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Based on many key factors affecting the comprehensive competitiveness of P2P online 

lending platform that include transaction time, registered capital, popularity points, 

dispersion points and transparency points, this paper constructs evaluation index system 

of P2P network lending platform. The 12 secondary indicators of the evaluation system 

were processed through factor analysis, and BP neural network model was used to 

quantitatively evaluate comprehensive competitiveness of P2P online lending platforms. 

The results show that in the selected P2P network lending platform, the highest score of 

comprehensive competitiveness evaluation is only 0.62 which indicates that the overall 

competitiveness of China's P2P industry platforms is not strong. The non-equilibrium 

development pattern of P2P network lending platform seems to be obvious, at least there 

were regional differences and background differences. Most of the top platforms for 

comprehensive competitiveness evaluation scores are located in China's first-tier cities or 

have a background of listed and state-owned capital.  
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1. INTRODUCTION

In the development process of China's asset securitization, 

with the birth of YU Ebao and rapid growth of its asset scale, 

the Internet financial market has exploded to a large extent. As 

one of the main types of Internet finance, P2P network lending 

has been favored by many investors with its low investment 

threshold, high profitability and strong liquidity. Since the 

establishment of Paipaidai (NYSE: PPDF), China's first P2P 

network lending platform in 2007, the P2P industry has grown 

at an amazing rate in China. According to the statistics of 

China's first and authoritative P2P online loan investment and 

wealth management industry portal WDZJ.com, as of 

February, 2019, the number of P2P network lending platforms 

in China has reached 6,619, and the volume of P2P industry in 

the month was recorded 95.652 billion yuan. The net loan 

comprehensive rate of return was 9.937%. At the same time, 

there have been many problems with the emergence of 

unhealthy phenomena such as running away (manager 

disappears) and cash withdrawals, from 471 in February, 2015 

to 2,706 in February, 2019. The number of problematic 

platforms added in 4 years has been reached 2,235. It shows 

that many platforms cannot achieve healthy development of 

operational efficiency in a highly competitive environment. 

How to take effective measures to improve the 

competitiveness of the online lending platform and improve 

the efficiency of the P2P industry and guide the steady 

development of China's P2P network lending platform will be 

an important issue that Chinese P2P regulators need to solve. 

After the establishment of the world's first P2P company, 

Zopa, in the UK in 2005, the P2P industry has sprung up in 

China and other countries, and this field has gradually 

attracted scholars’ attention in China and other countries. 

Outside China Scholarly focus was on the following aspects: 

(1) The behavioral characteristics of borrowing and lending in

the platform. For example, Shen et al. [1] and Lee et al. [2]

found that “herding behavior” is common among investors in

the P2P network lending market, while Herzenstein et al. [3]

have documented that the herding effect is a rational

expression of fund borrowers. The more obvious the

borrowing behavior of the herding, the higher the probability

of that the lender will get repayment on time. but Kim [4]

found that he rationality of investors' herding behaviour is not

deterministic but changes with the investors' credit assessment

style in each market. (2) In terms of the factors affecting the

success rate of borrowing and the interest rate of borrowing.

Freedman and Jin [5] have pointed out that the financial

information provided by the borrower on the platform is the

main influencing factor affecting the success rate of the loan.

However, Ravina [6] and Duarte et al. [7] have believed that

the factors affecting the borrower's borrowing success rate and

borrowing rate are not only financial information, but also the

demographic characteristics of the borrower's age, gender,

appearance, ethnicity and so on. At the same time, Dorfleitner

et al. [8] and Nowak et al. [9] pointed out that soft information

such as loan descriptions written by the borrower will also

affect it.  In addition, Emekter et al. [10] use the data of P2P

lending platform to evaluate platform borrower credit risk, and

Serrano-Cinca et al. [11] think the profit scoring system is

better than the credit scoring system. The Chinese P2P

industry have started later than some developed countries and

Chinese scholars' research focus on P2P online lending

industry is different from that of other countries, mainly

focusing on the risk and supervision of the P2P online lending

platforms and the relationship between platform and bank. For

example, Li et al. [12] believe that the Chinese P2P network

lending platform should establish a third-party fund custody

mechanism to avoid the “Ponzi scheme” recurring. Meanwhile,
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Liu and Shen [13] and Zhang [14] have proposed to improve 

China's credit system with credit information and rating as the 

main content to eliminate information asymmetry in credit risk. 

