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Quantitative measurement and analysis of FinTech risk
in China

Cangshu Lia,b

aCenter for International Knowledge on Development, Development Research Center of the State
Council, Beijing, China; bInstitute of Digital Finance, Peking University, Beijing, China

ABSTRACT
This study took online lending as the main research object to
quantitatively measure FinTech risk in China. A theoretical model
was built to analyse the relationship between the assets and
liabilities of peer-to-peer platforms and the risk of the entire
online lending industry. The conditional value at risk method was
used to measure the risk spillover effect of the online lending
industry and the different types of platforms. Index smoothing
and moving average were used to examine risk contagion. When
the risk rate of the portfolio of the platform generally increases,
the systemic risk of the whole industry also increases, and if the
systemic risk of the industry spreads to the portfolio of the plat-
form, it could affect the stability of the capital flow of the plat-
form, and then affect the risk expectation of the platform itself.
Most platforms with risk concerns were private. Banking platforms
and public platforms were greatly affected by market risk; how-
ever, their own risks had relatively little impact on the overall
market. The greater the market risk, the more platforms become
risk platforms, and the smaller the impact on transition platforms.
Regulatory sandboxes may be an effective means of preventing
and controlling Fintech risks.
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1. Introduction

The wide application of digital technology has brought about fundamental changes in
economic activities (Saura, 2021; Skare & Soriano, 2021). Technological innovation
has also created a new financial model, which has an important impact on the econ-
omy and finance (David-West et al., 2020; Rauter et al., 2019). Digital networks not
only improve the transaction efficiency of economic activities, but also have con-
structed a new informational economy system among enterprises, consumers, and
governments. In the era of the digital economy, FinTech, represented by peer-to-peer
(P2P) platforms, crowdfunding, and digital currency, plays an important role in the
construction of the digital economy system. FinTech promotes the development of
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inclusive finance to stimulate sustainable economic growth (Ginevi�cius et al., 2019;
Nizam et al., 2020). However, the rapid development of FinTech also brings risks.

P2P online lending, which has been developing for more than 10 years in China,
has three main characteristics: large volume, high risks, and extensive personnel
involvement. In 2012, the total amount of online lending was 21.2 billion yuan. In
2014, it reached 252.8 billion yuan, exceeding the United States (10.4 billion US dol-
lars) and the United Kingdom (2.4 billion US dollars) in the same period, becoming
the country with the highest volume of online lending in the world. In 2017, the
online lending transaction volume reached 2,805 billion yuan. Although it dropped to
1,794.8 billion yuan by the end of 2018, its volume is still the world’s largest. The
proportion of cumulative risk platforms increased from 33% in 2015 to 85% at the
end of 2018. At the end of 2014, the total number of investors and borrowers was
less than 2 million. However, by the end of 2016, the total number exceeded 20 mil-
lion. In 2017, the number of investors and borrowers were about 17.13 million and
22.43 million, respectively, an increase of 24.58% and 156.05%, compared with 2016,
far exceeding other countries (Shen & Li, 2018).

At present, there is high risk in the field of FinTech, and the online lending indus-
try is facing a transformation. As the largest and most representative market of
FinTech, the risk prevention and control experience of the online lending industry
over the past 10 years of its development has great importance for the transformation
of FinTech. In-depth research has been carried out in the field of traditional financial
risk, but there is still room for further exploration. There has been relatively little sys-
tematic and comprehensive analysis of risk of the FinTech industry.

This study focused on the quantitative measurement and analysis of FinTech risk.
The paper is outlined as follows: The literature is reviewed in Section 2. Section 3
describes the theoretical model developed to assess the risks of FinTech from a new
perspective on assets and liabilities. Section 4 describes the analysis of the risks of
FinTech from an empirical perspective and the measurement of the spillover effect of
FinTech risk using the VaR and conditional VaR (CoVaR) methods. Section 5
describes the study’s measurement of risk contagion in the FinTech industry. In
Section 6, the findings are discussed and summarized.

2. Literature review

2.1. The identification and measurement of financial risk

The identification and measurement of financial risk has always been the focus of
academic attention, and related research includes assessment of the early warning of
financial crises and the measurement of financial pressure. Drehmann and Juselius
(2014) proposed that effective early warning indicators have the characteristics of
timeliness, stability, and interpretability. Effective early warning risk indicators can be
important tools for identifying financial risks and designing crisis response strategies.
Hollo et al. (2012) constructed the composite indicator of systemic stress to measure
the pressure of financial systems based on 15 financial indicators of the stock market,
banking system, foreign exchange market, and bond market. The weight of the index
is affected by the correlation between the subindexes of each market; that is, the
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greater the pressure on multiple submarkets, the higher the weight in the index.
Elsinger et al. (2006) constructed a model to evaluate the financial stability of the
banking system based on the relationship between interbank loans. Based on the data
obtained from the Austrian banking industry, the authors found that the relationship
between bank portfolios is the main cause of systemic risk.

