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ABSTRACT
An emerging new form of online credit for lending, different from traditional sources of
finance, such as banks and building societies, where lenders provide loans to borrowers
directly is termed as p’. Many of these credits are unsecured personal loans, thus credit

score of loans is vital to regulate the default risk and improve profit for lenders and
platforms. Standard two-fold classifiers may not be appropriate in this lending since there
are multiple credit classes and misclassification costs vary largely across classes in the
lending platforms. Cost Sensitive Classifiers have been studied extensively in this set of
lending, but none of them have analyzed this issue from the perspective of multinomial

classifications and measured the misclassification costs: (C;b) X &(Cazb) v of different

a>| a<
credit grades using actual losses and opportunity costs. The research intends to model
credit score in p2 lending as a cost-sensitive multinomial classification problem. A
misclassification cost matrix is proposed for credit scoring with a set of equations and
models to estimate the costs. A replication study using a publicly available data is
conducted to evaluate the performance and validate the usefulness of the proposed
misclassification cost matrix with the help of an R statistical package developed to aid the
application of the model. The outcomes showed that the cost-sensitive multinomial
classifiers can significantly decrease the total cost, which is vital for the p2 survival and

profitability.
Keywords: Misclassification Cost Matrix, Default Risk, P?, Two-fold Classifier, R Package.

INTRODUCTION
In the past years, online peer-to-peer (P?) loaning, as a popular form of personal loan, has
developed in credit market. It transfers traditional way of face-to-face personal loans through
online services [1] It is cost effective, pervasive, convenient, efficient without the involvement
of traditional financial institutions [11].

P?loaning, in comparison with the traditional banking system, has the following features.

e It facilitates transactions by linking borrowers and creditors directly. There are
electronic loan application forms filled in by the borrowers, including amounts, terms,
purposes, and personal information (such as age, job, address, and credit card among
others). Platforms provide available financial conditions and credit histories of
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borrowers to creditors, who will decide whether to grant a loan, the amount and at what
interest rate. Platforms use various approaches to help lenders set interest rates. Some
platforms carry out an auction at which a borrower set her/his maximum interest rate
and creditors give their bids [9]. Another approach is to assign interest rates
automatically using borrowers’ credit grades, which are calculated based on borrowers’
characteristics [6].

e PZ Joaning platforms charge service fees for transactions [13], instead of charging
borrowers higher interest rates than the cost of the money as traditional financial
institutions. P2 loaning process benefits both borrowers and lenders. While borrowers
can be granted money at lower costs than traditional financial institutions, creditors can
make more money than putting their money in banks. This benefit comes with the risk
of borrowers’ defaulting on the loans because many P2 loans are unsecured personal
loans and most creditors may have little knowledge about credit risk management [21].

In order to regulate the default rates and risks, P? loaning platforms came up with classification
models to evaluate credit risks of loans and borrowers and suggest appropriate interest rates
for loan applications. The quality of these models is vital to the credit risk management and
sustainability of P? lending platforms. Using experiences from financial institutions, P loaning
platforms adopt and develop classification algorithms to categorize borrowers into different
credit grades based on their characteristics and credit history, and recognize potential
borrowers who are likely to default [8,14].

Though it is a common practice in traditional credit rating to use standard cost-insensitive
binary classification algorithms [15,16], such as logistic regression, neural networks, and
decision trees [4], they are not appropriate in P? loaning due to the following reasons

e There are more than two classes of credit grades in P? lending and each credit grade
implies a certain level of risk. This implies that multinomial classification should be
considered in P2 credit grading.

e P2credit data are imbalanced, meaning that number of samples in different credit grades
varies. By illustration, the number of ideal borrowers in the best grade or high-risk
borrowers in the worst grade is much smaller than the other grade groups.

e Misclassification costs are not uniform across classes in P? loaning. In general, the cost
committing a type Il error (classifying a loan with bad credit as a good one) is usually
greater than type I error (classifying a good one as bad) [5].

In a multinomial credit-grading scenario, classifying a sample of grade C into grade A4, for
example, is more costly than classifying B into A. Therefore, standard cost-insensitive
multinomial classification, in which all errors have the same cost, is not suitable for credit rating
in P?2loaning. Cost-sensitive multinomial classifiers would fit well for credit rating in P? loaning.
These cost-sensitive classifiers were developed for imbalanced data classification [15]. Various
cost-sensitive classifiers have been proposed for credit rating [2], with the aim of to minimize
total costs measured by a misclassification cost matrix [10]. This is not only necessary but also
important for cost-sensitive classification problems.

