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Abstract: The construction of a financial risk prediction model has become the need of the hour due to long-
term and short-term violations in the financial market. To reduce the default risk of peer-to-peer (P2P)
companies and promote the healthy and sustainable development of the P2P industry, this article uses a
model based on the LightGBM (Light Gradient Boosting Machine) algorithm to analyze a large number of
sample data from Renrendai, which is a representative platform of the P2P industry. This article explores
the base LightGBM model along with the integration of linear blending to build an optimal default risk
identification model. The proposed approach is applicable for a large number of multi-dimensional data
samples. The results show that the prediction accuracy rate of the LightGBM algorithm model on the test set
reaches 80.25%, which can accurately identify more than 80% of users, and the model has the best
prediction performance in terms of different performance evaluation indicators. The integration of
LightGBM and the linear blending approach yield a precision value of 91.36%, a recall of 75.90%, and
an accuracy of 84.36%. The established LightGBM algorithm can efficiently identify the default of the loan
business on the P2P platform compared to the traditional machine learning models, such as logistic
regression and support vector machine. For a large number of multi-dimensional data samples, the
LightGBM algorithm can effectively judge the default risk of users on P2P platforms.

Keywords: peer-to-peer industry, LightGBM algorithm, default prediction model, P2P network lending,
logistic regression, support vector machine

1 Introduction

The development in network technology and Internet-based financial applications has become the back-
bone of national and international economies in various countries. These small- and medium-sized orga-
nizations create the two-thirds of entire employment in the world, creating a strong contribution to
economic profitability [1,2]. The advents in the construction of social credit standards improve the credit
scoring system by upgrading the rapid advancement in the entire credit system. The relevant progress in
science and technology has led to the development of the entire society by improving the objectivity and
timeliness of personal credits. However, the advances in the fields of e-commerce and Internet financing
have resulted in the evaluation of personal credits meeting the requirements of changing time as per the big
data scenario of the current economy [3-6].
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Peer-to-peer (P2P) lending has become an important aspect of the financial channel replacing the
tedious traditional loaning system from the financial institutions, making it convenient to the investors
and borrowers [7-9]. P2P online lending refers to the formation of a loan contract on the Internet platform
by the supply and demand side of funds in an unsecured form. Different from traditional financial loans,
P2P online loan is a personal-to-person unsecured small loan [10,11]. The basic process of P2P lending is
depicted in Figure 1.
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Figure 1: Basic P2P lending mechanism.

Individuals who have spare money on the Internet lend money to individuals who need money based
on trust because trust on the Internet is very difficult [12,13]. The things which gave birth to the online loan
intermediary platform is two side transaction through online platform enabling dependencies. From the
initial barbaric growth, speculators and lawbreakers were attracted to take advantage of the loopholes in
control. In recent years, there have been a large number of examples of capital chain breaking and platform
managers running away [14]. According to the data of Wangdaizhijia, there are only 458 platforms currently
operating normally, which is less than one-tenth of the peak period. The platform problems that run away
are mainly concentrated in two aspects. On the one hand, the lack of strict supervision has caused many
people who want to make quick money to flood into the market and eventually develop into a “Ponzi
scheme”; on the other hand, there are problems with the risk management of the platform itself [15]. The
high rate of bad debts leads to the breakdown of funds. Therefore, it is very important to strengthen the risk
control of online loans.

There is a contradiction between risk control and expansion in the development of P2P online lending
platforms. If the loan review mechanism is too strict, the number of borrowers will be drastically reduced,
which limits the scale of the platform’s operation, while the loose loan review mechanism will reduce the
number of borrowers. But the increase in loan scale will also bring more non-performing loans. Therefore, a
more accurate model is needed to help the platform accurately identify the probability of future default by
the borrower and determine whether to issue a loan to the borrower based on the probability of the model
output and determine the amount and interest rate if the loan is issued to the borrower. Online loan default
prediction is a management technique for online loan risk control. The existence of a large number of real
data on online loans provides the possibility for the realization of online loan default predictions.

