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Abstract. In peer-to-peer (P2P) lending, it is important to predict default of
borrowers because the lenders would suffer financial loss if the borrower fails to
pay money. The huge lending transaction data generated online helps to predict
repayment of the borrowers, but there are limitations in extracting features based
on the complex information. Convolutional neural networks (CNN) can auto-
matically extract useful features from large P2P lending data. However, as deep
CNN becomes more complex and deeper, the information about input vanishes
and overfitting occurs. In this paper, we propose a deep dense convolutional
networks (DenseNet) for default prediction in P2P social lending to automati-
cally extract features and improve the performance. DenseNet ensures the flow
of loan information through dense connectivity and automatically extracts dis-
criminative features with convolution and pooling operations. We capture the
complex features of lending data and reuse loan information to predict the
repayment of the borrower. Experimental results show that the proposed method
automatically extracts useful features from Lending Club data, avoids overfit-
ting, and is effective in default prediction. In comparison with deep CNN and
other machine learning methods, the proposed method has achieved the highest
performance with 79.6%. We demonstrate the usefulness of the proposed
method as the 5-fold cross-validation to evaluate the performance.
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1 Introduction

Peer-to-Peer (P2P) lending is the practice of lending money to businesses or individuals
through online services that directly match borrowers and lenders without a financial
intermediary such as a bank [1]. It is rapidly developing around the world. P2P lending
platforms attract large number of users and generate huge loan transaction data.

The lenders are able to look for potential borrowers and select them [2]. If the
borrowers do not pay or pay only part during the repayment period, the lenders become
the financial loss [3]. The lenders may suffer from the financial risk of default, and to
reduce this, it is important to predict the repayment of the borrowers by distinguishing
the characteristics of the borrowers.
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Since P2P lending transactions are processed online, a large amount of online data
is generated and it can be used effectively to support credit risk management [4].
Related studies extract features from data for predicting the repayment or assessing the
credit risk. Statistical methods [5] and manual methods [2], which are mainly used for
feature extraction in social lending, limit to extracting features because the amount of
data is huge and various.

The recent study proposed an architecture of deep convolutional neural networks
(CNN) with large amounts of financial data to predict the success of bank telemarketing
[6]. Leveraging deep CNN, one of the deep learning methods that can provide pre-
diction models for large and complex data, local features are automatically extracted by
using hierarchical features and relationships between the attributes of financial data.
They solved the problem of feature extraction by automatically extracting features from
big data.

Deep CNN can automatically extract useful features as the layer is deeper. By
stacking the convolutional layer and the pooling layer several times, the basic features
are extracted from the lower layer and the complex ones are derived from the higher
layer [7]. However, in plain CNN, as the model is complex or deeper layers are
stacked, overfitting occurs and the information about input vanishes [8].

Figure 1 shows the cross-entropy and accuracy for the repayment prediction model
based on deep CNN using P2P lending data provided by the Lending Club. The more
training the network goes, the more accurate the training set is, and the less the
cross-entropy is, while the test set shows the opposite tendency. It implies that the CNN
model is overfitting.

Recently, various networks have been proposed to solve the problem that vanishes
information about input and gradient. Dense convolutional networks (DenseNet) [9]
has a structure directly connected to feed-forward from a layer to a subsequent layer
based on existing CNN. This dense connectivity ensures the information flow and
reduces the overfitting problem.

In this paper, we propose a DenseNet structure for default prediction in social
lending. Social lending data has characteristics of borrower and information of loan
product. Dense block, which is a component of DenseNet, extracts discriminative

Fig. 1. Cross-entropy and accuracy per epoch for CNN model
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features of borrowers through a convolutional layer. In the transition layer, the pooling
layer merges similar features into one. As dense connectivity, it maintains the infor-
mation of the lending data, reuses the features, and obtains basic and powerful rep-
resentations through various layers. DenseNet classifies the loan status of the borrower
by learning patterns while maintaining and extracting distinctive features.

2 Related Work

As P2P lending transaction increases, it is becoming more and more important to
predict the repayment [10]. As shown in Table 1, in recent years, there has been a
growing study of credit assessment and default on the borrowers in social lending.

