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Abstract

To clarify the evolution of credit risk research, the article searches the litera-
ture data on credit risk research from 2007 to 2022 through the Web of
Science (WOS) database and adopts the scientometric method to analyze the
number of publications, the distribution of countries/regions in the field of
credit risk research with the help of Co-Occurrence (Cooc) metrology soft-
ware, respectively, distribution of important journals, and analysis of highly
cited literature, which elaborates the current status and research hotspots of
credit risk research; secondly, we analyze the distribution pattern and evolu-
tion trend by drawing the relevant knowledge maps of keyword co-occurrence
network, keyword clustering analysis, author-keyword clustering, and re-
search hotspots. It aims to summarize the achievements and shortcomings of
the existing literature, clarify the future research direction, and promote the
development of corporate credit research.
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1. Introduction

Credit risk has been a research area of great interest in financial risk manage-
ment, especially when we face a globalized economy and changing financial
markets (Augustin et al., 2009; Liu et al., 2022a). With the rapid development of
financial innovations and the interdependence of the global economy, financial
institutions and investors are generally exposed to credit risks, such as debt de-
faults and bond defaults (Puliga et al., 2014), the existence of which may lead to
financial market turmoil, the bankruptcy of financial institutions and an overall
economic recession (Yfanti et al., 2022). Identifying, assessing, and managing

credit risk is essential to ensure the stability and sustainability of financial insti-
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tutions and the economic system as a whole. The study of credit risk has
achieved extensive research and study over the past few decades. Scholars have
proposed different definitions and assessment models and explored various
types of risk management methods from different disciplinary perspectives, such
as economics, finance, and risk management. The purpose of this paper is to
summarize and analyze the current state of research as well as the future direc-
tion of development through a review of credit risk-related literature to provide
financial institutions and practitioners with an in-depth understanding of credit
risk and more effective credit risk management methods.

In terms of definition, credit risk can be viewed as the potential risk that a
debtor will not be able to meet its payment obligations as contractually required
(Abedin et al., 2022). From an economic perspective, credit risk can affect prices
and liquidity in bond and loan markets (Merton, 1973). Meanwhile, the defini-
tion of credit risk also encompasses a macroeconomics perspective focusing on
financial stability to understand the potential impact of credit risk on the eco-
nomic system as a whole (Freixas & Rochet, 1997). Understanding the definition
and characterization of credit risk helps us to better understand its nature and
influencing factors.

Scholars have proposed various assessment models and methods to assess and
manage credit risk. Credit risk assessment models are important tools widely
used in finance to help financial institutions accurately assess the creditworthi-
ness of borrowers to make decisions and manage risks. Traditional assessment
models include discriminant analysis (Mahmoudi & Duman, 2015), logistic re-
gression (Wang et al., 2015), and decision trees (Liu et al., 2022b), among others.
For example, Silva et al. (2020) applied a logistic regression model to credit score
data from a Portuguese financial institution to assess the risk of default on con-
sumer loans. It was found that the model correctly predicted 89.79% of defaults.
Jagric et al. (2012) developed a credit assessment model using a learning vector
quantization (LVQ) neural network and compared the model with a logistic re-
gression model. Finally, an empirical study was conducted using data from Slo-
venian banks. The results show that the LVQ neural network model is accurate:
it outperforms the logistic regression model and leads to more accurate assess-
ment results. These traditional models typically rely on human-defined features
and rules to build predictive models to assess credit risk by training and learning
from sample data. However, traditional models are limited by factors such as
feature selection and model complexity and often fail to capture complex pat-
terns and non-linear relationships in the data. With the rapid development of
technology and data, emerging models based on machine learning and artificial
intelligence have emerged. Models such as support vector machine (SVM) (Har-
ris, 2013), random forest (Wang, 2022a), deep learning (Zhang et al., 2020), and
neural networks (Li & Fu, 2023; Wang, 2022b) have been shown to have higher
predictive ability and flexibility in credit risk assessment. For example, Li & Fu
(2023) proposed a credit risk prediction model based on PCA-GA-SVM for
supply chain finance. The running results show that the model has good genera-
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lization ability and can provide a reference for commercial banks to improve the
credit risk management ability of Supply Chain Finance. Researchers have tried
to combine and integrate traditional and deep learning models to improve the
accuracy and robustness of credit risk assessment. For example, Zhong & Wang
(2023) propose a new deep learning credit scoring model based on deep forest
(DF) and random under-sampling. The results show that the RUS-DF model
obtains better classification performance and stability than other models and is
suitable for solving the credit scoring problem with imbalanced data. In conclu-
sion, credit risk assessment models play a key role in financial risk management.
From traditional models based on discriminant analysis to models based on
neural networks, emerging new methods, and technologies provide new ideas
and tools to improve the accuracy and efficiency of credit assessment. With the
increase of data and the improvement of computing power, credit risk assess-
ment models will be further developed and improved to better meet the needs of
financial institutions.

