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Abstract. In social lending, it is hard to know whether borrowers will repay
well or not. Most researchers use supervised learning for default prediction, but
labeling data by hand is time-consuming. Moreover, labeling results of
semi-supervised learning methods are not the same each other. In this paper, we
propose a fusion method of label propagation and transductive SVM based on
Dempster-Shafer theory for precisely labeling unlabeled data to improve the
performance. We remove few unlabeled data with lower reliabilities in labeling
results and fusion of the two results based on Dempster-Shafer theory. We have
conducted experiments with supervised learning method trained with labeled
unlabeled data. As a result, the proposed method produced the best accuracies,
6.15% higher than the result trained with labeled data only, and 1.3% higher
than the conventional methods.
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1 Introduction

Social lending is a growing service providing the platform for getting a loan or investing
on the loan between individuals. In the case of lenders, it is important to determine
whether the borrowers will be in default or not. This problem is called “default pre-
diction,” or “risk evaluation”. Default prediction in social lending is more important than
traditional financial institutes, because lenders directly face credit risk [1].

Lending Club is the biggest social lending platform in U.S. that opened loan status
with various information. Table 1 shows the statistics of loan status. These loans were
started in 2015 and the paper is based on data download January 2017 [2]. 73.8% of
data are unlabeled. A quarter of the entire data can be used for learning with supervised
methods. Higher performance can be achieved by making unlabeled instances labeled.

Semi-supervised learning is training with small amount of labeled set and large
amount of unlabeled set. The methods have labeling algorithm during training phase.
Labeling results are different according to the methods. We propose a method of
incorporating labeling results of two semi-supervised learning methods to increase the
correct labeled instances.
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In this paper, we propose a fusion method of labeling results for predicting defaults
in social lending. Label propagation and transductive SVM(TSVM) are used because
of their independency. After training the algorithm, we remove the instances with lower
class probabilities and the remained instances are fused by Dempster-Shafer theory.
Finally, a decision tree model is trained with the train set added from the proposed
method.

2 Related Works

2.1 Semi-supervised Learning

Semi-supervised learning constructs a better classifier using the data with a large
amount of unlabeled data along with the labeled data. According to Zhu,
semi-supervised learning methods can be divided into five categories [3]. There are
generative model, self-training, co-training, some methods to avoid changes in the
dense region, and graph-based methods. On the other hand, Triguero categorized
generative models as semi-supervised clustering methods, self-training and co-training
as self-labeled techniques [4]. In Chepelle’s work, self-training and co-training are
corporate into different categories such as wrapper methods and others are generative
and discriminative model [5]. This paper focuses on semi-supervised learning based on
discriminative model. As mentioned, it can be divided into a graph-based model and a
semi-supervised SVM according to the approaches. As a result, we chose label prop-
agation and TSVM in two completely different approaches to further enhance the
effectiveness of Dempster-Shafer theory.

2.2 Default Prediction in Social Lending

Recently, social lending services are growing. Also, various research for default pre-
diction are studied. Table 2 shows the latest research on default prediction in social
lending.

Various machine learning techniques were conducted to assess credit risk in
“Lending Club” and random forest achieved the best accuracy [6]. Byanjankar used
loan data set of Bondora located in UK, but only labeled set was used [7]. Guo

Table 1. Values of class in the social lending dataset.

Value Status Type Ratio

Current In progress Unlabeled 73.8%
Default
In Grace Period
Late (16–30 days)
Late (31–120 days)
Charged off Complete Labeled 26.2%
Fully Paid
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developed an investment decision making method with credit risk assessment [8]. An
approaches of Cinca is called profit scoring using an internal rate of return [9].

However, most studies only use supervised learning with labeled set. As social
lending data has large amount of unlabeled, just using labeled data is not enough.
Adding the unlabeled data will improve the accuracy even further. In this paper, the
proposed method uses almost 330,000 data, 4 times larger than the conventional
methods.