In response to the relationship between the P2P online lending 

platform and the bank, Tang [15] pointed out that the P2P 

network lending platform is both a substitute and a supplement 

for banks. Zhang et al. [16] found that P2P lending balance 

and average P2P lending rate have a positive impact on the 

average domestic bank lending balance, and it will have a 

negative impact by the contrary. In addition, a few scholars 

have conducted empirical analysis on the operation of the P2P 

platform. For example, Mao [17] and Tan et al. [18] have 

conducted empirical research on the effectiveness and herding 

effect of the P2P market. 

By reviewing the existing literature, it can be found that the 

existing research has mainly focus on the operation of the P2P 

network lending platform, the behavior of platform 

participants and the risk of the platform. However, the 

empirical analysis of the comprehensive competitiveness of 

the P2P network lending platform is still relatively small, but 

the comprehensive competitiveness is not only a direct 

reflection of the overall strength level of the P2P network 

lending platform, but also an important regulatory basis for the 

relevant regulatory authorities. Therefore, this paper uses 

factor analysis and BP neural network model to evaluate the 

comprehensive competitiveness of the selected 60 P2P 

network lending platforms. Moreover, it deeply analyzes the 

differentiated characteristics of the comprehensive 

competitiveness of the platform in China's P2P industry 

platform in different regions and in different contexts. 

 

 

2. CONSTRUCTION OF THE EVALUATION INDEX 

SYSTEM 

 

In the light of commercial banks and enterprises' 

comprehensive competitiveness studies, we have constructed 

an evaluation system for the comprehensive competitiveness 

of China's P2P network lending platform [19-21]. Based on 

the principles established by the indicators, combined with 

field research and expert feedback, we finally determined that 

the main factors affecting the comprehensive competitiveness 

of the P2P network lending platform are profitability, 

operational capability, market strength, risk control capability 

and development potential as five primary indicators. After 

statistical analysis, 12 secondary indicators such as transaction 

points, technical points, popularity points, liquidity points, 

leverage points, dispersive points and brand points were 

selected to represent the comprehensive competitiveness of 

China's P2P network lending platform. The evaluation system 

and the specific indicators are as shown in Table 1: 

 

Table 1. P2P network lending platform comprehensive competitiveness evaluation index system 

 

Primary 

indicators 
Secondary indicators Meaning of the indicators 

Profitability 
Transaction 

points 
X1 

According to the weighted trading volume and time-weighted trading volume of the past three 

months, the higher the transaction score, the higher the trading volume of the platform, and the 

stronger its profitability. 

Operational 

capability 

Technical 

points 
X2 

According to the platform system independent research and development, website per capita 

response time, website security vulnerability detection, APP update frequency, WeChat client, 

data transmission security, account security, IT team strength, etc., it is a direct reflection of the 

platform's technical strength, the higher the technical points indicate that the platform is more 

technically strong. 

Popularity 

points 
X3 

The indicator is derived by weighting the number of investors and borrowers in the last three 

months, reflecting the number of borrowers and investors on the platform. Generally, the higher 

the popularity score, the more the platform is welcomed by investors and borrowers, and the 

operating conditions are also healthier. 

Market 

strength 

Registered 

capital 
X4 

Refers to the amount that the online loan platform registers with the company registration 

authority according to law. The higher the registered capital of the platform, the higher the 

formality of the platform, indicating the platform has a stronger ability to ensure the investor's 

funds security. 

Age X5 

Refers to the total number of months from the establishment of the online loan platform to 

September 2018. The longer platform operation history shows that the platform experience is 

more abundant and the market strength is stronger. 

Number of 

employees 
X6 

The greater the number of platform employees, the greater the scale of the platform, that is, the 

platform is stronger. 

Risk control 

capability 

Liquidity 

points 
X7 

Based on the consideration of the liquidity of investors and P2P platforms, the index of the 

project and the net outflow of funds are adjusted to obtain the indicator. The higher the points, the 

lower the risk of platform redemption. 

Leverage 

points 
X8 

Calculated based on geographical leverage, over 10 times leverage, TOP10% overdue capital 

ratio, and leverage to be received. The higher the points, the stronger the risk tolerance of the 

platform. 