In the financial system, the effect of each financial institution on the stability of
the entire system is different. Therefore, the key to preventing and controlling finan-
cial risk is to accurately identify systemically important financial institutions. The
identification of systemically important institutions needs to be based on the data of
business transactions between financial institutions. Using data obtained from the
Brazilian banking industry, Cont et al. (2010) found that banks with relatively weak
counterparties are more systemically important and institutions with greater inter-
bank exposure are more systemically important. In addition to the direct characteriza-
tion of financial infrastructure through payment and transaction data between
financial institutions, some studies have also used indirect methods to identify sys-
temically important institutions. Diebold and Yılmaz (2014) used variance decompos-
ition to analyse the stock price volatility of financial institutions and evaluate the
degree of mutual influence between the stock prices of financial institutions in the
system, in order to identify the institutions of systematic importance and analyse
the path and channel of risk.

Some scholars have also carried out useful explorations of the issue of risk conta-
gion among financial institutions. Allen and Gale (2000) studied the relationship
between risk contagion and liquidity of financial institutions and found that liquidity
preference shocks are not fully correlated among regions. Banks usually hedge liquid-
ity risk through capital allocation between banks in different regions. In a theoretical
study of interagency risk contagion, Lagunoff and Schreft (2001) used a stochastic
dynamic game model to simulate the risk contagion process. In terms of empirical
research, Van Rijckeghem and Weder (2003) studied the impact of inter-bank lending
on risk contagion between financial markets in emerging economies in recent finan-
cial crises. When a country’s banks are in crisis, the risk may spread to other foreign
banks that maintain financial contact with them. Some researchers, such as Friedman
and Schwartz (1963), Gorton (1988), Calomiris and Gorton (1991), and Donaldson
(1992), have studied the impact of risk contagion and information effects from the
perspective of total capital.

2.2. The development of FinTech in China

China’s digital economy has developed rapidly in recent years, and currently ranks
second worldwide in scale. According to the Group of Twenty’s broad definition, the
digital economy includes digital industrialization and industrial digitization. With the
wide application of artificial intelligence, blockchain technology, cloud computing, big
data, and other digital technologies, industrial digitization makes it possible for enter-
prises, consumers, and the government to build a new information-based economic
system and to improve transactional efficiency. However, it also brings new risks to
China’s economic activities.
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On the one hand, China has been at the forefront of the development of FinTech,
and the development of new financial formats has great significance for the promo-
tion of China’s high-quality economic growth. Alipay’s online launch in 2004 was
regarded by many as the beginning of China’s new FinTech (Xie & Zou, 2012). Peer-
to-peer online lending (P2P) began in 2007, and Internet funds appeared in 2013.
Since 2013, various new financial formats based on FinTech have entered a period of
accelerated development. Digital payment, Internet insurance, Internet consumer
finance, Internet monetary funds, online lending, and digital currency have made
great progress. According to an International Monetary Fund report, the valuation of
China’s FinTech companies exceeded 70% of the global total valuation. In 2016, the
total amount of individual mobile payments in China reached $790 billion, 11 times
that of the United States (Zhang & Chen, 2019). The emergence and growth of digital
financial models such as online lending (P2P), crowdfunding, digital currency, and
third-party payment plays an important role in accelerating economic transformation,
upgrading financial systems, promoting digital inclusive finance, and sustainable eco-
nomic development. First, it is conducive to the transformation of economic growth
from factor-driven to innovation-driven. High-quality economic growth is driven by
innovation, and the emergence and growth of new financial formats promote business
model innovation (Huang et al., 2019). Second, it helps reduce the imbalance in eco-
nomic growth. The promotion effect of FinTech’s development on innovation and
entrepreneurship and residents’ consumption is more prominent in backward and
rural areas (Xie et al., 2018). Third, the competitive effect of FinTech’s development
promotes the reform of the financial industry, improving the efficiency of financial
operations, and providing better financial guarantee for high-quality economic growth
(Frost et al., 2019).

2.3. FinTech risk in China

Due to the lack of digital financial infrastructure, public risk awareness, and enter-
prise risk control ability, in recent years, the risk events of FinTech have occurred fre-
quently, and new financial formats have also brought new risks and hidden dangers.
For example, by the end of 2018, there were 6622 online lending platforms (P2P) in
China, but more than 85% of them had withdrawn from the market. If the relevant
risks are not properly handled and resolved, they may spread to the formal financial
system, increasing the difficulty of preventing systemic financial risks.

To prevent and control FinTech’s risks, it is necessary to identify and measure the
risks. Some achievements have been made in the identification, measurement, and
prevention of risks in China’s FinTech industry. In the research on early warning and
identification of risks, Zhu et al. (2018) constructed an online lending investment
interest rate model and described the basic characteristics of the online lending indus-
try from the perspective of examining whether the interest rate was affected by the
liquidity tightness of the formal financial market, and established an early warning
mechanism based on the operation behaviour of the risky platforms before default.
Shen and Li (2018) summarized the evolution of China’s P2P industry and evaluated
the effectiveness of existing risk prevention and control mechanisms. Ba et al. (2019)
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studied online lending risk from the perspective of debt transfer. Lu and Li (2015)
identified the types of risks faced by the online lending industry from the perspective
of P2P operations and risk control modes. Gong and Wang (2018) built a theoretical
model from the perspective of whether P2P platforms are information intermediaries
or credit intermediaries and put forward risk prevention measures. In the research on
risk contagion, Li and Shen (2018) studied the Ezubao event at the end of 2015 and
the risk event in June 2018. They found that the main risk events were the results of
clearing up the risk platforms, which were originally quite different from normal
operation platforms. There was no evidence to show that many normal platforms
were affected by risk platforms. In addition, Frost et al. (2019) studied the impact of
Big Tech on financial development. They found that the efficiency of big technology
companies in providing financing for enterprises may be higher than that of trad-
itional ones, and it is conducive for enterprises to expand their product lines.
However, the impact of Big Tech on financial stability still needs further research,
which is also a gap that needs to be addressed.

