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Input:
T: set of transactions
F: node-level financial/structural features
G(V,E): directed transaction graph
K: number of GraphSAGE layers

AGG: aggregation function

Output:

RiskScore(v) for each node v € V

V: Construct G from T:

: Detect communities:

o > < v & 6 1 <

: Build node features:

For each transaction (s_i, b_i, amount_i):
w_{s ib_i} « log(1 +amount i)
Add directed edge (s_i — b_i) with weight w_{s ib i}

G' < Undirected version of G
{C 1, ...,C p} « Louvain(G")
Assign CommunityID(v) forallv € V

'G,8 ol p Siwe Sl y8 ol sl b3y 1) 0 yles wois 59!

Voot JSS cizps il ol Sl B apiis
Do e Gialed ) ool (o) p sl oSl (5 )loges anslie

Yoo For each v:
CommunitylD(v)]

Y Y: GraphSAGE propagation:

VY: Foreachv: h v0) «—x v

VY. Fork=1...K:

X v «— [F(v) |l

V¥: For each v:

Vo S _k(v) «— Sample neighbors of v

V7 m_vNk) — AGG({h_u"k—1) |u
€S k(v)})

Ve h v*(k) < o( W_k - [ h_v*k-1)
Ilm_vAK)])

YA: Classification:
Y4: TForeachv:

Yoo z_v « softmax( W_out - h_v(K)
)
ARE RiskScore(v) < z_v[“suspicious”]
Return RiskScore(v) forallv € V
End Algorithm
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Abstract

Tax evasion is one of the most significant challenges in tax systems, with a considerable portion stemming
from transactions among related parties, profit shifting, and networked behaviors between companies. The
complexity of ownership structures, multi-layered transaction chains, and hidden relationships between
companies render traditional tax evasion detection methods inadequate for analyzing organized patterns. To
address this gap, this study presents a graph-based framework utilizing community detection with the Louvain
algorithm and the GraphSAGE graph neural network to identify hidden collusive structures, anomalous
clusters, and tax evasion probabilities within a network of over 162,000 Iranian companies. The research data
includes 33 financial, banking, and ownership indicators, with over 300,000 transactional and structural
relationships extracted among companies. Results indicate that the proposed model achieves an AUC of
0.9579, an accuracy of 0.8905, and an Fl-score of 0.8944, demonstrating high discriminative capability in
identifying high-risk communities and network patterns contributing to tax evasion. Community analysis
further reveals that a significant portion of anomalous relationships occurs within dense clusters of affiliated
companies and economic groups. Overall, the findings suggest that combining community detection and
GraphSAGE provides an effective tool for detecting complex tax evasion patterns in large-scale data and can
enhance risk analysis processes in tax administration.

Keywords: Graph Analysis, Community Detection, Graph Neural Networks, Tax Evasion, Financial Fraud
Detection, Inductive Learning
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