3 The Proposed Method

Figure 1 shows the overall process of the proposed method. The main idea is to
Dempster-Shafer fusion of labeling results on label propagation and TSVM. Also, we
consider class probabilities and remove data whose probabilities are lower than a
specified threshold. Therefore, the predicted labels are more accurate and precise.

Practically, since various semi-supervised learning methods have been developed,
the labeling results are not the same by methods. It can be solved by fusing labeling
results to make labeling accurate and precise. Dempseter-Shafer fusion incorporates
two probabilities to consider all available cases.

3.1 Label Propagation

Label propagation is a typical graph based semi-supervised learning, designed to
maximize the consistency of predictions using graph Laplacian [10]. It considers the
similarity between near data points and the proximity from labeled set to unlabeled set.
The algorithm is suitable for abundant unlabeled set like social lending dataset. Before
labeling unlabeled set, we train label propagation as shown in Fig. 2.

First, we initialize learning parameters, and make fully connected graph by each
data as one node. The weight of the edge between two nodes is calculated by inverse
Euclidean distance as follows.

wij ¼ exp �
PD

d¼1ðxdi � xdj Þ2
r2

 !
ð1Þ

Table 2. Previous research for default prediction in social lending

Year Author Method Data source Data size

2015 M. Malekipirbazari [6] Random forest Lending club 68,000
2015 A. Byanjankar [7] Neural network Bondora 16,037
2016 Y. Guo [8] Logistic regression Lending club 2,016,

Prosper 4,128
2016 C.S.-Cinca [9] Decision tree Lending club 40,901
Proposed method Decision tree Lending club 3,32,844
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where wij is the weight of the edge between nodes i and j, xd is d-dimensional data and
r is value specified by the user. T is a probability transition matrix and is calculated by
normalizing the row as follows.

Tij ¼ wijPlþ u
k¼1 wkj

ð2Þ

where Tij is transition matrix value from the ith node to the jth node and l; u are the size
of the labeled and unlabeled sets. Y is a class probability matrix, calculated as follows.

Fig. 1. The overall process of the proposed method

Input: transition matrix 𝑇 class probability 𝑌
repeat𝑌 = 𝑌 −1𝑇
Row-normalize 𝑌
Clamp 𝑌 of labeled data.

until 𝑌 converges.

Output: 𝑌
Fig. 2. Learning algorithm of label propagation
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yi;c ¼
1 if i\l and Ci ¼ c
0 if i\l and Ci 6¼ c

random otherwise

8<
: ð3Þ

where yi;c is a class probability value of class c for the ith data, C is a set of classes, and
Ci is a class of the ith data.

3.2 Transductive SVM

TSVM is a SVM method that uses transductive inference [11]. It learns only the labeled
data first, and gradually uses the unlabeled data to maximize the margins. Figure 3
shows the learning algorithm of TSVM. In this paper, we use Platt scaling to converse
the distances between data and support vectors into reliability.

3.3 Dempster-Shafer Fusion

In order to apply the Dempster-Shafer theory [12], Frame of Discernment (FOD) was
set to 1 for successful repayment, and 0 for repayment failure. Belief (Bel) is the
reliability of each model. The fusion rule as follows.

m1 � m2 1ð Þ ¼ m1 1ð Þm2 1ð Þ
1� m1 1ð Þm2 0ð Þ � m1 0ð Þm2 1ð Þ ð4Þ

M ({1,0}) = 0 because the data point must belong to one class. Finally, assign a
label as follows.

Input: labeled data , unlabeled data , converging parame-

ters ,  ∗, numbers of unlabeled data to be assigned to posi-
tive class +. 
Train SVM with  and classify . 
The + data with the highest value are assigned to the posi-
tive class and remaining data are assigned to negative class. 
repeat 
   Train SVM with  and . Then, classify . 
   Calculate slack value . 

repeat 
     Exchange classes of two data. 

Train SVM with  and . Then, classify . 
until no different class data with slack value < 0. 

until ( −∗ ∗) and ( +∗ ∗)
Calculate distances  between each  and support vector. 

Output: the Platt scaled . 