The above literature mainly starts from a certain type of business risk, discusses
the early warning mechanism, or evaluates the prevention and contagion of a certain
type of specific risk. These studies are helpful for academia to understand the early
warning and prevention of the risks related of a specific new financial business.
However, in the quantitative measurement of FinTech risk in the digital economy
era, there are at least three perspectives worth further exploration. First, the charac-
teristics of FinTech require that the analysis of the risks should start from China’s
national conditions, clarify the actual positioning of new financial formats, and then
select appropriate theoretical and empirical models, but this has not received enough
attention in the existing literature. Second, the measurement of FinTech risks also
needs to deduce the way of risk formation and contagion according to the actual
business model of a certain type of new financial business in China. However, the
existing empirical analysis often ignores the part of FinTech business, which is con-
trary to the classical theory, and because of this, the measurement of risk may also
have a large deviation. Third, there is still a lack of quantitative research on the inter-
action of risk between a single platform and the whole industry.

3. Theoretical analysis

In the FinTech system, the online lending industry is the largest sector and has a
relatively comprehensive statistical system and data sources. Therefore, in the analysis
and measurement of FinTech risk. This study used the online lending industry as the
main research object, and examined the risk of the industry from the perspective of
capital flow. First, a theoretical model was developed to analyse the relationship
between the balance sheet of P2P platforms and the risk of the entire industry.

The most serious problem of online lending platforms is the phenomenon of
‘repaying the old by borrowing the new’, which is also the most important factor
inducing risk. However, in the process of the development of online lending in
China, the severity of ‘borrowing the new to repay the old’ and its relationship with
triggering industry risk has not been deeply studied. At the same time, according to
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the analysis of the risk conditions, the risk factors of platforms include assets, liabil-
ities, and net capital inflow. In addition, the risk spillover effect is related to the pub-
lic’s confidence in the platform; therefore, ownership is also an important factor that
affects the public’s confidence in a platform, and then affects whether the risk
spreads. Therefore, this study combined the existing theory and practical business
model and explored the measurement of FinTech risk from three aspects: the net cap-
ital flow of platforms, the type of platform ownership, and risk contagion.

Suppose there are N platforms, X lenders, and Z borrowers in the FinTech system.
The liabilities of platform i to lender x are recorded as lix, and borrower z ’s assets are
recorded as aiz. The entire industry’s liabilities L and assets A are defined as follows:

L ¼
l11 l12 � � � l1X
l21 l22 � � � l2X
..
. ..

. � � � ..
.

lN1 lN2 � � � lNX

0
BBB@

1
CCCA (1)

A ¼
a11 a12 � � � a1Z
a21 a22 � � � a2Z
..
. ..

. � � � ..
.

aN1 aN2 � � � aNZ

0
BBB@

1
CCCA (2)

In addition, note that the cash flow of platform i is ci, the risk reserve is ri, and
the asset risk to borrower z is piz 2 ½0, 1�: Similarly, the entire industry’s asset risk is
recorded as a N � Z matrix P:

Therefore, the bankruptcy of platform i can be divided into two types, and one
case can be called fundamental bankruptcy, namely,

XZ

z¼1
pizai þ ri þ ci �

XX

x¼1
lix < 0 (3)

In this case, other platforms have no impact on the assets and liabilities of risk
platform i, and the financial risk of platform i comes from itself. The other case is
bankruptcy caused by risk contagion. In this case,

XZ

z¼1
pizai þ ri þ ci �

XX

x¼1
lix � 0, (4)

meanwhile,

XZ

z¼1
pjzaj

� þ rj þ cj �
XX

x¼1
ljx

� < 0 (5)

Platform i can realize all liabilities, but the bankruptcy of other platforms leads to
risk transmission to platform i: The assets and liabilities of the entire system under
safety conditions can be expressed as follows:
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XN

i¼1

XZ

z¼1
pizai þ

XN

i¼1
ri þ

XN

i¼1
ci �

XN

i¼1

XX

x¼1
lix � 0 (6)

For a single platform, if the survival function of a platform at time t is R tð Þ, and
the risk density function is f tð Þ, then the platform’s risk rate h tð Þ can be expressed as
the ratio of the risk density function and the survival function, h tð Þ ¼ f tð Þ

R tð Þ : From t1
to t2, the risk rate can also be expressed as

h tð Þ ¼ R t1ð Þ�R t2ð Þ
t2 � t1ð ÞR t1ð Þ ¼

R tð Þ�R t þ Dtð Þ
Dt � R tð Þ (7)

From the above formula, it can be found that the risk rate h tð Þ can be regarded as
the conditional probability of the risk density function under the condition that the
platform risk does not erupt at time t. Further, when the time intervalDt from t1 to
t2 approaches 0,

h tð Þ ¼ lim
Dt!0

R tð Þ�R t þ Dtð Þ
Dt � R tð Þ (8)