Credit risk management is an important area in business and financial institu-
tions, which have adopted a variety of approaches to reduce and control risk.
Traditional approaches typically focus on the use of historical data and statistical
models to assess and manage credit risk, including credit rating systems (Moon
et al., 2011), diversified portfolios (Consiglio et al., 2018), and risk diversification
(Uchiyama et al., 2019). Traditional credit risk management methods play an
important role in assessing and managing credit risk but have limitations in
adapting to the challenges of an increasingly complex financial environment and
new types of data. With the development of technology and the application of
new types of data, new types of credit risk management methods are emerging,
such as big data analytics (Niu et al., 2020), blockchain technology (Wang,
2021), and artificial intelligence (Xu et al., 2019), which also provide new op-
portunities for risk management. The introduction of new methods can assess
credit risk more comprehensively and accurately and provide more effective risk
management strategies. As technology continues to advance, credit risk man-
agement will continue to see innovation and development.

To summarize, credit risk research has achieved many results, but there are
still challenges and problems to be solved. This paper will bring together and in-
tegrate research results from various academic fields and provide an in-depth
analysis and assessment of credit risk to identify the research hotspots and future
trends in the field. To this end, this paper employs bibliometrics to quantitative-
ly as well as qualitatively analyze credit risk. By comprehensively analyzing and
synthesizing the field of credit risk research, our goal is to provide references for
future research, as well as to provide financial institutions and investors with
feasible credit risk management frameworks and strategies to further enhance
the stability and development of the financial market.

The main contribution of this paper is to analyze the field of credit risk re-
search using bibliometric methods, through systematically sorting out the de-

velopment history and trends of credit risk research, research concerns and
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hotspots in different periods and regions, identifying key journals and keywords,
and discovering research hotspots and future research directions. This will help
to promote the further development of credit risk research and improve the
academic level and practical effect in related fields.

Bibliometric studies on credit risk have improved the in-depth understanding
of credit risk by financial institutions and practitioners from a multidimensional,
systems-based perspective. The rest of the paper is structured as follows: in Sec-
tion 2, we describe the data sources and analytical methods used in our study. In
Section 3, we sort out the literature in the field of credit risk and map the cor-
responding knowledge map using COOC and VOSviewer software, including
the number of journal articles, the number of issuing countries/regions, core
journal publications, and highly cited literature. In Section 4, we analyze the re-
search hotspots, including keyword co-occurrence, keyword clustering, author-
keyword clustering, and evolutionary path analysis. In Section 5, we present

conclusions and outlook.

2. Data Sources and Analytical Methods

2.1. Data Sources

The data for this study was obtained from the Web of Science (WOS) database,
which is one of the most comprehensive and authoritative databases containing
more than 12,000 high-quality journals (Jiang et al., 2022; Liu et al., 2022c). In
this paper, data will be obtained by searching the following databases included in
WOS: Science Citation Index Expanded (SCI-E), Social Science Citation Index
(SSCI), and Conference Proceedings Citation Index (CPCI). In this paper, “cre-
dit risk” was used as the subject search term, and the search period was from
2000 to 2022. To ensure the relevance and authority of the literature, we
screened according to the language (English) and the type of literature (Article,
Conference papers & Review), and a total of 2407 articles were retrieved.