In the studies of using small data and few attributes, they mainly extracted features
based on statistical methods or manual ones and then proposed the model for predicting
the repayment or assessing credit risk as a machine learning method. For example,
Jiang et al. [12] proposed a default prediction model combined with soft information
related to the text description. Seven features were extracted from the text using latent
Dirichlet allocation to provide subjective and qualitative information for support
decision making in addition to objective quantitative information. The performance is
compared by using four types of machine learning methods depending on the number
of features. It is shown that the classification performance may be degraded if invalid
features are included. These studies are difficult to compare the performance because
they derive unique features [7].

On the other hand, in the studies of using a large amount of data, they mainly
selected the features through preprocessing using data from Lending Club which
provides large data. To utilize the big data, they experimented with newly labeled class.
Fu [13] predicted the default of the borrower by labeling “fully paid” as “good,”
“charged off” and “default” as “bad” for 1,320 K data. Kim and Cho [11] used two

Table 1. Related studies in P2P social lending

Year Author Dataset #Data #Attribute Method

2017 Kim and Cho [11] Lending
club

332,844 17 Decision tree

2017 Lin et al. [5] Yooli 48,784 10 Logistic regression
2017 Jiang et al. [12] Eloan 39,538 32 Logistic regression,

naïve Bayes, support
vector machine, random
forest

2017 Fu [13] Lending
club

1,320,000 13 Combination of random
forest and neural network

2017 Zhang et al. [14] Paipai 193,614 21 Logistic regression
2016 Serrano-Cinca

and Gutiérrez-Nieto [15]
Lending
club

40,907 26 Linear regression,
decision tree
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semi-supervised learning methods to label unlabeled data. Even if there is huge data, it
is necessary to extract the feature, but it is difficult to extract distinctive features in big
data.

3 The Proposed Method

3.1 Dense Convolutional Network

Figure 2 shows the overall architecture for repayment prediction in social lending using
DenseNet. We train DenseNet to obtain powerful features from P2P social lending
data. As information passes through multiple layers, it learns feature space that captures
the characteristics of the borrower and the inherent characteristics of the loan product,
and continues to train the classifier to model these characteristics. The social lending
data are projected into the learned representation space. We then use the softmax
classifier to predict the repayment of the borrowers.

DenseNet directly connects each layer to every other layer using dense connectivity
[9]. The extracted features through layers are reused leveraging it. From the P2P
lending data, the output passed through the lth layer is defined as xl, and Hl �ð Þ is defined

Fig. 2. The overall architecture of the proposed method
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as a composite function consisting of an activation function and a convolution layer.
Each feature-map up to the l� 1ð Þth layer is concatenated and used as the input of the
lth layer and expressed as in Eq. (1). The use of concatenation operation can maintain
information of lending data.

xl ¼ Hl x0; x1; � � � ; xl�1½ �ð Þ ð1Þ

The concatenation operation can be allowed to feature-maps of the same size, so it
is limited when a pooling layer uses. The down-sampling layer, an essential part of
CNN, changes the size of the feature-maps. We divide the network into dense blocks
and transition layers to facilitate pooling layer. The dense block consists of a directly
connected convolutional layer, and the transition layer consists of convolution and
pooling layers. Through the dense block, discriminative features are extracted from the
characteristics of the borrower or inherent property of the loan product in the Lending
Club data, and the similar features are merged into one through the pooling layer of the
transition layer.

Because DenseNet combines feature-maps with concatenation, the number of
feature-maps is excessively increased. We use the hyper-parameter k as growth rate to
adjust the size of the feature-maps. When Hl generates k feature-maps, the number of
input feature-maps in the lth layer is given by (2).

lthlayer ¼ k0 þ k � l� 1ð Þ ð2Þ

where k0 is the number of feature-maps in the input layer of the first dense block.
Growth rate can be used to control the amount of newly generated information. k does
not need to be large because each layer can always reuse the original lending data.