According to few studies in P? lending [21], few studies in P? loaning about cost-sensitive
classifiers have been done, but none of them have analyzed this issue from the perspective of
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multinomial classifications and measured misclassification costs of different credit grades with
P? loaning.

Misclassification costs are losses of creditors’ earnings due to misclassifying credit grades of
loans. It equals to the difference between the return of a loan when it is correctly classified and
the return of a loan when it is misclassified as other credit grade. This difference can be one of
the following situations:

i. Ifaloanis classified to a better credit grade with a lower interest rate, the risk to default
of the loan is underestimated and the interest rate of the loan is set lower than it should
be, which means that the interest maybe deficient to cover the risk that the lender bears.
The creditor will lose potential returns that they could have gotten, including an unpaid
risk that the borrower should pay for the higher-risk loan.

ii. Ifaloanis classified to a worse credit grade with a higher interest rate, borrowers might
be scared away or it may increase their chance to default, which causes opportunity
costs and financial losses to lenders.

Objective of the Study

This paper proposes a multinomial cost matrix that measures misclassification costs of P2 credit
grading by considering real losses and opportunity costs associated with P2 loaning. A set of
equations and models were developed to calculate these misclassification costs. The
parameters in the proposed equations and models are designed to calculate the cost matrix and
support P? loaning platforms’ operations. A case study using data from one of the approved
Lending institutions within sub-Saharan region in Africa is conducted to demonstrate the
performances of the proposed cost matrix using some well-known cost-sensitive classifiers.
The results show that the proposed cost matrix can not only reveal the sources of losses caused
by misclassifications, but also reduce the total costs for the P? platforms, which in comparison
to the cost-insensitive classification algorithms, is better.

LITERATURE REVIEW

Most classifiers aim to maximize accuracy and minimize misclassifications. Various
classification methods have been proposed for credit rating and risk management [17]
Standard classifiers treat the costs of misclassifications the same, which should not true in real
credit risk management. Many researches support the use of cost-sensitive classifiers in credit
rating. Sahin et al. (2013) proposed a cost-sensitive decision tree approach with varying
misclassification costs. It is successfully used in credit card fraud detection to decrease financial
losses. Alejo, Garca, Marques, Sanchez, and Antonio-Velazquez (2013) improved the Multilayer
Perceptron neural network using three misclassification cost functions and can be used to
improve the prediction effectively in credit rating. [2] suggested example-dependent cost-
sensitive methods and proposed logistic regression and decision trees for credit scoring.

Cost Matrices

Misclassification cost can be described by a cost matrix C = (Cij ) , where C; indicates the cost

mxm
due to misclassifying an instance of class i as class j, and m is the number of classes. In
credit rating, the measurement of misclassification costs in C is not only a basic component of
cost- sensitive classification, but also vital for high quality credit rating. Real financial
indicators, like profit- based or financial loss-related measures, are well aligned with the
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objectives in credit rating [3,14,19] set the cost of a false negative to a loan’s interest rate
charged to the customer intr, the cost of a false positive to the loss given default (LGD), and both
the costs of true positive and true negative are set to zero

Table 1: Cost matrix proposed by Beling et al. (2005).

Prediction
Positive Negative
Actual Positive 0 int,
Negative LGD 0

As proposed by [12], a cost matrix (Table 2) for credit card fraud detection. It represents the
costs of mis-classification by the administrative cost C,, which is related to analyzing the

transactions and contacting card holders. In the cases of false negative and true negative, the
associated costs both equal to C, because the card holder will have to be contacted. However,

in the case of false positive, due to the fact that frauds are not detected, the cost is defined as a
100C,.

Table 2: Cost matrix proposed by Hand et al. (2008).

Prediction
Positive Negative
Actual Positive 0 Ca
Negative 100*C, Ca

[2] pointed out a limitation of the above cost matrices. Since losses of different frauds range
from a few to a large amount, it is unrealistic to assume constant cost in false positive. In
Bahnsen [2], a new cost matrix (Table 3) is proposed as a better representation of the actual
costs, where the cost of false positive is replaced by the amount Amt; of the transaction i.

Table 3: Cost matrix proposed by [2].

Prediction
Positive Negative
Actual Positive 0 Ca
Negative Amt; Ca

He further proposed a cost matrix (Table 4) with example-dependent varying misclassification
costs. For every borrower i, the costs of correct classifications are zero, and the cost of false
positive is the losses if borrower i defaults which is proportional to his credit line CI.. The cost
of false negative is ri +C?, where ri is the profit that can be earned from a good borrower, and
C? is related to uncertainty of next alternative borrower.

