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Abstract
This study tries to identify the accuracy of individual investors' capability to predict a borrower’s creditworthiness in peer-to-peer lending markets and
examine whether their ability is likely to evolve over time. The results of this study show that there is no signi�cant difference between the predictive power
of investors' ex-ante funding decision model and that of the ex-post repayment model over a borrower’s repayment performance. Furthermore, the predictive
power of investors' ex-ante funding decision over a borrower’s repayment performance is shown to improve over time . It is also found that the main reason
why investors’ predictive power improve over time is because investors can assess more accurately the information provided by the platform operator and
describe the borrower's characteristics. The results of this study are important as they con�rm the possibility of optimizing and streamlining the P2P
lending market, through the evolution of investors’ decision making.

1. Introduction
Peer-to-peer (P2P) lending is one of the newly emerging e-commerce businesses in which investors and borrowers make loan transactions through an
online platform (D. Chen, Lai, & Lin, 2014; Wang, Greiner, & Aronson, 2009). Emerging in the mid-2000s, P2P lending is seen as an alternative to traditional
�nancing in the lending market. Unlike traditional �nancing, P2P lending can provide higher welfare for individual market participants by eliminating the
intermediary function of �nancial institutions. In other words, a borrower and an investor can make direct money transactions without the intervention of an
intermediary; instead of eliminating the transaction margin held by the intermediary in traditional �nancing, the borrower can take out loans at lower
interest rates, and the investors can pursue higher returns.

However, there are important prerequisites. In order for the eliminated brokerage margin of existing �nancing methods to be linked to minimizing the
borrowers’ costs and maximizing investors' pro�ts, the P2P lending system must have similar or higher e�ciency than traditional �nancial systems. For
this to be possible, the most important factor is the investors' credit assessment capability on the borrower. If the accuracy and e�ciency of individual
investors' credit assessments are signi�cantly inferior to those of existing �nancial systems, the credit risk that could be resolved in existing �nancial
institutions could lead to new costs, offsetting the possibility of greater savings from eliminating brokerage margins. In this case, the increase in the
welfare of individual participants, which is the advantage of P2P lending over traditional �nance, will no longer be valid. Thus, upgrading individual
investors' credit assessment capabilities in P2P lending is an important factor that should be secured, in order for P2P lending to grow as a competitive or
alternative means to traditional �nancing.

In particular, the e�ciency of P2P lending should be secured at a high level to make it a competitive alternative �nancing method, given that traditional
�nancing has long pursued cost optimization based on accumulated data, expertise, and experience. However, unlike traditional �nancing with a
professional credit rating system, it is di�cult for P2P lending to maximize the accuracy of credit evaluations, given that most investors are regular
individuals relatively lacking experience and expertise.

At present, individual investors’ decision-making in P2P lending markets and the assessment of their quality has been a matter of both practical and
theoretical interest. The investors’ decision-making is not that of individual investors, but an aggregated outcome of investor groups. That is, it means
collective decision-making. In the P2P lending market, each individual makes a bidding decision, but the actual availability of the loan is determined by the
collective results of these individual decisions (Freedman & Jin, 2017; Yum, Lee, & Chae, 2012). Therefore, it is important to focus on the collective decision-
making of investor groups, not individual investors’ decision-making, when evaluating funding decisions in P2P lending. Meanwhile, several studies have
shown that individual investors in the P2P lending markets still lack the ability to evaluate (Tao, Dong, & Lin, 2017; Zhu, 2018). The lack of collective credit
evaluation capabilities of investors can be a serious obstacle for P2P lending to grow as an alternative means of �nancing. However, its potential as an
alternative �nancial instrument could be high if the collective decision-making of investors were to improve as the market gradually matures in the future.
Therefore, it is a practical and academically important issue to ensure that investors’ collective decisions have room for improvement as market structures
evolve over time. In this respect, the study is the �rst to our knowledge to study this issue.

To do this, it is necessary to �rst identify the level of collective decision-making by investors. However, so far, while studies related to P2P lending have
raised the issue of individual investors’ lack of credit evaluation capabilities, there has been no further study on by how much they fall short. Identifying the
skill level of a group of inexperienced, non-professional investors to assess a borrower's creditworthiness is important in assessing whether the P2P lending
can serve as a competitive alternative market. In this respect, the study seeks to compare the ex-ante actual credit evaluation capabilities of investors
compared to ex-post optimal capabilities. Therefore, this study �rst presents the following research question.

Research question 1: How different is the predictive power on a borrower’s default of the individual investors' ex-ante funding decision model from that of
the ex-post repayment model?

After identifying suboptimal levels of investors’ ability to make collective funding decisions, this study’s primary research purpose is to determine whether
the quality of the decision can be improved as the market structure evolves over time. Therefore, we present a second research question as follows.

Research question 2: Do investors’ predictive powers improve as market structures evolve over time?

In addition, it will also be important to identify what the speci�c improvement factors are if investors’ collective decision-making evolves. To this end, the
study also seeks to further clarify what investor information is improving the judgment among the borrowers’ various information. The study also presents
the following research questions in relation to it.

Research question 3: If investors’ predictive power evolves, what is the reason for it?
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While the investors' ex-ante funding decision primarily determines whether the funding is approved or not, the fundamental criterion for investors’ decision-
making is whether or not the borrower will repay the money loaned on time (Duarte, Siegel, & Young, 2012; Greiner & Wang, 2010; Kgoroeadira, Burke, & Stel,
2019; Yoon, Li, & Feng, 2019). That is, the borrower’s creditworthiness plays a decisive role in the investor’s ex-ante funding decision-making. Although the
borrower’s ex-post repayment performance may not necessarily be consistent with his/her creditworthiness as it is determined by a combination of various
factors, it could still be the best proxy. Therefore, the closer the proximity of the borrower’s creditworthiness, evaluated in advance by investors at the
funding stage, to the borrower’s ex-post repayment result, the higher the predictive power over the borrower’s creditworthiness. From this perspective, the
better the investors’ ex-ante decision-making, which predicts the borrower’s ex-post repayment performance, the more the investors’ credit assessment
capabilities evolve. Therefore, it would be important to investigate how well investors' ex-ante funding decisions predict the resultant ex-post repayment
performance. In that respect, the study �rst seeks to identify the difference between the predictive power of investors' ex-ante funding decision model and
that of the ex-post repayment model on a borrower’s actual repayment result. Additionally, as mentioned earlier, in order for P2P lending to �rmly establish
itself as an alternative �nancing method that can compete with traditional �nancing, the investors' credit assessment capabilities need to be enhanced. To
this end, this study tries to con�rm the potential for the evolution of investors’ credit assessment capability, and identify the cause of such evolution, if it is
con�rmed.

This study theoretically contributes to prior studies by identifying the evolution of investors’ ex-ante collective decision-making and its detailed rationale for
the �rst time. In a practical perspective, this study emphasizes the platform operators’ role in developing the market through providing accurate information
and maintaining dynamic communication with investors.

2. Review Of Related Literature
In Figure 1, I have schematized and classi�ed existing studies on lending markets into subtopics to identify factors affecting a borrower’s repayment
performance or investors’ funding decision-making and developing predictive models on repayment performance. Traditionally, identifying factors (i.e., ex-
post determinants) affecting the borrower's repayment performance in the loan market is an important research topic. First, studies on repayment
performance determinants have been conducted mainly on the traditional loan markets such as banks and credit cards. These studies have identi�ed
various factors affecting a borrower’s loan default, including demographic information such as gender, age, education, credit-related information such as
debt-income ratio, annual income, credit score, and loan-related characteristics such as loan amount, interest rate, loan duration (Chiang, Chow, & Liu, 2002;
Crook & Banasik, 2004; Roberts & Sepulveda M, 1999; Steenackers & Goovaerts, 1989). Recently, this research has also been actively performed on P2P
lending. Some studies have identi�ed factors on repayment performance in the post-loan process and discovered new information through comparative
analysis with the ex-ante determinants on investors’ decision-making. Among these, several have compared and analyzed the effects of the diverse
characteristics of the borrower (Hu, Liu, He, & Ma, 2019; Tao et al., 2017), others highlighted particular features including gender (D. Chen, Li, & Lai, 2017; X.
Chen, Huang, & Ye, 2020), historical loan performance (Ding, Huanga, Li, & Meng, 2019), appearance (Duarte et al., 2012), social network (Freedman & Jin,
2017), university reputation (J. Li & Hu, 2019), residential district (J. Jiang, Liu, & Lu, 2019), friendship (Lin, Prabhala, & Viswanathan, 2013), race (Pope &
Sydnor, 2011), platform guarantee mechanism (Shi, Jin, & He, 2019; Zhu, 2018), lender-borrower communication (Xu & Chau, 2018), and loan pricing
structure (Wei & Lin, 2017).

