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A B S T R A C T

Social lending is made between peers, and with the risk that the investor can take direct damages from the
borrower’s failure to repay, accurate default prediction for borrowers is important. The repayment result can
be known after the end of the repayment period, and such data is limited. However, social loans are matched
online in real time and large amounts of unlabeled data are being generated. In this paper, we propose a
method to combine label propagation and transductive support vector machine (TSVM) with Dempster–Shafer
theory for accurate default prediction of social lending using unlabeled data. In order to train a lot of data
effectively, we ensemble semi-supervised learning methods with different characteristics. Label propagation
is performed so that data having similar features are assigned to the same class and TSVM makes moving
away data having different features. Dempster–Shafer fusion method allows accurate labeling by exploiting
the merits of the two methods. Experiments are performed using the open data set from Lending Club. The
accuracy of the proposed method is improved by about 10% against that of the model using only labeled data,
and more accurate labeling can be performed through the proposed ensemble method.

1. Introduction

Social lending is made online in peer to peer (Zhao et al., 2017).
It only provides a platform to connect borrowers with investors, and
there is no arbitration institution, so that the investor can easily take a
default risk of the borrower (Li et al., 2016; Yan et al., 2015; Luo et al.,
2011). Research on the default prediction of social loans is actively
being studied. In previous studies, labeled data were used by applying
statistical methods or supervised learning (Li et al., 2018; Wang et al.,
2018; Zhou et al., 2018; Lin et al., 2017a; Ge et al., 2017; Jiang et al.,
2017a; Polena and Regner, 2016a; Everett, 2015; Serrano-Cinca et al.,
2015). However, the repayment of the borrower is known only after
the end of the repayment period, and such labeled data are limited. A
large amount of unlabeled data is being generated in the social lending
where loans are matched online in real time (Kim and Cho, 2017). We
need to improve the performance of the default prediction by utilizing
the additional unlabeled data.

Social lending provides a variety of data from personal information
to credit records. Fig. 1 is a visualization of the 1st and 2nd principal
components by performing principal component analysis (PCA) using
the data in Lending Club Statistics. Since data is clustered regardless
of class, the data with similar characteristics may belong to different
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classes. It is important to extract the features related to the class in
order to improve the performance of default prediction.

In this paper, we propose an ensemble semi-supervised learning
method which improves the default prediction performance by con-
sidering the characteristics of social lending data. We apply the semi-
supervised learning method that strengthens the decision boundary
by utilizing large unlabeled data of social lending. Label propagation
learns similar features in the same class, and transductive support
vector machine (TSVM) learns different features among classes (Zhu,
2011). Dempster–Shafer fusion method effectively determines whether
or not unlabeled data are indebted based on the results of the semi-
supervised learning methods (Dempster, 1967; Sentz and Ferson, 2002;
Shafer, 1976). By training unlabeled data given class with supervised
classifier, it is easy to extract features relevant to the class. In order
to show the usefulness of the proposed method, we have conducted
experiments using the social loan data consisting of more than 2/3
unlabeled data.

The remaining of the paper is organized as follows. Section 2
introduces the related works for default prediction in social lending.
Subsequently, we introduce the core of the proposed method with
the detailed description of the application in Section 3. The experi-
ment with result analysis using real social lending data are shown in
Section 4.
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Fig. 1. 2D plot of principal components for random 200 samples in Lending Club data.

2. Related works

Recently, many researchers are studying on the default prediction
of social lending. Table 1 shows the works related to predicting defaults
of social lending in recent years.

Statistical methods have been widely used for predicting defaults of
financial institutions. Most of the works in this category took into ac-
count the causal relationship with the state of the default by identifying
the main attributes using statistical analysis. Chen et al. conducted the
default prediction using only the main attributes in consideration of the
repayment process of the borrower over time (Chen, 2017). Emekter
also analyzed the important features using logistic regression (Emekter
et al., 2015). Li et al. analyzed the company’s risk distribution (Li et al.,
2016). Social lending, unlike financial institutions, offers a lot of data
so that additional information about borrowers can be collected.