To ensure the accuracy of the data and the reliability of the results, it is neces-
sary to carry out a series of pre-processing of the raw data to carry out the fol-
lowing analysis work (Wang et al., 2023). In this paper, we use the “Data Extrac-
tion Module” of the new bibliometric software Co-Occurrencel4.3 (COOC14.3)
to merge and save the retrieved 2407 documents (Academic Dots & Bibliome-
tric, 2023), and then apply the “Data Cleaning Module” to remove weight (title
duplicates) and merge synonyms (e.g., keywords with similar meanings, “default
probability” is merged into “probability of default”), In the final data checking,
to avoid data duplication, we again merged synonyms, eliminated (not related to
credit risk research, such as climate change and other literature) and other stan-
dardized screening and finishing, resulting in a total of 2080 pieces of literature

on credit risk.

2.2. Analyzing Methods

This paper uses bibliometrics and scientific knowledge mapping methods to
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analyze the progress of credit risk research based on searching the literature.
Bibliometrics includes structured representation, dynamic description, evalua-
tion, prediction, and scientometrics, so the analytical methods used need to be
systematized. Available software includes COOC, VOSviewer, CiteSpace, Bibex-
cel, and Bicomb. This paper focuses on COOC and VOSviewer, each with dif-
ferent features. COOC is the most complete and relatively simple-to-operate
software in the bibliometrics field. COOC allows for the rapid construction of
relational matrices and the immediate export of matrix results such as co-occu-
rrence and dissimilarity matrices. More importantly, it can also pre-process the
data, such as batch merging synonyms and removing unnecessary keywords.
Currently, COOC does not allow citation analysis, so this paper combines it with
VOSviewer, developed in collaboration with Nees Jan van Eck and Ludo Walt-
man of Leiden University in the Netherlands, which is a bibliometric scientome-
trics and visualization and analysis software for constructing and viewing bibli-
ometric mappings, which is based on the principle of co-citation and co-citation
of literature, and performs the keyword co-occurrence analysis of the bibliome-
tric data to get the clustering mappings, and it is an important tool for efficiently
viewing, mining and analyzing the issues in the research field (van Eck & Walt-
man, 2010).

This paper adopts the research method of bibliometric analysis to analyze the
keyword co-occurrence of credit risk-related literature, draw keyword co-occu-
rrence mapping, keyword clustering mapping, and keyword evolution paths, to
explore the hot spots and development trends of credit risk research, provide the
basis for credit risk management for enterprises, and provide a strong guarantee

for the stable operation of the market economy.

3. Literature Characterization

3.1. Trend Analysis of Publications

The number of published papers is an important indicator of the development of
an academic field. Changes in the number of publications directly reflect
changes in the amount of scientific knowledge in the field, as the growth of
knowledge is closely related to the number of journal articles (Hao et al., 2021;
Zeng et al., 2021; Fahimnia et al., 2015). Figure 1 shows a graph of annual and
cumulative trends in the number of publications for 2080 documents related to
credit risk. As can be seen in Figure 1, the trend of the number of publications
in the field of credit risk is increasing, with only 33 papers published in 2007,
and the number of papers increasing to 245 in 2022, with an average annual
growth rate of 22.66%. During this period, the big event subprime mortgage cri-
sis and the new crown pneumonia epidemic occurred, credit risk has gradually
been paid attention to, especially the evaluation and control of corporate credit
risk on the international financial stability of the importance of the more and
more obvious. Using statistical principles to fit the power function of the cumu-

lative number of publications on credit risk, the R*> = 0.9942 of the fitted curve is
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obtained, which indicates that the cumulative number of publications in the field
of credit risk is growing in a power function type. This indicates that research on
credit risk has received widespread attention from scholars and the heat contin-

ues to rise.

3.2. Country/Region Analysis

The article uses COOC software, combined with relevant econometric statistical
methods to visualize and analyze the top 10 countries with the highest number
of publications in the field of credit risk research from 2007 to 2022, as shown in
Figure 2. The international financial crisis hit the world economy in 2008, which
triggered a wide range of impacts, and scholars deeply realized that credit risk,

once out of control, would lead to a serious crisis, so the academic research on
2500 -
= No.of journal papers

y = 48.263x!-3534 o
2000 3 Cumulative No. of journal papers R?=10.9942

—Trend line (power function)
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Figure 1. The number of papers per year and the cumulative number of papers on credit