Some studies further identify ex-post determinants and suggest predictive models of repayment performance for conventional loan markets. These studies
use traditional loan market data to test the predictive accuracy of existing credit rating models (Desai, Crook, & Overstreet Jr., 1996; Lee, Chiu, Chou, & Lu,
2006), to create loan assessment models (Lee, Chiu, Lu, & Chen, 2002; Malhotra & Malhotra, 2002), or to develop new models that predict the credit risk of
individual borrowers (Noh, Roh, & Han, 2005). Recently, published studies have also presented models that predict repayment performance with ex-post
determinants on P2P lending (Guo, Zhou, Luo, Liu, & Xiong, 2016; C. Jiang, Wang, Wang, & Ding, 2018; Z. Li, Li, Yao, & Wen, 2019; Ma, Zhao, Zhou, & Liu,
2018; Malekipirbazari & Aksakalli, 2015; Serrano-Cinca, Gutiérrez-Nieto, & López-Palacios, 2015).

Few studies have been conducted on factors that affect investors' decision-making at the loan funding stage for conventional loan markets. The investors
are generally single �nancial institutions, such as banks and credit card companies, not crowds. The practical need for such research was not signi�cant
because �nancial institutions could make their loan decision-making using the credit rating model based on their accumulated loan transaction data.
However, unlike the conventional loan market, the emerging P2P loan market has resulted in many investors participating. The platform operator retains the
borrower's information, weakening the investor's access to it. In this regard, studies on factors affecting loan funding have been actively carried out in
recent years.

The most actively studied P2P lending-related subject in academic research is the individual investors’ decision-making in the loan funding phase. Many
scholars have studied factors (i.e., ex-ante determinants) that affect investors’ decision-making in various ways. Several researchers have focused on
determining the impact of the overall factors (Cai, Lin, Xu, & Fu, 2016; X.-h. Chen, Jin, Zhang, & Yang, 2016; Feng, Fan, & Yoon, 2015; Kgoroeadira et al.,
2019). Others have focused on speci�c factors such as linguistic styles (Herzenstein, Sonenshein, & Dholakia, 2011; Kim, Maeng, & Cho, 2018; Larrimore,
Jiang, Larrimore, Markowitz, & Gorski, 2011), gender (Barasinska & Schafer, 2014), cultural and geographical differences (Burtch, Ghose, & Wattal, 2014),
trust in borrowers or intermediaries (D. Chen et al., 2014; Wan, Chen, & Shi, 2016), punctuation used in loan descriptions (X. Chen, Huang, & Ye, 2018),
appearance (Jin, Shang, & Ma, 2019), voluntary information (Han, Chen, Liu, Luo, & Fan, 2018; Michels, 2012), friendship (Liu, Brass, Lu, & Chen, 2015), and
herding behavior among investors (Herzenstein, Dholakia, & Andrews, 2011; Y. Jiang, Ho, Yan, & Tan, 2018; Kim, 2020; Luo & Lin, 2013; Yu, Dan, Ma, & Jin,
2018). The related literature is summarized in Table 1.

Previous studies related to predictions in P2P lending markets have focused on presenting an ex-post model that can be called an optimal decision model.
This is important because it could serve an optimal decision model for ordinary individual investors who lack experience and expertise in credit evaluation,
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presenting an instruction that can be referenced in future funding decisions. However, it is no less important to assess how accurately the ex-ante model,
which is a realistic suboptimal decision model for investor groups, predicts the actual ex-post repayment results. This is because it can give the investors
an opportunity to access to what degree their collective decision-making capability is inferior to the optimal case. This study includes all three
aforementioned topics, and further attempts to present a predictive model based on ex-ante determinants, and compare and analyze how much this
predictive model predicts repayment performance over ex-post predictive models. This study is intended to contribute to existing studies as it attempts to
determine whether investors' ex-ante funding decision model evolves over time and, if so, identify the reasons why.

3. Theoretical Background And Hypothesis Development
3.1. Bounded Rationality

According to the �ndings of the previous studies, there is a gap between the factors investors consider in their funding decision-making and those that
affect actual repayment results of borrowers to some extent. X. Chen et al. (2020)  revealed that while female borrowers outperform male borrowers in
repayment performance in the Chinese P2P lending market, investors hardly re�ect this difference in their funding decisions. Additionally, Freedman and Jin
(2017) argued that investors do not fully understand the relationship between the borrower’s social ties and his/her creditworthiness and found that
although the repayment performance of the borrower with social ties is inferior to that of the borrower without ties, investors tend to prefer them more in
their funding decisions. These differences can be explained by the theory of bounded rationality. In P2P lending, as the platform operator has the authority
to determine the scope of the information disclosed, investors must make funding decisions with limited accessibility to borrowers’ information. Therefore,
although they try to make decisions with the best sense of rationality, the decisions are likely to be inferior to the predictive power of the model based on the
ex-post repayment performance. Based on such logical development, this study presents the following hypothesis to answer research question 1.

Hypothesis 1: The predictive power of the ex-ante funding model for the borrower’s actual repayment performance will be inferior to that of the ex-post
repayment model.

3.2. Law of Effect

Bounded rationality-based investors’ funding decisions can be improved through the process of cumulative trial and error experience. Particularly,
psychologist Thorndike has presented the law of effect, one of the most representative principles of learning (Thorndike, 1913). According to the law,
people engage in behaviors that have desirable consequences and avoid behaviors that result in undesirable consequences. Therefore, the important
outcome of a behavior is the information it provides about behavioral consequences. That is, if speci�c decision-making produces a satisfying result in a
particular situation, and it becomes more likely to recur in the future, decision-makings that result in unpleasant outcomes are less likely to recur. Based on
the law of effect to P2P lending, investors' funding decisions can be changed to increase the predictive power on borrowers’ repayment performance by
using consistent repayment results to modify each predictor's judgment. Based on this logical �ow, this study suggests the hypothesis of research question
2 as follows.

Hypothesis 2: The predictive power of investors' funding decision-making on the borrower’s repayment performance will improve over time.

Borrower information available to investors on the P2P lending platform can be classi�ed into three types: platform-generated, loan-describing, and
borrower-attributed. In previous studies, borrower information was divided into two types of loan-describing and borrower-attributed (Herzenstein, Andrews,
Dholakia, & Lyandres, 2008). However, unlike other platforms, in Moneyauction and Popfunding, the credit factors, which were classi�ed as borrower-
attributed information in previous studies, are generated internally and not by being provided from external credit agencies. In this regard, they are classi�ed
separately as the platform-generated information in this study. Among them, for the platform-generated information, which are the internally-evaluated
credit factors, and the loan-describing information covering loan amount, interest rate, duration, and others, investors’ judgment can be straightforward.
This is because the information's empirical or logical relationships with a borrower’s repayment performance are relatively well established. The higher the
credit score, the smaller the loan amount, the lower the loan interest rate, and the shorter the loan duration, the better the borrower's repayment
performance. However, investors’ judgment of borrower-attributed information is unclear compared to the two types of information discussed. In other
words, the relationship between the borrower-attributed information, such as gender, age, marital status, region, and occupation with his/her repayment
performance is often not statistically signi�cant or varies depending on the circumstances. Given the nature of this information, part of the greater
in�uence of the law of effect on investors’ decision-making may be borrower-attributed information rather than platform-generated or loan-describing
information. The cumulative trial and error experience is likely to show more tangibly decisional improvement on the borrower-attributed information, which
is relatively unclear in the tendency of judgment. Therefore, this study presents the following hypothesis regarding research question 3.

Hypothesis 3-1: The contribution to the predictive power of borrower-attributed information will improve over time.