In recent years, the studies have been conducted to improve the
performance of the default prediction. Ge et al. proposed a method of
predicting the number of obligations over a certain period using the
borrower’s social media account information (Ge et al., 2017). Bitvai
et al. improved the performance of predicting the default including the
number of specific words in sentences in the loan application form (Bit-
vai and Cohn, 2015). Lin et al. proposed a credit risk assessment
model using Yooli dataset, P2P lending platform in China (Lin et al.,
2017b). They used the nonparametric statistical method to identify the
borrowers’ demographic characteristics and extract the features that
affect the default. Guo et al. proposed a data-driven investment decision
framework for emerging markets (Guo et al., 2016). They designed
an instance-based credit risk assessment model with logistic regression
that can assess the return and risk of each individual loan. However,
there is a limitation that it focuses on improving the performance
through empirical study rather than revealing the direct relationship
between the default prediction and additional data.

Machine learning has been used to solve more complex problems
such as debt behavior scoring and credit scoring as well as default pre-
diction. Serrano-Cinca developed credit scoring system using decision

tree (Serrano-Cinca and Gutiérrez-Nieto, 2016). Wang et al. utilized the
time series characteristics of social lending and proposed an ensemble
method based on random forest to predict defaults (Wang et al., 2018).
Also, some methods attempted to improve the performance by using
ensemble technique. Xia et al. proposed XGBoost for predicting defaults
based on internal return rate (IRR) (Xia et al., 2017). Huo et al. tried
to solve behavior scoring problem in social lending using the neural
networks combined with logistic regression (Huo et al., 2017).

Recently, some researchers improved the debt prediction perfor-
mance using deep learning (Zhang et al., 2017). Fu et al. predicted
defaults by combining neural networks with random forests to cap-
ture non-linearity (Fu, 2017). Jiang suggested support vector machine
and random forest prediction method for P2P loan combined with
smooth information related to text description (Jiang et al., 2017b).
Ma et al. used XGboost machine learning algorithm, LightGBM, using
‘multi-observation’ and ‘multi-dimensional’ data cleaning methods (Ma
et al., 2018). However, considering the complexity of the method, the
amount of experimental data is small and there is a limitation that
the performance is not improved significantly. Empirical comparison
among machine learning methods were done as well (Malekipirbazari
and Aksakalli, 2015). One study for semi-supervised learning in social
lending applied a semi-supervised support vector machine (S3VM) to
predict whether an applicant would be approved for loan application
on the social lending site or not (Li et al., 2017).

3. The proposed method

In order to predict the default in social lending, we propose a
method to improve the performance by using unlabeled data as shown
in Fig. 2. Since we cannot expect the high performance of the default
prediction based on the limited labeled data, semi-supervised learning
is applied to add labeled data from large unlabeled data. We adopt
label propagation and TSVM to get the tentative labels from the un-
labeled data, and the final label of unlabeled data is determined by the
Dempster–Shafer fusion.

3.1. Label propagation

Label propagation improves the prediction performance by using
unlabeled data based on cluster assumption (Blum and Chawla, 2001).
The cluster assumption allows the closely located data as belonging to
the same class. Label propagation uses the unlabeled data to cluster
similar data. Specifically, as shown in Fig. 3, the degree of similarity
between data is composed of a transition matrix to propagate the class
probability.

3.2. Transductive SVM

TSVM is a typical semi-supervised learning method for low-density
separation (Joachims, 1999). The semi-supervised learning method
based on low-density separation trains that decision boundaries are

Fig. 2. An overview of the proposed method.
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Table 1
Studies on default prediction in social lending.

Year Author Task Method #Data Data characteristics

2018 Wang et al. (2018) Behavioral scoring Ensemble mixture random forest 46,494 Time series
2018 Ma et al. (2018) Default prediction LightGBM and XGboost 569,339 P2P transaction
2017 Lin et al. (2017b) Default prediction Logistic regression 48,784 P2P transaction
2017 Fu (2017) Default prediction Combination of random forest 1,320,000 P2P transaction
2017 Jiang et al. (2017b) Default prediction Support vector machine, random forest 39,538 P2P transaction
2017 Zhang et al. (2017) Default prediction Long short-term memory 600 Time series, small amount
2017 Chen (2017) Default prediction Logistic regression 3,650 Time series
2017 Huo et al. (2017) Default prediction Logistic regression, Neural network 4,518 P2P transaction
2017 Ge et al. (2017) Default prediction Logistic regression 35,457 Social media information
2017 Xia et al. (2017) Default prediction XGBoost 49,795 P2P transaction
2016 Guo et al. (2016) Default prediction Logistic regression 2,016,128 P2P transaction
2016 Polena and Regner (2016b) Default prediction Regression 70,673 P2P transaction
2016 Li et al. (2016) Default prediction Logistic regression 48,784 P2P transaction
2016 Serrano-Cinca and Gutiérrez-Nieto (2016) Internal rate of return Decision tree 40,901 P2P transaction
2015 Bitvai and Cohn (2015) Default prediction Bayesian non-linear regression 3,500 Sentences
2015 Byanjankar et al. (2015) Credit scoring Neural network 16,037 P2P transaction