This article contributes to the construction of a financial risk prediction model for default risk reduction
in P2P companies, to promote the healthy and sustainable development of the P2P industry. The main
contribution can be highlighted as follows:
¢ This research work presents a LightGBM (Light Gradient Boosting Machine) algorithm to analyze a large

number of sample data from a representative (Renrendai) platform of the P2P industry.
e The novelty of this approach lies in the exploration of the base LightGBM model along with the integra-
tion of linear blending to build an optimal default risk identification model. The integrated LightGBM
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algorithm can efficiently identify the default of the loan business on the P2P platform utilizing a large
number of multi-dimensional data samples.

e The proposed LightGBM algorithm can effectually judge the default risk of users on P2P platforms
compared to the traditional machine learning models, such as logistic regression and support vector
machine (SVM).

¢ The development of big data and machine learning technology provides feasibility for the improvement of
online loan default prediction technology.

Therefore, this article intends to improve the platform’s loan default prediction ability and reduce bad
debts through the construction of a financial default risk prediction model based on the LightGBM
algorithm.

This research article is organized as follows. Literature review is presented in Section 2. The explanation
of the research methods like the discussion of P2P loan business analysis, a theoretical model for data
mining, and evaluation indicators are given in Section 3. Section 4 presents the result analysis and dis-
cussion. The concluding remarks are given in Section 5.

2 Literature review

The birth and growth of credit risks occur in commercial banks. Loans contain risks, and commercial banks’
loan approvals are becoming more and more standardized. This naturally leads to small- and medium-sized
enterprises and individuals who have difficulty obtaining loans when they need money [16]. Therefore, P2P
network loans have also emerged. However, it is not to say that P2P network loans do not contain risks. In
fact, P2P network loans have higher risks due to their wide liquidity, high returns, and no collateral. This
means that the platform needs more intelligent risk control systems. Countless scholars are also exploring
how to build a better risk control system based on P2P network loan data.

The fields of big data and Internet finance have developed tremendously in the twenty-first century. The
state’s attention to this field has gradually increased. P2P is an innovative lending model that is a powerful
supplement to the traditional financial industry. The estimated credit default rate is an absolute prerequi-
site to ensure the normal operation of relevant financial projects or platforms. Ma et al. have utilized the
“multi-observation” and “multi-dimensional” data cleaning methods and applied the modern machine
learning algorithm LightGBM to Asia at the end of 2016 and applied XGboost to Lending Club’s real P2P
transaction data. The strong and innovative loan prediction of default risks is presented by authors [3]. The
results obtained from various studies are compared and it is observed through the LightGBM algorithm
based on the classification and prediction results of multiple observation data sets is the best. The average
performance rate of historical transaction data on the Lending Club platform increased by 1.28% points,
which reduced loan defaults by approximately $117 million. Finally, regarding the influencing factors of the
default rate, it provides suggestions for the development of Lending Club and other P2P platforms, as well
as suggestions for the development of other countries in this field [17].

Li et al. studied a data-driven method to extract the knowledge of default risk from the borrower’s
demographic information and behavioral characteristics in the loan process, which can be used to reduce
the default risk of P2P platforms. The possibility of automation of credit risk ratings can also be studied by
estimating the accuracy of forecasts. One huge dataset is analyzed from well-known P2P lending platform in
China, and used three default prediction models to conduct data research on discrete input and output
pairs, continuous input and output pairs, and continuous input and discrete output pairs. The average hit
rate and lift analysis are used to evaluate the accuracy of the prediction. The 2-layer artificial neural
network model performed well in continuous input and output data pairs with an average relative error
of 0.24. An SVM is highly recognized because of its 89.18% prediction accuracy of discrete input and output
data pairs. Decision tree C5.0 (DT) is used to discover some important factors affecting the risk rate and
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predict the default risk of borrowers. Based on the results of data mining, some constructive conclusions
can be drawn about P2P online loan risk management [18].

