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1 Purpose and Scope

This manual explains how to set up the environment, obtain data, and reproduce all ex-
periments for the project Adversarial Graph Neural Networks for Fair Insurance Pricing.
It lists the required packages, hardware assumptions, repository layout, run order, config-
uration knobs, and high-level pseudocode for each pipeline (synthetic regression phases
P0–P6 and the real-data classification prototype P7). The manual avoids code listings
and focuses on what to run, what it produces, and how to change settings.

2 System Requirements

OS: Linux/macOS/Windows 10+. Python: 3.10 (recommended). RAM: 16GB+
(32GB+ preferred for large graphs). GPU (optional): NVIDIA CUDA 11.8+ for
faster GNN training.

Recommended stack (pinned):

• PyTorch 2.3.x (cpu or CUDA build to match your driver)

• PyTorch Geometric 2.5.x (+ torch scatter, torch sparse, torch cluster)

• pandas 2.2.x, numpy 1.26.x, scikit-learn 1.4.x

• networkx 3.2.x, matplotlib 3.8.x, tqdm, tensorboard, pyyaml

Listing 1: Installation Guide

# create env

conda create -n fair-gnn python=3.10 -y

conda activate fair-gnn

# --- Install PyTorch (pick ONE) ---

# CPU:

pip install torch==2.3.1 --index-url https://download.pytorch.org/whl/cpu

# OR CUDA 11.8:

# pip install torch==2.3.1 --index-url https://download.pytorch.org/whl/cu118

# --- Install PyG wheels that MATCH your Torch build ---

# CPU wheels:

pip install torch-geometric==2.5.3 torch-scatter torch-sparse torch-cluster \

-f https://data.pyg.org/whl/torch-2.3.1+cpu.html

# OR for CUDA 11.8:

# pip install torch-geometric==2.5.3 torch-scatter torch-sparse torch-cluster

\

# -f https://data.pyg.org/whl/torch-2.3.1+cu118.html

# Core libs

pip install pandas==2.2.2 numpy==1.26.4 scikit-learn==1.4.2 \

networkx==3.2.1 matplotlib==3.8.4 tqdm==4.66.4 tensorboard==2.17.0 pyyaml

==6.0.1

# Quick sanity check
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python - <<’PY’

import torch, torch_geometric

print("torch:", torch.__version__)

print("pyg:", torch_geometric.__version__)

print("cuda available:", torch.cuda.is_available())

PY

3 Repository Layout

• notebooks/:

– policycode.ipynb — synthetic graph generator + label-bias audit.

– Thesis.ipynb — all phases (P0–P6 regression; P7 classification).

• data/: raw files (synthetic nodes.csv, synthetic edges.csv, Insurance.arff).

4 Data Inputs

Synthetic (Bias-on-Demand) (Baumann et al.; 2023):

• Generated by policycode.ipynb using knobs: n, pA, δloc, τ , rNB, αA, M , λevent,
seed.

• Outputs: data/synthetic nodes.csv, data/synthetic edges.csv.

(a) Nodes/edges preview (b) Bias audit (DP)

Figure 1: Synthetic-dataset checks from policycode.ipynb.

Quick checks. Real dataset (P7):

2



(a) Console summary for P7.

Item Value

Dataset size 15,000 nodes; 319,874 edges

Model 3-layer GCN; 13,105 parameters

AUC 0.4867

Accuracy 0.6169

Avg fairness gap 0.225

DPCity 0.750

DPAccommodation Type 0.066

DPIs Spouse 0.025

DPReco Insurance Type 0.057

(b) P7 (real-data) test-set summary.

Figure 2: Phase 7 snapshot: metrics table and console output.

• data/Insurance.arff (public, de-identified), sourced from OpenML (Dataset ID
45064) (Lee; 2023). Used as a 15k stratified sample for classification.

• One-hots for low-cardinality categoricals (incl. City Code); 3 numeric scaled; total
∼71 dims.

5 Reproduction Steps

1. Generate synthetic data: open notebooks/policycode.ipynb, run all cells.
Verify on-screen the head of nodes df and edge counts; the label-bias audit should
print DP gaps.

2. Train/evaluate phases: open notebooks/Thesis.ipynb.

• P0–P6 (regression): set task: regression, pick λ ∈ {0, 0.1, 0.5, 1, 2} and
the adversary mode (single/multi/intersectional). View RMSE/DP results
inline; optionally save the plot via Jupyter’s ‘Save image’ menu.

• P7 (classification): set task: classification, load Insurance.arff,
build the 15k graph (feature-similarity + city proximity + light random),
train a 3-layer GCN. Export AUC/Accuracy and DP by groups.