Dispersive 

points 
X9 

This indicator is used to characterize the dispersion of platform borrowing and investment funds, 

and is also an indirect representation of P2P platform risk control capabilities. The greater the 

points, the less operational risk the platform has. 

Development 

potential 

Brand points X10 

It is a direct reflection of the platform's reputation through integrating fund recognition, 

headquarters city, Alexa ranking, shareholder and team background and event impact. The higher 

the brand score, the higher the platform's reputation, indicating that it is more recognized by 

investors. 

Transparency 

points 
X11 

According to the degree of publication of the company's basic information, operational data 

information, and loan information, it indicates the transparency of the information of the 

platform. 
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Compliance 

points 
X12 

The indicator is based on whether the direct deposit of the bank is online or not, and whether the 

loan balance is online or not and so on. The higher the compliance score, the better the platform's 

compliance at this stage, that is, the platform has better development potential. 

 

 

3. P2P ONLINE LENDING PLATFORM 

COMPREHENSIVE COMPETITIVENESS 

EVALUATION METHOD AND STEPS 

 

3.1 Evaluation method selection 

 

1. Factor Analysis: In the comprehensive competitiveness 

evaluation of P2P online lending platform, researchers usually 

hope to collect more and more comprehensive indicators to 

have a more comprehensive and complete understanding of 

the problem. However, the multivariate indicator system will 

increase the workload of collecting data to a certain extent. 

Moreover, in many cases, there will be correlations between 

many variables that may have different performances of the 

same attribute of the P2P network lending platform. The main 

idea of factor analysis is to reduce dimensionality and simplify 

data. By analyzing the intrinsic dependencies in the data of 

many indicators, the correlation and overlap between the 

indicators are excluded, and the original multidimensional 

variable indicators are reorganized to find the common factors. 

[22, 23] The common factor is used to represent the main 

information of the original indicator system. Mathematical 

model is: 
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(1) 

 

F1, F2,⋯ ,Fm is a common factor, εi is a special factor, 

contains random errors, and only works for Xi, where αij is 

factor loading. 

2. BP (Back-Propagation BPNNs) neural network: As an 

adaptive nonlinear learning system, neural network processes 

information by simulating human brain biological nervous 

system, and it is also a multi-layer feed-forward network that 

propagates backward according to error. It learns in the state 

of known input and ideal output, and then continuously adjusts 

the weight and threshold of the network according to the back 

propagation of the error between the expected output and the 

actual output, thereby, it continuously reduces the expected 

output and actual output of the neural network. The sum of the 

squares of the errors makes the actual network output value as 

close as possible to the expected value, thus, improving the 

adaptability of network learning. A typical BP neural network 

typically includes an input layer, a hidden layer, and an output 

layer and it includes at least one hidden layer [24]. The specific 

learning algorithm is as follows: 

(1) The BP neural network is initialized and the connection 

weights of each layer are assigned to a random number in the 

interval (-1, 1), that is, the weight of the input layer to the 

hidden layer is wij, and the weight of the hidden layer to the 

output layer is wjk. Connection thresholds are a and b 

respectively. Set the error function e, given the calculation 

accuracy value 𝜀 and the maximum number of learning M. 

(2) Calculate the output of the hidden layer. According to 

the input vector X1, X2,⋯,Xn, the corresponding expected output 

vector Y1, Y2,⋯,Ym and the weight wij, threshold of the input 

layer to the hidden layer a, the output Hj of the hidden layer is: 
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(2) 

 

In the formula, j=1,2,⋯,l, l is the number of hidden layer 

nodes, and g represent the implicit layer excitation function. 

(3) Calculate the output of the output layer 
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(4) Error calculation. The error formula is set to: 
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In the formula, Yk is the expected output, and we set Yk-

Ok=ek, that is: 
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And i=1,2,⋯,n; j=1,2,⋯,l; k=1,2,⋯,m.  

(5) Update weights. The formula for updating the weight is: 
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(6) 

 

In the formula, i=1,2, ⋯ ,n; j=1,2, ⋯ ,l; k=1,2, ⋯ ,m; 𝜂  is 

Learning rate. 

(6) Update Threshold. Based on error function ek, the 

updated connection thresholds are: 

 

(1 )j j j j

k k k

a a H H

b b e

= + −

= +
 

(7) 

 

And j=1,2,⋯,l; k=1,2,⋯,m. 