To make the model compact, we use the hyper-parameter h as the compression to
reduce the number of feature-maps in the transition layer. When the number of
feature-maps passed through the dense block is n, the number of feature-maps passed
through the transition layer is hn; where h ranges in [0, 1].

The feature-maps generated by repeating several dense blocks and transition layers
from the social lending data are arranged in the feature vector pl ¼ p1; p2; � � � ; pI½ � as
one dimension through the global average pooling layer. The last layer, softmax
classifier, predicts the loan status d of borrowers.

P djfð Þ ¼ argmax
d2D

exp f L�1wL þ bLð ÞPND
k¼1 exp f L�1wkð Þ ð3Þ

where L is the index of the last layer, b is the bias, w is the connected weight, and ND is
the number of classes for loan status.

When lending data is presented to the network, it is propagated forward through the
network. The weights of DenseNet are updated using backpropagation algorithm based
on the stochastic gradient descent that minimizes the categorical cross-entropy in the
mini-batches of the social lending data.
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h ¼ h� g
Xn

i¼1
rhJ hð Þ=n ð4Þ

where h is the parameters of DenseNet, g is the learning rate, and J hð Þ is the gradient of
the objective function. Forward propagation and backpropagation are repeated until the
stopping region is satisfied.

Dropout is a technique to avoid overfitting by randomly dropping out a node in the
network [16]. It is performed independently for each node of the lending data and each
training data. If the dropout probability is too large or too small, overfitting or
underfitting can occur, which affects to the performance. We set the dropout at a
probability of 0.25 after passing through the convolutional layer at the dense block and
transition layer.

3.2 Architecture

Table 2 shows the architecture of DenseNet. Our architecture consists of two dense
blocks and one transition layer. The lending data form the 64 feature-maps through the
initial convolution operation. Each dense block has the same number of layers and a
1 � 1 convolution reduces the number of parameters. All lending data through 3 � 3
convolution is set so that the size of feature-maps is not changed using zero-padding. In
the transition layer, the size of feature-maps is reduced as 1 � 1 convolution and the
average pooling is used. After the last dense block, global average pooling is performed
and attached to the next softmax classifier.

DenseNet has various architectures depending on the combination of hyper-
parameters. It affects to feature extraction in lending data, learning time and perfor-
mance. Designing the architecture of DenseNet requires understanding of lending data.
The Lending Club data has a 1 � 72 size. We use a small window size in the con-
volutional and pooling layers to minimize the loss of information for each attribute. We
also use nonlinear activation functions such as rectified linear unit (ReLU) [17] to

Table 2. The proposed DenseNet architecture

Layers Output size # Parameters Configuration

Convolutional layer (70, 64) 256 1 � 3 conv, stride 1
Pooling layer (71, 64) – 1 � 2 max pool, stride 1
Dense block (71, 448) 196,608 1� 1 conv

1� 3 conv

� �
� 3

Transition layer (70, 224) 100,352 1 � 1 conv, stride 1
1 � 2 avg pool, stride 1

Dense block (70, 608) 196,608 1� 1 conv
1� 3 conv

� �
� 3

Classification layer (608) – Global avg pool
(2) 1,218 Fully-connected, softmax
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extract the complex relationships between properties. The growth rate k is changed
from 32 to 128 and the compression h is changed from 0.25 to 0.75.

4 Experiments

4.1 Lending Club Dataset

In this paper, we use lending transaction data provided by Lending Club, a represen-
tative P2P lending platform in the United States. We use 855,502 data in the 2015–
2016 year, and the data consist of 110 attributes such as information of borrowers,
credit information, loan product information, and loan status, which are predictor
variables. Attributes that cannot be used for prediction such as borrower’s ID, URL,
description of loans, duplicate attributes, attributes that have missing values with more
than 80%, and attributes that are filled after starting to repay are removed. After the
preprocessing, 143,823 data with 63 attributes are used.

