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Why fair graph representations?

GNNss are increasingly popular... ...but can inherit or even amplify
bias in training data (pai & wang, 2021)
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How to create fair graph representations?

The authors propose a graph augmentation framework, called Graphair, that is
optimized for both fairness and informativeness (Ling et al., 2022)
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Claims

e C(Claim I: Graphair consistently outperforms baselines in
fairness-accuracy trade-off in node classification tasks

e (Claim 2: Both the feature embeddings and the graph topology of
the augmented graph contribute to mitigating prediction bias

e (laim 3: Graphair can automatically learn to generate fair graph
data without prior knowledge of fairness-relevant graph
properties
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Claim 1: Outperform baselines in node

classificati

on

e NBA dataset is fully reproducible

e Pokec datasets are not fully reproducible with the available code'
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Extension: Link prediction

Metrics

o Mixed dyadic-level fairness

o Subgroup dyadic-level fairness

Baselines

o FairDrop (Spinelli et al., 2021)
o FairAdj (Lietal., 2021)
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Extension: Results

Citeseer Cora PubMed
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Graphair performs comparably against baselines on the mixed
dyadic-level fairness metric
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Extension: Results
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Graphair outperforms baselines on the subgroup
dyadic-level fairness metric
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Claim 2: Component contribution analysi

Graphair w/o feature masking Graphair w/o edge perturbation
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Claim 3: Automated Fair Graph Generati
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Discussion (Main Claims)
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Discussion (Extension)

e Link prediction performance on fixed dyadic-level fairness

Graphair o~ Baselines

e Link prediction performance on subgroup dyadic-level fairness

Graphair > Baselines
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Comments on reproducibility

The code is part of a library and is well-documented

Code and paper are closely aligned

The paper is clear and well-written

The paper and code provides a straightforward way to reproduce

results
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