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Agenda

19-Feb-26

1. Motivation & Background

i. Causal Models

ii. Causal Discovery

2. Causal Graphs for Contestable Neural 

Networks

3. Argumentative Causal Discovery

i. LLM as Imperfect Experts

4. Recap & Conclusion
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Structural Causal Model (Pearl, 2009)
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Causal Graphs + Structural Equation

Image from https://towardsdatascience.com/how-to-understand-the-world-of-causality-c698cdc9f27c
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Prediction vs Intervention
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Causal Assumptions (graphs)

• What if we observe a 
credit score of 700?

• What if we observe a 
PD of 12%?

Predictive Models

Score> 700

• What if we accept only 
customers with 700+ 
score?

• What if we do (perform 
an action/intervention 
in an environment)?

Causal Models 12

Default

Job SecurityEconomy

Indebtedness

Credit Worthiness

Credit Score
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Prediction vs Intervention
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Causal Assumptions (graphs)

• What if we observe a 
credit limit of £25k?

• What if we observe a 
PD of 9%?

Predictive Models

Credit Limit = £25K

• What if we intervene 
on Credit Limit?

• What’s the causal
effect on the PD?

Causal Models
9

?

Default

Job SecurityEconomy

Indebtedness

Credit Worthiness

Credit Score

Credit Limit
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Causal Models

19-Feb-26

Structural Equations

Exogenous
𝐸 ≔ 𝑓E 𝑈E

Endogenous:

J ≔ 𝑓J E, 𝑈J

𝑊  ≔ 𝑓𝑊 J, 𝑈𝑊

I ≔ 𝑓I W, 𝑈I

𝐷 ≔ 𝑓D E, J, W, 𝑈D

S ≔ 𝑓S W, I, 𝑈𝑆

L ≔ 𝑓L S, 𝑈L

Default 

(D)

Job Security 

(J)

Economy 

(E)

Indebtedness 

(I)

Credit Worthiness 

(W)

Credit Score 

(S)

Credit Limit 

(L)

do(L ∶= 25k)

𝒫 D|do(L ∶= 25k)

≠

𝒫 D|L = 25k

L ≔ 25k

= 16%

= 9%
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Machine Learning vs Causal Models
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High-Level Comparison
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Image from https://towardsdatascience.com/how-to-understand-the-world-of-causality-c698cdc9f27c
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Contestable Neural 
Networks

Causal Discovery for XAI & 

Human-in-the-loop Debugging

Russo & Toni. Causal Discovery and Knowledge Injection for 
Contestable Neural Networks. In Proc. of ECAI 2023

10



Imperial College London

Joint Neural Network Structure
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(Kyono, Zhang and van der Schaar 2020)
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Objective
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Capture Causal Relations
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Encode Causality in the Network Structure
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(Kyono, Zhang and van der Schaar 2020)
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Encode Causality in the Network Structure
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(Kyono, Zhang and van der Schaar 2020)
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Income Prediction Case Study

19-Feb-26

Adult Dataset (Becker and Kohavi, 1996)
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Income Prediction Case Study
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Adult Dataset (Becker and Kohavi, 1996)
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Income Prediction Case Study
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Adult Dataset (Becker and Kohavi, 1996)
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Income Prediction Case Study
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Adult Dataset (Becker and Kohavi, 1996)
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Takeaways
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Explain Contest Improve

Causal Graphs to…

Russo & Toni. Causal Discovery and Knowledge Injection for 
Contestable Neural Networks. In Proc. of ECAI 2023
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How do we reliably build 
causal graphs from 
data?
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The Peter-Clark Algorithm
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(Spirtes et al, 1993) Example from Glymour et al, 2019 

True Graph
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Income Prediction Example

19-Feb-26

Education

Race
Occupation Income
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Income Prediction Example
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Education

Race
Occupation Income

Education

Race
Occupation Income True Causal Graph

Majority-PC (Colombo and Maathias, 2012)

No Directed Acyclic Graph (DAG) is compatible with 
all the tests at the same time
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Argumentative Causal Discovery
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A Debate about Causality
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Rules

Assumptions

Causal ABA (Assumption-based Argumentation)

19-Feb-2625
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Income Prediction Example
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Education

Race
Occupation Income
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Argumentative Causal Discovery
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Sound & Complete Robust to Errors but 

Computationally Demanding

Data Check &

Stakeholder Engagement

Robust & Interactive

Russo, Rapberger & Toni. Argumentative Causal Discovery. 
In Proc. of KR 2024.
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Causal ABA Ensemble
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LLMs as Imperfect Experts

Li, Z. and Russo, F. Leveraging Large Language Models for Causal 
Discovery: a Constraint-based, Argumentation-driven Approach. 
Arxiv 2602.16481
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Causal Discovery Literature
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From the 90s

29



Imperial College London

Recap

Causal Models

• Causal 
Discovery

• Structural 
Equations

Contestable NN

• Method & 
Process to align 
NNs to SMEs’ 
causal view

Causal ABA

• Method to 
increase 
consistency 
guarantees and 
allow 
integrations and 
contestability

19-Feb-26

& Conclusion
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Appendix
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Causal Discovery for Trustworthy AI
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Learn a causal Graph while fitting 
a neural network

Expose the learned graph to 
SMEs and allow them to modify it

Inject the graph back into the NN

Methods

Represent DAGs and d-
Separation as a debate

Allow external knowledge to be 
input into the framework

Guarantee consistency of output 
DAG with a subset of the input

Learn a causal graph with 
asymptotic guarantees

Identify colliders given a 
skeleton using Shapley Values

Embed the decision rule into the 
PC algorithm

Contestable Neural Networks Causal Discovery with Shapley Values Argumentative Causal Discovery

Russo & Toni. Causal Discovery and Knowledge 
Injection for Contestable Neural Networks. In 
Proc. of ECAI 2023

Russo & Toni. Shapley-PC: Constraint-based 
Causal Structure Learning with a Shapley 
Inspired Framework. In Proc. of CLeaR 2025

Russo, Rapberger & Toni. Argumentative 
Causal Discovery. In Proc. of KR 2024.

33



Imperial College London

Income Prediction Case Study
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Adult dataset (Becker and Kohavi, 1996) UCI repository
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More Datasets
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From Credit Risk to House Prices
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ABAPC Reconstruction Accuracy
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on bnlearn datasets (Scutari, 2014) 
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Connect DAGs and Data: d-Separation
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(Pearl 2009)
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Connect DAGs and Data: d-Separation

19-Feb-26

(Pearl 2009)
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Connect DAGs and Data: d-Separation
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(Pearl 2009)
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Connect DAGs and Data: d-Separation
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(Pearl 2009)
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Connect DAGs and Data: d-Separation
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(Pearl 2009)
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Connect DAGs and Data: d-Separation
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(Pearl 2009)
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