(7) The next input mode is selected for repeated training 

until the neural network output error reaches the target error, 

and the training is completed. 

 

3.2 BP neural network model evaluation procedures 

 

At present, BP neural network model has been widely and 

successfully applied in the fields of demand forecasting, 

competitiveness evaluation and company performance 

evaluation. Based on the factor analysis method, this paper 

15



 

uses BP neural network model to evaluate the comprehensive 

competitiveness of P2P network lending platform. The main 

steps are as follows: Firstly, factor analysis is used to simplify 

the dimension reduction process, and common factors are used 

to replace the original indicators, and they are used as input 

variables of BP neural network; secondly, the input data is 

standardized; finally, the constructed BP neural network 

model is used to evaluate the comprehensive competitiveness 

of the selected P2P network lending platform. 

 

 

4. EMPIRICAL ANALYSIS 

 

4.1 Data source and processing 

 

Due to the large number of P2P network lending platforms 

in China and the different operating status of each platform, 

the information disclosure of some platforms is not perfect 

enough to study and analyze the comprehensive 

competitiveness of each platform. Therefore, we selected the 

platform of the top 60 rankings from WDZJ.com in September 

2018 for comprehensive competitiveness evaluation. The 60 

P2P network lending platforms are well represented in the 

industry and the data is easy to collect. The index values of the 

platform are all official website from WDZJ.com and various 

platforms. Since the different indicator units are inconsistent, 

direct incorporating in the neural network may cause errors. 

Therefore, the original data is normalized before further 

analysis and all the data is mapped into interval [0, 1]. The 

calculation formula is as follows: 

( )

min( )

max min( )
i

x x
x

x x

−
=

−
 

(8) 

 

4.2 Factor analysis 

 

Using SPSS20.0 to perform KMO sampling suitability test 

and Bartlett spherical test on the indicator data, the results 

show that the KMO statistic is 0.681, while the Bartlett 

spherical test has a square value of 479.043 and a P value of 

0.000. T Therefore, rejecting the correlation coefficient matrix 

as the original hypothesis of the unit matrix, indicating that 

there is a correlation between the variables. It means that the 

original indicator system is suitable for factor analysis. In 

addition, according to the criterion with the eigenvalue greater 

than 1, and the varimax rotation method to extract the factor. 

The top 5 factors with eigenvalues greater than 1 are F1, F2, F3, 

F4 and F5, contributing rates are 37.099%, 15.089%, 12.575%, 

9.931%, and 8.455%, respectively. The cumulative 

contribution rate is 83.149%, and the missing information is 

less, indicating that the extracted common factors have strong 

explanatory power for the indicators. Finally according to 

formula (8) 

 

1 2 3

4 5

0.4462* 0.1815* 0.1512*
0.1194* 0.1017*

F F F F
F F

= + +
+ +  (9) 

 

Calculate the comprehensive scores of each platform, as 

shown in Table 2. 

 

 

Table 2. Comprehensive scores and rankings of sample P2P network lending platforms 

 