Su et al. studied a new LightGBM method combined with a random forest algorithm, which was used to
predict the global underground temperature and salinity anomalies within 1,000 m depth based on remote
sensing data and Argo floating-point data. These methods combine longitude and use multi-source sea
surface parameters (sea surface height anomaly [SSHA], sea surface temperature anomaly [SSTA], sea
surface salinity anomaly [SSSA], north and east components of sea surface wind anomaly [USSWA,
VSSWA]) Latitude data (LON, LAT) are used as predictors, and Argo grid data are used as training
and testing labels for model construction and prediction. This research established a five-parameter model
(SSTA, SSHA, SSSA, USSWA, VSSWA), a six-parameter model (LAT, SSTA, SSHA, SSSA, USSWA, VSSWA), a
six-parameter model of latitude and longitude (LON, SSTA), SSHA, SSSA, USSWA, VSSWA) and seven-
parameter models with longitude and latitude (LON, LAT, SSTA, SSHA, SSSA, USSWA, VSSWA) to analyze
and evaluate the role of LON + LAT in the prediction of STA and SSA LightGBM and Random Forest (RF)
models [19].

There are various methods reported in the literature for the classification of credit scoring utilizing
various statistical methods [20,21], non-parametric techniques [22-24], and neural network techniques [25].
The development in the optimization theory and machine learning approaches [26,27] has led to the
improvement of credit assessment-based research. The researchers have also explored the concept of
deep learning [28,29], genetic algorithm [30], and ensemble models [31,32] for the improvement of the
P2P lending platform. Some of the drawbacks of these methodologies lie in their complex learning for
massive data processing. This article uses the LightGBM algorithm for removing the drawback of the current
research on this prospect.

The innovation of this article is to use the LightGBM algorithm to establish a model that can efficiently
identify the default of the loan business on the P2P platform. LightGBM algorithm is better than traditional
machine learning models such as logistic regression and SVM for a large number of multi-dimensional data
samples. This article utilizes the LightGBM algorithm as a base model and uses linear blending for model
integration to build an optimal default risk identification model. It can effectively judge the default risk of
users of P2P platforms and reduce the misestimation of users who have not defaulted.

3 Research methods

3.1 P2P loan business analysis

The procedures and rules of each P2P platform borrowing business are roughly the same. First of all, those
in need of funds use the official website of the P2P platform or mobile phone software to apply for an
account, and those in need of funds must provide relevant information for review, including ID cards, basic
information, work status, and credit records. P2P companies review the data of the fund demand after
receiving the data of the fund-demand person and use a manual or model to assess the credit level of the
fund-demand person and then determine the loan or not and the loan amount. After that, to effectively
withdraw funds, P2P companies will monitor the use of funds by fund demanders, urge them to repay the
funds, and adopt corresponding strategies according to the performance of the contract.

Usually, to evaluate the credit level of the fund demander, P2P companies will consider the user’s
various information. For example, under the premise of getting the user’s permission, some mature P2P
companies will collect and analyze the lender’s electronic payment usage, social media usage records and
mobile phone contacts, and other related information. This information and data help P2P companies to
investigate and evaluate the loan application of the lender.

After the funds are released, since the previous data review can only reduce the risk of bad debts to a
certain extent, the P2P platform needs to focus on monitoring the use of funds by those who need funds. The



DE GRUYTER Construction of a financial risk prediction model =— 771

information reported by many loan customers is not necessarily true and reliable, and the information of
the lender may not remain unchanged. Therefore, the P2P platform must collect the relevant information
of the fund demanders as comprehensively as possible, optimize the default risk identification model, and
use the model to identify lenders with high default probability, strictly screen this type of group, and
conduct strict monitoring. Once a default is found, effective remedial measures should be implemented.

3.2 Theoretical model of data mining

The current common machine learning models include the logistic regression model, SVM, decision tree
algorithm, random forest model, XGBoost model, and LightGBM algorithm. This article mainly studies the
prediction model based on the LightGBM algorithm. LightGBM is a decision tree-based machine learning
algorithm published by Microsoft in 2016, suitable for processing sorting, classification, regression, and
other problems. LightGBM is a kind of GBDT, to effectively deal with the latter’s shortcomings in the face of
large amounts of data, such as low operating efficiency and long time-consuming [33].