Fig. 3. Learning algorithm of label propagation.

formed such that data are less dense (Chapelle and Zien, 2005). TSVM
searches for the optimal decision boundary by assigning and changing
the class of unlabeled data. Therefore, it is learned that data of other
classes are located far away. The specific learning process is shown in
Fig. 4.

3.3. Dempster–Shafer fusion

To predict the default in the social lending, we determine the
class of unlabeled data by combining the results of label propagation
and TSVM with the Dempster–Shafer theory. This gives the probabil-
ities even when two or more classes are mixed unlike the commonly
used Bayesian theory (Dempster, 1967; Shafer, 1976; Bernardo and
Smith, 2001). For example, the Bayesian theory gives the probability to
fully paid and charged off, while Dempster–Shafer probability theory
gives the probability to fully paid, <fully paid, charged off> and
charged off. This allows precise labeling in the case that two classes
are mixed together (Kim and Cho, 2017). We use a combination rule
that computes the probability of joining while giving a probability by
subdividing the case (Sentz and Ferson, 2002). The following is an
example of combining the results of label propagation and TSVM with
the Dempster–Shafer probability theory for predicting the default in
social lending.

First, the degree of belief of each case is calculated using the class
probabilities of the classifiers. For example, when label propagation
predicts a data to fully paid with the probability 0.8, by Eq. (1)

𝑚𝑀 (𝑐) =
𝑃𝑀 (𝑐)

∑

𝑐′∈𝐶 𝑃𝑀 (𝑐′)
(1)

where the 𝑃𝑀 (𝑐) is the class probabilities of class 𝑐 for classifier 𝑀 ,
and 𝐶 is a set of classes with the unknown. In order to give an idea on
how this method works, let us consider an example. Suppose that the
probability of charged off be converted into 0.4, and 0.1 for fully paid

Fig. 4. Learning algorithm of TSVM.
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Fig. 5. Performance in labeling test.

Fig. 6. Distribution of the combined probability.

and 0.5 for unknown which is a conjunction case. TSVM is processed
equally to predict the data to charged off by 0.6 confidence, and the
converted probabilities are 0.2, 0.3, and 0.5 for fully paid, charged off
and the unknown, respectively.

Then, a fusion based on Dempster’s rule is processed. In the example
above, Eq. (2) shows the results using the independent probability

fusion rule and Eq. (3) shows the result of the above example:

𝑚𝑝𝑟𝑒
𝐷 (𝑐) =

∑

𝐴∩𝐵=𝑐
𝑚1 (𝐴)𝑚2 (𝐵) (2)

𝑚𝑝𝑟𝑒
𝐷 (charged off) = 0.1 × 0.3 + 0.1 × 0.5 + 0.3 × 0.5 = 0.38

𝑚𝑝𝑟𝑒
𝐷 (fully paid) = 0.4 × 0.2 + 0.4 × 0.5 + 0.2 × 0.5 = 0.23 (3)
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Fig. 7. Data distribution according to the classes.

𝑚𝑝𝑟𝑒
𝐷 (unknown) = 0.5 × 0.5 = 0.25

𝑚𝑝𝑟𝑒
𝐷 (∅) = 0.1 × 0.2 + 0.4 × 0.3 = 0.14

Table 2
The attributes used in Lending Club dataset.

Category Description # attributes

Loan Information about the achieved loan 2
Borrower Borrower’s personal and demographic

information
3

Credit history Borrower’s number of accounts,
delinquencies, credit limit ratio, and
balance for mortgage, revolving, bank
card accounts.

12

Table 3
Analysis for class probability.