Hypothesis 3-2: The predictive power based on borrower-attributed information improves more than the predictive power based on platform-generated or
loan describing information.

4. Data And Methodology
4.1. Data

The data used in the study is extracted from Korea's oldest market-leading platforms, Moneyauction and Popfunding, through web-scrapping methods.
Since the two platforms dominated the Korean P2P lending market for a considerable period of time, the transactions on these platforms represent the
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market situation and is also superior in terms of data availability compared to other platforms. Therefore, the study uses data from the two platforms for
the analysis. Depending on the type of analysis, dependent variables include dichotomous variables such as funding and repayment results. The
dependent variable Funding, which represents funding status, is set to 1 if 100% of the funding has been achieved and 0 otherwise. Similarly, the dependent
variable Repayment, which represents repayment status, is 1 when the borrower has repaid 100% of the principal and interest due, and 0 otherwise.
Explanatory variables include platform-generated information (credit score, credit rating, repayment quality), loan-describing information (amount, interest
rate, period, and etc.), and borrower-attributed information (gender, age, marital status and etc.). As different types and numbers of available information
vary by platform, we try to clarify the structure of research datasets. For each platform, the variables used for analysis and their descriptions are listed in
Table 2. 

Moneyauction data used in the analysis consists of 34,961 funding data and 4,384 repayment data as of the end of November 2016. For each analysis, the
above funding data were reclassi�ed into three categories: full period, former period, and latter period. The reason for subsetting the full period into the
former and latter periods is to compare the change in predictive power over time and to investigate whether the collective decision-making of investors
improves with changes in market structure. According to the primary objective of this study, the analysis using the full period data was named Model I. The
full period data was divided into two subsequent datasets: before and after 2011, which was roughly the median year based on the dataset. This is
because 2011 was a time when there was a big change in the Korean P2P lending market. Previously, Moneyauction had a monopoly in the market, but it
later changed to the more competitive structure of an oligopolistic system with the entry of a second player, namely Popfunding. This market change
created a more diverse pool of investors than before. Therefore, this is likely to be an appropriate reference point to investigate whether collective decision-
making by investor groups evolves over time. The related analyses were named Models I-1 and I-2. Accordingly, there are 34,961 data used in Model I, and
16,178 and 18,783 data used in Model I-1 and Model I-2, respectively. For the repayment data, the number of data used in Model II, which is the analysis of
the full period, is 4,384. For each analysis, the descriptive statistics of the data are shown in Table 3 below.

Popfunding data used in the analysis was taken from January 2011 until the end of December 2019, with 10,794 funding cases and 1,186 repayment
cases. The timeframe for analysis based on time changes was around 2014. In 2014, the Korean P2P lending market began to change signi�cantly once
again as a number of new second-generation platforms entered the market following the entry of Moneyauction and Popfunding. As platform diversity
increased and the market grew, the pool of investors began to expand in earnest. Thus, similar to 2011, it is considered an appropriate reference point to
determine whether collective decisions by investor groups evolve over time by comparing the time points before and after 2011. Similar to Moneyauction,
the funding data was classi�ed into three types: full period, former period, and latter period. Model III, the analysis using full period data, contains 10,794
cases. Model III-1 containing the former data, and Model III-2 containing the latter data, divided according to the year 2014, contain 7,671 and 3,123 cases,
respectively. Model IV, the analysis of repayment, used a total of 1,186 cases. For each analysis, the descriptive statistics of the data are described in Table
4.

4.2. Methodology

This study �rst adopts a logit equation using stepwise logistic regressions to establish the optimal model for each analysis described. The structure of the
empirical equation is as follows: 

Here the dependent variable Yi is a binary variable equal to 1 if the loans are successfully funded (in case of funding) or the loans are successfully repaid
(in case of repayment) and 0 otherwise. The explanatory variables are represented as Xi, with their details described in Table 2. The time intervals of the
data used in this study are just under 10 years: from 2007 to 2016 for Moneyauction and from 2011 to 2019 for Popfunding. Therefore, the dependent
variables, funding and repayment results, are likely to be affected by macro factors in addition to the explanatory variables. In addition, consideration of the
time element is important because the primary purpose of this study is to investigate whether the collective decision-making of investors improves as the
market structure evolves over time. Therefore, it should not be excluded from the possibility that macro factors as well as the characteristic elements of a
borrower will affect the change in collective decision-making over time. To this end, as in several prior studies (Freedman & Jin, 2017; Yoon et al., 2019),
macro factors such as the unemployment rate, banks’ average interest rate for unsecured loan, stock market index, and exchange rate were added as
control variables. εi is the random disturbance term. Eq. (1) is estimated using logistic regression, widely employed to predict binary dependent variables
and constructed via the logit transformation (Jaeger, 2008). For each model applied to this study, the composition of the variables is as shown in Table 5.

Stepwise selection with backward elimination of predictors from the full predictor model was applied to �nd each model's most suitable speci�cation. That
is, from a full model including all explanatory variables (i.e., 18 variables for Moneyauction and 21 variables for Popfunding), every variable with a p-value
higher than 0.1 was excluded starting with the variable with the highest p-value. The stepwise selection method effectively develops predictive functions
because when other independent variables exist in the regression equation, only variables that in�uence the dependent variables are included in the
equation (Lemon, Roy, Clark, Friedmann, & Rakowski, 2003). The model with the lowest AIC (Akaike Information Criterion) value was selected (Christensen,
2006). Next, we adopted relative weight analyses to determine the relative importance of explanatory variables for each model (Tonidandel & LeBreton,
2015; Tonidandel, LeBreton, & Johnson, 2009). A cross validation method was then used to determine how much the predictability for a borrower’s actual
repayment result of the ex-ante model, the investors' funding decision model (Models I and III, for Moneyauction and Popfunding, respectively), differed
from that of the ex-post repayment model (Models II and IV, for Moneyauction and Popfunding, respectively). For the ex-ante models, the predictive model
was developed using the funding data, and the consequent prediction was made using the repayment data. For each model, the resulting estimates were
classi�ed into one of the dichotomous predicted results of normal or default, based on a cut-off value of 0.5, creating a confusion matrix comparing actual



Page 6/20

and predicted repayment results. The prediction accuracy was then calculated in average proportion of corrected predictions of all estimates using the
values in the confusion matrix. 

A total of ten predictions were made for each model, with �rst the funding data divided into �ve, then each subgroup again divided into two groups, one
being used as a training data to set the model, and the other being used to validate the optimal cut-off value of the prediction. The actual repayment data
was then used to make predictions to obtain the results. The above process was repeated once more for each subgroup by switching the training data and
the validation data to make an alternative prediction. This created two predictions for each of the �ve subgroups, and ten were made overall. This is a
variant of the 5x2 cross validation presented by Dietterich (1998). For the ex-post model, the prediction was made by applying the original Dieterich's 5x2
cross validation method. After dividing the repayment data into �ve subgroups, one subgroup was designated as test data for actual prediction and the
other four subgroups were each divided into two again. Of the two further subgroups, one was used as training data for model setup and the other as a
validation data for �nding the optimal cut-off value for the prediction. Then, the training and validation data were switched to make another prediction for
the same test data. These �ve changes resulted in two predictions for each dataset, resulting in ten predictions. The above cross validation method is
schematic in Figure 2.

To ensure that the resulting predictions from the ex-ante predictive models and ex-post models for each platform showed signi�cant differences, a paired t-
test and a Wilcoxon signed rank test (Wilcoxon, Katti, & Wilcox, 1970) were performed. For both tests, we set the same null hypothesis (H0) as the mean of
the two sample groups. In addition, a Shapiro-Wilk normality test (H0: normality exists) was performed to verify the normality of the distribution of
prediction accuracy values (Shapiro & Wilk, 1965).

Next, in the analyses comparing the prediction accuracies with time changes, to determine whether investors’ funding decision is evolving for each
platform, the predictive accuracies of the ex-ante model divided on a time basis (i.e., Models I-1, I-2 for Moneyauciton and Models III-1, III-2 for Popfunding)
were calculated and compared using the modi�ed Dieterich 5x2 cross validation method.