risk (Excel).
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Figure 2. Top 10 countries with the highest number of publications from 2007 to 2022
(CO0CQC).
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credit risk has gradually increased. The articles published in 2007-2010 are
mainly from China, the USA and Germany, etc. Romania and Spain are also in-
volved in the publication of papers in this field, which shows that there is a glob-
al concern about this issue. With the abnormal stock market shock in 2015 and
the outbreak and spread of the new Crown pneumonia epidemic in 2020, related
literature continued to emerge in 2021, with a total of 2080 articles published as
of December 31, 2022, mainly from China, USA, England, and Italy. At the same
time, there is also cooperation between different countries on this topic, which is
most likely due to the economic downturn, epidemic impact, and other effects,
the international bond market also frequently defaults (Morelli et al., 2022), and
scholars in various countries have a deeper knowledge of credit risk, which has
caused great concern in the scientific community about credit risk in different

countries.

3.3. Journal Publication Analysis

After counting 2080 articles, it was found that 857 journals published credit risk,
of which 726 journals published 2 or fewer. According to Bradford’s law, jour-
nals are ranked in decreasing order according to the number of papers they pub-
lish in a particular subject specialization, and they can be classified into core, re-
levant, and fringe zones (Bradford, 1985; Vickery, 1948). The core zone can be
calculated based on Bradford’s law: N =2In (eE : P) , where Nis the number of
core zones, E is the Euler coefficient (0.5772), and P is the number of articles
carried by the highest-volume journal. In this paper, N =2In(1.781x97)=10.30,

that is, the top 10 journals are in the core area, as shown in Figure 3.

Management Science(Q1)
(35)

Physica A-Statistical Mechanics And Its Applications(Q2)

Annals Of Operations Research(Q1) Journal Of The Operational Research Society(Q2)
(47) (44)

Sustainability(Q2)
(48)
by cooc

Figure 3. Treemap of the core area published journals (COOC).
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Figure 3 shows the 485 journal papers included in the core journals, re-pre-
senting 23.3% of the total 2080 journal papers retrieved. Most of the JCR parti-
tions of these journal papers are Q1 and Q2, which represent the top journals
and high-level journals in each field, respectively. It can be proved that scholars’
research on credit risk has a certain depth, and the research in this field has
reached the stage of prosperous development. Research on credit risk focuses on
five areas: Artificial Intelligence, Risk Analysis, Business & Economics, Envi-
ronmental Sciences & Ecology, Operations Research & Management Science.
Among the core journals, Expert Systems With Applications is ranked first in
terms of volume, with a total of 97 articles published in the field of credit risk
from 2007-2022, accounting for 4.7% of the total number of papers in the jour-

nal.

3.4. Analysis of Highly Cited Literature

By analyzing the highly cited literature in the field of credit risk, it is possible to
see the academic papers and major research scholars that have made a signifi-
cant impact in this field and then to deeply analyze the seminal literature and
theoretical foundations of the field. According to Table 1, the most cited article
is Diebold & Yilmaz’s “On the Network Topology of Variance Decompositions:

Table 1. Analysis of highly cited literature on credit risk.

Rank Year Title Journal First Author Citations
On the network topology of variance decompositions: Journal of Francis
1 2014 . . . . 1530
measuring the connectedness of financial firms econometrics X. Diebold
Evaluation of clustering algorithms for financial risk Information
2 2014 . . . GangKou 589
analysis using MCDM methods sciences
Hazardous times for monetary policy: what do .
a1 . Gabriel
3 2014 twenty-three million bank loans say about the effects of Econometrica T 437
imenez
monetary policy on credit risk-taking?
E t systems
4 2017 Machine learning models and bankruptcy prediction .xper Y e. Flavio Barboza 288
with applications
Genetic algorithm-based heuristic for feature selection in Expert systems . .
5 2014 o . T Stjepan Oreski 263
credit risk assessment with applications
. o European journal Jonathan
6 2007 Recent developments in consumer credit risk assessment . 245
of operational research N. Crook
Trade credit, risk sharing, and inventory financin, Management
7 2018 _ § ventory & '8 S. Alex Yang 237
portfolios science
A multiobjective weighted voting ensemble classifier
. . . . Expert systems
8 2016 based on differential evolution algorithm for text . . Aytug Onan 214
. . . with applications
sentiment classification
Credit risk assessment with a multistage neural network Expert systems
9 2008 . . o Lean Yu 201
ensemble learning approach with applications
Siam journal on
10 2010 Affine point processes and portfolio credit risk ) Eymen Errais 193

