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Abstract. P2P online lending is an emerging economic lending model. In this
marketplace, borrowers submit requests for loans, and lenders make bids on
them. It has put forward new challenges to investors about how to make effec-
tive investment decisions. Bayesian network is a probabilistic graphical model
that represents a set of random variables and their conditional dependencies. In
the paper, we calculate the mutual information of every two variables to meas-
ure their mutual dependence and build a Bayesian network model to select
loans that would pay back with high confidence. We perform abundant experi-
ments on the data from the world’s largest P2P lending platform Prosper.com.
Experimental results reveal that Bayesian network model can significantly help
investors make better investment decisions than other investment models.

Keywords: P2P lending, Classification, Bayesian network, Tree Augmented
Naive Bayesian.

1 Introduction

P2P lending , also called online social lending, allows direct lending and borrowing
between individuals on an Internet-based platform, without the participation of
traditional financial intermediaries such as banks (Wang, 2009). In this way, it pro-
vides convenient online services for reallocating small funds in credit transaction.
There are more than 30 online P2P lending markets in more than 10 countries in the
world, such as Zopa in UK and Prosper in the US. In recent years, advances in P2P
lending marketplaces have provided new research opportunities with the availability
of massive amounts of P2P transaction data. In this study, we focus on Prosper
(http://www.prosper.com), the largest online P2P lending market in US, which has
helped its 1.26 million members receive over $314 million loans. In this marketplace,
borrowers submit requests for loans (called listing), and then lenders make bids on
them. Prosper handles the aggregation and disbursement of funds to borrowers and
then services the loans, collecting and distributing payments and interest back to the
loan investors.
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P2P lending, as a novel economic model, has been studied extensively in recent
years, and is mainly focused on borrowers’ social networks and personal information,
loan attributes, lenders’ decisions and so on. As for social networks, Freedman & Jin
(2008) have investigated whether they solve the information asymmetry problem in
peer-to-peer lending. They found that loans with friend endorsements and friend bids
have fewer missed payments, but the estimated return of group loans is lower than
those of non-group loans due to lender’s learning and the elimination of group
leader rewards. Lin et al. (2009) distinguished between structural and relational
aspects of networks, and found the relational aspects are consistently significant pre-
dictors of the funding probability, interest rates, and ex-post default. Collier and
Hampshire (2010) built a theoretical framework for the evaluation and design of
community reputation systems. Sergio (2009) also built a model-based clustering
method to measures the influence of social interactions in the risk evaluation of a
money request.

To help the lenders make better decision, Luo et al. (2011) proposed a data
driven investment decision-making framework, which exploits the investor composi-
tion of each investment for enhancing decisions making in P2P lending. They re-
vealed that following some investors who have good investment performance in the
past will make more correct investment decisions. Katherine & Sergio (2009) ex-
amined the behavior of lenders and find that, while there exists high variance in risk-
taking between individuals, many transactions represent sub-optimal decisions on the
part of lenders. Klafft (2008) showed that following some simple investment rules
improves profitability of a portfolio. Kumar (2007) empirically proves that
lenders mostly behave rationally and charge appropriate risk premiums for antece-
dents of loan default. Iyer (2009) also find that lenders are able to use available in-
formation to infer a third of the variation in creditworthiness that can be captured by a
borrower’s personal information. Puro et al. (2010) developed a borrower decision aid
system, which helps the borrowers quantify their strategic options, such as
starting interest rate, and the amount of loan to request. Wu & Xu (2011)
proposed a decision support system based on intelligent agents in P2P Lending
to help borrowers getting loan more efficiently, by providing borrowers with
individual risk assessment, eligible lender search, lending combination and loan
recommendation.

On Prosper, loan transactions between borrowers and lenders are conducted in an
information-rich environment. When posting a listing, borrowers also submit their
personal portfolios, such as Amount-Requested, Credit-Score, Homeowner, Category
(or purpose), debt information and so on. All these information have influence on
investors’ decision. Li & Qiu (2011) displayed that borrower’ decisions, e.g., loan
amount, interest rate will determine whether successfully fund loan or not. Herzens-
tein et al (2008) also explored the determinants of funding successfully, found that
borrowers' financial strength and efforts after they post a listing are major factors. The
role of financial intermediaries on the P2P online market was analyzed by Berger &
Gleisner (2009), which demonstrates that the recommendation of a borrower
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significantly enhances credit conditions, and the intermediary’s bid on a credit listing
has a crucial impact on the resulting interest rate. Pope & Sydnor (2008) analyzed
discrimination in Prosper, found that loan listings with blacks in the attached picture
are 25 to 35 percent less likely to receive funding than those of whites with similar
credit profiles. Badunenko et al. (2010) observed that female borrowers pay on average
higher interest rates than males at the largest German P2P lending platform, due to
female borrowers deliberately offer higher interest rates in anticipation that they would
be otherwise discriminated.

