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Abstract. With the fast development of FinTech and big data technology, 

alternative data is sweeping the world at a rapid pace and plays an important role 

in credit risk prediction. At present, many lending institutions can use alternative 

data, a non-traditional emerging data, to forecast credit risk. This paper aims to 

review the literature on the research topic ‘The role of alternative data in credit 

risk prediction’, finding the similarities and differences between these 

documents. The results show that personal psychological information, digital 

footprint and consumer credit information in alternative data can help banks and 

other lending institutions to predict credit risk, as well as greatly reduce and 

control the credit risk. However, the current research in this field has limited 

research data, small sample size, the interpretability and performance of the 

constructed models and algorithms need to be improved, and the factors of cost 

and profit are not considered. The purpose of this paper is to provide reference 

for the future research. 
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1 Introduction 

Financial technology is continuously subverting the traditional financial industry in a
revolutionary way and speed, and is the dynamic application of big data technology in
the financial field. According to statistics, 96% of global consumers are aware of at
least one money transfer and payment FinTech service, and 3 out of 4 global
consumers use a money transfer and payments FinTech service [1]. Based on the
development of big data and the wide application of financial technology, alternative
data has the characteristics of data diversity, information timeliness, and huge
transmission volume, and is an important means for many companies and institutions
to assess personal credit risks. Alternative data can fully reflect an individual's social
media data, consumption preferences, digital footprint and other non-traditional
financial data information, which provides an important basis for lenders to assess the
credit risk of individuals with little or no loan records.

At present, much research focus on the tracking and integration of personal
psychological information, digital footprint and consumer credit information [2-4].
However, with the wide application of alternative data in credit risk prediction, many
problems have been exposed in the application process. The performance and
interpretability of the models and algorithms constructed in the research are not
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perfect and lack of practical feasibility, and do not consider cost factors and economic
benefits, which is difficult to achieve sustainable development. In addition, there is a
common problem in most research: small amount of data and limited study sample.
This maybe lead to the result that research data are not sufficiently convincing and
scientific.

Based on current research situation, this paper studies how three kinds of
alternative data mentioned above are used to forecast credit risk and what role they
play in credit risk prediction. This paper summarizes the role of the above three kinds
of alternative data in credit risk prediction, summarizing and analyzing the current
research methods and results. This helps people from all walks of life to understand
the development situation and advantages of alternative data applied to credit risk
prediction, which is the focus of this review. Moreover, this paper generalizes the
above problems, hoping to provide reference for the future research.

The rest of this paper is arranged as follows: The second part mainly summarizes
the role of three kinds of alternative data in credit risk prediction; The third part is to
summarize the problems in the application of the above alternative data in credit risk
prediction; The fourth part is the conclusion of the full text.

2 The Role of Alternative Data in Credit Risk Prediction

In recent years, under the power of new information technologies represented by
mobile Internet, artificial intelligence and big data, alternative data has helped the
methods of credit risk prediction to innovate and upgrade at an amazing speed. As an
emerging financial data, alternative data reduces the threshold and cost of financial
credit services, improves the coverage and efficiency of traditional credit services,
and brings new opportunities to increase the borrowing of low-income people and
individuals without loan records. With the more and more important role of
alternative data in financial credit risk prediction, scholars are paying more and more
attention to the research in this field. The following mainly discusses three main types
of alternative data applied in credit risk prediction.

it Risk Prediction Based on Personal Psychological Informat

With the development and maturity of behavioral finance and psychological
economics, individuals' psychological information has become a factor that many
lending institutions need to consider when assessing individual credit risk. Personal
psychological information can mainly help loan institutions to fully understand the
psychological characteristics of borrowers, make accurate risk prediction and wise
loan decisions, and thus reduce credit risks.

As a popular and widely used search engine worldwide, Google's data are often
used in the literature to predict the movement of the stock market and commodity
prices, as well as other macroeconomic variables [5-7]. However, Marcos Gonzalez-
Fernandez and Carmen Gonzalez-Velasco use Google data combining with CDS
indices of European banks to build a Google-based sentiment index [2]. They found
the power of Google data to gauge investor sentiment, particularly during periods of
negative events and bad news, as opposed to other alternatives. They also advocate
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that banks and financial authorities can use Google data to incorporate investor
sentiment indicators to build their own credit risk model and improve the prediction
of the complexity and turbulence of bank credit risk.