Table 4: Example-dependent cost matrix proposed by [2].
Prediction
Positive Negative
Actual Positive 0 r+C°
Negative Cli*LGD 0
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[21] proposed a cost-sensitive boosted tree loan evaluation model to discriminate potential
default borrowers in P2P lending. The model considers the imbalanced misclassification cost
(Table 5), based on the assumption that the cost of misclassifying a default borrower is larger
than that of misclassifying a good one, i.e., C (0, 1) > C (1, 0). It adopts a cost matrix with Default
and non-default classes.

Table 5: Cost matrix in Xia et al. (2017).

Prediction
Non-default Default
Actual Non-default 0 C(1,0)
Default Cc(0,1) 0

METHODOLOGY

Modeling in P2 Lending

P?lending platform provides services to creditors and borrowers to facilitate their transactions,
and charges a proportion of profits earned by successful repaid loans as an essential part of
services fee. In such a case, the platforms and lenders share profits and risks. In this paper, loss
given default (LGD) as per [18] is used to measure the proportion of a lender’s loss when a
borrower defaults on a loan. Although LGD is different for different loans, it is usually treated
as a constant number for all loans to simplify models [2,3]. For platforms, default loans impact
their profits directly by causing the loss of service fees and indirectly by damaging their
reputations in quality of services on credit rating and setting interest rates. Therefore, accurate
credit rating is the foundation of healthy and profitable operations of P2 platforms.
Consequently, an important requirement of credit rating in P? loaning is to measure the
profitability of a loan [21], and the amount of loss in profit for creditors should be considered
in mis classification cost matrix.

P? platforms usually classify borrowers into multiple credit grades and determine hierarchical
interest rates for them. Table 6 shows the constructed structure of credit grades to measure the
profits and losses in P? loaning, based on the assumption that different credit grade i is
associated with a certain probability of default (PD) PD.. Therefore, it is assigned an interest
rate [; to reflect the corresponding credit risk. Credit rating classifies loans into these grades,
where 1(A) refers to the best credit, and n refers to the worst credit risk. Generally, the worse
the credit grade, the higher probability of default and the higher interest rate. That is, for any
i,j=123,..,n,i>j, sothat PD, > PDJ. and [, > IJ..

When a lender lends a loan of credit grade i with PD; and I;, the lenders’ expected return is:

ER =(1-PD,)(1+1,)+PD, (1-LGD)

(1)
=1+1,-PD,(1+LGD)

Table 6: Proposed Structure of Credit Grades in P2 loaning.

Credit Grade (CG) Probability of Default (PD) Interest Rate (I)
1(A) PD; I1
2(B) PD; I2
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3(C) PD; I3
4(D) PD, I
n PD, In

Misclassification Cost Matrix
Table 7 shows a proposed misclassification cost matrix C, for credit rating in P? loaning where
the cost of correct classification is zero, i.e,, ¢, =0, based on Table 6. This Misclassification cost

0 C?
matrix C can be decomposed into two blocks C*and C?, thatis: C = (Cl o j C* corresponds
to the loans whose predicted credit grades (j) are better than their actual credit grades (i), i.e.,
i > j, and C? is the upper triangular submatrix corresponding to the loans whose actual credit

grades (i) are better than their predicted credit grades (j), i.e., i <j.

Table 7: Misclassification cost matrix.

Prediction
1(A) 2(B) 3(C) 7
1(A) 0 Cr2 C13 in
2(B) €1 0 €23 e “2n
Actual 3(C) €3 3 0 C3n
0
i o Cn2 Ca3 e 0

Lower Triangular Submatrix:

In the lower triangular matrix C' = (Cﬁ ) _ ,C; is the cost of misclassifying a loan in grade i as
i>]

grade j. As a result of misclassification, PD, > PD;; I, > |;. This means a borrower pays a lower

interest rate. Lower interest rate may affect borrowers’ potential defaults to a certain extent,

which has been supported by theoretical and empirical evidences [7,19]. This kind of changes

can be described by revising the PD in a linear function related with the difference of interest

rates:
PD'(jli)_, =PD,+B(1,-1) (2)

Where the parameter £ (<0),is arevised coefficient of PD, indicating how the PD of a borrower
changes with different interest rates. PD’(j | i)i>j is the actual probability of default, after
misclassifying a loan in grade i to grade j. The misclassification leads to a change of equation
(1) as:

ER'(jli),, =1+1,-PD'(jli)(1,+LGD) (3)

The misclassification also leads to a loss in return cost formulated as:
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C; =ER —ER'(j]i)

=(1,-1;)[1-PD, + 8(1,+LGD)]| (4)

Upper Triangular Submatrix:

In the upper triangular matrix C* = (CU? )i<j , PD, <PDj;I; <1;, which means a borrower pays
a higher interest rate. This may lead to a withdrawal of loan application with a certain
probability because the borrower can’t endure the high interest rate. This probability of

application withdrawal is related to the difference of interest rates I, —I;: To simplify the

model, a linear function is used to calculate the probability that a borrower of credit grade i will
give up application when misclassified as credit grade j (worse than grade i):

Prgu(jli)i<j:a(|i_li) ()

where the parameter « is borrowers’ attrition rate [23], which indicates how the probability
Pr, (jl i)i<j varies with the difference of interest rates I, - 1.

On the other hand, the probability of a borrower accepting interest rate I caused by
misclassification is 1-Pr, (J | i) In this case, the PD of the borrower increases with the higher

interest rate. Equation (6) is used to calculate the actual PD PD’(j | i)kj wheni<j.

PD'(jli),_, =PD,+A(1,-1)) (6)
For a lender who accepts the misclassified loans when i <, the expected return is:

ER'(j|i),_, =1+1;-PD'(jli)(1,+LGD) (7)

Thus, the misclassification cost Cif can be measured as:

C; =ER —(1-Pr,, (jli))ER'(jli) (8)
Equation 8 can be rewritten as:
C; =(1-Pr,, (i11)(ER ~ER(i11))+Pr, (i1} ER ©)

In equation (9), the first term on the right-hand side indicates the loss in profit from
transactions, and the second term indicates the opportunity cost caused by application
withdrawals due to misclassifications. Based on a structure of credit grades in P? lending, we
designed a misclassification cost matrix to measure real business losses, which are calculated
using Equations (4) and (9).
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Parameters Analysis
The revised coefficient for the probability of default, #, indicates how the PD of a borrower

changes with different interest rates she/he bears. When i > j, even if a borrower of credit grade
i lowers her/his PD from PD,to PD'(j|i),PD’(j]i)is still larger than PD, due to the lower

interest rate I;. This implies that PD; < PD’(j|i)< PD..In reference to equation 2, we can write

this as:
PD, < PDi+[>’(Ii—Ij)< PD,, and since I, —1; >0, and for i > ]

PD, - PD,
|—|J<ﬁ<o (11)
i

According to equation 4, in view of cost matrix, provided that i>j for i, j=1,2, 3,...,n

(1;=1,)[1-PD, + B(LGD+1;)|>0
B(LGD+1;)+1-PD, >0
PD, -1

>—
/ LGD +1,

(12)

Moreover, forany i, j, k=1, 2, 3...n, provided that i > j > k, the cost due to misclassifying a loan of
credit grade i into k should be larger than misclassifying i as j.

If C; >C}, then

)’

l,=1,[1-PD, + B(LGD+1,)]>1,-1,[1-PD, + B(LGD +1,) |
=(1,-1,)(i-PD,)>(1,-1;) B(LGD +1,) (1, - 1,) B(LGD +1,)

If we set (1, —1;)(LGD+1;)>(1,~1,)(LGD+1,), then

(1,-1,)@-PD,)

(1, =1;)(LGD+1;)-(1,-1,)(LGD+1,) 7P
Ifwe set (1, —1;)(LGD+1;)<(1,—1,)(LGD+1,), then
(1,-1,)@-PD,) iy 13)

(1,-1,)(LGD+1;)—(1,-1,)(LGD+1,)
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If C; >C}k, then

(Ij_Ik)(l_PDi)_(l_PDi)(li_Ik)
(1,-1,)(LGD +1,)

]

<p (14)

The borrower’s churn rate, &, indicates how the probability Pr,, (jli) which is within the

interval (0,1) varies with the interest rates difference I, — ijor I, j=1,2,3,..,n and i<j. based on

the interval,

<a<0 (15)

CZ>0 (16)

The cost of misclassifying a bad loan into a better one is larger than the other way around. That
is

Ct>C (17)
And for i<j<k
Cy >Ci >Cj, (18)

DISCUSSION OF THE RESULTS
Implications of the Parameters
The interest rates in P? loaning are set based on the business environment, which can be
measured using parameters, such as « and S . The range of parameter f is solved as

—0.11< B <0 to satisfy equations (11)- (14). We then set f =-0.56, that is, the median of the

range, in order to get the proposed model. Thus, by applying equation 2, we get the results
shown in Table 11. Bold numbers indicate the inherent PDs for loans of credit grades. In fact,
fluctuations of interest rates caused by misclassification can affect borrowers’ default. The
experiment proved that inherent credit ratings have more effects on the probability of default
than the fluctuations of interest rates. This makes sense in P? lending, where loans are normally
small in size and repayment of unsecured microloans is more dependent on the willingness to
pay than the ability to pay.

