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Special section on credit riskmodelling—Guest editorial
On 29–30 October 2020, the first Credit Scoring and Credit
Rating conference (CSCR I) was organised by Southwest-
ern University of Finance and Economics in Chengdu,
Sichuan, the first international conference of its kind to
be held in China. The conference themed ‘Bridge the Gap’
was oriented to draw together academics and practition-
ers in the credit industry. The conference attracted 150
delegates to attend offline and hundreds of international
guests to participate online. There were 47 keynotes and
talks being shared and discussed. Research papers in-
cluded topics in banking, corporate finance, consumer
finance, bond and credit derivatives markets, FinTech and
other related fields, including the impact of the Covid-19
pandemic on credit. This special section collects together
seven papers presented at CSCR I. For the reader new to
the topic areas of credit risk assessment, we recommend
the following comprehensive textbooks: Anderson (2007),
Van Gestel and Baesens (2009) and Thomas et al. (2017).

A great deal of research in credit risk modelling is
bout improving performance with existing business prob-
ems, such as decisions on applications for credit. Typ-
cally, this can involve the application of novel analytic
echniques, or the use of new data sources, or both. The
irst group of three papers fall under this category and
epresent original contributions in this area.

Traditional credit scoring models use the binary target
ariables (default/non-default) which are linked to a stan-
ard decision – to accept or reject an applicant for credit.
owever, there is a grey area in between where more
nformation may be required before an accurate decision
ould be made. Shen et al. (2022) address such situations
y proposing a sequential three-way decision (S3WD)
pproach for credit risk assessment, building on the work
y Yao (2010) and Maldonado et al. (2020). The suggested
pproach uses sequential optimisation, maximising the
nformation gain in order to find two decision thresholds
n contrast to a traditional single cut-off. The authors use
Genetic Algorithm (GA) to find iteratively the optimal

hreshold parameters, thus sequentially separating the
redit applicants into accept or reject areas, and those
ith unclear or difficult to predict status left in a bound-
ry region. The additional information can be sought only
ttps://doi.org/10.1016/j.ijforecast.2022.05.009
169-2070/© 2022 Published by Elsevier B.V. on behalf of International Instit
for the latter, thus leading to significant savings on costs
related to information acquisition. The method is repeated
on the boundary region until the final decisions are ob-
tained for all applications. The ensemble method XGBoost,
a well-known machine-learning classifier, is used as a
baseline model to predict default, and its performance is
compared to other popular algorithms. S3WD is applied
to each of these algorithms, and the experimental results
demonstrate the improvement in the predictive accuracy,
in particular in Recall, which measures the proportion of
correctly classified defaults from all observed defaults in
the sample. The use of GA increases the running time,
especially with large samples, and makes the process of
credit risk assessment time-consuming. To overcome this
limitation, the authors suggest to consider an incremental
learning method as a direction for improvement of the
proposed method.

Microfinance has developed rapidly around the world
in recent decades and it attracts significant attention
from policymakers, supervisors and academics. These in-
novations of financial technologies play an important
role in promoting financial inclusion, reducing poverty
and achieving social justice, particularly in underdevel-
oped and developing regions. It is important to note
that borrowers in these areas cannot obtain loans from
mainstream financial institutions such as banks because
they have limited information and solutions. In the second
paper in this group, Medina-Olivares et al. (2022) consider
the spatial factors including geographic locations, extreme
weather and climate conditions. They integrate the spatial
random effects in a traditional logistic regression model
into the evaluation of credit risk, which is found to im-
prove the calibration measure and discriminant power of
the model. In addition, the empirical results also show
that the significant risk factors vary between individual
and group loans. The paper emphasises that a stable and
sustainable microeconomic environment is essential to
the development of Microfinance institutions and diver-
sified loan products can be the solutions to meeting the
micro and rural finance demands.

Fuzzy decision-making facilitates systems that can han-
dle uncertainty in the information and decision criteria
ute of Forecasters.
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by using tools from fuzzy logic and fuzzy systems. In our
third paper in this group, Sun et al. (2022) introduce an
application of fuzzy decision-making to credit ratings for
small industrial enterprises. The paper follows a multilay-
ered modelling approach based around using triangular
fuzzy numbers (TFN) for qualitative evaluation indicators,
fuzzy c-means algorithm and TOPSIS (see Tzeng & Huang,
2011). The use of TFN addresses the point that expert
grading advice is qualitative and typically expressed with
uncertainty using words such as ‘‘many’’, ‘‘some’’, ‘‘likely’’,
and so on. Fuzzy approaches are designed to deal with
such imprecise data, whilst conveying the uncertainty,
and TFN, in particular, allows these qualitative data to be
converted to quantitative variables for further application
of data analytics. Sun et al. (2022) apply their method to
a loan data set of 1820 Chinese small industrial enter-
prises. In their experiments they found 13 key indicators
and show that their TFN and feature selection methods
outperform existing expert grading and feature selection
methods in terms of accuracy and AUC for predicting de-
fault. The authors’ algorithm and results have implications
for financial institutions looking to make use of qualitative
expert advice and improve credit rating based on novel
data analytic techniques.