The decision tree base model in LightGBM is split according to the way of leaf splitting, so its calcula-
tion cost is very small, but the depth of the control tree must be controlled with the minimum sample size on
the leaf nodes to prevent the occurrence of overfitting. LightGBM divides the eigenvalue into many small
“buckets” and then looks for splits on the small “buckets” to effectively reduce storage and computing
costs. LightGBM mainly completes the control and optimization of the model through the following para-
meters, as shown in Table 1.

Table 1: Significance of the main parameters of LightGBM

Parameter Parameter meaning

num_leaves Number of leaves per tree

learning_rate Rate of learning

n_estimators Maximum allowed iterations

max_depth Maximum learning depth

min_date Minimum data used to assist in control overfitting for leaf nodes

bagging_fraction Random and non-repeated selection of observations whose value is between 0 and 1 to improve model
training speed and control overfitting

feature_fraction The proportion of the number of selected features to the total number of features, the default is 1

The advantages of the LightGBM algorithm are mainly reflected in two aspects: on the one hand,
LightGBM has faster training speed, lower memory consumption, and support for parallel learning when
processing massive data, which solve the difficulties of GBDT when facing massive data; on the other hand,
while improving efficiency, the LightGBM model has higher model accuracy and the prediction effect is very
ideal. Therefore, applying the LightGBM algorithm with an ideal prediction effect to the identification of P2P
default risk, its convenience, and effectiveness will greatly promote the long-term development of this
field [34,35].

3.3 Balance the data set and evaluation indicators

3.3.1 Balance the data set

In the classic hypothesis of machine learning, it is generally assumed that the number of different types of
samples of the target variable in the training set is balanced, and the machine learning model obtained by
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training with a data set with a balanced number of samples can usually achieve better prediction results.
However, this assumption is often not satisfied in practical applications. When the number of samples in
each category of the training set has a large gap, the generated model often cannot effectively classify the
samples. The scarce categories in the data set are often easily overlooked during model training, resulting in
the model not being able to extract the information of this type of sample, thus affecting the model’s
prediction results for this type of sample. In the actual P2P online loan business, the number of defaulting
users and non-defaulting users is often very different, and the proportion of defaulting users is at a low
level. In summary, this article must balance the training samples to make the target variables as balanced
as possible.

The method used in this article to deal with unbalanced samples is to divide the positive samples into
small sets. The number of positive samples and the number of negative samples in the small sets are
roughly the same, and then, the positive samples and negative samples in each small set are used to build
models. Finally, the model results based on the small set are calculated by the weighted average method to
obtain the prediction results of an overall algorithm model. Figure 2 shows the idea of how this article deals
with samples.
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Figure 2: Balanced sample method.

Compared with the up-sampling method, the idea of this method has certain advantages: the method
used in this article improves the model effect by optimizing the integration of the model, while the up-
sampling method improves the model effect from the data the aspects of the set are optimized. Taking
logistic regression as an example, the method used in this article to deal with unbalanced samples has an
average prediction accuracy rate of 64.62% and an average time-consuming of 2 min 15 s. The model results
of up-sampling balanced samples have a prediction accuracy rate of 64.87% and the average time-con-
suming of 3 min 16 s. The model prediction accuracy of the two methods is almost the same, but in terms of
computational efficiency, the balanced sample method used in this article has increased by 37.78%.

There are 59,166 samples in the original data set of this article, of which only 1,695 are default samples,
accounting for only 2.86%. Therefore, this article divides the non-default samples into 44 groups, each with
1,305 samples. At the same time, 1,305 records of the default records are selected as the training set, and the
remaining samples are used as the test set for model construction.

3.3.2 Description of evaluation indicators

3.3.2.1 Confusion matrix and accuracy

The training models are generally evaluated using a confusion matrix, which is also called an error matrix.
Each column of the matrix represents the predicted category of the sample by the classifier, and each row of
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the matrix represents the true category of the sample. The form of the confusion matrix is as follows
(Table 2).

