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Abstract

This tutorial explores the application of Large Lan-
guage Models (LLMs), such as BERT, LLAMA, and
GPT-3.5/4, to the extraction of causality from text doc-
uments, including identifying causes, effects, and ac-
tions in diverse texts, such as business, medical, and
newswire domains. We also address challenges related
to data availability and quality, such as varying defi-
nitions of causality. Causality extraction plays a cru-
cial role in natural language understanding, particularly
for building structured representations of medical and
technical texts and for multimodal question answering.
Participants will gain access to example code and links
to related repositories. Beyond causality extraction, the
session will connect these tasks to broader themes, such
as the mathematics of hallucinations in generative mod-
els and best practices for effective prompting. Designed
for participants with some familiarity with machine
learning or natural language processing (NLP), and ide-
ally LLMs, the tutorial should be both accessible and
highly relevant.

Overview

Large Language Models (LLMs) have been the dominant
research theme in natural language processing (NLP) since
2018, when BERT was made available by Google. Since
then, we have seen great improvements in several versions
of GPT, and research using publicly available Large Lan-
guage Models such as LLAMA, Gemma, Falcon, Claude
Mixtral and others. Causality extraction involves two key
tasks: identifying phrases and clauses that describe causes,
actions, and effects, and situating these elements within
broader contexts. Examples include improving a patient’s
condition or explaining the political implications of an event
and its causes. We note that human understanding is often
based on “mechanical” action-effect or cause-effect models,
and the desired outcome of causality extraction is often a
cause-effect graph or hypergraph. Due to the generative na-
ture of LLMs, they often hallucinate the locations of relevant
action, cause, or effect passages. Additionally, their rela-
tively shallow contextual understanding can hinder their per-
formance in generating accurate interpretations, particularly
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for complex domains like political news. This tutorial will
highlight these challenges and explore strategies to enhance
the quality of causality extraction using LLMs. Topics will
include prompt engineering, and other control strategies and
architecture, as well as recent theoretical insights into the in-
evitability of hallucinations in generative models. Examples
and case studies will be provided, along with links to code
and other resources. The tutorial will present an overview
of the field, showcasing recent findings up to April 2025.
The material is designed for participants with some famil-
iarity with machine learning or natural language processing
(NLP), and ideally LLMs.

Outline of Tutorial

Part 1 (45 minutes): Introduction

a. What is causality extraction, and why it matters for NLP?
(We will start with very brief introduction to the concepts of
causality and causality extraction (see Notes below)).

b. What can LLMs do well and where they struggle? (This
is changing on a weekly basis).

c. Strengths and limitations of LLMs in causality extraction.
— Demonstrations: Examples and results

Part 2 (45 minutes): In-Depth Exploration

a. Challenges in causality extraction datasets: Data scarcity
and quality issues

b. Application case studies: Enhancing extraction and
controlling model behavior

c. Open problems: Mapping text to causal diagrams/graphs
and addressing modalities
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Notes

(1) Causation and causality is of natural interest to everyone, and
of scientific interest for each scientific domain from philosophy,
to physics, to artificial intelligence and to medicine (Hitchcock
and Woodward 2022; Hendricks and Symons 2022; Gallow 2022;
Sawesi, Rashrash, and Dammann 2022). Aristotle (Shields 2022)
introduced the four types of causes and argued that all four are
necessary and sufficient for explanations. More recently theories
of probabilistic probabilistic causation (Hitchcock 2022) have been
developed. Perhaps the most prominent one presented in the works
of J.Pearl, his students and collaborators (Pearl and Verma 1995;
Pearl 2019; 2009; Bareinboim et al. 2022).

(2) Even though there are multiple well-established theories of
causality, they seem have only limited impact on the subfield of
NLP called "causality extraction.” In NLP the starting point lies in
commonsense views of cause and effect (Roemmele, Bejan, and
Gordon 2011), summarized common dictionary definitions, e.g. in
Merriam-Webster dictionary as the direct relationship between an
action or event and its consequence or result’and causality as “the
relation between a cause and its effect or between regularly corre-
lated events or phenomena.” This common-sense intuition is opera-
tionalized as instructions for data annotators, e.g. in the Five Tests
for Causality,” proposed in (Tan et al. 2022):

1. Why: The example is not causal if the reader is unable
to construct a “Why” question regarding the Effect.

2. Temporal order: The example is not causal if the Cause
does not precede the Effect in time.

3. Counterfactual: The example is not causal if the Effect
is equally likely to occur or not occur without the Cause.

4. Ontological asymmetry: The example is not causal if
the reader can readily swap the Cause and Effect claims in
place.

5. Linguistic: The example is likely to be causal if it can
be rephrased into “X causes Y or “Due to X, Y.”

The properties 1-5 do not naturally map into the Aristotle types
of causation, nor the Pearl’s approach, nor other taxonomies of
causal relations, e.g the seven views of causality in medical liter-
ature (Sawesi, Rashrash, and Dammann 2022). Therefore, for the

purpose of this exposition, we see “causality extraction” as a sepa-
rate domain of research.
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