The above researches mainly focus on one or part of information of loans. In
this paper, we try to investigate all the loan information in a uniform framework. Spe-
cifically, we develop a Bayesian network model with all the information in table list-
ing, including the amount of loan to request, interest rate, category of loan, borrowers’
credit score, homeowner, dept-to-income-rate, month-loan-payment. Using a large
sample of paid or default loan data of Prosper from 2008 to 2011, we construct a
Tree Augmented Naive (TAN) Bayesian network model. Then we experimentally
tested this model, using the data in 2012, and compared them to logistic regression, and
Luo’s method (Luo et al, 2011). Experimental results reveal that TAN Bayesian net-
work can significantly help investors make better investment decisions than other
models.

The rest of this paper is organized as follows: The base knowledge of TAN Bayesian
network model is provided in Section 2. In Section 3, a Bayesian network model for
P2P lending is built and compared to other investment models. Finally, we conclude the
work in Section 4.

2 Bayesian Networks

Tree Augmented Naive (TAN) Bayesian network algorithm (Chow & Lui, 1968) is
used mainly for classification. It efficiently creates a simple Bayesian network model,
allowing for each predictor to depend on another predictor in addition to the target
variable. Its main advantages are its classification accuracy and favorable performance
compared with general Bayesian network models. As for the paper, the target variable
loan status will be simplified as 1=paid or O=default two classes, then a listing with
portfolios can forecast to classified as 0 or 1 by the Bayesian network model con-
structed by the past loans.

2.1  TAN Classifier Learning Procedure

Let X = (X1, X2, ..., Xn) represent a categorical predictor vector and Y represent the
target category, The learning procedure is summarized in Fig. 1 and illustrated in more
detail below.
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Fig. 1. Bayesian Network Algorithm

1. Take the training data D as input.
2. Compute the conditional mutual information[21] by

KXo x| yi)

(X, X 1Y) = 2 RX:, X, y,) xlog(

XX Vi AXi Y EX; | Vi)

In probability theory and information theory, the mutual information of two random
variables is a quantity that measures the mutual dependence of the two random va-
riables. Learning a tree-like network structure over D by using the structure learning

algorithm outlined below.

3. Using Prim’s algorithm (Prim, 1957) to construct a maximum weighted spanning

tree with the weight of an edge connecting X to X by /(X;, X; | ).

4. Transform the resulting undirected tree to directed one by choosing X; as a root node

and setting the direction of all edges to be outward from it.
5. Add Y as a parent of every X; where1 < i < n.
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2.2 Probability Calculating

The Bayesian network classifier is a simple classification method, which classifies a
case by determining the probability of it belonging to the i-th target category Yi. As
investors, we main concern is the loans that will pay back with high probability. These
probabilities are calculated as

ABStatus = 1| X, = x|, X, = x},...... X, = xI)
ABstatus =1, X, = x|, X, = X X, = x|
AX =X, X =X}, ... X, = x})
n .
P(BSfaz‘us = ’I)H P(Xk =X} | parrem‘(Xk))
= —F : : )
AX = x|, X =x},.... X, = x,)

3 Experiment Results and Comparison

3.1 Dataset

The dataset used in our experiments is from Prosper.com. Prosper includes six rela-
tional data tables, which are Members, Groups, Credit Profile, Listings, Loans and
Bids data tables. The Listing table is the most important for our modeling. A Listing is
created by a Borrower to solicit bids by describing themselves and the reason they are
looking to borrow money. If the Listing receives enough bids by Lenders to reach the
Amount Requested then after the Listing period ends it will become a Loan.

In our experiments we use seven attributes from the Listing table, which are de-
scribed in details below.

AmountRequested The amount that the member requested to borrow.

BorrowerRate The rate is computed as the LenderRate + GroupLeaderRewardRate
(if applicable) + BankDraftFee AnnualRate (if applicable).

CreditScore The credit score of the borrower at the time the listing was created

Category The Category is one of the following numerical values : 0 Not available, 1
Debt consolidation, 2 Home improvement, 3 Business, 4 Personal loan, 5 Student use, 6
Auto, 7 Other.

DebtToIncomeRatio The debt to income ratio of the borrower at the time the listing
was created.

IsBorrowerHomeowner This attributes specifies whether or not the member is a
verified Homeowner.

BidCount The total number of Bids.

3.2  Data Preprocessing

Bayesian nodes deal with discrete data, however, only category (0~7) and IsBorro-
werHomeowner (O=false, 1=true) are discrete, the others are continuous values.
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Therefore, we digitize these data by width-fixed method. For an attribute, assume that

the maximum value of the attribute be V/ .., and the minimum value of the attribute be

max>

Viins Wwe set the separation width to be d = (VW ax - Win) / 5, then the attribute is
digitized to be 0, 1, 2, 3, 4, 5, when the value belongs to { Vi, Wain+d}, { Vain+d,
Vinin+2d}, 2{ Viin+2d, Viin+3d}, 3{ Voin+3d, Viin+4d}, and { Vi, +4d, Viay ), Tespec-
tively.