6 Configuration

seed: 42

task: regression # or classification

data:

synthetic_nodes: data/synthetic_nodes.csv

synthetic_edges: data/synthetic_edges.csv

insurance_arff: data/Insurance.arff

bias_knobs:

n_nodes: 50000
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p_privileged: 0.60

delta_loc: 0.05

tau: 0.05

r_nb: 1.0

alpha_priv: 1.0

M_events: 10000

lambda_event: 4.0

model:

gnn: GCN

hidden_dim: 128

layers: 2 # 3 for P7

dropout: 0.0

train:

epochs: 50

lr: 0.01

weight_decay: 1e-4

lambda_adv: [0, 0.1, 0.5, 1, 2]

adversaries: [race, gender, age, geo] # ’multi’ or ’racexgender’

7 Notebook Responsibilities

policycode.ipynb

• Samples demographics and locations (representation bias via δloc).

• Simulates claim frequencies with NB(r=1) and privileged log-odds boost αA (meas-
urement bias).

• Builds two edge layers: geographic radius τ and co-claim cliques from M events
(structural bias).

• Saves nodes/edges CSV and prints a label-bias audit (group means and DP gaps).

Thesis.ipynb

• Loads graph; splits masks; builds 2×GCN encoder with regression head.

• Attaches GRL-based adversarial heads (single/multi/intersectional).

• Trains across λ values; logs RMSE + DP for race/gender/age/geo; exports frontier
plot.

• P7 mode: builds 15k real-data graph, 3-layer GCN classifier, reports AUC/Accuracy
and DP by groups.
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8 Pseudocode

A. Bias-on-Demand Graph Generator

1. Sample N policyholders with attributes: race (with privileged share pA), gender,
age bucket.

2. Place each node in R2 with mean shifted by ±δloc for (un)privileged groups.

3. Draw claim counts from NB(r=1) with log-mean α0 + αA · ⊮{priv}.

4. Add geographic edges for pairs with Euclidean distance < τ .

5. Simulate M multi-vehicle events with Poisson(λevent) participants; add clique edges.

6. Output synthetic nodes.csv, synthetic edges.csv; compute and log label DP
gaps.

B. Adversarial GNN (Regression, P0–P6)

1. Build 2-layer GCN encoder; regression head predicts ŷ (claim count).

2. Attach GRL + classifiers for targeted attributes; choose mode: single / multi /
intersectional.

3. Train with loss MSE(y, ŷ)− λ
∑

k CE(sk, ŝk).

4. For each λ, report RMSE (test) and DP gaps by attribute; export frontier plot.

C. Real-Data Prototype (Classification, P7)

1. Load Insurance.arff; build 15k stratified sample; scale numeric, one-hot categor-
icals.

2. Construct graph (feature-similarity + city proximity + light random edges).

3. Train 3-layer GCN classifier (weighted BCE); report AUC, Accuracy, and DP by
City and other groups.

9 Troubleshooting & FAQs

1. PyG / PyTorch install errors. Version mismatches between torch and torch-geometric
cause import failures. Reinstall using the wheels that match your Torch/CUDA (or
CPU) version as shown in the install snippet; restart the kernel after installation.

2. “Insurance.arff not found.” Place Insurance.arff in the same folder as Thesis.ipynb
(or edit the path at the top of the notebook). Rerun from the start.

3. Kernel dies when building the 50k synthetic graph. The geographic edge
stage is memory-heavy. Reduce n nodes (e.g., to 10k) or increase τ sparsity; the
paper’s results use a 10k induced subgraph for tractability.
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4. City fairness table shows many tiny groups. Small cells inflate the DP gap.
For Phase 7 we report the unpruned DP (upper bound). If desired, prune groups
with < 20 samples before computing DP (not required to reproduce the report).

5. Plots don’t save to disk. The notebooks display plots inline only. If you need
files for the manual, use Jupyter’s “Save image” from the output cell, or add a
single line plt.savefig(’figs/<name>.png’, dpi=300) right after plotting.

6. Results differ slightly from the report. Confirm the fixed seed (42) and that
you use the same train/validation/test splits stated in the notebooks. Minor drift
can occur across library versions.

7. CPU vs. GPU. The notebooks run on CPU. If you have CUDA, ensure all PyG
wheels match the Torch CUDA version; otherwise keep Torch CPU to avoid clashes.

8. Relative paths fail on Windows. Avoid spaces in folder names; run the note-
book from the project directory so relative paths (e.g., data/, synthetic nodes.csv)
resolve correctly.

9. Order of execution. Run policycode.ipynb first to generate synthetic nodes.csv

and synthetic edges.csv. Then run Thesis.ipynb for Phases P0–P6 (regression)
and P7 (classification).

10 Reproducibility Notes

Seeds. All runs use seed=42; masks/splits are fixed and saved.
Common issues:

• PyG install fails: ensure your PyTorch build (CPU/CUDA) matches the PyG wheel
URL.

• Out-of-memory on full graphs: switch to the 10k induced subgraph (regression) or
the 15k P7 graph; or use PyG NeighborLoader.
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