The range of parameter is solved as —1.30 < @ < 0.84 to satisfy equations (15) to (19). We set «
as the median of the range, this is o =—1.07 to satisfy equations in 15 to 19. It indicates that a
borrower’s probability of terminating a loan application increases about 1.1% if the interest
rate rises by 1%. Should there be a big difference between the values of parameters calculated
and the results obtained from the real practice, the interest rates on P? lending platforms should
be adjusted, because the given PD’s are generally stable.
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Table 11: Revised PD on lending club.

Prediction
A B C D E F G
A 0.062 | 0.065 | 0.067 0.068 | 0.069 0.070 0.071
B 0.113 | 0.115| 0.117 0.118 | 0.119 0.120 0.121
= C 0.152 | 0.154 | 0.156 0.157 | 0.158 0.159 0.161
g D 0.179 | 0.182 | 0.183 0.185 | 0.186 0.186 0.187
< E 0.201 | 0.203 | 0.204 0.206 | 0.207 0.207 0.208
F 0.243 | 0.246 | 0.247 0.248 | 0.249 0.250 0.251
G 0.331 | 0.333| 0.335 0.336 | 0.337 0.338 0.339
Cost Matrix

We calculated the misclassification cost matrix C in (Table 12) according to Equations (4) and
(9). Elements in the cost matrix measure the loss of creditors’ expected return if a loan is
misclassified. For example, in the cost matrix C, ¢,, =0.033means that a creditor who provides

a loan with a certain amount (amt) will loss 0.033*amt in the expected return when a loan of
credit grade B is misclassified as grade A. unfortunately, the revenue of the platform reduces
because of the misclassification of credit grades, where the costs should be minimized in cost-
sensitive credit rating.

The figure 0.086 happens when class G was misclassified as class A. This misclassification
assigns the lowest interest rate to the highest credit risk group. And the smallest cost is 0.0055,

which appears when class E is misclassified into F.

Table 12: Misclassification cost matrix on lending club.

Prediction

A B C D E F G
A 0 0.009 | 0.017 0.024 0.030 0.037 0.044
B 0.033 0 0.007 0.014 0.020 0.026 0.034
= C 0.053 | 0.021 0 0.007 | 0.013 0.018 0.026
g D 0.068 | 0.038 | 0.017 0 0.006 0.011 0.018
< E 0.079 | 0.049 | 0.029 0.012 0 0.006 0.012
F 0.085 | 0.057 | 0.039 0.022 0.011 0 0.007

G 0.086 | 0.061 0.044 0.030 0.020 0.011 0

To facilitate observations of the cost matrices under different parameters, cosine similarity is
adopted to compare them with the cost matrix C = (cij ) shown in Table 12, where parameters

are taken as median («, £). Given any a =(-1.29,-0.84)and f =(-0.11,0), the corresponding
cost matrix, M = (mij ) can be obtained. Then the cosine similarity between C and M is calculated

as:

m.
CosineSimilarity (C,M ) = ——— (20)

\ /205 -Zmﬁ

The cost matrix C in Table 12 is considered as benchmark in calculation of cosine similarity.
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Table 13 lists the cosine similarities on these discrete values of the parameters o and g taken
at 5 equidistant points within their ranges. When both parameters o and f are taken as the

maximum in their ranges, the fact that similarity equals 0.945 still guaranteed a small difference
between the corresponding cost matrix in Table 13 and benchmark in Table 12.

It is reasonable to set the parameters as the median value of the ranges since the sensitivity
analysis for the parameters o and f shows that the proposed method used to calculate cost

matrix is robust and stable in the presence of uncertainty of parameters.

Table 13: Cosine similarities of cost matrices.