Finally, to �nd the causes of possible differences in the prediction accuracies of ex-ante models in each platform, this study compared the differences in
prediction accuracy and which type of explanatory variables is considered or not. For this, the types of explanatory variables are divided into three:
platform-generated, loan-describing, and borrower-attributed. The platform-generated variables refer to information that the platform operator has
evaluated in order to assess the borrower's creditworthiness on his own, including the Score variable for Moneyauction, and the Rating and Quality variables
for Popfunding. The loan-describing variables refer to the information provided by the borrower during the load application process, including the Amount,
Rate, Duration, Purpose, and Text. Other details about the borrower are grouped into the borrower-attributed variables. 

In the case of Moneyauction, models without the platform-generated variables are Models I-1-1 and I-2-1, depending on time changes, and models without
the loan-describing variables are Models I-1-2 and I-2-2. Models without the borrower-attributed variables are Models I-1-3 and I-2-3. Similarly, for
Popfunding, models without the platform-generating variables are Models III-1-1 and III-2-1, and models without the loan-describing variables are Models III-
1-2 and III-2-2. Models without the borrower-attributed variables are Models III-1-3 and III-2-3. All analyses were performed using the statistical package R
(version 3.6.3). 

5. Results
5.1. How different is the individual investors’ predictive power on a borrower’s default ex-ante funding decision model from that of the ex-post repayment
model?

Table 6 shows the optimal ex-ante and ex-post models for each platform, selected through the stepwise logistic regression method. First, the AUC (Area
Under the Curve) values, which proxy in-sample classi�cation accuracies for Models I and II, are 0.837 and 0.713, respectively. This can be generally
assessed as moderate and good classi�cation power, respectively (Metz, 1978; Sweets, 1988). Model I distinguishes investors' funding decisions well with
the AUC value of 0.837, and Model II distinguishes the borrower's repayment results to a moderate level with the AUC value of 0.713. However, a closer look
at each predictor shows a difference in its effect between the investors' funding decision and the borrower's repayment performance. For the Score variable,
the result of the self-assessment of the borrowers' creditworthiness by the Moneyauction operator and its effect on the investors' ex-ante funding decision
is found to be statistically signi�cant, and has high relative importance of 27.5%. However, it has not had a signi�cant impact on the ex-post repayment
result. While the collective relative importance of loan-describing variables (Amount, Rate, Duration, Purpose, and Text) is 56.1% for the investors’ ex-ante
funding decision, it is just 34.5% for ex-post repayment performance. In particular, rate is the variable found to affect the ex-ante funding decision and ex-
post repayment performance in opposite ways. This means that while investors prefer higher-interest loans in funding decision, lower-interest loans
actually show better repayment performance. In addition, among the borrower-attributed variables, the Residence and Failure, also have opposite effects on
the ex-ante funding decision and ex-post repayment performance.

Next, as seen in Models III and IV, for Popfunding, the classi�cation accuracy of each model is higher than Moneyauction. The AUC value for Model III is
0.945, rated excellently by general criteria, and the AUC value for Model IV is also good at 0.863. However, in the case of Popfunding, there is also a
difference in the explanatory variables that make up the ex-ante model and ex-post model, as in Moneyauction. Especially, for the borrower-attributed
variables, far fewer factors affect the ex-post repayment performance than the investors’ ex-ante decision-making. Given that there have been similar
�ndings in several existing studies(Hu et al., 2019; J. Jiang et al., 2019), this study con�rms again that there are differences between factors considered by
investors at the ex-ante funding decision stage and factors affecting the actual ex-post repayment results.
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The differences between the ex-ante and ex-post models make it possible to speculate that investors may not be able to properly predict the borrower's
repayment performance at the funding decision stage. To con�rm this, the results of an out-of-sample prediction with cross-veri�cation of the method
described in Figure 2 are provided in Table 7.

The Shapiro-Wilk test con�rms that the distribution of both sample groups is normal. Accordingly, a pair of t-tests is conducted to check if the difference in
the mean between the two groups is signi�cant, resulting in the prediction accuracy of Models I and II being different at a 95% con�dence level. However,
Wilcoxon signed rank test results show no difference at the 95% con�dence level. Even Models III and IV are found to have no difference in prediction
accuracy at a 95% con�dence level. Therefore, the out-of-sample predictive power of the ex-ante and ex-post models for each platform is found to have
minimal differences. This is a rather surprising result considering that the previous analyses show the differences in the composition of the explanatory
variables and their relative importance to each model. In conclusion, although the two models differ in the composition of the explanatory variables and
their relative importance, their accuracy of predicting repayment performance is found not to have signi�cant differences. Hypothesis 1 is therefore partially
supported as summarized in Table 8.

5.2. Does the investors' predictive power evolve over time?

Table 9 shows the changes seen in the ex-ante model with over time for each platform. The in-sample classi�cation accuracies for Moneyacution are
considered good for Models I-1 and I-2, with AUC values of 0.803 and 0.861, respectively; in contrast, Popfunding’s is considered excellent, at AUC values at
0.961 and 0.918, for Models III-1 and III-2, respectively. When comparing Models I-1 and I-2, there are variables in which the relative importance or the
directional orientation affecting the investor's decision making has changed signi�cantly. In addition, the composition of the variables that have a
signi�cant impact on the investors' decision-making is also different. Speci�cally, the relative importance of Amount increases signi�cantly over time, while
that of Score, Rate, Text, Success, and Insurance decrease. The variables Purpose, Residence, and Work years have changed the direction of the impact on
funding success. For Purpose, the probability of funding success for repayment purposes is higher than other purposes as seen in Model I-1, but loan
applications for the purpose of repayment have a rather lower probability of funding success as seen in Model I-2. For Residence, the funding success
probability of the borrower of one’s own house is higher in Model I-1, while in Model I-2, the funding success probability of the borrower of a rental house is
higher. In the case of the Work years, the shorter the working period, the higher the probability of funding success a borrower has as shown in Model I-1; in
contrast to the results in Model I-2, which shows that the longer the working period, the higher the probability of funding success. In addition, the
composition of the explanatory variables that are signi�cant to the models has also changed. In Model I-1, while the Cohabitants variable is signi�cant, and
the Marriage variable is not, the exact opposite is found in Model I-2.

Similar changes are identi�ed in Popfunding. In Model III-2, compared to Model III-1, the relative importance of the variables Quality and Past loans
increase, while that of Rate and Income decrease. For Quality, even the direction of the effect on the dependent variable, goes opposite ways in the two
models. It is found in Model III-1 that borrowers with poorer past repayment performance have a higher funding probability, while in Model III-2, borrowers
with better past repayment performance have a higher funding probability instead. In the case of Income, the funding probability is higher for those with
lower incomes in Model III-1; however, it is the opposite in Model III-2. There is also a difference in the composition of signi�cant explanatory variables. In
Model III-1, Region, Resistance, and O�ce are signi�cant variables, but in Model III-2, these variables become less signi�cant and instead the Gender,
Cohabitants, Home, and Credit events are the more signi�cant variables.

As time goes by, this study identi�es differences in the relative importance and directional effect of variables, and the type of variables that make up the ex-
ante models for each platform. If that is the case, will these change in a way that increases the out-of-sample predictive power of the model? To answer
this, the results of the comparative analyses of predictive power are given in Table 10.

Since the Shapiro-Wilk test con�rms that all sample groups exhibit normal distribution, the difference in prediction accuracy between each group is
determined by through a paired t-test. Even if the normal distribution assumption is not satis�ed, the Wilcoxon signed rank test also shows similar results to
the paired t-test. The prediction accuracies of Models I-1 and I-2 are different at a 99.9% con�dence level, although both are likely to be poor levels. Thus,
the prediction accuracy of Model I-2 is shown to be 1.2%p higher than that of Model I-1. The prediction accuracies of Models III-1 and III-2 are moderate and
good levels, and it they are also different at a 99.9% con�dence level. The predictive accuracy of Model III-2 is found to be 6.2%p higher than that of Model
III-1. These con�rm that, as outlined in Table 11, the predictive power of investors’ ex-ante funding decision model for both platforms evolves over time. In
conclusion, Hypothesis 2 has been veri�ed.