Fig. 3. Learning algorithm of TSVM
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L ¼ 1; m1 � m2 1ð Þ[m1 � m2 0ð Þ
0; m1 � m2 0ð Þ[m1 � m2 1ð Þ

�
ð5Þ

4 Experiment and Result

4.1 Social Lending Dataset

In the experiment, we used the real social lending data set in the Lending Club. It contains
various information about the loan, the borrower’s demographies, and credit history
information. The number of columns is 110. Loan information consists of loan status,
interest rate, repayment period, etc. The Borrower’s information includes career,
homeownership, and so on. The borrower’s credit information is the majority and con-
sists of the number of defaults, the default period, and the number of normal accounts.
Some properties have been added since January 1, 2015 because they were added or
removed previously. Table 3 shows the distribution of class values and description.

It is a binary classification problem divided into repayment success (“Fully Paid”)
as class 1, and failure (“Charged Off”) as class 0. However, repayment in progress is
almost 70% and this can be unlabeled data. Using supervised learning as in the pre-
vious study, only 30% of the data is available for the training model. We have con-
ducted experiments using loans created at 2015 for training and 2016 for testing, and
filtering threshold is 0.85. Table 4 describes the list of features.

4.2 Experiment of Results

We have conducted experiments to show the improvement of performance by using
unlabeled data. Table 5 shows the confusion matrix of the proposed method of pre-
dicting class 1 more accurately than class 0. Table 6 shows the number of added
instances to train set of decision tree. Figure 4 shows the accuracies and F1-score.
Performances are improved in spite of fewer data than the conventional method.

Table 3. Class values and description

Value Count Description

Current 294,703 Loan is up to date on all outstanding payments
Charged off 27,501 Loan for which there is no longer a reasonable expectation

of further payments
Default 22 Loan has not been current for 121 days or more
Fully Paid 82,850 Loan has been fully repaid
In Grace Period 4,087 Loan is past due but within the 15-day grace period
Late (16–30 days) 2,111 Loan has not been current for 16 to 30 days
Late (31–120 days) 9,829 Loan has not been current for 31 to 120 days
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Table 4. Features used in the experiment

Name Description

DTI A ratio calculated using monthly debt payments on the total debt
obligations

Term The number of payments on the loan
Total open Total open to buy on revolving bankcards
Average balance Average current balance of all accounts
Ratio of total high credit Total high credit/credit limit
Mortgage account Number of mortgage accounts
Bankcard utilization Ratio of total current balance to high credit/credit limit
Bankcard percentage Percentage of bankcard accounts >75% of limit
Total balance Total current balance of all accounts
Annual Income The self-reported annual income
Revolving utilization Revolving line utilization rate
Home ownership
mortgage

The home ownership status by mortgage

Home ownership rent The home ownership status by rent
Ration of bankcard high
credit

Total bankcard high credit/credit limit

Verification Indicates if income was verified by LC, not
Loan amount The amount of the loan applied for by the borrower
Installment The monthly payment owed by the borrower

Table 5. Confusion matrix of proposed method

Actual class
Fully paid Charged off Precision

Predicted class Fully paid 24,546 3,674 86.9%
Charged off 253 133 34.5%
Recall 98.9% 3.5% 86.28%

Table 6. The number of labeled and unlabeled data in train set for decision tree

Model Number of labeled data Number of unlabeled data

Proposed method 110,351 222,493
Label propagation 110,351 310,752
TSVM 110,351 310,752
Simple Averaging 110,351 310,752
Labeled only 110,351 0
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5 Conclusion

In this paper, we have proposed a prediction method of default in social lending by
increasing train set with Dempster-Shafer fusion of two labeling results. The experi-
ments were based on the ratio of labeled and unlabeled instances. As the result, we
confirm the feasibility of the proposed method in default prediction of social lending.
We obtained comparative results, better than the model trained with labeled instances
only and other existing methods. In the future, we need to validate the performance by
comparing to various comparative methods. Also, we need to apply to state-of-art
semi-supervised learning methods, and instead of decision tree we will use deep
learning methods for the better performance.
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