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Default Rate Prediction Models for Self-
employment in Korea using Ridge, Random Forest
and Deep Neural Network *

Dongsuk Hong
Korea Credit Information Serviees
dshongfakeredit.orkr

Abstract— This study introduces machine learning (ML)
and deep learning (DL) models for predicting self-employment
default rates wsing credit information. Most of preceding
studies regarding corporate credit risk often focus on
bankruptey prediction models which involve and target listed
companies, where they utilize financial information as main
variables and also use macro-economic information as
auxiliary variables. However, bankruptey prediction models
are difficult to apply (o cases where financial information is

ient, such as Il-and-medi enterprise (SME) and
i«elf-emplmmenl businesses. In addition, there hardly exist
studies on the prediction of corporate default rates by industry
and also very limited. We hereby used micro-level variables
that were processed by analysis of eredit information such as
loans and overdue history of individual businesses in Korean
manufacturing sector during April 2014 through June 2019,
together with typical macro-economic ones, such that we reach
to achieve performance enhancement in predicting default
rates. We then evaluated the effect which the algorithms such
as Ridge, Random Forest (RF), and Deep Newral Network
(DNN) make on the performance of the propoesed model, ie.
default-rates prediction model for self-employment. In this
study, the DNN model is implemented for two purposes, where

it is a submodel for the selection of credit information variables,

and it alse works for cascading to the final model that predicts
default rates by receiving the selected input variables. Each
consists of 2 and 3 hidden layers, respectively, and each layer
again consists of 5 nodes. The activation function, solver, and
learning rate were determined through hyper-parameter
tuning. As a result, when the eredit information variable was
used together with the macro-economic variable, the prediction
performance was increased by 3.48% points (R2=0.981),
compared to the Ridge model using only macro-economic
variables. and the DNN performance of the final model was
inereased by 4.74% points (R2=0.993).

Keywords—credit information, self-employment default rates,
macro-economic, machine learning (ML), deep learning (DL),
random forest (RF), deep neural network (DNN), hyper-
parameters

Hanjong Baeck
Korea Credit Information Services
click101(@kereditorkr

Therefore, in this study, in order to predict the default
rates of self-employed manufacturing businesses, a
representative  self-employed industry in Korea, we select
useful input variables and then establish three prediction
models. This study focuses on whether credit information
can be applied as a substitute variable for self-employment
default rate prediction or not, where financial information,
which was used as a major variable in existing studies, is
difficult to apply to, and whether deep learning algorithms
exhibit better prediction performance compared to machine
leaming ones.

1L LITERATURE REVIEW

A, Types of information used to predict bankruptcy
Considering potential input variables for predicting
company bankruptcy by information type, it is largely
classified into  financial information, —market-based
information, other non-financial information from a micro
perspective and macro-economic indicators from a macro
perspective. Financial information is one which describes a
company's profitability. growth potential, stability, ete. It has
been used as one of main variables from the traditional
statistical methods applied since the 1960s. As a leading

rescarch in the field, [3] proposed the concept of

discriminant function for bankruptcy risk prediction using 5
financial ratios of working capital to total assets, retained
eamings to total assets, operating profit to total assets,
market value of equity capital to total liabilities, and sales to
total assets.

EDF (Expected Default Frequency model) [4], which
involves stock price information, is regarded as a
representative out of studies on bankruptcy prediction based
on market-based information, and studies ([5], [6]. etc.) that
integrate market-based information into financial information
are introduced later on.
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The Credit Information Feature Selection Method in Default Rate
Prediction Model for Individual Businesses

Dongsuk Hong' + Hanjong Baek + Hyunjoon Shin

In this paper, we present a decp neural network-based prediction model that processes and analyzes the
corporate credit and personal credit information of individual busincss owners as a new method to predict the

default rate of individual business more accurately

In modeling rescarch in various fields, feature sclection

techniques have been actively studicd as a method for improving performance, especially in predictive models
including many features. In this paper, after statistical venfication of macrocconomic indicators (macro vanables)
and credit information (micro variables), which arc input variables used in the default rate prediction model,
additionally, through the credit information feature sclection method, the final feature set that improves prediction
performance was identified. The proposed credit information feature sclection method as an iterative & hybrid
method that combines the filter-based and \nappﬁ»hawd method builds submodels, constructs subscts by extracting

important variables of the

and the final feature set through

prediction performance analysis of the subset and the subset combined set

Key words - credit information, individual business default rate, feature selection, decp leaming, prediction

performance
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Generation and Validation of Synthetic Training Data
for Predicting Bankruptcy of Individual Businesses

Dong-Suk Hong!”, Cheol Baik?

EZ Big data Center, KCIS(Eorea Credit Informabon Services), M538, Korea

Abstract

In this smudy, we investigate the credat information (lean, delinguency mformation, etc.) of individual busmess owners o
pemerale an enormous amount of raming data required o esiablish a bankrupicy prediction mode] through a parizal symihenic
rainimg technigue and further evaluate the prediction performance of the newly generated dam compared o the scmal daga.
When wsing the CTGAN (conditional, tabular, generative adversarial networkspbased trainimg data generated by the
experunental results (when predocting logistic regrsssom), the recall is improved by 1.73 tmmes companad to the actual daga.
The probability that both the actsal and generated data are sampled over the wdentieal distribution has been verified 1o be msch
higher than B0% By providing actificial intelligsncs raining dats theongh dats synrhesis in dee flds of cradit rating and

defaalt rak prediction of individual busimesses, whach have not been melatively active i reseanch, ot = expected that misch

fisrther in-depth research utilizing them will be promoted .

Indax Terms: Al dses synthete data, crednt mformaton, GAMN, bankruptey prediction, the classification problem

L INTRODUCTION

Mg cutlimg-edee felds such & big dats and desp learmamng
evolve and ger sdvanced, the demand for data disclosure for
incressing. However,  ansdses
conducted towands preserving privacy by generating amd
disclosing synthetic data processed, mather than ongmal data,
since there exisis the risk of revealing sensilive information
about andividuals if the onginal data is released as avas [1].
In addition, building Al leaming models such as deep
learming models and improving the performance of those
models require a large volume of daga,
tramming data is one of the most significant research opics
because collecting a buge armount of data takes a bot of time
and effort [2]-

O il avthir hand, predicting & corpacate’s possibiling of
bankruptey i one of the core forecasting smsues in the

analysas s have been

and generating

financial sector, as fAnancial bankmuptey dse 1o corporate
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credit risk can result in high economic costs amd, in exirermss
cases, coomormic downierms as well as corporate bankrsplesy.
for peedicting  bankrsptcy  of
(mcluding  individual businesses) = acmally

However, tramnmg dala
CoTporle
daffscult to access, and there are limitations and difficalEes
in using the actoal data becsisse it conlains data mmbalance
1SS

In thiz smdy. we propodss a three-step procedons o
wenerate synthetic tmining data for predicting bank naptey of
indivadual First, we poepare
wenerate synthetic data from the prepared source data, and
then evaluate generated dsta o select the final daraser. We
wenerate synthetic training data by applying GaM (a vamant
of GiAaM), a represemtative model, and compare and evaluase
them with real data

In the precedimg smdies om the data synthesis with the
imbalanced  data, studies  pargeting  the
individual businesses. In this paper. first. we ose the credin

busamesses. source  data,

there  are  few
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