5.3. If the investors’ predictive power does evolve, what is the reason for it?

Table 12 shows the differences in predictive power when explanatory variables by type (platform-generated, loan-describing, and, borrower-attributed) are
included and excluded from the Moneyauction model. Model I-1 and its derivatives (Models I-1-1, I-1-2, and I-1-3) are for the ex-ante model in former period,
and Model I-2 and its derivatives (Models I-2-1, I-2-2, and I-2-3) are for the ex-ante model in the latter period. First, results show that in the former period, the
predictive power is signi�cantly lower when the platform-generated variables are included (i.e., Model I-1), than when they are excluded (i.e., Model I-1-1). On
the other hand, for the latter period, the predictive power of the model when the platform-generated variables are included (i.e., Model I-2) is signi�cantly
higher compared to when they are included (i.e., Model I-2-1). This means that in the early days, the Score, a platform-generated variable, contributed to
improving the investors' ex-ante predictive power, but over time, it is undermining it. Next, it is shown in both the former and latter periods that even though
loan-describing variables are relatively the most important to the investors' ex-ante model, the predictive accuracy of the ex-ante model is relatively intact
whether that type of variable exists or not, compared to the cases of other types of variables. However, both periods show that the predictive accuracy drops
by 3.3p% and 4.2%p, for the former period and the latter period, respectively, when borrower-attributed variables are omitted from the model, resulting in a
relatively signi�cant decrease in investors’ ex-ante predictive power. Therefore, the borrower-attributed variables have the greatest impact on the investors'
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ex-ante predictive power over the other two types of variables, particularly in latter period. In conclusion, it is possible that the reason why the investors'
prediction accuracy has improved over time on Moneyauction is due to more accurate judgments made about the information.

Table 13 shows the effects of the variables by type on the investors’ ex-ante predictive power in Popfunding. For platform-generated and borrower-
attributed variables in the former period, the predictive power increases by 1.5%p and 2.3%p respectively, when the variables are excluded (as shown on
Models III-1-1 and III-1-3 respectively), compared to when they are included (Model III-1). This means that in the former period, investors are inaccurately
assessing the effects of the platform-generated and borrower-attributed variables. On the other hand, in the latter period, when the variables are excluded,
as shown on Models III-2-1 and III-2-3, the predictive power is lower by 6.8%p and 0.8%p, respectively, compared to when they are not excluded (Model III-2).
Thus, over time, it can be seen that investors are more accurately considering the platform-generated and borrower-attributed information in making ex-ante
funding decisions.

In the latter period, the prediction accuracies are found not to have signi�cant differences when the loan-describing variables are considered (Model III-2)
and when they are not (Model III-2-2). Therefore, it can be said that the loan-describing information do not signi�cantly contribute to improving the
investors’ ex-ante predictive power. In conclusion, it is possible that the reason why the investors’ ex-ante decision-making increases the predictability of
repayment performance over time in Popfunding, is due to the investors being able to more accurately evaluate the platform-generated and borrower-
attributed information. The investors’ proper understanding of the impact of the information provided by the platform operator about a borrower’s
creditworthiness, highly contributes to the improved prediction accuracy. Therefore, Hypothesis 3.1 is supported in both cases of Moneyauction and
Popfunding. In Hypothesis 3.2, it is supported in Moneyauction, but not in Popfunding. This is because in Popfunding, the improvement of the predictive
power by platform-generated information is greater than that by borrower-attributed information.

Table 14 summarizes the detailed rationale that improves the predictive power of investors' ex-ante decision on a borrower’s repayment performance over
time in Moneyauction and Popfunding.

6. Discussion
In summary, the results show that there is no signi�cant difference between the predictive power of the investors' ex-ante funding decision over a borrower’s
repayment performance, and that of the ex-post repayment model. Second, the results show that the predictive power of investors' ex-ante funding decision
over a borrower’s repayment performance improves over time. Finally, although the detailed rationales may vary between platforms, the results show that
the reason why investors’ predictive power improves over time is mainly the investors accessing more accurately the borrower’s information and
characteristics provided by the platform operator. It also shows that the effect of loan-describing information on improving investors’ predictive power is
likely to be relatively limited.

Based on these results, there are several issues to be considered. First, the information provided by the platform operator plays a very important role in the
investors’ ex-ante prediction over the actual repayment results. Moneyauction investors have relatively lower ex-ante prediction accuracy than Popfunding
investors, most likely because of the accuracy of the information provided by the platform operator. Table 6 shows in detail how investors consider the
Score variable that is provided by the Moneyauction operator. It has an average relative importance of 27.5% in their ex-ante funding decision, even though
it does not play a signi�cant role in the ex-post model. This means that while the Score variable does not signi�cantly affect a borrower’s actual repayment
performance, investors are likely miscalculating its importance. Similarly, in Table 6, the Rating and Quality variables which are information provided by the
Popfunding operator, are proven to play an important role in the ex-post model, with a relative importance of 61.8%. Investors are found to consider this
with a relative importance of 42.2% in their ex-ante funding decision. This difference is estimated to have signi�cantly affected the investors’ ex-ante
predictive power on both platforms. In Tables 6 and 7, Moneyauction investors have an ex-ante predictive power of only 62.0%, a poor level of accuracy,
while Popfunding investors are at 76.5%, a relatively good level of accuracy. Therefore, to increase the predictability of investors' ex-ante funding decision in
a P2P loan market, it very important for platform operators to make accurate credit assessments of borrowers. Consequently, the role of the platform
operator's information analysis and delivery needs to be more emphasized in P2P lending.

In addition, the platform operator needs to continuously update its own credit rating system as the empirical loan transaction data gradually accumulates.
We can reference Table 12, which shows the results of the Moneyauction analysis. Initially, when considering the information provided by the platform
operator, the predictive power of the investors' ex-ante funding decision improves. However, when it comes to the latter period, it rather has an adverse
effect of worsening the predictive power. It has been argued in previous papers that there may be problems with the accuracy of the platform's self-
assessed credit rating model (Tao et al., 2017; Zhu, 2018). On the other hand, Table 13 shows that the case of Popfunding is the opposite of Moneyauction.
In the beginning, information provided by the platform operator undermined the investors' ex-ante predictive power, but over time it has contributed to
signi�cantly improving the investors’ predictive power. As such, it has been proven that the effectiveness of the platform's credit rating system will change
over time, and it is important for the platform operator to continuously update the initial credit rating model based on accumulated empirical data.

This study con�rms the possibility that the prediction accuracy of investors' ex-ante funding decision over a borrower’s repayment performance can be
improved over time. For example, in Table 9, the Moneyauction investors have made adjustments to lower the relative importance of the Score variables,
information that is provided by the platform, over time. This may be because they gradually realized the inaccuracy of the Score variables. In the case of
Popfunding, investors initially considered the Quality variable, information that is generated by the platform, as opposed to the actual directional effect it
had on actual repayment performance. They also considered it being less important. However, they are observed to have improved judgement, identifying
the proper direction and recognizing its importance gradually. In the introduction, the researcher pointed out that cost-effectiveness must be achieved for
the P2P lending system to be �rmly established as an alternative for traditional �nancing. Thus, to this end, it is most important to improve the investors'
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accuracy of judgement. From this point of view, as investors' judgment is actually improving, the P2P lending system can gradually become an alternative
to traditional �nancing by further strengthening its theoretical advantages in the near future.

On the contrary, it is also partially observed that the investors' ex-ante decision-making is inaccurate for certain types of information. In Table 9,
Moneyauction investors tend to prefer rental borrowers over self-owned borrowers over time in ex-ante funding decision. This re�ects the opposite effect of
the Residence variable on actual repayment performance. This phenomenon is also seen in the Purpose variable. Investors gradually prefer borrowers who
apply for loans for other purposes than for repayment of existing loans, but in reality, borrowers with the purpose of repaying existing loans are found to
have better repayment performance. It is not much different in Popfunding either. At the borrower's income level, it has been proven that the repayment
performance of low-income borrowers is actually better, but over time, investors have shifted their ex-ante funding decision to favor high-income borrowers.
As such, investors' decisions may change over time to improve the accuracy of their predictions for certain information, while on the contrary, the accuracy
of their decisions for other information may deteriorate. In this respect, to improve the quality of the investors’ decision making, it will be important for
platform operators make a constant effort to analyze their accumulated empirical data and give feedback and communicate with investors.