Platform Expected Ranking Platform Expected Ranking 

Lujinfu 0.625453 1 Jinkaidai 0.170256 56 

Yirendai 0.518920 5 Shanyidai 0.235418 50 

Renrendai 0.538080 4 Daokoudai 0.371402 31 

Paipaidai, 0.602569 3 Shoujinwang 0.315631 42 

Weidaiwang 0.615641 2 Shitoujinron 0.219868 53 

Madaicaifu 0.510131 8 E-rongsuo 0.346023 35 

Xiaoyingwangjin 0.484650 12 Koudailicai 0.379548 29 

Tuandaiwang 0.497157 10 Guangzhou-e-dai 0.231350 51 

Jimuhezi 0.475186 14 Pengjinsuo 0.161674 58 

Yilongdai 0.474403 15 Shou-E-jia 0.280942 44 

Fenghuangjinron 0.498716 9 Jiashiliu 0.238355 48 

Dianrong 0.448028 18 Laocaibao 0.423649 22 

Tounawang 0.425800 21 Honglinchuangtou 0.372240 30 

Aiqianjin 0.511255 7 Wanglibao 0.354606 33 

Youliwang 0.516898 6 Haiyirong 0.188972 55 

51renpin 0.474356 16 Renrenjucai 0.385641 28 

PPmoney 0.480632 13 Lianlianjinrong 0.267636 46 

Wangxinpuhui 0.492557 11 Guangxindai 0.398403 26 

Niwodai 0.470252 17 E-dushiqianbao 0.280147 45 

Yangqianguan 0.438273 19 Dongfanghui 0.213659 54 

Hexindai 0.421004 23 Hezhong-e-dai 0.342960 36 

Kaixindai 0.163719 57 Qilerong 0.238300 49 

Mindaitianxia 0.352045 34 Tuodaojinfu 0.338125 38 

Souyidai 0.323230 40 Lianzidai 0.329506 39 

Jintouhang 0.322536 41 Huiyanjinrong 0.288578 43 

Xiangshangjinfu 0.386290 27 e-lutongxin 0.220443 52 

Bugunonchang 0.363269 32 Mizhuang 0.398521 25 

91wangcai 0.416102 24 Huanghejinrong 0.247206 47 

Bojindai 0.340213 37 Guangjinjinfu 0.141959 60 

Youjinfu 0.437082 20 Zhubaodai 0.157567 59 
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4.3 BP neural network evaluation 

 

Based on the factor analysis results, the scores of F1, F2, F3, 

F4 and F5 are taken as input sample and the number of input 

layer nodes is set to 5. At the same time, the comprehensive 

score processed by the factor analysis of each platform is the 

expected output value, and the number of output layer nodes 

is set to 1. The hidden layer does not currently have an ideal 

analytical formula to determine its reasonable number of 

neuron nodes, which is mainly determined according to the 

empirical formula 𝑙 = √𝑎 + 𝑏 + 𝜀, where a is the number of 

input layer nodes, b is the number of output layer nodes, and ε 

belongs to any constant of [0,10]. Through many experiments, 

we have found that the most suitable number of hidden layer 

nodes is 7. 

Building the BP neural network model not only requires 

data processing on the input layer nodes, output layer nodes, 

and hidden layer nodes, but also sets parameters such as the 

training function, learning function and training target of the 

network. After many experiments, the learning function and 

the training function are determined as the LEARNGDM 

function and the TRAINLM function respectively; the 

excitation function of the output layer and the hidden layer is 

set to the PURELIN function and the TAN-SIGMOD function; 

the performance function is the MSE function; the training 

times are set 1000; the error precision is 1×10(-10); other 

parameters such as learning rate directly adopt the default 

value. 

The data of 51 platform have randomly been selected from 

the 60 collected platforms that were used as training sample 

and 9 platforms were used as test sample. The nntool function 

in MATLAB2016b is used for neural network learning. 

According to factor analysis, scores of the common factors F1, 

F2, F3, F4, and F5 of the platform are taken as input values, and 

the comprehensive score F is taken as the expected value. 

After BP neural network training, the expected target was 

achieved when the number of training reached 771 times and 

the actual output value of the neural network and the expected 

output value were linearly regressed. The similarity between 

the two was found to have R=0.99375. The higher the 

similarity, the more consistent the two values are, indicating 

that the actual output of the neural network has a good fit to 

the expected output. The trained neural network will be tested 

on 9 randomly selected platforms. The test results are shown 

in Table 3. 

It can be seen from Table 3 that the actual output value of 

the BP neural network is basically consistent with the expected 

output value. The minimum absolute error between the two is 

0.0000023, the maximum absolute error is 0.000402, and the 

error percentage is only 0.0186%. The trained BP neural 

network was used to evaluate the comprehensive 

competitiveness of the selected 60 P2P platforms. The results 

are shown in Table 4. 

According to Table 4 results, the comprehensive 

competitiveness score of China's P2P network lending 

platform is uneven. There are only three companies with 

scores above 0.6, namely Lujinfu, Paipaidai and Weidaiwang, 

and the number only accounts for the total number of selected 

platforms that is 5%. They are first echelon with better overall 

competitiveness. The five platforms with scores between 0.5 

and 0.6 were Yirendai, Renrendai, Madaicaifu, Aiqianjin and 

Youliwang, accounting for 8.33%. There are two platforms 

with scores below 0.2, which are Guangjinjinfu and Zhubaodai. 

