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Abstract— At the early of 21st century, In the UK Peer2Peer 

(P2P) lending began with Zopa at the start of 2005. After that, it 

has grown rapidly in United States, China and some other coun-

tries. The main challenge for individual investors in the P2P 

lending market is to allocate their money efficiently through 

different loans by accurately evaluating the credit of each loan. 

The traditional ranking models cannot conform to the needs of 

individual investors in P2P lending because they do not provide 

natural mechanisms for asset allocation. P2P loans do not have 

the presence of traditional financial institutions. In this study, we 

propose a novel method for analyzing data for this emerging 

market. We have designed a credit risk model based on advanced 

machine learning methods, capable of assessing the returns and 

risks of individual loans. We also applied a selection feature 

method to eliminate the irrelevant features for improving the 

efficient of machine learning models. We conducted experiments 

on real-world data sets from P2P lending markets. The experi-

mental results show that the proposed model can improve the 

efficiency of investment compared to the existing methods of P2P 

lending. 

 

Keywords— Credit scoring, Deep learning, Feature selection, 

P2P lending 

I. INTRODUCTION 

Traditional banking can have profound changes by p2p 

lending platform over the next decades. P2P lending is the 

largest online credit market in the world, facilitating personal 

loans, business loans, medical financing, and more. In 2005, 

the main objective of P2P lending platforms is democratizing 

consumer finance services. For for more efficient distribution 

and guarantees of credit, technology was used by these plat-

forms. To borrow money, individuals can make their pitches 

and credit can be provided by investor without the involve-

ment of financial institutions. The earliest P2P lending plat-

form is Zopa in UK which founded in 2005. Lending Club and 

Prosper in the US founded in 2006, and CreditEase founded in 

China in 2006. 

Over the last few year, many researchers have developed 

and applied many models and algorithms to analyse the P2P 

lending data. Lee-Eunkyoung et al [3] investigates herding 

behavior in the P2P lending market in Korea, they found 

strong evidence of herding and its diminishing marginal effect 

as bidding advances. In [2], a data mining (DM) approach to 

predict the performance of P2P loan before funded is proposed 

by Jin and Zhu. Byanjankar Ajay et al [1] proposed a credit 

scoring model using artificial neural networks in classifying 

peer-to-peer loan applications into default and non-default 

groups. They indicated that the neural network-based credit 

scoring model performs effectively in screening default appli-

cations. Malekipirbazari Milad and Aksakalli [5] proposed a 

random forest (RF) based classification method for predicting 

borrower status. Results on data from the popular social lend-

ing platform Lending Club (LC) indicate the RF-based meth-

od outperforms the FICO credit scores as well as LC grades in 

identification of good borrowers. H. Li [4] studied on predict-

ing the potential lenders using an outlier detection method to 

find the abnormal lenders, and they found the detected outliers 

have bad credit scores with a high possibility. C. Serrano et al 

[6] focused on predicting the expected profitability of invest-

ing in P2P loans, measured by the internal rate of return. 

J.Yan at el [8] provided loan project recommendations by 

innovatively mining a huge amount of unstructured data, the 

text data of borrowers' and lenders' motivations. They solved 

the problem of mismatches between borrowers and lenders. 

Recntly, Y.Xia et al [7] addressed the problem of reject infer-

ence in a specific P2P lending domain from the perspective of 

semi-supervised learning. They proposed a novel reject infer-

ence method (CPLE-LightGBM) by combining the contrastive 

pessimistic likelihood estimation framework and an advanced 

gradient boosting decision tree classifier (LightGBM). 

P2P Lending data is collected by P2P lending platform, of-

ten contains irrelevant and redundant features. The classifica-

tion accuracy is reduced by this redundancy, and deficiency 

data. A feature selection strategy should be applied to elimi-

nate redundant features. In other words, feature selection will 

select an optimal subset of relevant features. With this optimal 

subset, we solve the problem with high performance. Feature 
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selection is one of the ways to reduce the dimensionality of 

the problem and shorten the runtime. 

In this paper, we proposed a method based on feature selec-

tion integrated with Restricted Boltzmann Machines (RBMs) 

on credit scoring tasks. RBMs determine a non-linear trans-

form the feature space in an unsupervised learning step. 