7. Conclusion
7.1. Implication

This study theoretically contributes to existing studies by examining the predictive power of investors' ex-ante decision-making model over the borrower’s
ex-post repayment performance model, which has not been covered by P2P lending related studies yet. It is also meaningful in that the evolution of
investors’ ex-ante decision-making and its detailed rationale are �rst identi�ed in this paper. This study con�rms the possibility of optimizing and
streamlining the P2P lending market through the evolution of investors’ decision making, thus giving hope to the sustainable development of the market as
an alternative �nancing method in the near future. In addition, this study has gone a step further from simply con�rming that the investors' ex-ante
decision-making model differs from the actual ex-post repayment model. It also presents a rather unexpected result of �nding no signi�cant difference
between the two models in terms of predictive performance, despite the differences in each of their predictor composition.

In a practical perspective, this study rea�rms the results of several previous studies that show how the platform's credit assessment capabilities may be
inaccurate. Through this, the need for platform operators to continually re�ne and update their information analysis and its delivery to investors is
highlighted. It empirically con�rms for the �rst time that if the platform provides inaccurate information, the predictive power of investors' ex-ante decision-
making could deteriorate signi�cantly. Another contribution of this study is that, based on empirical evidence, it emphasizes the platform operators’ role in
developing the market through providing accurate information and maintaining dynamic communication with investors.

7.2. Limitations

This study analyzes how investors' decision-making evolves by classifying the explanatory variables by type of information (platform-generated, loan-
describing, and borrower-attributed information). However, as there may certain limitations in analyzing the detailed cause of the evolutionary change, this
topic deserves to the subject of future research.

In addition, it seems necessary to consider not only the micro factors covered in this study but also the macro factors that cause the overall P2P lending
market change. In Korea, the P2P lending market �rst emerged in 2007, not too late compared to the UK, where the market was �rst developed. Since then, it
had plateaued for some time, but market conditions have changed rapidly with the emergence of many platforms around 2014. In fact, the two platforms,
Moneyauction and Popfunding, which are the subjects of this study, also showed signi�cant changes in transaction volume and number of loan listings
around that time. In this regard, macro factors may have also affected the evolution of investors’ ex-ante funding decision. There is a need for further
research on these factors to gain a more thorough understanding on the evolutionary change of investors’ decision-making over time.

This study proves that investors' decision-making evolves. However, the results of this study alone may not indicate whether this evolution is only attributed
to the improved capabilities of existing investors, or because investors with inferior capabilities are kicked out of the platform and replaced with new
investors with superior capabilities. Therefore, further studies that take into account the characteristics of investors, such as their investment experience,
could make the outcomes of this study more valuable.

Additionally, all cases except 100%-funded listings were uniformly regarded as unfunded, even if the bidding rates varied from 0% to 100%. Although we
treated the dependent variables as two-dimensional categorical variables owing to the data limitation, we would have had more detailed results by
identifying them as continuous variables.
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Category Literature Featured determinants or results
Theme 1: Determinants of ex-post repayment performance
Traditional

lending
Chiang et al. (2002), Crook and Banasik

(2004), Roberts and Sepulveda M
(1999), Steenackers and Goovaerts (1989)

Demographic information (e.g., gender, age, education), credit-related information (e.g., debt-
income ratio, annual income, credit score), and loan-related characteristics (e.g., loan amount,

interest rate, loan duration)
P2P

lending
Hu et al. (2019), Tao et al. (2017) Diverse characteristics of a borrower

D. Chen et al. (2017), X. Chen et al. (2020) Gender
Ding et al. (2019) Historical loan performance

Duarte et al. (2012) Appearance
Freedman and Jin (2017) Social network

J. Li and Hu (2019) University reputation
J. Jiang et al. (2019) Residential district

Lin et al. (2013) Friendship
Pope and Sydnor (2011) Race

Shi et al. (2019), Zhu (2018) Platform guarantee mechanism
Xu and Chau (2018) Lender-borrower communication
Wei and Lin (2017) Loan pricing structure

Theme 2: Prediction of ex-post repayment performance
Traditional

lending
Desai et al. (1996), Lee et al. (2006) Test the predictive accuracy of existing credit rating models

Lee et al. (2002), Malhotra and Malhotra (2002) Create loan assessment models
Noh et al. (2005) Develop new models that predict the credit risk of individual borrowers

P2P
lending

Guo et al. (2016), C. Jiang et al. (2018), Z. Li et al.
(2019)

Ma et al. (2018), Malekipirbazari and Aksakalli
(2015), Serrano-Cinca et al. (2015)

Present models that predict repayment performance with ex-post determinants

Theme 3: Determinants of ex-ante funding decision-making
P2P

lending
Cai et al. (2016), X.-h. Chen et al. (2016), Feng et al.

(2015), Kgoroeadira et al. (2019)
Overall factors including a borrower’s demographic characteristics, loan terms, credit and financial

information
Herzenstein, Sonenshein, et al. (2011), Kim et al.

(2018), Larrimore et al. (2011)
Linguistic styles

Barasinska and Schafer (2014) Gender
Burtch et al. (2014) Cultural and geographical differences

D. Chen et al. (2014), Wan et al. (2016) Trust in borrowers or intermediaries
X. Chen et al. (2018) Punctuation used in loan descriptions

Jin et al. (2019) Appearance
Han et al. (2018), Michels (2012) Voluntary information

Liu et al. (2015) Friendship
Herzenstein, Dholakia, et al. (2011), Y. Jiang et al.
(2018), Kim (2020), Luo and Lin (2013), Yu et al.

(2018)

Herding behavior

 

 

Table 2. Variables
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Variables Explanations MoneyauctionPopfunding
Dependent variables  
Funding

1. Funding status (1=Success, 0=Failure)
O O

Repayment
1. Repayment status (1=Repaid, 0=Default)

O O

Explanatory variables  
Platform-generated Score

1. Internal credit score ranging from 0 to 600
O  

Rating
1. Number of monthly ordinary repayment

  O

Quality
1. Repayment quality (2=A, 1=B, 0=C, -1=D)

  O

Loan-describing Amount
1. Loan amount by the ten KRW

O O

Rate
1. Loan interest rate

O O

Duration
1. Loan maturity on a monthly basis

O O

Purpose
1. Loan purpose (1=Refinancing, 0=Others)

O O

Text
1. The number of characters in loan description

O O

Borrower-attributed Gender
1. Gender (1=Man, 0=Woman)

O O

Age
1. Age

O O

Marriage
1. Marital status (1=Married, 0=Not married)

O O

Region
1. Residential area (1=Metropolitan, 0=Local)

O O

Cohabitants
1. Number of people living together

O O

Residence
1. Residence condition (1=Own, 0=Rental)

O O

Grade
1. External credit grade ranging from 1 to 10

O  

Success
1. Number of previous funding successes

O  

Failure
1. Number of previous defaults

O  

Work years
1. Number of years a borrower has worked

O  

Insurance
1. Social insurance status (1=Insured, 0=Uninsured)

O  

Mobile
1. Verification of mobile number (1=Yes, 0=No)

  O

Home
1. Verification of home number (1=Yes, 0=No)

  O

Office
1. Verification of office number (1=Yes, 0=No)

  O

Job
1. Job quality (1=Permanent, 0=Temporary)

  O

Income
1. Monthly income by the ten KRW

  O

Past loans
1. Number of previous loans on Popfunding

  O

Credit events
1. Special credit history (1=Have, 0=Do not have)

  O

Vehicle
1. Vehicle ownership (1=Have, 0=Do not have)

  O

Control variables
Unemployment rate

1. Quarterly unemployment rate in Korea
O O

Bank loan interest rate
1. Monthly average interest rate of unsecured personal loan of banks in Korea

O O

KOSFI
1. Daily composite stock price index in Korea

O O

FX (USD/KRW)
1. Daily USD/KRW exchange rate in KRW 

O O

 

 

Table 3. Descriptive statistics for Moneyauction
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Variables Model I Model I-1 Model I-2 Model II
N Max Min Mean S.E. N Max Min Mean S.E. N Max Min Mean S.E. N Max Min Mean S.E.