As CSCR I was hosted in China, there was a special
nterest in the Chinese credit market, and several papers
ere received specifically on Chinese corporate default or

inancial distress. The next group of three papers fall into
his category and explore different facets of this topic that
ill be of interest to credit providers, policy-makers and

nvestors.
The paper by Zhang et al. (2022) addresses the prob-

em of corporate default in China. Corporate defaults have
n important effect on investors, as well as financial sta-
ility. It is unclear exactly which factors contribute to
hinese corporate default, hence this is an important re-
earch problem. Zhang et al. (2022) use data from the Risk
anagement Institute of the National University of Sin-
apore which collects together default events reported in
ultiple news sources. They apply a reduced form model
sing logistic regression to model default events, and
nclude the Distance-to-Default (DTD), a market-based
easure of corporate default risk, to determine if it is
predictor of default. Their model demonstrates good
odel fit and shows that several risk factors influence

he probability of default. In particular, lower short-term
nterest rate is a risk factor, consistent with the fact that
ower interest rate may accompany a recession period.
lso, lower cash to total assets, lower ROA (net income to
otal asset ratio), but higher ROA trend, smaller firm size,
TD and DTD trend are all significant risk factors. Finally,
f a firm is owned by the local or central government, they
ind that this reduces the probability of default. Although
TD is a significant factor in the corporate default model,
he study found it was not sufficient in itself as a predictor
f default, and it is better to use the other variables along
ith DTD to achieve best model performance. Several
esearchers have suggested ST (special treatment) as a
roxy for default for Chinese firms such as the other paper
hou et al. (2022) in this issue. Zhang et al. (2022) also
nvestigate this proposal, and argue, based on their em-
irical study, that ST may not form a good proxy. Overall,
1052
this paper presents some insightful new empirical results
regarding Chinese corporate defaults.

Special Treatment (ST) is a popular indicator applied
by the China Securities Regulatory Commission as a sign
of financial distress (e.g. Geng et al., 2015; Li et al., 2021).
Zhou et al. (2022) follow this trend, and in particular
investigate an interesting question of the recurrence of
financial distress. That is, if a firm has already been in
financial distress, what is the probability of getting dis-
tressed again? They apply a survival analysis approach
to model the time from the recovery to second distress.
Firms that do not have recurrent financial distress, within
the observed time period, are accommodated as censored
cases. By using survival analysis, the authors are able to
take the history of distress into account in the model. A
Prentice, Williams and Peterson (PWP) intensity model
is used, which is designed to model sequences of or-
dered events, and it is adapted to allow for stratification.
The dataset sourced from the Chinese stock market over
20 years allows for a large number of corporate gov-
ernance, accounting, market-based and macroeconomic
variables to be included in a model of recurrence. Their
results show that several of these variables from each
category are significant explanatory variables, and the
identification of these risk factors is insightful. In partic-
ular, recurrence of financial distress is highly dependent
on duration of distress, and event-based variables such
as debt restructuring, shareholder changes, asset replace-
ment and the operation information changes, contribute
to enhancing the predictive power of the model. This
paper provides an important advance on the study of
corporate financial distress.

The prediction of financial distress for unlisted com-
panies is usually difficult for reasons of lack of reliable
or timely information disclosure. Jiang et al. (2022) solve
this problem by text mining the current and periodic
reports. The sample for analysis is taken from the New
Third Board in China and consists of information tech-
nology companies, which are more likely to suffer finan-
cial distress compared to listed companies. The authors
follow a rigorous modelling process and use the new
BERT (Bidirectional Encoder Representations from Trans-
formers) open source framework proposed by Google to
extract the semantic features of the reports. When using
classical machine learning methods for prediction, the
authors find that semantic features obtained from the
reports helps to improve the predictive accuracy. The
performance of adding semantic features remains the best
when compared with adding other features, such as sen-
timent features and thematic features. Text analytics and
natural language processing are evolving rapidly, and ap-
plying them to classical economic and financial problems
is interesting and meaningful. We expect more studies to
emerge from this field in the future, providing insights for
financial distress, debt default, corporate failure and fraud
detection.

The last paper we include is a very timely study of
the effect of the Covid-19 pandemic on the credit market
using intervention analysis. Despite Covid-19 attracting a
lot of attention from academics and practitioners, its full
consequences have yet to be understood. The impact of
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the pandemic on credit card use is the subject of the paper
by Ho et al. (2022). Measuring the impact is not a trivial
task, which can be addressed by intervention analysis
(Box & Tiao, 1975). Traditionally it is applied to long
time series of aggregated data. Ho et al. (2022) contribute
to knowledge by applying the intervention analysis to
individual-level consumer credit data. The authors dis-
cretise credit card balances across consecutive pairs of
monthly observations, and estimate transition probabili-
ties following a Markov process and allowing for the effect
of covariates. The proposed non-parametric approach is
robust to the risk of misspecification and can accommo-
date various data deficiencies, such as point masses or
missing values. The framework is illustrated through the
application to a nation-wide dataset of Canadian con-
sumer credit cards from January 2017 to September 2020.
The results demonstrate that the pandemic led to an
unprecedented reduction of credit card use. The proposed
method provides a flexible framework that can accommo-
date multiple risks in complex and realistic environments.
It can be extended to many other applications, to de-
tect e.g. policy changes, where the distributions of the
variables of interest show complex shapes that would
be difficult to model by parametric methods. These in-
clude modelling leverage ratios in mortgage lending or
loss-given default, monitoring the changes in the pop-
ulation and potential model performance deterioration,
investment decisions.

We hope you find this special section an insightful and
njoyable read. We would like to thank the Editors of
he International Journal of Forecasting for accepting the
ublication of the following papers and for overseeing the
ditorial process.
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