DenseNet has an input format in the range [0, 1]. We prepossess that the categorical
variables are created as dummy variables to represent binary variables, and continuous
variables are normalized as follows:

X 0 ¼ x� xmin
xmax � xmin

ð5Þ

4.2 Result and Analysis

Accuracy. We train with different depth L, growth rate k, and compression h. The
main results are shown in Table 3. DenseNet-BC with k = 128 and two dense blocks
achieved the highest performance, and overall performance is higher than the existing
CNN model. h do not have a significant effect on the performance. The results show
steady performance when k ¼ 128.

We save a model achieved the highest performance by tuning many hyper-parameters
to 500 epochs in the validation set. To verify the effectiveness of the proposed model,
5-fold cross-validation is performed. Figure 3 shows the comparison of the perfor-
mance with other methods on 5-fold cross-validation.

Table 3. Comparison of performance for CNN and DenseNet

Model # Block k h Accuracy F1-score

CNN – – – 75.9% 85.4%
DenseNet-BC 2 64 0.25 79.3% 87.4%
DenseNet-BC 2 128 0.25 79.2% 88.0%
DenseNet-BC 2 128 0.5 79.6% 87.9%
DenseNet-BC 3 128 0.5 79.2% 88.0%
DenseNet-BC 3 128 0.75 79.0% 88.0%
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DenseNet has achieved the highest performance compared to other machine learning
methods, followed by CNN, random forest, and decision tree. We set other methods as
deep CNN with four layers, k-NN with k = 3, multi-layer perceptron with 15 hidden
layers, a decision tree with a depth of 25, and a random forest with a depth of 30.

Overfitting. We compare the cross-entropy and accuracy of the validation set for the
two models to confirm the overfitting problem raised in Sect. 1. As CNN trains, the
loss increases, while the loss of DenseNet decreases, and the accuracy is steadily
increasing. Figure 4 shows the cross-entropy and accuracy per epoch for CNN and
DenseNet.

Analysis of Misclassification Cases. Table 4 shows the confusion matrix of Dense-
Net. Our model tends not to classify “Charged Off.” In fact, it seems to be due to class
imbalance problems because there are fewer non-repaid borrowers in social lending.

Fig. 3. Comparison of performance in 5-fold cross validation

Fig. 4. Comparison of cross-entropy and accuracy per epoch

Deep Dense Convolutional Networks for Repayment Prediction in P2P Lending 141



We analyze the four cases (TP, FP, FN, TN) based on the properties that we
mentioned as important variables in the related studies [18]. Figure 5-(a) shows the
boxplot of samples TP and TN, and (b) shows samples FN and FP where color means
the true class.

The distribution of variables that are significant in repayment prediction tends to be
opposite to each other in (a) and (b). In particular, compared with (a), the distributions
of “fully paid” and “charged off” tend to overlap each other in (b). For example, in
actual cases, “charged off” was a high-interest rate in loans, “fully paid” was a
low-interest rate, but in the misclassified data, “charged off” was a low-interest rate and
“fully paid” was a high-interest rate.

5 Conclusions

In this paper, we have proposed an architecture of DenseNet for predicting the
repayment in social lending. DenseNet maintains the flow of lending information with
dense connectivity and provides a method to automatically extract relevant and pow-
erful features from lending data. In experiments using Lending Club data, we showed
that the proposed DenseNet model achieved the high accuracy and reduced overfitting
compared to existing CNN. The analysis of misclassification cases based on confusion

Table 4. Confusion matrix

Predicted\Actual Fully paid Charged off

Fully paid 32,033 (TP) 7,169 (FP)
Charged off 1,657 (FN) 2,286 (TN)

Fig. 5. Comparison of boxplots from classified samples
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matrix confirmed the characteristics of them. Our model is very effective in predicting
the repayment and helps the lenders to select borrowers who can pay for P2P lending.

Although the proposed method has proved useful in predicting the repayment in
social lending, some additional work is needed to improve the current study. We can
divide future work into short- and long-term studies. In the short term, we need to
improve the class imbalance problem raised in the experiment. To solve this problem,
we provided f1-score, but we can also adjust the training set by oversampling or
undersampling. In the long term, we need to develop an automatic deep-learning
system for predicting the repayment in P2P lending. It is aimed at developing a
repayment prediction system that introduces techniques to find the optimal architecture
automatically.
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