Dependent variables
Funding 34961 1 0 0.258 0.438 16178 1 0 0.198 0.398 18783 1 0 0.311 0.463          
 - Success 9030         3197         5833                  
 - Failure 25931         12981         12950                  
Repayment                               4384 1 0 0.6540.476
 - Repaid                               2868        
 - Default                               1516        
Explanatory variables
Platform-
generated

Score 34961 485 -105 203.7 0.424 16178 430 -95 179.7 0.627 18783 485 -105 224.4 0.531 4384 485 -75 254.21.031

Loan-
describing

Amount (10,000
KRW)

34961 50000 2 596.2 3.349 16178 2500 100 577.5 3.828 18783 50000 2 612.4 5.287 43845000 100 477.84.930

Rate (%) 34961 0.42 0.2 0.284 4.3e-4 16178 0.42 0.02 0.318 0.001 18783 0.36 0.03 0.255 4.9e-4 4384 0.40 0.050.3040.001
Duration (months) 34961 60 2 20.75 0.038 16178 60 6 21.26 0.066 18783 36 2 20.31 0.041 4384 36 6 20.140.102
Purpose 34961 1 0 0.300 0.002 16178 1 0 0.394 0.004 18783 1 0 0.220 0.003 4384 1 0 0.3140.007
 - Refinancing 10500         6370         4130         1375        
 - Others 24461         9808         14653         3009        
Text 34961 15626 0 502.7 2.336 16178 6524 0 514.1 3.544 18783 15626 0 493.0 3.094 43845720 0 642.27.713

Borrower-
attributed

Gender 34961 1 0 0.670 0.003 16178 1 0 0.657 0.004 18783 1 0 0.682 0.003 4384 1 0 0.6710.007
 - Man 23439         10636         12803         2941        
 - Woman 11522         5542         5980         1443        
Age 34961 82 22 38.18 0.039 16178 82 27 39.24 0.054 18783 74 22 37.27 0.055 4384 68 24 39.130.096
Marriage 34961 1 0 0.371 0.003 16178 1 0 0.348 0.004 18783 1 0 0.390 0.004 4384 1 0 0.3910.007
 - Married 12960         5626         7334         1713        
 - Not married 22001         10552         11449         2671        
Region 34961 1 0 0.482 0.003 16178 1 0 0.541 0.004 18783 1 0 0.431 0.004 4384 1 0 0.5730.007
 - Metropolitan 16842         8746         8096         2512        
 - Local 18119         7432         10687         1872        
Cohabitants 34961 18 0 2.288 0.009 16178 12 0 2.234 0.013 18783 18 0 2.333 0.012 4384 8 0 2.2600.023
Residence 34961 1 0 0.047 0.003 16178 1 0 0.473 0.004 18783 1 0 0.466 0.004 4384 1 0 0.4520.008
 - Own 16416         7657         8759         1981        
 - Rental 18545         8521         10024         2403        
Grade 34961 10 1 7.546 0.008 16178 10 1 7.965 0.013 18783 10 1 7.184 0.009 4384 10 1 7.1070.023
Success 34961 10 0 0.127 0.003 16178 5 0 0.064 0.003 18783 10 0 0.181 0.005 4384 9 0 0.4220.014
Failure 34961 2 0 0.014 0.001 16178 2 0 0.018 0.001 18783 2 0 0.010 0.001 4384 2 0 0.0260.003
Work years 34961 40.9 0 2.001 0.019 16178 40.9 0 2.242 0.029 18783 40.1 0 1.794 0.025 4384 40.9 0 2.3440.055
Insurance 34961 1 0 0.480 0.003 16178 1 0 0.432 0.004 18783 1 0 0.522 0.004 4384 1 0 0.6060.007
 - Insured 16792         6984         9808         2655        
 - Uninsured 18169         9194         8975         1729        

                                     

 

 

Table 4. Descriptive statistics for Popfunding



Page 16/20

Variables Model I Model I-1 Model I-2 Model II
N Max Min Mean S.E. N Max Min Mean S.E. N Max Min Mean S.E. N Max Min Mean S.E.

Dependent variables
Funding 10794 1 0 0.110 0.312 7671 1 0 0.092 0.289 3123 1 0 0.1760.381          
 - Success 1186         783         403                  
 - Failure 9608         6888         2720                  
Repayment                               1186 1 0 0.7250.446
 - Repaid                               861        
 - Default                               325        
Explanatory variables
Platform-generated Rating 10794 127 0 8.368 0.210 7671 127 0 5.664 0.200 3123 127 0 15.010.512 1186 127 0 44.570.969

Quality 10794 2 -2 0.085 0.007 7671 2 -2 0.039 0.007 3123 2 -2 0.1980.016 1186 2 -2 0.6470.043
Loan-describing Amount (10,000 KRW) 10794 1000 100 243.6 0.847 7671 1000 100 251.8 0.888 3123 1000 100 223.31.907 11861000 100 243.64.198

Rate (%) 10794 0.30 0.05 0.274 4.3e-4 7671 0.30 0.050.2874.5e-4 3123 0.25 0.050.2430.001 1186 0.30 0.150.2780.001
Duration (months) 10794 36 2 16.54 0.059 7671 24 6 16.71 0.069 3123 36 2 16.150.109 1186 36 2 14.970.177
Purpose 10794 1 0 0.255 0.004 7671 1 0 0.266 0.005 3123 1 0 0.2300.008 1186 1 0 0.2410.012
 - Refinancing 2757         2039         718         286        
 - Others 8037         5632         2405         900        
Text 10794 5971 0 655.6 5.455 7671 5971 0 648.6 6.405 3123 5155 0 672.610.39 11865285 0 1061 20.05

Borrower-attributed Gender 10794 1 0 0.551 0.005 7671 1 0 0.541 0.006 3123 1 0 0.5770.009 1186 1 0 0.5080.015
 - Man 5951         4148         1803         602        
 - Woman 4843         3523         1320         584        
Age 10794 84 21 42.52 0.079 7671 77 21 42.72 0.093 3123 84 21 42.020.145 1186 76 23 43.690.220
Marriage 10794 1 0 0.494 0.005 7671 1 0 0.516 0.006 3123 1 0 0.4410.009 1186 1 0 0.5400.014
 - Married 5337         3961         1376         641        
 - Not married 5457         3710         1747         545        
Region 10794 1 0 0.537 0.005 7671 1 0 0.545 0.006 3123 1 0 0.5180.009 1186 1 0 0.5210.015
 - Metropolitan 5798         4180         1618         618        
 - Local 4996         3491         1505         568        
Cohabitants 10794 9 0 2.282 0.016 7671 9 0 2.317 0.019 3123 9 0 2.1950.029 1186 9 0 2.3630.046
Residence 10794 1 0 0.266 0.004 7671 1 0 0.261 0.005 3123 1 0 0.2780.008 1186 1 0 0.2350.012
 - Own 2871         2002         869         279        
 - Rental 7923         5669         2254         907        
Mobile 10794 1 0 0.724 0.004 7671 1 0 0.700 0.005 3123 1 0 0.7820.007 1186 1 0 0.8020.012
 - Verified 7816         5373         2443         951        
 - Unverified 2978         2298         680         235        
Home 10794 1 0 0.376 0.005 7671 1 0 0.432 0.006 3123 1 0 0.2390.008 1186 1 0 0.3390.014
 - Verified 4058         3312         746         402        
 - Unverified 6736         4359         2377         784        
Office 10794 1 0 0.698 0.004 7671 1 0 0.749 0.005 3123 1 0 0.5710.009 1186 1 0 0.6820.014
 - Verified 7529         5746         1783         809        
 - Unverified 3265         1925         1340         377        
Job 10794 1 0 0.484 0.005 7671 1 0 0.439 0.006 3123 1 0 0.5930.009 1186 1 0 0.5050.015
 - Permanent 5224         3371         1853         599        
 - Temporary 5570         4300         1270         587        
Income (10,000 KRW) 10794 25000 0 300.0 4.481 7671 25000 0 291.5 5.233 312312500 0 320.78.627 11862000 0 287.84.627
Past loans 10794 13 0 0.630 0.016 7671 12 0 0.438 0.015 3123 13 0 1.1020.039 1186 13 0 2.9880.078
Credit events 10794 1 0 0.432 0.005 7671 1 0 0.426 0.006 3123 1 0 0.4480.009 1186 1 0 0.6050.014
 - Have 4666         3267         1399         717        
 - Do not have 6128         4404         1724         469        
Vehicle 10794 1 0 0.442 0.005 7671 1 0 0.444 0.006 3123 1 0 0.4360.009 1186 1 0 0.4070.014
 - Have 4769         3408         1361         483        
 - Do not have 6025         4263         1762         703        