If T is used to represent the time of risk occurrence of the platform, and the risk
distribution functionF tð Þ is used to represent the cumulative distribution of the prob-
ability of risk occurrence of the platform up to time t:

F tð Þ ¼ Pr T � tð Þ ¼ 1� R tð Þ (9)

Then the relationship between the risk function hðtÞ and cumulative distribution
function F tð Þ can be expressed as

h tð Þ ¼ f ðtÞ
R tð Þ ¼

f ðtÞ
1� F tð Þ (10)

F tð Þ is also an integral form of the risk density function f tð Þ :

F tð Þ ¼
ðt
0
f sð Þd sð Þ (11)

If the risk density function is an exponential distribution and p represents the risk
rate of the platform’s assets, then

F tð Þ ¼
ðt
0
pe�psds ¼ 1� e�pt (12)

Based on the exponential density function, the platform’s risk function can be
expressed as:
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h tð Þ ¼ f tð Þ
R tð Þ ¼

f ðtÞ
1� F tð Þ ¼

pe�pt

e�pt
¼ p (13)

Therefore, if the risk density function of the platform is an exponential form, the
risk probability of the platform is the same as the risk rate p of the platform’s port-
folio. If the risk rate of the platform’s portfolio is generally improved, the systemic
risk of the entire industry will increase. If the industry’s systemic risk spreads to the
asset portfolio of the platform, it may affect the stability of the platform’s cash flow,
thereby affecting the risk expectation of the platform itself.

4. Measurement of the risk spillover effect

4.1. Assessment of changes in overall market Capital risk

This study measured overall capital change in the online lending industry and eval-
uated its systematic risk. Generally speaking, the VaR method is used for measuring
the risk of the financial system (i.e. the maximum loss that the financial system may
produce in a certain period at a certain level of probability). The VaR method can be
used to measure not only the maximum expected loss of the securities market under
a certain degree of confidence, but also the risk of the banking system. Therefore,
this study used the VaR method to calculate the overall risk of the online lending
industry and the historical simulation method to evaluate the overall capital risk
change of the online lending industry from January 2014 to January 2019. The data
in this study were collected from the Wangdaizhijia, which is the most authoritative
statistical platform for online loan data in China (Table 1). The probability of
monthly net capital inflow loss caused by risk change in the online lending industry
exceeding RMB 21.382 billion was 10%, and the proportion of this part of the loss to
the total outstanding balance in the market would not exceed 2.6% with a probability
of 90% (Table 1). Under normal circumstances, the average value of net capital inflow
was 11.782 billion yuan, and the proportion of net capital inflow to the total out-
standing balance of the market was 4.34%. Similarly, in terms of trading volume, the
average monthly trading volume of the market as a whole increased to RMB 1.532
billion. With a 90% probability, the trading volume loss of the system would not
exceed RMB 17.385 billion, accounting for approximately 2.44% of the total outstand-
ing balance of the market.

Table 1. Assessment of changes in overall market capital risk.

Mean
Standard
deviation

Confidence level

90% 95% 99% 99.5%

Net capital inflow loss (100 million yuan) 117.82 243.49 �213.82 �463.06 �528.64 �667.18
Proportion of total outstanding

balance in the market (%)
4.34 4.81 �2.60 �4.53 ��5.85 �6.98

Volume loss (100 million yuan) 15.32 153.90 �173.85 �254.27 �309.69 �391.95
Proportion of total outstanding

balance in the market (%)
1.17 2.97 �2.44 �3.24 �3.73 �4.07

Investment profit and loss (100 million yuan) �1.08 2.26 �3.73 �4.43 �5.18 �9.00
Investment profit and loss (%) �0.16 0.38 �0.60 �0.68 �0.81 �1.06

Source: Wangdaizhijia.
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The simulation results show that, under normal circumstances, the proportion of
changes in trading volume and net capital inflow to the whole market system is not
high, which suggests that the risk of new capital entering the market is controllable
as a whole, and the current main task is to resolve the stock risk. In terms of invest-
ment profit and loss, the change in the average rate of return was �0.16%, which
suggests that the overall rate of return of the whole industry is declining. From the
perspective of investors, the monthly investment income caused by the change in rate
of return decreases by an average of 108 million yuan, and with the 90% probability,
the decrease in the rate of return will not exceed 0.6, and the decrease in investment
income will not exceed 373 million yuan. Compared with the changes in net capital
inflow and trading volume, only the average value of investment profit and loss was
negative, which shows that under the background of the business model gradually
complying with regulations and increasingly strict supervision, the income of the
online lending industry will gradually return to normality. Therefore, on the basis of
strictly implementing the ‘double reduction’ of the number of institutions and busi-
ness scale, the overall risk of the online lending industry is controllable.

4.2. Measurement of the risk spillover effect by CoVaR

After measuring the overall VaR of the online lending industry, the conditional value
at risk (CoVaR) model can be used to measure the risk spillover effect of different
types of platforms. The CoVaR model was proposed by Adrian and Brunnermeier in
2016. Compared with the VaR model, the CoVaR model considers the risk linkage
between financial institutions and the contribution of financial institutions to the sys-
temic risk of the industry. The CoVaR model can be used to calculate the conditional
extreme loss value that other financial institutions or markets may face when a finan-
cial institution or market has risk, or to measure the risk spillover effect of the finan-
cial system.

