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Graphair & Why fairness?

® Increasing popularity of GNN

® GNNs may inherit or even amplify bias in training data [2]
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Figure 1. Graphair Architecture [3]

Reproduced Claims

e Claim 1: Graphair consistently achieves a better
fairness-accuracy trade-off than baseline methods in
node classification

e Claim 2: Fair node features and augmented graph
topology reduce prediction bias

e Claim 3: Graphair learns to generate fair graph data
without prior knowledge of fairness properties

Claim 1: Outperform Baselines

e NBA dataset is fully reproducible
e Pokec datasets are not fully reproducible
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Extension Claim 1: Link Prediction

e Metrics: Mixed- and subgroup dyadic-level fairness
® Goal: Assess performance on different downstream task
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Figure 2. Different Fairness Metrics [1]
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Similar performance on mixed dyadic
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Claim 2: Ablation of Components \/
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Conclusion: Both FM and EP are necessary for fairness
graph generation

Claim 3: Fairness Generated Graph \/
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Conclusion: Automatically Generated Graphs are Fair

Discussion & Comments on Reproducibility

Claim 1 is partially reproducible

Claim 2 and 3 are fully reproducible

Outperforms baselines on subgroup dyadic-level fairness metric
The code is part of a library and is well-documented

The paper and code provide a straightforward way to reproduce
results
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