financial mathematics
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Measuring The Connectedness Of Financial Firms” published in the Journal of
Econometrics. They developed and apply a unified framework for conceptualiz-
ing and empirically measuring connectedness at a variety of levels, from pairwise
through systemwide, using variance decompositions from the approximating
model (Diebold & Yilmaz, 2014). The second is “Evaluation Of Clustering Algo-
rithms For Financial Risk Analysis Using MCDM Methods” by Kou et al. pub-
lished in Information Sciences in 2014. They proposed an MCDM-based ap-
proach for clustering algorithms evaluation in the domain of financial risk anal-
ysis (Kou et al., 2014). The third most cited is “Hazardous Times for monetary
policy: what do twenty-three million bank loans say about the effects of mone-
tary policy on credit risk-taking?” by Jimenez et al. published in Econometrica in
2014. They identify the effects of monetary policy on credit risk-taking with an
exhaustive credit register of loan applications and contracts. They find that a
lower overnight interest rate induces lowly capitalized banks to grant more loan
applications to ex-ante risky firms and to commit larger loan volumes with fewer
collateral requirements to these firms, yet with a higher ex-post likelihood of de-
fault (Jimenez et al., 2014).

4. Research Hot Spots
4.1. Visual Analysis of Keyword Co-Occurrence

Keyword co-occurrence analysis allows us to describe the core content and
structure of the field of credit risk, and at the same time indicates the research
frontiers of the field. The visualization function of VOSviewer can do an in-
depth analysis of keywords in a large number of kinds of literature, and through
the interpretation of the keyword co-occurrence map, we can learn about the
history and the development of the current situation of the field of credit risk
research. In this paper, with the help of VOSviewer software, keywords with a
frequency of 10 or more are visualized to identify the research hotspots in the
field. Figure 4 shows the keyword co-occurrence mapping of journal papers
from 2007-2022.

With the turbulent international situation in recent years, the world economy
is also characterized by uncertainty and instability. Enterprises in the develop-
ment process will have different risks, but the credit risk is especially obvious
and prominent, and the impact on the enterprise is also substantial and most se-
rious. The size of the displayed nodes in Figure 4 indicates the frequency of the
keyword’s occurrence in the article, with more frequency indicating greater im-
portance of the research topic characterized by the keyword. In the research on
credit risk, the keywords with the highest frequency are credit risk (672), credit
scoring (140), machine learning (126), credit risk assessment (116), and proba-
bility of default (64), reflecting the fact that the topic of evaluating credit risk is
studied more in research in the field of credit risk. While the frequency of key-
words such as model, empirical, and data is also relatively high, it can be further
speculated that empirical research on credit evaluation is favored in this research

area.
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Figure 4. Co-occurrence mapping of keywords in the field of credit risk research (VOSviewer).

Overall, the research in this field is mainly concerned with the quantification
and evaluation of credit risk, which, as one of the important components of fi-
nancial market risk, is measured in a way that is always emphasized by market
participants. Investors, financial institutions, and regulators tend to be more
precise and dynamic in the measurement of credit risk due to the demand for
risk control. Credit risk measurement models play the most critical role in this
regard, and their scientificity and accuracy have become the fundamental factors
of risk measurement results. Scholars are also trying to improve the limitations
and deficiencies of traditional models to produce more accurate quantitative

forecasts.

4.2. Keyword Clustering Analysis

Keyword co-occurrence mapping (Figure 4) can only show the keywords with
the highest frequency in the papers in the field of credit risk research and the
co-linear relationship between the keywords, which can represent the current
hotspots of credit risk research to a certain extent, but it can’t comprehensively
reflect the relationship between them, and then it is necessary to carry out a
co-word analysis. Now we choose 20 high-frequency keywords with word fre-
quency greater than 30 as the basis of cluster analysis. The 20 high-frequency
keywords in the research field of Credit risk are counted two by two to construct
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a 20 x 20 keyword co-occurrence matrix. To truly reveal the co-occurrence rela-
tionship between keywords, the co-occurrence matrix is first transformed into
the correlation matrix by the Ochiia coefficient, to eliminate the influence of the
co-occurrence matrix due to the too-large difference in frequency. The formula
of the Ochiia coefficient is:

