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S 9tk 1 A% ANE Y 9PL o o
oloje] r A WL ALHTh KHH GON
dolojol A e SA #F Hi theel 4 2

oF Zo] Akd + itk

HED = g(AxHO xw® + pO) 2] (2)

HOL WA #ojoje] =t 3H PF&,
WwO= [-HA Holo]o] g5 7hEA FES o
ehdch =3 pO= 1A #o]of o] HK(bias)S
wdst, wbet pOe stz 7153k St g
(learnable parameter)E< &-rat o= HAAY
A3}t <24, ReLUS} Sigmoid9} 22 &4
o] AHgE F AUk AUA FE A HOW D
= ol == FET} o] %7 o ofsARt

=

ol

78 Xl(update) == GCN2J
B AFM s diE 2147 1He

(degree matrix)= AJAJgch FA|H o2,
B a9l 7} ¥ tlolE ZRIEV} &3
o g 2E Yepdth & dFoAE thE 4l
A2 ko] #BAE F 3K undirected) 1EjEZE
T olHT Y =ZE T3] f8 UH
W o] I3 FES 7|HEe = 1F] 3
matrix)¥} 2= ¥ (degree matrix)= A4S}
o] Al thdt AR oA EE= oo} T
o] AL B3l TR ARE nEoRE AF g
I A4 YES =S o] F GON U ESF 29

A=

OnT

R

[«
2]

1484 4 W ¥E H

r

EA w CELENEE

(12 2) GCNo| Fmop 7=

Algorithm: Matrix Construction

Input:
Dataset: A complete dataset.

ClusterTensor: Tensor containing cluster IDs for each row in Dataset.

Output:
Constructed adjacency matrix and degree matrix.

Procedure:
Initialize an empty dictionary IndexDict
for each unique value UV in ClusterTensor do:

Identify and store indices where the value is V in IndexDict
Initialize an adjacency and a degree matrix to zeros of ClusterTensor length
for each index IndexCol and value V in ClusterTensor do:

Establish connections in the adjacency matrix based on IndexDict[V]

Update diagonal of degree matrix based on the size of cluster U
Calculate the inverse square root of degree matrix
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Abstract

TeGCN:Transformer-embedded Graph Neural
Network for Thin-filer default prediction

*

Seongsu Kim® « Junho Bae® - Juhyeon Lee” - Heejoo Jung™ - Hee-Woong Kim™*

As the number of thin filers in Korea surpasses 12 million, there is a growing interest in enhancing
the accuracy of assessing their credit default risk to generate additional revenue. Specifically, researchers
are actively pursuing the development of default prediction models using machine learning and deep
learning algorithms, in contrast to traditional statistical default prediction methods, which struggle to capture
nonlinearity. Among these efforts, Graph Neural Network (GNN) architecture is noteworthy for predicting
default in situations with limited data on thin filers. This is due to their ability to incorporate network
information between borrowers alongside conventional credit-related data. However, prior research
employing graph neural networks has faced limitations in effectively handling diverse categorical variables
present in credit information. In this study, we introduce the Transformer embedded Graph Convolutional
Network (TeGCN), which aims to address these limitations and enable effective default prediction for thin
filers. TeGCN combines the TabTransformer, capable of extracting contextual information from categorical
variables, with the Graph Convolutional Network, which captures network information between borrowers.
Our TeGCN model surpasses the baseline model’s performance across both the general borrower dataset
and the thin filer dataset. Specially, our model performs outstanding results in thin filer default prediction.
This study achieves high default prediction accuracy by a model structure tailored to characteristics of credit
information containing numerous categorical variables, especially in the context of thin filers with limited
data. Our study can contribute to resolving the financial exclusion issues faced by thin filers and facilitate
additional revenue within the financial industry.

Key Words : Thin Filer, Default Prediction, Graph Convolutional Network, Categorical Feature Embedding, TeGCN
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