Generally speaking, VaRi
q is defined as the value at risk of a financial institution or

system i under the quantile q, that is, the maximum possible loss under the probabil-
ity of 1� q :

PrðXi � VaRi
qÞ ¼ q (14)

CoVaRjji
q is defined as the VaR of a financial institution or system j with the risk

event CðXiÞ of a financial institution or system i as the condition, or the risk level j
faces when i is at a certain risk value. Therefore, CoVaRjji

q includes not only j’s own
value at risk, but also the value of the risk spillover of i to j: Specifically, CoVaRjji

q

can be represented by the q-quantile of the conditional probability distribution as
follows:

PrðXj � CoVaRjjCðXiÞ
q jCðXiÞÞ ¼ q (15)

Further, the risk contribution of financial institutions or system i to financial insti-
tutions or system j is expressed as
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DCoVaRjji
q ¼ CoVaR

jjXi¼VaRi
q

q � CoVaRjjXi¼Mediani
q (16)

fXi ¼ VaRi
qg is the conditional risk event, and DCoVaRjji

q is the difference between
the value at risk of the financial system under the condition of the plight of a particu-
lar financial institution and the value at risk of the financial system under the condi-
tion of the median state of a particular institution, that is, the degree of risk spillover
from i to j:

DCoVaRjji
q measures the risk spillover effect that a single institution may impose

on the entire system. However, there is a large gap between the unconditional risk
values of different financial institutions. To reflect the degree of risk spillover effect
among financial institutions more accurately, DCoVaRjji

q can be standardized as fol-
lows:

%CoVaRjji
q ¼ DCoVaRjji

q =VaR
j
q

� �
� 100% (17)

By removing the dimension effect, %CoVaRjji
q can more accurately reflect the risk

spillover effect of financial institution i on j:
At present, the methods of calculating CoVaR usually include quantile regression

and the generalized autoregressive conditional heteroskedasticity model. The general-
ized autoregressive conditional heteroskedasticity model can be applied to different
forms of data, especially non-linear structural data; however, if the error distribution
is not properly assumed, the accuracy of the results will be affected. Quantile regres-
sion is not suitable for the characterization of nonlinear structural data, but it will
not be limited to specific models, and it does not require specific assumptions regard-
ing the error distribution. Based on the features of the selected data, a quantile
regression was applied in the estimation model.

system represents the entire online loan industry, and i represents platforms with
different backgrounds. Thus, the industry’s q-quantile regression to i-type platforms
can be expressed as follows:

X̂
system, i
q ¼ âi

q þ b̂
i
qX

i (18)

Among them, X̂
system, i
q represents the quantile estimation of the entire online loan

industry under confidence level q when a risk event occurs on the type i platform.
According to the definition of the value at risk,

VaRsystem
q jXi ¼ X̂

system, i
q (19)

Therefore, the predicted value obtained from the quantile regression gives the
insured value of the online loan system based on condition Xi, and VaRsystem

q repre-
sents the conditional quantile. For the conditional event Xi ¼ VaRi

q

n o
, the measure-

ment of the system CoVaR is based on the specific predicted value of Xi ¼ VaRi: In
the quantile regression framework, the measurement of system CoVaR can be
expressed as
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CoVaR
systemjXi¼VaRi

q
q ¼ VaRsystem

q jVaRi
q ¼ âi

q þ b̂
i
qVaR

i
q (20)

The risk spillover value DCoVaRi
q of the type i platform to the online loan system

can be expressed as

DCoVaRsystemji
q ¼ b̂

i
q（VaRi

q � VaRi
50%） (21)

The platforms were divided into five types: the private sector, banking sector, pub-
lic sector, state-owned sector, and venture capital sector. The trading volume and
yield change of the five types of platforms from January 2015 to February 2019 were
determined, and the product of monthly trading volume and yield change were calcu-
lated to represent the platform’s value at risk. Before calculating the CoVaR, it was
necessary to test the normality and stability of the value at risk data of the platform
because of the use of quantile regression and time series models. The Jarque-Bera test
can be used to test the normality of distribution, and the Dickey-Fuller unit root test
can be used to test the stationarity of the time series. Table 2 shows the descriptive
statistics of the value at risk of the different types of platforms.According to the
results of the Jarque-Bera normal test, the null hypothesis that ‘the value at risk of
each system platform obeys normal distribution’ could be rejected with 99% degree of
confidence; that is, the value at risk of each system platform did not obey a normal
distribution. According to the results of the Dickey-Fuller unit root test, the ADF sta-
tistics of all platforms were less than the critical value, and the series of values at risk
were considered stationary at the 99% confidence level.

The risk spillover effect between different types of platforms and the entire online
lending industry is bidirectional. Therefore, the risk faced by a certain type of plat-
form can be measured when the entire online lending industry is in crisis, and the
risk faced by the whole industry can be measured when a certain type of platform is
in crisis. A quantile regression model was used with the results of Equation (18) to
calculate the risk spillover effect with a confidence level of 95%. Table 3 shows the
measurement of the VaR and the risk spillover effects of various platforms.