Table 2: Confusion matrix

Forecast category

0 1
Real category 0 N FP
1 FN TP

Among them, TP represents the number of true positives, FP represents the number of false positives,
TN represents the number of true negatives, and FN represents the number of false negatives. According to
the confusion matrix, we can calculate many indicators to evaluate the prediction effect of the classifier.
Among them, accuracy is a more common evaluation index, which represents the proportion of samples
accurately divided by the classifier. Statisticians can use this index to have a general understanding of the
accuracy of the classifier’s prediction. The calculation formula is provided in the following equation:

TP + TN

. 1)
TP + FP + TN + FN

Accuracy =

3.3.2.2 Precision, recall, and Fl statistical value

In many cases, statisticians pay more attention to the prediction results of positive samples by the classifier.
For the default risk studied in this article, P2P companies pay more attention to the identification of default
users. At this time, the two evaluation indicators of recall and precision play a key role. Recall refers to the
proportion of positive samples predicted by the classifier to the true positive samples, and precision
represents the proportion of real positive samples predicted by the classifier. This article gives the calcula-
tion formulas of these two indicators as the following equations:

Precision = L, @)
TP + FP
Recall = L 3)
TP + FN

Recall and accuracy are indicators used to evaluate the predictive effect of classifiers on positive
samples. However, there is a certain conflict between the two and it is difficult to improve at the same
time. Therefore, we use the recall and precision to calculate the F1 statistical value, which takes into
account both the recall and precision of the classifier prediction. The calculation formula of the F1 statistical
value is presented in the following equation:

2 x Precision x Recall

F1 statistical value = — . (4)
Precision + Recall

4 Result analysis and discussion

The results are discussed in terms of prediction outcomes for error rate and loss value for the training and
testing sets and the later discussion involves the outcomes obtained for various evaluation indicators to
assess the performance of the presented LightGBM model.
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4.1 Prediction results of the LightGBM model

In the face of massive data scenarios, the LightGBM algorithm has a smaller training cost, which can save a
lot of time, and the prediction effect of the model is also better. This article sets the LightGBM algorithm
model parameters as follows for the sample data: num_leaves = 25, learning rate = 0.1, n_estimators = 100,
feature_fraction = 1, bagging_fraction = 0.5, max_depth = 8, and min_data = 50. The results of the model
operation are shown in Figures 3 and 4.
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Figure 3: Error rate of LightGBM algorithm.
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Figure 4: Loss value of LightGBM algorithm.

It can be seen from Figure 3 that when the number of iterations is 36, the error rate of the test set and the
training set is synchronously small. Among them, the error rate of the sample test set is about 19.744%, and
prediction accuracy rate of the model on the test set reaches 80.256% . This results accurate identification of
more than 80% users which the model predicts at best effect. From Figure 4, it is seen that the error and loss
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value of the test set and training set have been declining simultaneously, so there is no overfitting, and the
prediction results are reliable and effective.

In addition to using statistical indicators, such as accuracy and recall to evaluate models, statisticians
usually use receiver operating characteristic (ROC) curves and area under the ROC curve (AUC) values to
evaluate models. ROC curve is also called the ROC curve. Each point on it reflects the susceptibility to the
same signal stimulus. Two concepts of true class rate (also known as sensitivity) and negative—positive
class rate are proposed here. The true class rate refers to the proportion of samples correctly predicted by
the classifier in all positive sample instances, which is consistent with the definition of recall. The nega-
tive—positive rate refers to the proportion of all negative samples that are predicted by the model to be
positive but negative. After calculating the model’s predicted true class rate and negative and positive class
rate indicators under different threshold settings, the AUC is shown in Figure 5.
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Figure 5: ROC curves for LightGBM algorithm.

This article focuses on the risk of P2P net loan default. On the one hand, we want to increase the real
class rate, that is, to filter out all default users to the maximum extent; on the other hand, we want to reduce
the negative—positive class rate, that is, to minimize the number of non-default users. So, if the shape of the
ROC curve can be closer to the upper left corner of the graph, then the prediction effect of the model is
better. Therefore, this article introduces the AUC value here to accurately evaluate the ROC curve. The AUC
value refers to the AUC of the model (between 0 and 1). The closer the indicator is to 1, the closer the ROC
curve is to the graph and the better is the prediction effect of model refer to upper left corner. Model
provides the AUC value of 0.89 which is closer to 1, indicating its competence and feasibility.