Their comprehensive competitiveness is poor in the selected 

60 platforms. As a subsidiary of Ping An Group, Lujinfu has 

strong background strength. At the same time, Ping An Bank, 

Ping An Pratt & Whitney and Ping An Insurance also provide 

support for its business development. So, it has stronger 

competitiveness than other platforms. Its evaluation score is 

the highest 0.625442. In addition, among the 60 selected 

platforms, eight of the top ten platforms with comprehensive 

competitiveness scores are located in first-tier cities in China. 

Only two platforms, namely, group loan network and micro-

loan network, are located in non-first-tier cities, respectively 

in Dongguan and Hangzhou as the first-tier cities have a high 

degree of marketization, there will be developed economy and 

fierce competition. Therefore, the platform will strive to 

improve its management level and service quality, and thus, 

promote the comprehensive competitiveness of the platform. 

In addition, seven of the top ten platforms in the ranking 

belong to listed companies or state-owned enterprises. This is 

mainly because listed companies and state-owned enterprise 

platforms have stronger financial strength than others 

platforms, and they have a relatively complete risk control 

system and technical level. It will be more successful when 

working with banks and third-party organizations, so, the 

comprehensive competitiveness score for this category of 

platforms is relatively high. By comparing and analyzing 

Tables 2 and 4, we can also find that the BP neural network 

model output results are almost consistent with the 

comprehensive score results obtained by the factor analysis 

method. Explain that the combination of factor analysis and 

BP neural network not only simplifies structure of BP neural 

network model, but also eliminates the influence of subjective 

factors and also improves the learning efficiency of neural 

network, thus, ensuring the accuracy of comprehensive 

competitiveness evaluation. 

 

 

Table 3. Output error comparison table of sample P2P network lending platforms tested 

 

Platform Expected Actual output Absolute error Error percentage 

Aiqianjin 0.511255 0.511272 0.0000167 0.0000327 

PPmoney 0.480632 0.480624 0.0000082 0.0000170 

91wangcai 0.416102 0.416088 0.0000133 0.0000319 

Shoujindai 0.315631 0.315629 0.0000023 0.0000073 

Guangzhou-e-dai 0.23135 0.231331 0.0000191 0.0000825 

Jiashiliu 0.238355 0.238315 0.0000402 0.0001684 

e-lutongxin 0.220443 0.220421 0.0000215 0.0000975 

Huanghejinrong 0.247206 0.247193 0.0000130 0.0000526 

Guangjinjinfu 0.141959 0.141986 0.0000263 0.0001860 
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Table 4. Comprehensive competitiveness evaluation results and ranking of sample P2P network lending platforms 

 
Platform Background Location Score Ranking Platform Background Location Score Ranking 

Lujinfu Listed Shanghai 0.625442 1 Jinkaidai State-owned Xian 0.170208 56 

Yirendai Listed Beijing 0.518934 5 Shanyidai Listed Shenzhen 0.235411 50 

Renrendai 
Venture capital 

department 
Beijing 0.538106 4 Daokoudai State-owned Beijing 0.371399 31 

Paipaidai, Listed Shanghai 0.602604 3 Shoujindai State-owned Beijing 0.315629 42 

Weidaiwang Listed Hangzhou 0.615641 2 Shitoujinron Private Shanghai 0.219857 53 

Madaicaifu State-owned Shanghai 0.510141 8 E-rongsuo Listed Shenzhen 0.346022 35 
Xiaoyingwangjin Listed Shenzhen 0.484644 12 Koudailicai Private Shanghai 0.379547 29 

Tuandaiwang 
Venture capital 

department 
Dongguan 0.497158 10 Guangzhou-e-dai Listed Guangzhou 0.231331 51 

Jimuhezi 
Venture capital 

department 
Beijing 0.475172 14 Pengjinsuo Listed Shenzhen 0.161673 58 

Yilongdai Listed Beijing 0.474399 15 Shou-E-jia State-owned Beijing 0.280942 44 
Fenghuangjinron Listed Beijing 0.498723 9 Jiashiliu Listed Hangzhou 0.238315 48 

Dianrong 
Venture capital 

department 
Shanghai 0.448006 18 Laocaibao Private Shanghai 0.423649 22 

Tounawang Listed Shenzhen 0.425790 21 Honglinchuangtou Private Shenzhen 0.372239 30 