C
I — mn R
mn \/a % \/a

where 7, represents the Ochiia coefficient between keywords m and n, and the
total number of occurrences of keywords m and n are C, and C,, respectively.
Since there are too many 0 values in the correlation matrix, it is easy to cause too
large an error when counting, to facilitate further processing, each data in the
correlation matrix is subtracted by “1” to obtain the dissimilarity matrix that in-
dicates the degree of dissimilarity between two words (e.g., Table 2). Different
from the correlation matrix, the data in the dissimilarity matrix are dissimilar,
and the larger the value is, the more distant the keywords are from each other
and the worse the degree of similarity is.

The clustering results reflect the affinity between these keywords, further re-
flecting the research hotspot of credit risk. The principle of keyword clustering
analysis is to take the frequency of keywords appearing two by two in the same
article as the object of analysis and use the statistical method of clustering to
gather closely related keywords together to form a cluster. In this paper, COOC
software is used to cluster the high-frequency keyword dissimilarity matrix, and
the clustering results obtained are shown in Figure 5.

Based on the results of the cluster analysis we classified them into 5 Cluster-
ing. Clustering 1 is the study of corporate credit risk in the financial sector,
which consists of 2 subclassifications, of which 1 subclassification is the risk
management of commercial banks (Sui et al., 2022), which consists of three
keywords: commercial banks, risk management, and finance; and 2 subclasses
are the quantification of credit risk, which consists of two keywords: probability
of default and credit risk two keywords. Clustering 2 is the study of a quantita-
tive assessment of credit risk in P2P lending (Wu et al., 2021), which consists of
two subcategories, where subcategory 1 is the rating of default risk, which con-
sists of the keywords credit rating and default risk, and subcategory 2 is the
study of default factors in P2P lending, which consists of the keywords P2P
lending and logistic regression two keywords. Clustering 3 is research on credit
risk management of small and medium enterprises (Li et al., 2020), consisting
of two keywords: credit risk management and small and medium enterprises.
Clustering 4 is research on the credit risk assessment model for supply chain
finance (Huang et al., 2021) and consists of six keywords: supply chain finance,
machine learning, credit scoring, feature selection, classification, and data min-
ing. Clustering 5 consists of assessing credit risk with neural network model (Li
& Sun, 2020) and consists of two keywords: neural network and credit risk as-

sessment.
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Table 2. High-frequency keyword dissimilarity matrix (partial).

Credit
Risk

Credit
Scoring

Machine
Learning

Credit Risk
Assessment

Probability Of

Default

Risk

Management

Credit Risk
Credit Scoring
Machine Learning
Credit Risk Assessment
Probability Of Default

Risk Management

0.0000

0.9218

0.8866
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Figure 5. Credit risk research area keyword clustering map (COOC).

4.3. Author-Keyword Clustering Analysis

The research of many scholars has proved that the coupling analysis method can
be used to reveal the hot topics and knowledge structure of research in subject
areas (Zhao & Strotmann, 2008; Song et al., 2022). In this paper, we utilize the
coupling analysis method to construct the keyword-based coupling relationship
of journal authors and further excavate the implied potential correlation rela-
tionship between authors, the more the authors have the same keywords, the
greater the similarity of the research direction between the two. Based on this
similarity, this paper carries out similarity analysis and clustering research on
authors based on constructing an author-keyword bimodal network, to achieve
the revelation of the tacit knowledge of the subject area characterized by scho-
lars.

The research direction of the authors can be more intuitively demonstrated
through Figure 6(a) and Figure 6(b). Figure 6(a) shows the author-keyword
coupling network diagram, which can clearly show the main potential collabo-
rators in the field of credit risk research, in the coupling network of Figure 6(a),
the nodes represent the authors of the journals, and the connecting lines be-
tween the nodes represent the coupling relationship between the authors of the
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Figure 6. Keywords and authors analysis. (a) Keywords and authors coupling matrix (VOSviewer), (b) Keywords and author
two-modular matrix (COOC).
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journals, the thicker the connecting lines, the greater the coupling strength be-
tween the authors of the journals, and the stronger the correlation relationship
between the two, i.e., the similarity in the research direction between the authors
The thicker the line, the stronger the coupling strength between journal authors,
the stronger the association between them, i.e., the stronger the similarity of re-
search directions between authors. For example, Yang, Y., Bielecki, T.R., Zhou,
Z.F., and other 34 authors have similar research areas. Meanwhile, we can also
find more detailed research areas of the authors from the biclustering diagram of
the constructed author-keyword bimodal matrices. For example, Prof. Yu re-
searched credit risk assessment, credit scoring, neural network, and ensemble

learning.