Method (a) (b) (c)

Label propagation Fully paid 0.7602 Charged off 0.6187 Charged off 0.7071
TSVM Fully paid 0.8007 Fully paid 0.7544 Fully paid 0.7568
Proposed method Fully paid 0.6090 Fully paid 0.5987 REMOVE 0.3515
Actual class Fully paid – Fully paid – Charged off –

Then, we remove the probability of ∅ which means that labeling
results are not the same and normalize the remaining probabilities:

𝑚𝐷 (charged off) =
𝑚𝑝𝑟𝑒
𝐷 (charged off)
1 − 𝑚𝑝𝑟𝑒

𝐷 (∅)
= 0.4419

𝑚𝐷 (fully paid) =
𝑚𝑝𝑟𝑒
𝐷 (fully paid)
1 − 𝑚𝑝𝑟𝑒

𝐷 (∅)
= 0.2674 (4)

𝑚𝐷 (unknown) =
𝑚𝑝𝑟𝑒
𝐷 (unknown)
1 − 𝑚𝑝𝑟𝑒

𝐷 (∅)
= 0.2907

This can maximize the similarity and minimize the difference.
Eq. (5) generalizes the fusion rule:

𝑚𝐷 (𝑐|𝑥) =
∑

𝐴∩𝐵=𝑐 𝑚1 (𝐴|𝑥)𝑚2 (𝐵|𝑥)
1 −

∑

𝐴∩𝐵=∅ 𝑚1 (𝐴|𝑥)𝑚2 (𝐵|𝑥)
(5)

As a result, the three probabilities are calculated, and with this we
can label the data. We use a simple rule to label with the combined
probabilities. A data point can be removed by two-step filtering. In the
first step, if a maximum probability in combined set is ‘‘unknown’’, the
corresponding data will be removed because ‘‘unknown’’ means that
classes are congested, so that we cannot give accurate labels to the data.
The second step plays a similar role. If all the probabilities are the same,
we cannot identify which class is correct. In the above example, the
probability of fully paid is the largest, and finally the data is labeled
as fully paid. We can see that TSVM induces a different label, but it
is fixed by the fusion with label propagation. The characteristics can
enhance the labeling performance to become more accurate.

4. Experimental result

4.1. Lending Club dataset

In the experiment, we use the Lending Club dataset Lending Club
Statistics. The original dataset has 110 attributes, but we have pre-
processed with normalization and binary dummies. As a result, we get
69 attributes with binary classes and Table 2 shows the attributes for
the experiment. The experiments are composed of labeling test and
comparison test. The labeling test uses the labeled data only to measure
labeling performance. The actual labels of labeled data are removed,
and then each method assigns a new label to it. We compare the labeled
one with the actual label. On the other hand, the comparison test uses
all the data except for test set and measures the performance for the
new data. In the labeling test, the data are divided into 20% labeled
and 80% unlabeled data, and for comparison test, 80% train and 20%
test in labeled data with all the unlabeled data.
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Fig. 8. Performance in comparison test.

Table 4
Prediction of label distribution.

Proposed method Label propagation TSVM

Label Charged off Fully paid Charged off Fully paid
Charged off 3,123 38 2,433 728
Fully paid 699 273,082 33 273,748
Unknown 23,289 10,511 10,511 23,287

4.2. Labeling test and analysis

Fig. 5 shows the result with the conventional methods. The pro-
posed method achieved the best in term of accuracy and F1 score.
The number of data is smaller than others. It can be shown that
the proposed method gives more accurate labels than others. Table 3
shows the analysis for class probability and Table 3(a) is a case where
all methods give correct labels, (b) is where label propagation gives
incorrect labels but the proposed method corrects the labels, and (c) is
removed case. Table 3(b) shows a cause of better performances than the
conventional methods. The small amount of the labeled result comes
from Table 3(c). Although Dempster–Shafer fusion combines the two
probabilities, the probabilities of two classes are the same so that the
data point is removed. That means that unreliable data are removed so
that the labeling performance can be improved.

We can investigate the class distribution of the unlabeled data
during fusion. Table 4 shows the distribution of the entire data. In
the proposed method, 80% of data is labeled as ‘‘fully paid’’, 1% as
‘‘charged off’’ and the rest 10% as ‘‘unknown’’ of the proposed method
are removed because of equal combined class probability. Also, slight
differences between each prediction are observed. Table 4 shows the
class distribution of each fusion result for the proposed method, which
is more influenced from label propagation than TSVM for ‘‘charged
off’’ label data. Most of labels, however, are the same but slightly
difference from the label propagation, which means that TSVM has
more influential on the proposed method.

