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Fairness and Explainability

Motivation

Novel Procedure-Oriented Fairness Perspective

Comprehensive Fairness Algorithm (CFA)

Traditional training
(for utility)

Distance loss based on 
original embedding

(for traditional fairness)

Distance loss based on 
masked embedding

(for explanation fairness)

(1) Ratio-based Fairness 𝚫𝑹𝑬𝑭

(2) Value-based Fairness 𝚫𝑽𝑬𝑭

Same opportunity of having positive prediction

Same opportunity of having high-quality explanations

Δ!" = |𝑃 %𝑦 = 1 𝑠 = 0 − 𝑃(%𝑦 = 1|𝑠 = 1)|

%𝑦: prediction %𝑞: explanation quality
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EQ: Fidelity of Model
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Experiments
RQ1: Bias Mitigation

RQ2: Multi-objective Tradeoff

Future Directions

Extending CFA
• Data types
• EQ metrics

Fair and Explainable
Graph Neural Networks

Fair Explanation for 
Inherently Explainable 

Models
(e.g., Decision Tree)

𝑠: subgroup %𝑦: label
Results

Fairness

Explainability

Why should we trust the model?

Why did the model make a certain 
decision?

Fairness Explainability

Fair Explanations

Utility Performance

Explaining the source of bias

Fairness and Explainability

Determining if the 
explanation is fair or not

(application-specific)

• higher-quality and 
clear explanation

• lower-quality and 
ambiguous explanation

Explanations of Different Quality

Different Levels of Trust

Different Treatments

Group Unfairness

ModelDataset

Biased

Unbiased

(EQ)
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Fairness

Welcome to my website 
for code and more details
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