RBMs have been used successfully for learning and represent-

ing. Our proposed method select top features by RMSE rank-

ing criterion. Our proposed method is applied to credit scoring 

problem. Integration with GPU tensorflow, the method 

showed better results and faster than original RBM. 

Structure of this paper consists four main sections. The 

background of feature selection, deep learning and RBM is 

presented in Section 2. Section 3 presents and describes the 

proposed model. Section 4 discusses the obtained results while 

Section 5 highlights the concluding remarks and future re-

search. 

II. BACKGROUND 

A. DEEP LEARNING 

In recent years, as the computing power of computers has 

risen to new heights and vast amounts of data collected by 

large technology firms, Machine Learning has come a long 

way and one field. The new born was called Deep Learning. 

Deep Learning has enabled computers to perform seemingly 

impossible tasks ten years ago: categorize thousands of differ-

ent objects in photos, create captions for images, mimic hu-

man speech and writing, communicating with people, or even 

writing or music. There are many factors that lead to this risen: 

 Large data sets is labelled 

 High-speed parallel computing capability of the GPU. 

 The improvements of the architecture: GoogLeNet, 

VGG, ResNet, ... and transfer learning techniques, fine 

tuning. 

 New regularization techniques: dropout, batch normali-

zation, data augmentation. 

 Many new libraries support deep network training with 

GPUs: theano, caffe, mxnet, Tensorflow, pytorch, 

keras, ... 

 Many new optimization techniques: Adagrad, RMSProp, 

Adam, ... 

Boltzmann Machines are a particular form of log-linear 

Markov Random Field. The energy function of Boltzmann 

Machine is linear in its free parameters. Limited parametric is 

set to a non-parametric to make function powerful enough to 

represent complicated distributions. Some of the attributes is 

hidden because they are never observed. The modelling capac-

ity of the Boltzmann Machine can increase by having more 

hidden variables named hidden units. RBMs is a useful algo-

rithm for dimensionality reduction, classification, regression, 

collaborative filtering and feature learning. RBMs are neural 

nets with two-layer. They constitute the building blocks of 

deep-belief networks. The first layer of the RBM is called the 

input layer (visible), and the second is the hidden layer. 

B. FEATURE SELECTION 

One of the most relevant topics in machine learning is de-

fining what data attributes will be used in your forecasting 

models. Data scientists can develop stronger machine learning 

algorithms than ever before, but its core, garbage data in the 

garbage data. Today, more and more easily store large 

amounts of data. However, too many attributes can confuse 

the model and render the analysis useless. Therefore, before 

investing time in adjustment algorithms, we need to identify a 

set of predictive elements with high predictive accuracy with-

out losing directionality. The benefits of reduced predictors 

include reduced computational complexity, lower storage 

costs, and easier explanation of the results. 

Feature selection methods have three types: filter, wrapper, 

and embedded methods. In pre-processing steps, filter meth-

ods filter out irrelevant, redundant or noisy features based on 

some univariate or multivariate measure. In the wrapper 

methods, the predictor is a black box and the predictor per-

formance as the objective function to evaluate the feature 

subset. Wrapper methods perform better than filter methods 

because the process of feature selection is optimized for the 

classifier. However, the wrapper method is expensive when 

used for large feature space because of high computational 

cost and each feature subset must be evaluated by a trained 

classifier. The filter method has lower computational cost and 

faster, but with less reliability in the classification efficiency 

than the wrapper methods and better suitable for high dimen-

sional data sets. The embedded recently been developed in 

which these methods take advantage of both filter and wrapper 

methods. A hybrid approach using both an independent testing 

and performance evaluation function of the feature subset. 

III.  PROPOSED APPROACH 

In this section, we presented the main workflow of our pro-

posed RBM with feature selection. The framework diagram 

showing the sequence of tasks to perform the classification is 

shown in Figure 1.  

1)  Pre-processing Data 

In this framework, credit data is first pre-processed by a 

scaling function, a normalization function and a transfor-

mation function in pre-processing module. 

2)  Feature selection with RBM 

 Our proposed method uses Tensorflow with GPU support 

to improve running time and accuracy. The proposed method 

is divided into two phases.  

Phase 1: in order to select the top-ranked features, the da-

taset was trained by RBM. After training the model, we calcu-

late ranking value for each feature using RMSE which capture 

the most significant information in the RBM, according to a 

measure of information loss. Based on the top of feature rank-

ing value, we selected only the important features and elimi-

nated the irrelevant feature(s). The output of this phase is top 

n features. 