4.2 Model integration based on linear blending

The model ensemble is one of the important means to improve the prediction accuracy of the classifier.
Compared with a single classifier, the combined prediction effect of the model using ensemble strategy is
better, and it is easier to achieve ideal results. However, different algorithms models presents their
strengths, and have certain differences, and model integration can bring out the advantages of each model
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so that these relatively weak models can be combined in some way to generate a more powerful model
achieves the best fitting effect and creates value for major P2P companies.

The integration method used in this article is mainly linear blending. Since this article is studying the
two-classification problem, the logistic model is chosen as the secondary learner of linear blending. In the
performance of a single model, the LightGBM algorithm model performs the best. Therefore, this article
chooses to use the LightGBM method to build a primary learner and then linearly blend it through linear
blending. To highlight the differences between the sub-models, this article randomly selects half of the
independent variables into the model when building the LightGBM model, so that the input characteristics
of each sub-model are different. In this article, a total of ten LightGBM sub-models are established for
training, and the parameter settings of the sub-models are kept as the parameter settings of a single model.

After linear blending, the prediction accuracy in the test set is as high as 84.36%, which is higher than
the prediction results of all other single models, as shown in Table 3.

Table 3: Predictive effects of several models

Model type Accuracy (%) Precision (%) Recall (%) F1 statistical value
Logistic 64.62 77.14 41.54 0.540
Random Forest 74.36 85.19 58.97 0.697
XGBoost 76.92 88.89 61.54 0.727
LightGBM 80.26 87.82 70.26 0.781
LightGBM + linear blending 84.36 91.36 75.90 0.829

Table 3 depicts the values for different evaluation indicators using various model types ranging from
the logistic, random forest, XGBoost, LightGBM, and the integrated linear blending model. The clear
depiction of accuracy and F1 statistical value are provided in Figure 6, and precision and recall values
obtained for different models are shown in Figure 7.
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Figure 6: Comparative analysis of accuracy and F1 statistical value.

The best outcomes are obtained for the integrated linear blending technique using the base LightGBM
model. This approach yields a precision value of 91.36%, a recall of 75.90%, and an accuracy of 84.36%. The
integrated model can identify most default users and minimize the omission of default users. The
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Figure 7: Comparative analysis of precision and recall.

comparison of the model integrated by linear blending with the previous single classifiers reveals that the
advantages of the linear blending integrated model are very significant. In addition, the Fl value of the
LightGBM model is 0.781, which when combined with the linear blending phenomenon provides a 0.829 F1
value. This performance is good, which is the highest value among the built models, and the model has fast
running efficiency and short running time, which can save a lot of time and cost.

5 Conclusion and future scope

This article provides a representative platform for the P2P industry by analyzing a large number of sample
data of Renrendai utilizing data processing and data modeling methods. It provides a reference method for
solving the problem of excessive loan default risk on the current P2P platform and suggests ways for
minimizing the risk of default. The following conclusions can be drawn from the article:

(1) Machine learning models, such as LightGBM, have excellent performance in predicting multi-dimen-
sional data. The model studied in this article has a high dimensionality and a large amount of data.
Machine learning algorithms provide us with new ideas for solving problems compared to the outdated
traditional forecasting methods. This article builds models for more mature machine learning models,
such as the SVM model and logistic regression model, as well as current cutting-edge machine learning
models, such as the LightGBM model. The results show that the prediction effect of integration of the
LightGBM model with linear blending yields better results than that of basic SVM and logistic regression
[35]. The precision value of 91.36%, the recall of 75.90%, the accuracy of 84.36%, and the F1 statistical
value of 0.829 are witnessed using the integrated platform.

(2) The integration method represented by linear blending can effectively improve the predictive ability of
the model. From the performance of the integrated model, the predictive ability of the model is sig-
nificantly improved compared to a single model, which can identify default users to the greatest extent
and reduce the misjudgment of non-default users. The integrated model established in this article has
certain feasibility and practical significance and has a certain reference effect for the model building of
the P2P platform.
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