In addition, Eren Duman et al. used machine algorithms and psychological tests in
the loan process of borrowers to better understand the personal and cognitive
attributes of borrowers, measuring the reputation of customers. This can assess the
behavioral attributes of customers and then analyze the credit risk status of users,
which can improve the accuracy of bank product approval decisions and bring hope
for accurate loan risk assessment [8]. Different from Eren Duman et al. 's
psychological test, Mandukhai Ganbat et al.’s psychological test added content of an
individual's financial decision-making, conscientiousness, altruistic and giving
attitudes, and attitudes toward money. They finally considered the factor of
neuroticism to be unimportant. This shows that psychological indicators play a more
important role in predicting borrowers' debt repayment than economic indicators.
They also found that psychological credit scores can increase the number of low-
income but trustworthy customers, improve trust between lenders and borrowers,
reduce unfair competition, reduce borrowing risks, and achieve sustainable
development in the financial industry [9].

Unlike the psychological tests described above, which reflect the financial and
behavioral attributes of individuals, Adnan Alagic thinks about mental health factors.
He used a mental health dataset of 1991 individual survey results and a loan approval
dataset as inputs to test the credit risk prediction ability of the chosen machine
learning algorithm. Adnan Alagic found that based on mental health data, machine
learning algorithms could accurately identify individuals at higher risk of loan default,
and benefit financial institutions in assessing borrowers with mental health issues and
then making more informed lending decisions [10].
2.2 Credit Risk Prediction Based on Digital Footprint

Digital footprint is the footprint left by an individual after using the Internet, which
can reflect the devices, software and other relevant network behavior factors used by
an individual, and thus reflect the credit risk and solvency of an individual. Currently,
many lenders assess an individual's default probability and risk primarily by analyzing
data on social media. This has prompted numerous literature studies on personal
digital footprints, especially for social media data, to explore the intrinsic relationship
between them and loan risk prediction.

GUANGMING GUO et al. found that there are three common types of Social data
on social media platforms dominated by Weibo and Twitter: user demographic
attributes, user-generated content, and user social networks [3]. Here's an overview of
the three types of social media data mentioned above.

In the aspect of user social networks, Yu Pan and Beilu Bao analyzed the impact of
online and offline social networks on the availability, loan interest rate and default
rate of Peer-to-Peer (P2P) loans. They found that social networks can increase loan
availability for borrowers, reduce loan interest rates, and reduce the possibility of
default, and put forward suggestions for optimizing credit risk control of P2P lending
systems and social networks [11]. Secondly, Yuejin Zhang et al. build a credit scoring
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model by combining the information of social networks and user-generated content in
social media and classifying the public data set collected from P2P platforms. This
model greatly solves the problem of borrowing risk caused by the information
asymmetry between lenders and borrowers. They also found that important predictors
of borrower defaults include social network information (reputation and forum
currency), loan information (repayment period), and credit information (loan credit
score, number of successes, number of failures) [12]. These are the main decision-
making basis provided by P2P platforms for lenders, and provide constructive
suggestions for the improvement of risk control models of many online lending
platforms. In the aspect of user demographic attributes, Ekaterina V. Orlova designed
a borrower classification model using anthropometric and social information (age,
gender, occupation, level of education, etc.), financial information, and digital
footprint data obtained from social networks and search engines as preliminary data
on borrowers [13]. This provides the basic conditions and reliable information of the
borrower's risk status for new borrowers, improves the efficiency of financial
decision-making and reduces the risk of lending.

In addition, Betty Johanna Garzon Rozo et al. added a new network-related
behavioral variable (non-standard information) to the credit risk model as a predictor
of borrower default probability, improving predictive accuracy of probability of
default (PD) models [14]. This provides room for innovation in credit risk analysis
and decision-making practices, and provide insights for other disciplines and topics
including financial health, personal financial risk management, and online consumer
behavior.
2.3 Credit Risk Prediction Based on Consumer Credit Information

Relying on the Internet and big data technology, online shopping and retail e-
commerce have grown rapidly, driving the fast growth of global consumer finance
and consumer loans. Kerry Liu found that although the development of consumer
finance in China has expanded inclusive finance, it has also exposed problems related
to consumer credit protection [15]. Therefore, current economic and financial
theorists pay more and more attention to the specific application of big data credit
reporting reports and consumer credit data in consumer finance credit risk prediction
and management.