Fig. 6 shows the probability distribution of two semi-supervised
learning methods as boxplots per a range of the combined probability
in x-axis. The y-axis begins 0.0 as ‘‘charged off’’ and ends 1.0 as ‘‘fully
paid’’. In Figs. 6(a) and (b), the variations of TSVM are small and
label propagation is widely spread. Fig. 6(a) shows the cases that the
proposed method labels as ‘‘charged off’’. The two boxplots near 𝑥 = 0.4
are spread vertically through 0.0 to 1.0, meaning that these data are
hard to identify labels but lower probabilities for label propagation
contribute these data labeled as ‘‘charged off’’. Fig. 6(b) shows ‘‘fully
paid’’ case with an inverse result, while TSVM leads to labeling the data
near 𝑥 = 0.3 as ‘‘fully paid’’.

Fig. 7 shows the distribution of each attribute value per label for
each method, and ‘‘actual’’ means the distribution of labeled data. The
y-axis begins 0.0 as the minimum value in the attribute and ends 1.0 as
the maximum value. Fig. 7(a) shows the distribution for the number of
active revolving trades, one of credit histories. It contains few outliers
in actual data with some differences in label propagation and TSVM,
so that the proposed method is located in the middle between the
two methods. Fig. 7(b) shows the number of total installment account,
one measure of the total account, with many outliers. TSVM near
𝑦 = 0.6∼0.7 is considered as misclassified, but the proposed method is
almost the same as actual distribution because of reflecting the distribu-
tion of label propagation. Fig. 6(c) shows the number of open account
as one measure of total account with a few outliers, but the proposed
method has almost the same to the actual distribution. Overall, label
propagation contributes to label as ‘‘charged off’’ and TSVM leads to
the label ‘‘fully paid’’. Some misclassifications in TSVM are corrected
by the proposed method, based on the fusion with label propagation.
Through an in-depth analysis of the probabilities and attribute values,
the proposed method can produce better performance by exploiting the
label propagation and TSVM.

4.3. Comparison test

Fig. 8 shows the result of comparison test. The supervised learning
indicates a decision tree classifier trained with labeled data only and
the performances are the lowest. The semi-supervised learning classi-
fier, label propagation and TSVM are conducted with unlabeled data,
but these are 1∼2% lower than the proposed method. Co-training is a
semi-supervised learning method using two supervised classifiers like
decision tree, and has been a good performance in various applica-
tions (Blum and Mitchell, 1998; Yu and Cho, 2016). For the ensemble
method, we compared with simple averaging to show the superiority
of the proposed method. What TSVM is better than simple averaging
ensemble is confirmed by the two semi-supervised learning classifiers
which have different predictions so that the averaging method becomes
bad.

5. Concluding remarks

Default prediction in social lending is an important yet difficult
issue. However, most of loans are in progress, so that we can know
only the completed repaid loans that have been determined whether
the loans are default or not. There are a few labeled data and lots of
unlabeled data in social lending. In this paper, we have proposed and
analyzed an ensemble semi-supervised learning method for predicting
default in social lending.
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Traditional classifiers utilize labeled data only, but unlabeled data
is easy to get. Labeling unlabeled data is expensive, time-consuming,
and costly. Semi-supervised learning method is trained with few labeled
data and a large amount of unlabeled data. Labeling unlabeled data
is important issue because the performance is dependent on it. To
solve this problem, in this paper, we consider two assumptions by
utilizing label propagation and TSVM to reduce the influences from
incorrect labels and get correct labels. The proposed method combines
the two semi-supervised classifiers with Dempster–Shafer fusion. We
have conducted experiments with almost 70% unlabeled data, and the
proposed method can give more accurate labels than the conventional
ensemble methods.

In the future, we will extend the proposed method to multi-label
classification and soft label classification. Also, we will develop the
proposed method with the state-of-the-art deep semi-supervised learn-
ing methods and theories (Rasmus et al., 2015; Dai and Van Gool,
2016; Mallapragada et al., 2009; Lee, 2013). Because most of real-
world problems have large unlabeled data, we will use them in several
applications and show the usefulness.
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