3.3  Forecast of Return Probability

The data to construct a Bayesian network is selected from the duration from 2008 to
2010. The network aims at predicting the return rate from Jan 1st, 2011 to April 30th,
2011. As we just concern about the people who would pay back as the model classified.
The accuracy is calculated as follows:

= L (3)
fi1 + for

Where 711is the number of Status=1 and B-Status=1, o1 is the number of really
Status=0 but B-Status=1. When the Bayesian network model is built, we can calculate
the Bayesian probability with the information input. The Bayesian network algorithm is
described as Figure3.

Specifically, we select the data from 2008.1 to 2010.1 to build model and use the
data of 2011.1 to check the model. Next, add the 2010.2 data to the learning data while
the check data is 2011.2, and by this analogy. With the TAN Bayesian method and
model, we calculate the Bayesian probability of all the check data. Then the return rate
of different probabilities can be calculated, that is, select those B-Status=1 loan that its
Bayesian probability is higher than parameterfand compare with the really Status. The
result is shown by Tablel and Figure 2.

Table 1. Return Rate of Different Bayesian Network Probability

Real Return

0 0.5 0.6 0.7 0.8 0.9
Rate

2011.1 0.74 0.78 0.81 0.79 0.90 1.00

2011.2 0.84 0.85 0.86 0.88 0.95 1.00

2011.3 0.79 0.81 0.82 0.84 0.89 1.00

2011.4 0.75 0.75 0.76 0.78 091 0.95

In P2P lending, our investment decision model ranks loans, from the best to the
worst, according to the probability by Bayesian network. Investors can choose the top
ones as the candidate set. We find empirical evidence to show the effectiveness of our
model and the influence of different parameters. From Figure 3, the paid loans’ distri-
butions of Bayesian network probability is markedly higher than the default loans.
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In Figure 4, we compare the rate of return by our model against three baselines, the
average rate of return by investing on all loans, logistic regression model, investor
composition method by Luo et al.(2011).We can find that, the higher v we choose, the
higher return rate of the candidates chosen by our model has than others, whereyis the
top probability loans to invest on.

OFRatio of Default Loans OFRatio of Paid Loans
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Fig. 2. Ratio of Loans Status by Bayesian Network Probability
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Fig. 3. Distributions of Bayesian Network Probability by Loans Status
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Fig. 4. A Comparision of Return Rate

3.4 Different Time Span of Training Data as an Indicator

50

Bayesian probability is learning from experiment data and expert knowledge. Whether
the larger the learning data is the better? We choose the data from 2011.1 to 2011.4 as
check data, and the training data is N months data that one year before the check data.
That is, we first choose 2011.1 as the check data, then the three months training data is
from 2009.11 to 2010.1, the four months training data is from 2009.10 to 2010.1, and so
on. After doing all the experiments, we put the all three months’ check data together,
and compare with the really data, the result is shown by Table2. From the table, the
different time span of training data doesn’t make any difference. However, the table
shows that different Bayesian probabilities may make significant different.

Table 2. Return Rate of Different Time Span of Training Data

Training  Return

data Rate 050 055 060 065 070 075 080 085 090 095
3months 0.78 079 081 082 084 084 087 091 092 1.00 1.00
4months 0.78 082 082 08 084 084 086 087 089 1.00 1.00
Smonths 0.78 080 08 083 083 083 08 089 091 1.00 1.00
6months 0.78 080 081 08 082 084 086 088 09 1.00 1.00
7months 0.78 079 081 08 082 083 087 08 091 1.00 1.00
8months 0.78 079 081 083 084 087 087 09 091 1.00 1.00
9months 0.78 079 080 081 083 084 086 091 092 1.00 1.00
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3.5 The Newest Bayesian Network Model

With those experiments, Bayesian network model is proved as an effective model for
P2P lending loan. We use all the information and data in table loan since 2008 to build
a new model. The model is shown in Fig. 5.

OPredictors
b TolncomeRatio .Ta.‘rgets

tRequested

Category

Fig. 5. A Bayesian Network Model

4 Conclusions

In this paper, we build Bayesian network model with all the borrower information and
loan information in the table listing. First, we calculate the mutual information of every
two variables and create a maximum weighted spanning tree (MWST) with them.
When the weight matrix is created, the MWST algorithm gives an undirected tree that
can be oriented with the choice of a root. A Bayesian network model is built when we
add Status as the parent of every node. Then we check the model by the data a year
later, if the Bayesian probability is higher, the rate of return is higher too. Experimental
results reveal that Bayesian network model can improve investment performances.
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