In terms of consumer credit data studies, Rachel Schneider et al. reviewed three
data analysis firms reviewed the test results of individual consumer loan data in credit
card, automobile, mortgage and other industries, and studied the correlation between
various credit scores and their respective data characteristics. They found that this
consumer credit data has significant predictive risk and economic value for
institutions that lend to borrowers with little or no traditional credit history [4].
Lending institutions can use the collected data to get in touch with a large number of
potential borrowers, fully understand their borrowing preferences and needs, payment
ability and willingness, conduct reliable risk ranking, improve the approval rate of
borrowing within their controllable and acceptable risk range, provide borrowers with
personalized lending services, and expand their financial capabilities.
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In terms of big data credit investigation research, Lu Gao and Jian Xiao studied
and analyzed the limitations of the classic credit risk rating system, proposed using
effective feature selection methods to optimize the indicators, constructed complete
and logical personal credit rating data [16]. Based on the above construction of
personal credit rating data, Huibo Wang found that by using big data credit
investigation, consumers with different credit score levels can be matched with
different credit approval processes [17]. For customers with high scores, the workflow
can be simplified without affecting the results of the work. This not only greatly
reduces the workload of employees, but also improves the accuracy of customer credit
risk prediction and strengthens the innovation of Internet consumer financial products
and services. This is also the product of the current Chinese consumer finance
industry in the context of serious violent competition, excessive credit, fraud and
other problems. In addition to using big data technology, Julapa Jagtiani et al. also
used alternative data sources, machine learning techniques and other complex AI
algorithms to construct new credit risk assessment methods [18]. This not only gives
loans to consumers who cannot meet the loan needs of traditional banks, but also
reduce the cost of credit decisions, credit monitoring and operations for lenders. In
this way, lenders can provide loans to sub-optimal consumers at low cost, which helps
them control their own borrowing risk and realize profit growth. In addition, Miao
Zhu et al. combined traditional credit information with Internet platform data to
propose a consumer default risk profile (CDRP) to establish the relationship between
user characteristics and default risk, so as to reduce the default risk loans associated
with online consumers [19].

3 Problems of the Role of Alternative Data in Credit Risk
Prediction

Although the use of alternative data has broken through the limitations of traditional
financial data and provided powerful value for the prediction of credit risk, there are
still some problems as follows.
3.1 Limited Data and Small Sample Size

Today, alternative data is scarce and relatively concentrated. The public data set used
in the study of P2P platform conducted by Yuejin Zhang et al. is different from the
data set in the United States. The data is not detailed enough, the FICO score is
lacking, and the dimension of the data set is not high, which needs to be optimized
and improved. The psychological test of borrowers was less extensive than the
international study, which included only clients from Ulaanbaatar, the capital of
Mongolia, and only those with small loans. Therefore, it is necessary to further
improve its research methods and models to control the impact of different variables
on borrowers' psychology, expand the research scope to different types of financial
institutions and other countries, deeply analyze and excavate previous studies, pay
attention to the internal consistency and correlation of psychological factors, and
improve the scientificity and accuracy.
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3.2 The Interpretability and Performance of the Constructed Models and
Algorithms need to be Improved

A lot of research in this field is based on algorithms and models built on the Internet
and big data technology, which is the product of the financial technology era. The
parameters and data set of these models are not comprehensive and accurate. These
models still have some shortcomings in data regression and backtest analysis, so it is
necessary to gradually improve and optimize the factors and test processes inside the
models and algorithms. Some models and algorithms are too complex to be
understood by many lending institutions, and fail to put into actual use, lack of
practical feasibility. Therefore, in the subsequent research, it is necessary to deeply
understand the decision-making process of the established model, continuously
optimize and improve the model, solve the problem of data set imbalance, and
improve the interpretability and performance while maintaining its accuracy.

e Research Methods Fail to Consider the Factors of Cost and

Many academic research methods in this field do not take into account cost factors
and economic benefits. Miao Zhu et al.’s research ignored the economic cost and
profit factor of CDRP management process in their study. Therefore, research in
related fields needs to pay close attention to the costs and profitability of the lending
evaluation methods they construct, and develop a regulatory framework based on
costs and benefits to promote economic growth and sustainable development.

4 Conclusion

With the development of financial technology and big data technology, alternative
data has penetrated into every aspect of our lives. This paper mainly summarizes the
relevant literature on the application of three kinds of alternative data, hoping to
provide some reference for the subsequent research in this field. First of all, personal
psychological information can help loan institutions to explore the behavior and
cognitive attributes of borrowers, detect the psychological emotions and mental health
problems of borrowers, and thus assess the loan risk of borrowers. Secondly, in the
review of digital footprint, three types of social media data are mainly analyzed, and
the research methods and conclusions of relevant research are summarized and
analyzed respectively. This research finds that through the analysis of digital
footprint, lending institutions can reduce the default risk of borrowers and improve
the efficiency of decision-making. Finally, the consumer credit information is mainly
divided into two aspects: big data credit reporting report and consumer credit data. It
is also found that consumer credit information can expand the loan group of loan
institutions, reduce the decision and operation cost of credit, simplify the work flow,
and control the loan risk.

Although alternative data plays a strong role in credit risk prediction, there are still
some deficiencies in the relevant literature. This paper summarizes the main problems
existing in the current literature. It is hoped that the model and algorithm constructed
in the subsequent research will be more interpretable and can be applied to actual risk
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assessment and prediction; studies will use more data and have a larger sample size,
which is not limited to one region or country; the methodology adopted in the study
will consider economic benefits and cost factors to achieve sustainable development.
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