML - heavy reliance on feature engineering.
■ Deep neural networks - architecture engineering and need for (extremely) large datasets.
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Artificial Intelligence: Evolving Paradigms

● Symbolic AI (GOFAI) - AI solvers, automated reasoning, planning & optimisation

● Statistical AI - machine learning (e.g., neural networks, deep learning)
○ Probabilistic data-driven approaches (since late eighties)
○ Fully supervised machine learning (since nineties)

■ Traditional ML - heavy reliance on feature engineering.
■ Deep neural networks - architecture engineering and need for (extremely) large datasets.

○ Pre-train -> Fine-tune paradigm (since 2017)
■ A model with a fixed architecture is pre-trained to predict the probability of observed data.
■ A model is than adapted to different downstream tasks.

○ Pre-train -> (Fine-tune)? -> Adapt paradigm (since 2021)
■ Prompt (context) engineering, in-context learning
■ Instruction following, reinforcement learning (e.g., RLHF)
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Deductive Coding (hired annotators case)

● Specify task (annotation guidelines)
● Pilot study (update guidelines)
● Use machine learning to annotate data
● Hire and train human annotators
● Annotate data set for evaluation
● Analyze results

Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Use machine learning to define themes
● Use machine learning to project 

themes onto additional data
● Evaluate?
● Analyze results



Deductive Coding (hired annotators case)

● AI performs the whole task 
end-to-end

Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● AI performs the whole task 
end-to-end



In-context Learning



In-context Learning

All the information necessary to get the LM to do the task is included as part of the textual 
prompt input to the LM.

LLM zero-shot learning: A prompt that contains instructions for the task, but no actual 
examples of the task being performed.

LLM few-shot learning: A prompt that contains several examples of the task being performed 
and optionally the instructions.
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Example Prompt: Text Summarization
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Example Prompt: Information Extraction
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Example Prompt: Question Answering
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Example Prompt: Text Classification
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Example Prompt: Conversation
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Example Prompt: Code Generation
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Why does ICL work?
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● Instances of the task exist in the pre-training data.
○ Example: Translation data on the internet

● This means, the LLM already contains the knowledge it 
needs to do the task.
○ Additional instructions allow appropriate 

knowledge to be accessed.
○ Few-shot examples simply “teach” the LLM the 

template of the task.



The cause for different behavior of various prompts remains unclear so far.

Proposal: The more frequently a prompt appears in some variation in the data, the better it works 
for the task.

26Gonen et al. (2023), Demystifying Prompts in Language Models via Perplexity Estimation

Prompts Are Not Created Equal

OPT 175B accuracies on AG News classification task



● Sentiment analysis task

● 4-shot with GPT-3 2.7B

● Randomly sampled exemplars

● Permutations

27Zhao et al. (2021), Calibrate Before Use: Improving Few-shot Performance of Language Models

Exemplar Selection and Ordering



ICL performance drops only marginally
when labels in the exemplars are random.

● The input-label mapping
● The distribution of the input text
● The label space
● The format

28Min et al. (2022), Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?

Correctness of the Labels



Majority label: The exemplar space is dominated by a single (or a subset) of labels.

Recency bias: Labels seen later in the sequence.

29Zhao et al. (2021), Calibrate Before Use: Improving Few-shot Performance of Language Models

Other Considerations



In-Context Learning (Summary)

In-context learning is NOT robust to:

● The language of the prompt

● The language of the few-shot exemplars

● The ordering of few-shot exemplars

● The labels of the few-shot exemplars
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Predicting Legal Factors 
from Court Opinions
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Drug Interdiction Vehicle Stops: Legal Standards

● Courts assess whether police had:
○ Reasonable Suspicion → Brief detention for canine unit
○ Probable Cause → Immediate vehicle search

● Common "Factors of Suspicion":
○ Rental vehicles
○ Unusual travel plans
○ Strong air fresheners
○ Other observable behaviors

● Judicial Review Process:
○ Officers make initial determination
○ Judge reviews whether detention/search was legally justified

● Thousands of cases litigated at state, federal, and Supreme Court levels

32Gray, M. et al. Toward automatically identifying legally relevant factors. JURIX 2022. IOS Press.