The private platform had the highest value at risk among all the platforms, regard-
less of whether the spillover effect of market risk was considered (Table 3). This find-
ing indicated that private platforms had the most concentrated risk in the online
lending industry. When the risk spillover effect was considered, venture capital plat-
forms were found to have the next highest value at risk, followed by public platforms,
banking platforms, and state-owned platforms, in that order. Further, after calculating
the �CoVaR of each platform type, it was found that online lending industry

Table 2. Descriptive statistics of value at risk of different types of platforms.
Platform type Mean Median Standard deviation Skewness Kurtosis Jarque-Bera ADF

Private �0.858 �0.575 2.284 �1.149 7.061 44.46 �4.404
Banking 0.0207 �0.00176 1.074 �0.718 8.901 75.3 �5.838
Public �0.0931 �0.0591 1.819 �0.271 5.977 18.7 �7.167
State-owned 0.0613 �0.0800 0.716 1.764 7.504 66.85 �6.569
Venture capital �0.0138 �0.306 2.591 0.185 5.722 15.41 �5.844

Source: results calculated based on the data from Wangdaizhijia.
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risk has the greatest impact on private platforms, followed by public platforms, bank-
ing platforms, and venture capital platforms, with the smallest impact on state-
owned platforms.

Due to the large difference between the VaR of each platform type and the whole
online lending industry, the risk spillover degree reflected by �CoVaR needed to be
standardized. Therefore, the risk spillover rate of %CoVaR for each platform type was
calculated to compare them from the perspective of relative value. When there was a
risk event in the online lending industry, the risk spillover rate to private platforms
was 67.42%; however, when there was a risk event on private platforms, the risk spill-
over rate to the entire online lending industry was 73.7% (Table 3). These findings
indicate that special focus should be placed on the private sector in the supervision of
the entire online lending industry system. If the risk cannot be effectively controlled,
it will quickly spread to the entire market system, causing a greater negative impact.
Results of the comparison also indicated that the risk spillover rate of the online
lending industry to the banking and public sectors was relatively large, and the risk
spillover rates of the state-owned and venture capital sectors were relatively small,
indicating that the state-owned and venture capital sectors have strong ability to resist
the overall risk of the market.

However, in turn, the risk spillover rate of the venture capital sector to the overall
market was 46.56%, second only to the private sector. The risk spillover rates of the
public and banking sectors were 29.89% and 24.91%, respectively. The risk spillover
rate of the state-owned sector to the market was the smallest at 10.03%. By contrast,
the banking and public sectors were greatly affected by market risk, while their own
risks had relatively little impact on the overall market. The venture capital sector had
a greater impact on the overall risk of the market, but was less affected by market
risk. The bidirectional risk spillover rate of the state-owned sector was maintained at
a low level.

5. Measurement of risk contagion

An important aspect of FinTech risk is contagion. A major risk event in the market
can lead to the spread of negative sentiment and affect investor confidence. If public

Table 3. The measurement of VaR and risk spillover effects of platforms.
Platforms

VaR
Platforms
CoVaR

Whole industry
CoVaR

Platforms
�CoVaR

Private �6.4905 �10.8664 �9.6936 �4.3760
Banking �1.7251 �2.8889 �6.9709 �1.1638
Public �2.7265 �4.1754 �7.2487 �1.4489
State-owned �0.9248 �0.9706 �6.1404 �0.0458
Venture capital �5.7491 �6.3247 �8.1790 �0.5756

Whole industry
�CoVaR

Risk spillover
direction

Platforms
%CoVaR

Whole industry
%CoVaR

Private �4.1131 �0.2629 67.42 73.70
Banking �1.3904 0.2265 67.47 24.91
Public �1.6682 0.2192 53.14 29.89
State-owned �0.5599 0.5140 4.96 10.03
Venture capital �2.5985 2.0229 10.01 46.56

Source: results calculated based on the data from Wangdaizhijia.
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opinion is further fermented, irrational behaviour in the market intensifies. On the
liability side, investors may reduce their investment in the platforms without differ-
ence and increase the pressure on the platform’s capital chain. On the investment
side, borrowers may deliberately delay payments to prevent the platform from recov-
ering funds as expected, and the platform that would not have failed will also have
risks. These delays can prevent a platform from recovering funds as expected, and
cause a platform that would not have failed to also have risks. Therefore, it is neces-
sary to measure risk contagion in the FinTech industry for effective prevention
and control.

5.1. Risk contagion in china’s FinTech industry

Online lending platforms with risk concerns can be categorized into two types: risk
platforms and transition platforms. Risk platforms are platforms that cannot operate
normally. They may have difficult cash withdrawals or their website may close. They
may even be involved in a financial investigation. Transition platforms are platforms
with potential risks, but they do not cause substantial losses to investors. Platforms in
active liquidation due to poor management are likely to undergo business suspension,
transformation, and other similar changes. Because these two types of platforms are
different in nature, this study examined them separately in its analysis of risk conta-
gion in the online lending industry.