Alpha \ Beta -0.112 -0.084 -0.056 -0.028 0.000
-1.292 0.962 0.965 0.968 0.971 0.973
-1.179 0.987 0.989 0.991 0.992 0.993
-1.066 1.000 1.000 1.000 1.000 1.000
-0.954 0.990 0.989 0.988 0.987 0.986
-0.841 0.948 0.947 0.947 0.946 0.945

Cost-Sensitive Credit Rating

In order to compare the performance, we selected four classifiers [14] and the corresponding
Meta-cost-sensitive classifiers(C-S). The four classifiers are LDA, Random Forest (RF), Logistic
Regression (LR), and Support Vector Machines (SVM). The performances of classifiers were
evaluated using accuracy, total cost, average cost, and cost saving rate. They were computed
using the confusion matrix N in classification result and the cost matrix.

The classification results were summarized in Figure 1.

Classification Results

C-SLR |
IR &
C-SRF |
RF |=m
C-SLDA '
LDA |mw
C-SSMV
SMV
0 200 400 600 800 1000
SMV | C-SSMV | LDA | C-SLDA RF C-SRF LR C-SLR
Cost Saving Rate (%)  11.9 21.4 25.5 13.2
Average Cost 0.011  0.009 0007 0006 001 0007 0.004 0.003
® Total Cost 808.5 7119  565.2 4444 7305 @ 544.4 @ 3282 @ 285.1
W Accuracy (%) 52.9 48.5 61.1 48.4 57.2 40.7 79.3 78

Figure 1: Classification results
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Since traditional standard classifiers focus on optimizing the accuracy and ignoring the
relationship between classes and different misclassifications, they have higher accuracies than
their cost-sensitive counterparts, and the cost-sensitive classifiers reduced the total costs
dramatically, which is a major concern of P2 loaning platforms and creditors.

In order to achieve the highest accuracy and the lowest total cost simultaneously is really
difficult, if not impossible. Cost-sensitive classification normally sacrifices accuracy for lower
total cost [20]. The objective of cost-insensitive classifiers is to maximize the total accuracy. But
none of them can reach 100% accuracy in multinomial classification. Although misclassified
instances may cause different costs according to the cost matrix, cost-insensitive classifiers
treat them the same. This is the reason that cost-insensitive classifiers have higher accuracy
and higher total misclassification cost. Cost-sensitive classifiers, on the other hand, try to
minimize total costs caused by misclassification, and some misclassification errors with low
costs are compromised to achieve this goal when training the classifiers. Thus, cost-sensitive
classifiers reduce total cost of classification, but have lower accuracy than cost-insensitive
classifiers.

As shown in Figure 1, the classifiers which achieved the highest accuracy and the lowest total
cost are LR and cost-sensitive LR, respectively. While the accuracy of cost-sensitive LR is 1.3%
lower than LR, cost-sensitive LR reduced 13.2% total cost, compared to LR.

Since the proposed cost matrix measured the real losses of creditors, the total cost is more
practical than the accuracy. In order to connect the classification results and business reality in
P? loaning, the average cost indicates how much money is lost in a loan, on average, due to
potential misclassification of credit grades when a classification algorithm is used. For example,
if standard LR is used to grade a loan, potential misclassification cost will cause 0.4% less
returns for creditors, comparing to 100% accurate classification. And this cost dropped to 0.3%
if cost-sensitive LR is used.

Applying cost-sensitive classifiers for credit rating is able to reduce losses effectively in P?
lending, which is measured by the cost matrix proposed in this paper. It also shows the need to
evaluate and develop more credit rating approaches with respect to minimizing financial losses
for P? lending platforms.

CONCLUSION AND RECOMMENDATION

Cost-sensitive classifiers try to minimize total costs measured by misclassification cost
matrixes. How to measure misclassification costs of different credit grades in P? loaning is a
useful but understudied issue. We first proposed a misclassification cost matrix for P? credit
grading that takes into account real losses and opportunity costs associated with P?loaning. A
set of equations were developed to calculate the costs in the misclassification cost matrix. Then
parameters were analyzed using the proposed equations and models from the perspective of
both cost-sensitive classification and business operations.

The results showed that standard classifiers have higher accuracy than cost-sensitive
counterparts, but the cost-sensitive classifiers significantly reduced the total costs, which is
essential for the survival and profitability of P? loaning platforms.
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The parameter LGD can be included in the future research together with the administrative
costs in the total cost. Since the administrative cost in P? loaning, comparing with traditional
bank loans, is insignificant, the reduced total cost calculated in the experiment may still be used
as a useful reference for P2P loaning platforms. Future research can also investigate how
changes in interest rates affect human behaviors on default and giving up a loan.
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