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Motivation & Problem Statement

● Large Language Models (LLMs) are increasingly used in high-stakes 
fields, but their reasoning does not always correlate with their 
answers.

● Plausibility ≠ Faithfulness
○ Plausibility: Does an explanation sound convincing to humans?
○ Faithfulness: Does the explanation actually represent the model’s 

decision-making process?
● Models generate plausible explanations, but are unfaithful, leading to 

inaccurate or misrepresented information
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Hidden Bias

● A model might make a decision based on an internal bias, but provide 
an unrelated explanation.

● In high-stakes environments, this can have serious consequences
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Research Gap

● Prior work focuses on question-level and dataset-level faithfulness, 
but fail to address which parts of an explanation is misleading and 
how to correct those errors.

● This paper introduces a two-part method to measure unfaithfulness 
using:
○ A secondary LLM to identify concepts and create questions with modified 

concepts
○ A Bayesian hierarchical model to estimate question-level and 

dataset-level faithfulness
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Prerequisite Concepts

● Focuses on context-based questions: multiple choice questions with 
context that is relevant to the question

● Defining “Concepts”: Input data is made of independent concepts
○ Age, Education level, Medical History, etc

● Concepts belong to higher-level categories
○ This allows concepts to swapped to evaluate changes in the model
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● Faithfulness measured using Pearson Correlation Coefficient where causal 
effects (CE) are compared to explanation-implied effects (EE) for each input

○ CE represents how much LLM response changes when a concept in the input 
is changed using Kullback-Leibler divergence

○ EE represents causal link between LLM response and explanation

Measuring the Gap
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Prior Works

● Previous research focuses on:
○ Explanation faithfulness using perturbations

■ Deleting or replacing tokens to evaluate output changes
○ LLM explanation faithfulness focusing on token-level edits

■ However, deleting tokens doesn’t capture high-level human 
reasoning or social biases

● This paper focuses on concepts
○ Does the underlying reason change the answer and explanation?
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Causal Concept Faithfulness: The Core Idea

● Extract concepts from input (ex. gender, age, skills)
● Generate counterfactuals by modifying one concept at a time using an 

auxiliary LLM
● Measure Causal Effect (CE): does changing this concept shift the model's 

answer?
● Measure Explanation-Implied Effect (EE): does the explanation mention this 

concept?
● Faithfulness = correlation between CE and EE (Pearson r)
● This lets us evaluate faithfulness without accessing the model’s “black-box”



Experimental Setup

● Datasets: BBQ (social bias), MedQA (medical QA)
○ Bias Benchmark for QA
○ Medical QA

● Models: GPT-3.5, GPT-4o, Claude-3.5-Sonnet
● Auxiliary LLM: Model GPT-4o was used to generate counterfactuals

○ Extract Concepts
○ Create "What-If" Scenarios
○ Act as a Judge



CE vs EE Scatter Plot

X-axis: Causal Effect (CE) → impact on answer
Y-axis: Explanation Effect (EE) → mentioned in explanation
Closer to diagonal = more faithful



Ex. Gender affects answer (CE = high), but not mentioned (EE = 0) → unfaithful



Key Findings

● BBQ: GPT-3.5 most faithful (0.75) — but hides social bias. GPT-4o/Claude 
hide safety measures instead

● MedQA: All models unfaithful. Claude ignores patient mental status (CE=0.32, 
EE=0) while always citing vital signs (CE=0.07)

● Higher faithfulness score ≠ safer — GPT-3.5's unfaithfulness is arguably more 
harmful



Strengths, Limitations & Open Questions

Strengths:
● Reveals what kind of 

unfaithfulness, not just a score
● Black-box compatible — no model 

weights needed
● Robust to small sample sizes 

(stable at N≥15)

Limitations:
● Correlated concepts can undermine 

counterfactuals
● Only 30 questions per dataset (cost 

constraint)
● Auxiliary LLM errors (~6–10% of 

counterfactuals)
● Only closed-source models tested 

in main experiments



Conclusion & Takeaways

● Contributions:
○ Demonstrates that LLMs often provide plausible but unfaithful 

explanations
○ Introduces a 2-part method to evaluate model explanation faithfulness
○ Proves that unfaithfulness is often used to hide reliance on social biases

● Future Directions
○ Adapting the framework to work with more complex datasets
○ Expand the method to work with correlated concepts
○ Analyze faithfulness of open-source models
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