Aiqianjin 
Venture capital 

department 
Beijing 0.511272 7 Wanglibao Listed Beijing 0.354615 33 

Youliwang 
Venture capital 

department 
Beijing 0.516909 6 Haiyirong 

Venture capital 

department 
Beijing 0.188976 55 

51renpin Listed Hangzhou 0.474357 16 Renrenjucai Private Shenzhen 0.385643 28 

PPmoney 
Venture capital 

department 
Guangzhou 0.480624 13 Lianlianjinrong Private Beijing 0.267625 46 

Wangxinpuhui Listed Beijing 0.492553 11 Guangxindai Private Beijing 0.398404 26 
Niwodai Private Shanghai 0.470241 17 E-dushiqianbao Private Hangzhou 0.280144 45 

Yangqianguan Private Beijing 0.438259 19 Dongfanghui State-owned Shanghai 0.213640 54 

Hexindai Listed Beijing 0.42099 23 Hezhong-e-dai Listed Shenzhen 0.342961 36 
Kaixindai Banking Nanjing 0.163722 57 Qilerong Listed Hefei 0.238266 49 

Mindaitianxia State-owned Guangzhou 0.352051 34 Tuodaojinfu 
Venture capital 

department 
Hangzhou 0.338136 38 

Souyidai Listed Beijing 0.323253 40 Lianzidai 
Venture capital 

department 
Hangzhou 0.329506 39 

Jintouhang State-owned Hangzhou 0.32254 41 Huiyanjinrong State-owned Hefei 0.288568 43 
Xiangshangjinfu Private Beijing 0.386289 27 e-lutongxin State-owned Shenzhen 0.220421 52 

Bugunonchang Listed Shenzhen 0.363266 32 Mizhuang Listed Hangzhou 0.398522 25 

91wangcai 
Venture capital 

department 
Beijing 0.416088 24 Huanghejinrong Listed Hangzhou 0.247193 47 

Bojindai State-owned Nanchang 0.340225 37 Guangjinjinfu State-owned Guangzhou 0.141986 60 

Youjinfu Listed Shenzhen 0.437074 20 Zhubaodai Listed Shenzhen 0.157576 59 

 

 

5. CONCLUSION AND SUGGESTION 

 

Based on the BP neural network model, this paper evaluates 

the comprehensive competitiveness of the selected 60 P2P 

network lending platforms. The following conclusions are 

drawn from the paper. First, the comprehensive 

competitiveness of China's P2P network lending platforms is 

large and the overall competitiveness of the platform is weak. 

The Lujinfu platform with the highest evaluation score is only 

0.6 and it is still 0.48 higher than the last place, Guangjinjinfu 

platform. The gap in the score of comprehensive 

competitiveness evaluation is obvious. Second, platform 

background and regional differences are important factors 

affecting the comprehensive competitiveness of China's P2P 

network lending platform. The P2P network lending platform 

located in first-tier cities and with listed companies or state-

owned enterprises have a higher ranking of comprehensive 

competitiveness evaluation scores. In the light of results, this 

article has the following policy implications: 

First of all, establish a differentiated regulatory mechanism. 

P2P online lending is an important mode of Internet finance. 

As the number of its platforms continues to expand, the 

development of the industry is increasingly concerned by the 

regulatory authorities. Further, it is difficult for the regulatory 

authorities to achieve full regulatory coverage with limited 

resources. The department should conduct differentiated 

supervision according to the comprehensive competitiveness 

of the P2P online lending platform. For platforms with 

stronger comprehensive competitiveness, we should focus on 

ensuring that they can maintain a high degree of competitive 

development, and thus, maximize the efficiency of industry 

supervision. And then, strengthen cooperation and 

communication between platforms. A sound credit system will 

greatly help the P2P network lending platform to avoid risks 

beforehand. The platform will consume a lot of cost in 

collecting information on the borrower's credit rating process. 

Therefore, if the platform strengthens communication, and 

efforts should be made to build a credit inquiry system 

covering the entire P2P industry. This will not only reduce the 

cost of the platform, but also reduce the risk of default. Finally, 

accelerate product innovation in P2P network lending platform. 

In the context of increasingly fierce competition in the digital 

financial market, the provision of customized and 

differentiated products and services for borrowers is 

increasingly becoming a key element of the platform's 

foothold in the fast-growing industry. Innovative products and 

services can promote the comprehensive competitiveness of 

the platform itself. 
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