4.4. Analysis of the Evolutionary Path of Research Themes

The network analysis presented earlier in this paper can provide a preliminary
understanding of the current status and research hotspots of credit risk. To elu-
cidate the trend of research in the field of credit risk over time, this paper utilizes
COOC software to draw the mutation detection map of 20 high-frequency key-
words (Figure 7), which can better grasp the annual hotspot issues, and provide
references for the future research and development of the industry through the
mutated words over the course of this year.

Figure 7 shows the top 20 exploding keywords and the duration of the explo-
sion. Fintech, interpretability, deep learning, machine learning, and ensemble
learning were the research hotspots from 2007-2010. The emerging credit risk
assessment, machine learning, lasted only one year in 2012, while P2P learning
and big data lasted until 2014 and 2016, respectively, during which most of the
scholars utilized big data to establish a credit risk assessment system for their re-
search (Sang, 2021), and Du et al. (2020) used a large number of data samples to
establish a network credit risk early warning model, and the constructed model

was trained and tested. Finally, the neural network is optimized using a genetic

Burst Keywords

i
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i
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(@iedit Risk Assessment
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Figure 7. Top 20 keywords temporal emergence (COOC).
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algorithm (GA) to improve the accuracy of early warning. Starting from 2018,
research in the field of credit derivatives continues until 2021, during which re-
search on credit default swaps, a derivative, also appears in 2019, e.g. Sun et al.
(2021) examine whether and how payout policy affects credit risk using evidence
from the credit default swap (CDS) market. It is worth noting that starting in
2021, research in the emerging area of copula and operational risk will continue
through 2023, joining the two directions of credit and commercial banks as the
focus of a new area that is likely to be an important topic in the future of credit

risk.

5. Conclusion and Future Research Prospects

In this paper, we systematically review the research literature on credit risk. The
number of journal papers, issuing countries/regions, core journal publications,
keyword clustering, and research hotspots of credit risk are analyzed and visua-
lized using COOC and VOSviewer software. The main results are as follows: 1)
In terms of the number of journal papers, the cumulative number of publica-
tions in the field of credit risk has increased in a power function type, and the
core research in the field began with the subprime mortgage crisis in 2008. 2)
Currently, credit risk research has not yet formed a stable core group of authors,
but it has already formed a core of issuing countries (China and the United
States) as well as a core of research journals. 3) Credit risk assessment has be-
come a key topic in the field, and research hotspots include supply chain finance,
machine learning, credit scoring, probability of default, and commercial banks.

The future development of credit risk research should consider big data and
artificial intelligence applications. With the development of big data and artifi-
cial intelligence technology, researchers are increasingly focusing on how to
utilize large-scale data and intelligent algorithms to improve the prediction and
assessment of credit risk. However, academics have several shortcomings in their
research on credit risk. For example, machine learning and deep learning models
are often considered black box models that lack interpretability and explainabil-
ity. In credit risk assessment, the interpretability of models is important for po-
licymakers and regulators. In addition, credit risk research is limited by available
data, and traditional financial data may not provide the information needed for
a comprehensive and accurate credit risk assessment.

Therefore, future research should consider the following aspects: 1) Tradi-
tional credit risk assessment relies on the experience and judgment of domain
experts. Future research could combine Al techniques with domain expertise to
create more accurate and interpretable credit risk models. 2) Scholars could ex-
plore ways to improve the explanatory and interpretable nature of machine
learning and deep learning models so that policymakers and regulators can bet-
ter understand the models’ predictions and decision-making rationale. 3) Scho-
lars could explore in future research how to integrate multiple data sources, in-
cluding traditional financial data, nontraditional data, and external data to im-

prove the accuracy and comprehensiveness of credit risk assessments.
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