Phase 2: top n features in phase 1 is used as a filter of test-

ing set.  

3)  Classification 
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In this research, we use some classification techniques 

which might be divided into the three groups based on the 

type of algorithm they use. The classifiers use a linear, non-

linear or rule-based algorithm. Logistic regression (LR) and 

Linear discriminant analysis (LDA) are classification tech-

niques based on linear algorithms. The two linearly based 

classifiers are presented first. The classifier using non-linear 

algorithm. These are Support Vector Machine (SVM), Artifi-

cial Neural Network (ANN), and k-Nearest Neighbor (k-NN). 

The last group of rule-based classifiers is Random forest (RF). 

 

 
Figure 1.  Proposed method 

IV. EXPERIMENT AND RESULTS 

Our proposed method was implemented using python with 

Tensorflow GPU. German credit, Australian and lending club 

data (USA) were used to test our method. LDA classifier is 

used with 5-fold cross validation in order to evaluate the se-

lected features. 

A. Data set 

1)  Australian credit 

Australian credit dataset is composed of 690 applicants 

where 383 are good credit and 306 are bad credit. Each in-

stance contains 16 features. 

2)  German credit dataset 

German credit data consists of 1000 applicants, with 700 

accepted and 300 rejected. Each applicant is described by 24 

numeric input features which are finally obtained for classifier 

modeling. 

3)  Lending club dataset 

The data used in the experiment is available at: 

https://www.lendingclub.com/info/download-data.action. 

After downloading, merging and pre-processing data, the final 

dataset is selected containing more than 60,000 records and 

123 attributes between 2007 and 2015. It all comes from the 

personal information provided on their loan application. 

B. Results 

First, we will attempt to train s machine learning algorithms 

on the full subset of predictors at our disposal. For all of the 

models, we use 5 fold cross validation to create train / test 

samples upon which we evaluate our accuracy. 

TABLE 1. PERFORMANCE ON FULL MODEL 

Models 
Predictive Performance (%) 

German Australia Lending Club 

LDA 76.50 85.80 81.20 

Logistic Regression 76.40 85.51 81.05 

ANN 75.8 71.45 66.08 

k-NN 67.10 65.94 72.55 

Linear SVM 74.80 84.35 76.60 

Random Forest 67.72 67.72 67.72 

 

It's evident that the LDA model outperforms the other mod-

els on lending club data, Logistic Regression model with an 

accuracy score of 81.20%. The Linear SVM model comes in a 

close with 72.55%. The k-NN, ANN and RF Model follow 

slightly behind with scores of a lower 72.55% and 66%, re-

spectively. So LDA is chosen for our model in classification 

phase. 

 

Model with feature selection 

With such a large number of variables, we can intuitively 

sense that not all of them will be useful in predicting if a loan 

will default. A solution to this problem would be to reduce the 

number of attributes we use in the model. A reduced model 

would ideally be easily interpretable while retaining predictive 

accuracy. 

First, we select 2 to n attributes we believe to be most in-

formative regarding loan default. 

After running feature selection, our best subset includes 12 

selected features and the method achieves 86.09% accuracy in 

case of Australian credit. The best feature subset in case of 

German credit includes 22 selected feature and accuracy is 

76.7%. 

In case of Lending club data, the best subset includes 80 

features and accuracy achieves 81.53%. Our model outper-

form the more modern, and powerful, machine-learning algo-

rithms such as Linear SVM, ANN, K-NN and Random Forests. 
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Figure 2.  Accuracy on Australian credit 

 

 
Figure 3.  Accuracy on German credit 

 

 
Figure 4.  Accuracy on Lending club 

V.  DISCUSSION AND CONCLUSIONS 

In this paper, we have introduced an effective method based 

on feature selection and deep learning. Our method deter-

mined top n features with highest accuracy. Accuracy of LDA 

classifier using the selected features is better than other meth-

ods. The performance of P2P lending platforms can be im-

proved with fewer features. The processing procedure using 

GPU leads to reduced runtime. Therefore, the workload of the 

staff credit assessment may be reduced, because they do not 

have to take into database a large number of features during 

the evaluation procedure. The experimental results show that 

our method is effective in credit risk analysis. 
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