Figure 1 shows the changes in the number of online lending platforms with risk
concerns from July 2011 to January 2019. It can be seen that the changes in the risk
platforms and the transition platforms were not exactly the same, but the numbers of
both types of platforms rose rapidly during the same periods of time: December
2015, August 2016, and July 2018. The high coincidence of the risk and transition
platforms indicates that significant risk events had taken place at these three points,
and the risk was highly contagious, leading to the platforms actively or passively

Figure 1. Changes in the number of risk platforms and transition platforms in China’s FinTech mar-
ket from July 2011 to January 2019.
Source: Wangdaizhijia.
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exiting the market in large quantities. In December 2015, a famous ‘Ezubao event’
occurred. After investigation, Ezubao illegally absorbed more than 76.2 billion yuan
of public funds, involving more than 900,000 investors, which had great negative
impact on the reputation of the FinTech industry as a whole. In August 2016, various
ministries and commissions jointly issued the Interim Measures for the Management
of Business Activities of Online Lending Information Intermediary Agencies, which is
the first important regulatory document to systematically regulate the business activ-
ities of online lending, and also shows the determination of the government to rectify
industry chaos. Because the issuance of this document did not necessarily have a
negative impact on the market, the number of risk platforms in that month was not
high, while the number of transition platforms reached 165, which was the highest
for the entire industry since its beginnings.

In July 2018, there was a ‘Platform Thunderbolt’ event caused by a delay in regis-
tration. According to the Notice on completing the special rectification and acceptance
of P2P online lending risk issued by the China Banking Regulatory Commission, the
filing and registration of P2P institutions originally scheduled to be completed by the
end of June 2018 was delayed. The scale and speed of P2P platforms were signifi-
cantly affected. All of the platforms were under the pressure of increased operational
costs. Therefore, in July 2018, the number of risk platforms and the number of transi-
tion platforms both reached their peak. This study determined that December 2015,
August 2016, and July 2018 were the three time periods with typical risk contagion
characteristics of the online lending industry. It then measured the risk contagion of
the FinTech industry and simulated the number of platforms closed due to risk con-
tagion in those time periods.

5.2. Measurement of systemic risk contagion

There are two main types of platforms that exit the market. One is a platform that
exits naturally. The online lending industry has reached a stage of maturity, and
because of the large number of platforms in the market, there are bankrupt plat-
forms almost every month. This situtation reflects the self-regulation laws of the
industry and is a normal phenomenon. Another type of platform is one that exits
due to risk contagion. This type of platform may have operational risks but will not
close down immediately. The platform exposes the risk in advance or voluntarily
exits because of the influence of the overall market environment. Estimating the
proportion of these platforms enabled an analysis of the impact of the FinTech
risk contagion.

Specifically, Xi stands for the total number of platforms exiting at time t, XN

stands for the number of platforms exiting naturally, and XC stands for the number
of platforms exiting due to risk contagion. Then the three types of platforms have the
following relations:

XtC ¼ Xt � XtN (22)

Further, XtN can be estimated by combining exponential smoothing and moving
average methods, and the expression is as follows:
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XtC ¼ Xt �
Pn

k¼1 Xt6k

� �
n

(23)

In Equation (23), k represents the window span of the platform. According to the
simulation results, when k is taken as 3, it is an ideal window period; that is, the total
number of existing platforms in 3months before and after the event is used to esti-
mate the number of natural exiting platforms in that month. According to equation
(23), the number of naturally exited platforms from November 2011 to October 2018
was predicted and compared with the actual number of exited platforms (Table 4).

Table 4 shows the difference between the predicted and actual values of the num-
ber of risk platforms and the number of transition platforms. According to the statis-
tical results, both the predicted and actual values of the number of exited platforms
are very close, and there is no significant difference between the two types of plat-
forms, indicating that the prediction method selected in this study is accurate. By
inputting the risk contagion data from December 2015, August 2016, and July 2018
into equation (23), we were able to estimate the number of risk and transition plat-
forms. The relationship between the number of platforms exiting due to risk conta-
gion and the total number of exited platforms could be simulated by an exponential
function, in which the goodness of fit of the risk platforms was 0.9933, and that of
the transition platforms was 0.9515. The risk probabilities of different risk and transi-
tion platforms were calculated according to the number of exited platforms from July
2011 to January 2019. Combined with the results of the index simulation, the conta-
gion of systemic risk of Fintech can be measured.

Table 5 shows that the larger the risk scale, the smaller the probability of occur-
rence, and that the risk structure of the risk platforms was very similar to that of the

Table 4. Difference between actual quantity and predicted quantity of exited platforms.
Mean Median SEM T statistic P

Risk platforms Actual quantity 36.00 24 4.218
Forecast quantity 35.82 24 3.312
Actual quantity－Forecast quantity 0.18 0 5.363 0.0337 0.9732

Transition
platforms

Actual quantity 37.82 34 4.426
Forecast quantity 37.35 37 4.088
Actual quantity－Forecast quantity 0.47 �3 6.026 0.0784 0.9376

Source: results calculated based on the data from Wangdaizhijia.