33Gray, M. et al. Toward automatically identifying legally relevant factors. JURIX 2022. IOS Press.

Factors of Suspicion



Deductive Coding

● Specify task (annotation guidelines)
● Pilot study (update guidelines)
● Use machine learning to annotate data
● Hire and train human annotators
● Annotate data set for evaluation
● Analyze results

Typical ELS Project (text analysis focused)
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Automatic Factor Annotation

Gray, M. et al. Automatic identification and empirical analysis of legally relevant factors. ICAIL 2023.

211 cases overall
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Automatic Factor Annotation (cont.)

Gray, M. et al. (2024) Empirical legal analysis simplified [...] Philosophical Transactions of the Royal Society A, 382(2270).



37Gray, M. et al. Automatic identification and empirical analysis of legally relevant factors. ICAIL 2023.

Decision Tree from Training Data



Inductive Analysis of Criminal 
Court Opinions on Thefts
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Motivation

● Thematic analysis of criminal courts’ opinions (focused on the criminal offense of theft in 
Czechia)

● Criminal offense categories (e.g., theft, murder) are usually defined in statutory law

● The individual criminal acts are described by courts when they apply the law to factual 
circumstances of the cases

● To get insight into what behavior is criminalized and how effectively, it is necessary to 
identify shared features of criminal acts, and generalize them into “typical crimes”
→This is akin to performing thematic analysis

● Such analysis is an expensive and time-consuming endeavour

39Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.



40Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.

Six Phases of Thematic Analysis



Research Questions

(RQ1) How successfully can the LLM perform initial coding of the data?

(RQ2) To what degree can a subject matter expert improve the quality of the initial codes via 
natural language feedback?

(RQ3) How successfully can the LLM predict themes for the analyzed data points?

(RQ4) How successfully can the LLM autonomously discover themes and associate them with 
the analyzed data?

41Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.



42Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.

Dataset (human annotated - inductive)



43Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.

Proposed Framework



44Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.

Initial Codes (RQ1 + RQ2)



Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Searching for themes
● Reviewing themes
● Defining and naming themes
● Projecting themes onto the data
● Analyze results



46Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.

Theme Prediction (RQ3)



Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Searching for themes
● Reviewing themes
● Defining and naming themes
● Projecting themes onto the data
● Analyze results



48Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.

Theme Discovery and Prediction (RQ4)



Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● Familiarization with data
● Generating initial codes
● Searching for themes
● Reviewing themes
● Defining and naming themes
● Projecting themes onto the data
● Analyze results



Overall

● The initial coding of data was performed with reasonable quality (RQ1). 

● The coding further improved when expert feedback was provided (RQ2).

● The performance on zero-shot classification of facts descriptions in terms of categories of 
theft was promising (RQ3) but could likely benefit from expert feedback (future work). 

● The evaluation of the end-to-end performance of the pipeline on discovering and 
predicting themes suggested viability of the proposed framework (RQ4) 
→ subject matter expert supervision important 

50Drapal, J. et al. Using Large Language Models to Support Thematic Analysis in Empirical Legal Studies. JURIX 2023.



Back to the Drug Interdiction 
Vehicle Stops
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Automatically Induced Themes for Drug Interdiction Vehicle Stops 

Gray, M. et al. Using LLMs to Discover Legal Factors. In Legal Knowledge and Information Systems. JURIX 2024.



Burning Questions



Deductive Coding (hired annotators case)

● AI performs the whole task 
end-to-end

Typical ELS Project (text analysis focused)
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Inductive Coding (single researcher case)

● AI performs the whole task 
end-to-end



Burning Questions

1. How can we validate the results produced by the automatic pipeline?

2. How do we design interactions between AI frameworks and humans to ensure continued 
growth of a human as an expert?
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Thank you for your attention!
jsavelka@cs.cmu.edu