Table 5. Measurement of FinTech systemic risk contagion.
Total exited
platforms

Risk
probability (%)

Number of naturally
exited platforms

Number of exited platforms
due to risk contagion

Risk platforms
0 � X < 50 71.795 0 � XN < 37 0 � XC < 13
50 � X < 100 24.359 37 � XN < 72 13 � XC < 28
100 � X < 150 2.564 72 � XN < 90 28 � XC < 60
150 � X < 200 1.282 71 < XN � 90 60 � XC < 129
Transition platforms
0 � X < 50 67.949 0 � XN < 24 0 � XC < 26
50 � X < 100 25.641 24 � XN < 60 26 � XC < 40
100 � X < 150 5.128 60 � XN < 91 40 � XC < 59
150 � X < 200 1.282 91 � XN < 111 59 � XC < 89

Source: results calculated based on the data from Wangdaizhijia.
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transition platforms. It can be seen from Figure 2 that the fluctuation trends of these
two types of platforms are not exactly the same. If the correlation coefficient of the
number of the two types of platforms from July 2011 to January 2019 is calculated,
the result is 0.4684, which is not a strong correlation. However, from the perspective
of risk structure, there is a high degree of similarity between the risk platforms and
the transition platforms, that is, whether it is an active transition or the condition
that cannot be operated normally, the number of platforms exiting the market follows
certain rules.

Generally speaking, it is a normal market clearing state in which the number of
existing platforms is less than 50 in the current month, and the possibility of large-
scale market risk is not high. To more intuitively reflect the different degrees of risk
contagion between the risk platforms and transition platforms, Figure 2 presents a
comparison of the two types of platforms.

It was found that when the systemic risk scale was smaller, its impact on the tran-
sition platforms was higher than that of the risk platforms (Table 5). In other words,
the smaller the total number of exited platforms, the lower the proportion of exited
platforms due to risk contagion and the higher the proportion of naturally exited
platforms, and the higher the proportion of exited platforms due to risk contagion,
the lower the proportion of naturally exited platforms. However, when the total num-
ber of exited platforms exceeds 150, the relative relationship between the two types of
platforms changes. Since then, risk platforms have been increasingly affected by risk
contagion, among which the proportion of exited platforms due to risk contagion has
begun to exceed that of transition platforms. According to the simulation results,
when the total number of exited platforms exceeds 175, the number of risk platforms
that are affected by risk contagion will exceed the number of naturally exited risk
platforms. For transition platforms, when the total number of exited platforms
exceeds 55, the number of naturally exited transition platforms will exceed the num-
ber of platform exits due to risk contagion. In short, the greater the market risk of
FinTech, the greater the impact on the risk platforms and the smaller the impact on

Figure 2. Comparison of risk contagion between risk platforms and transition platforms.
Source: Wangdaizhijia.
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the transition platforms. The smaller the market risk, the less the naturally exited
transition platforms, and the more transition platforms exit due to risk contagion.

6. Conclusion and further discussion

This study analysed the risk of FinTech in the era of the digital economy based on
a theoretical model, combined with CoVaR to measure the risk spillover effect of
the online lending industry, and used index smoothing and moving average to iden-
tify and measure the risk contagion of the online lending industry, the primary
FinTech-based industry. The private sector had the most concentrated market risk
in the measurement of the risk spillover effect. Banking platforms and public plat-
forms were greatly affected by market risks, while their own risks had relatively lit-
tle impact on the overall market. Venture capital platforms had a greater impact on
the overall risk of the market, but were less affected by market risk. The bidirec-
tional risk spillover rate of state-owned platforms was maintained at a low level.
The analysis of risk contagion revealed that the greater the market risk, the more
platforms become risk platforms, and the smaller the impact on transition plat-
forms. The main contribution of this study was its systematic and comprehensive
measurement of the risk of online lending, which is of great significance to the
overall risk assessment of FinTech.

This study revealed that in the current online lending industry, the risk is mainly
concentrated in the private and state-owned sectors, while the venture capital and
public sectors are relatively safe. The public and venture capital sectors have occupied
most of the market share. This reflects the difference between new and traditional
finance. At present, state-owned capital plays a leading role in both the securities
market and the banking system, but in the new financial market, platforms with
state-owned capital backgrounds may not perform better. The public platforms and
venture capital platforms selected through the market mechanism not only have
stronger capital absorption capacity, but also have better risk control. After guiding
the risk platforms to withdraw from the market and properly handle market risks,
the government should comprehensively promote the market-oriented construction of
new financial formats, give full play to the regulatory mechanism of the market, and
optimize the allocation of resources.

Financial risk has an important impact on the national economy. The government
is responsible for regulating the financial market (Gulzar et al., 2019; Imran et al.,
2020). The risk evolution of online lending in China has inspired regulators to strictly
supervise all financial innovations as early in their development as possible; otherwise,
higher costs are required to recover the losses caused by risks. The concept of the
‘regulatory sandbox,’ which is widely used in developed countries, should be intro-
duced into China’s regulatory practices. The ‘regulatory sandbox’ aims to provide a
pre-safety simulation test for financial innovation activities. Companies applying to
engage in a new financial business can do so using the regulatory sandbox test to the
regulatory authorities after making appropriate plans. After the sandbox supervision
test, the company can further improve with the results of the test as a guide. This
measure can facilitate prior guidance and bidirectional communication and reduce
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traditional post-event monitoring and passive response. It can also eliminate potential
hazards, improve the flexibility and effectiveness of supervision, increase the identifi-
cation of risk sources, and effectively reduce risk contagion.
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