                             

 

 

Table 5. Variable composition by models
Models Dependent variables Explanatory variables

I, I-1, I-2, III, III-1, III-2 Funding  Platform-generated, Loan-describing, Borrower-attributed
II, II-1, II-2, IV, IV-1, IV-2 Repayment Platform-generated, Loan-describing, Borrower-attributed
I-1-1, I-2-1, III-1-1, III-2-1 Funding Loan-describing, Borrower-attributed
I-1-2, I-2-2, III-1-2, III-2-2 Funding Platform-generated, Borrower-attributed
I-1-3, I-2-3, III-1-3, III-2-3 Funding Platform-generated, Loan-describing

 

 

Table 6. Comparisons of ex-ante and ex-post logistic models
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Variables Model I Model II Model III Model IV
β RW β RW β RW β RW

Platform-generated Score 0.014 **0.275               
Rating           0.117 **0.367  0.047 **0.255 
Quality           0.048* 0.055  0.731 **0.363 

Loan-describing Amount -0.002 **0.380 -0.001 **0.064  -0.004 **0.051  -0.003 **0.036 
Rate 11.320 **0.125 -7.288 **0.090  7.113 **0.017  26.157 **0.082 
Duration -0.026 **0.039 -0.054 **0.154  -0.099 **0.113  -0.092 **0.044 
Purpose      0.447 **0.035  -0.285 **0.004  -0.271   0.003 
Text 0.001 **0.017 0.000   0.002  0.000 **0.094      

Borrower-attributed Gender -0.097 **0.000 -0.152 * 0.006           
Age -0.001 **0.003               
Marriage           0.301 **0.003  0.295 **0.003 
Region 0.253 **0.003 0.264 **0.023  -0.070   0.001  -0.071   0.001 
Cohabitants -0.003 **0.001 -0.038   0.005           
Residence -0.011   0.000 0.294 **0.020  -0.163 **0.003      
Grade -0.238 **0.054 -0.170 **0.100           
Success 0.706 **0.072 0.317 **0.104           
Failure 0.508 **0.003 -2.970 **0.322           
Work years      0.051 **0.038           
Insurance 0.352**0.023 0.349 **0.033           
Mobile           0.441 **0.012  0.501 * 0.024 
Home           -0.075* 0.002      
Office                    
Job           0.127 **0.001      
Income           -0.001 **0.025  -0.002 **0.023 
Past Loans           -0.693 **0.220  -0.143   0.136 
Credit events           0.165 **0.018  0.343 * 0.025 
Vehicle           -0.284 **0.007  0.263   0.002 

Unemployment rate -0.483**0.001      -0.273** 0.002     
Bank loan interest rate 0.061**0.003 0.232** 0.005 0.093** 0.005 0.371** 0.008
KOSFI 0.002**0.000      0.000** 0.000     
FX (USD/KRW) 0.000**0.000      0.000** 0.000     
(Intercept) -8.452**   3.954**   -7.671**   -3.711**  
N 34961 4384 10794 1186
AUC
Pseudo-R2

LR χ2

0.837
0.361

9811.53**

0.713
0.171

571.34**

0.945
0.507

3235.17**

0.863
0.437

427.61**

Note: β and RW stands for the regression coefficient and relative weight, respectively.
** and * indicate statistical significance at the 1% and 5% levels, respectively. 

 

 

Table 7. Tests on the difference in prediction accuracy between ex-ante and ex-post models
PredictionObs.Prediction accuracyShapiro-Wilk test Paired t-test Wilcoxon signed rank test

Mean Variance W p-value df t-statisticsp-value W p-value
Model I 10 0.620 4.736e-6 0.899 0.204 9 -2.533 0.032 25 0.064
Model II 10 0.639 4.171e-4 0.935 0.415
Model III 10 0.765 2.671e-5 0.929 0.423 9 -1.703 0.123 25 0.064
Model IV 10 0.774 2.273e-4 0.903 0.204

 

 

Table 8. Summary of the differences in prediction accuracy between ex-ante and ex-post models
Prediction Average prediction accuracy Difference

Ex-ante model Ex-post model  Results
Models I vs. II 62.0% 63.9% + 1.9%p*

Models III vs. IV 76.5% 77.4% + 0.9%p

Note: ** and * indicate statistical significance at the 1% and 5% levels, respectively. 
 

Table 9. Comparisons of ex-ante logistic models over time
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Variables Model I-1 Model I-2 Model III-1 Model III-2
β RW β RW β RW β RW

Platform-generated Score 0.015 **0.250  0.016 **0.205           
Rating           0.167 **0.321  0.079 **0.332 
Quality           -0.278 **0.020  0.361 **0.120 

Loan-describing Amount -0.001 **0.213  -0.003 **0.459  -0.004 **0.050  -0.003 **0.037 
Rate 9.415 **0.208  14.140 **0.169  21.857 **0.144  7.155 **0.046 
Duration -0.026 **0.038  -0.041 **0.037  -0.090 **0.094  -0.113 **0.102 
Purpose 0.277**0.008  -0.066 **0.011  -0.361 **0.007  -0.183 **0.001 
Text 0.001 **0.074  0.000 **0.004  0.000 **0.098  0.000 **0.064 

Borrower-attributed Gender -0.187 **0.004  -0.011   0.000       -0.135* 0.007 
Age 0.002   0.002  0.003 **0.002           
Marriage      -0.084 **0.002           
Region 0.118 **0.004  0.356 **0.005  -0.131 * 0.001      
Cohabitants -0.047 **0.003            -0.033  0.001 
Residence 0.003 * 0.000  -0.082** 0.000 -0.335 **0.010      
Grade -0.186 **0.045  -0.407 **0.041           
Success 1.013 **0.097  0.608 **0.048           
Failure 0.550 **0.009  0.142 **0.000           
Work years -0.029 **0.006  0.023 **0.003           
Insurance 0.416 **0.038  0.253 **0.009           
Mobile           0.207 **0.001  0.675 **0.024 
Home                -0.126   0.001 
Office           0.295 **0.001      
Job           0.009 **0.002  0.170 **0.001 
Income           -0.001 **0.059  0.000 **0.016 
Past Loans           -1.150 **0.168  -0.331 **0.226 
Credit events                0.187 ** 0.013
Vehicle           -0.432 **0.014      

Unemployment rate -0.565** 0.001 -0.389** 0.002 -0.173** 0.002 -0.315** 0.002
Bank loan interest rate 0.050* 0.000 0.446** 0.003 0.081** 0.001 0.097** 0.003
KOSFI 0.000** 0.000 0.005** 0.000      0.000** 0.000
FX (USD/KRW) -0.002** 0.000 0.014** 0.000          
(Intercept) -1.732**   -2.889**   -9.130**   -4.187**  
N 16178 18783 7671 3123
AUC
Pseudo-R2

LR χ2

0.803
0.285

3179.12**

0.861
0.457

7315.71**

0.961
0.544

2132.61**

0.918
0.489

1143.41**

Note: β and RW stands for the regression coefficient and relative weight, respectively.
** and * indicate statistical significance at the 1% and 5% levels, respectively. 

Table 10. Tests on the difference in prediction accuracies of ex-ante models over time
Prediction Obs.Prediction accuracyShapiro-Wilk test Paired t-test Wilcoxon signed rank test

Mean Variance W p-value df t-statisticsp-value W p-value
Model I-1 10 0.624 2.053e-5 0.922 0.382 9 -6.114 0.000 1 0.000
Model I-2 10 0.636 6.112e-6 0.932 0.465

Model III-1 10 0.759 1.243e-4 0.944 0.602 9 -11.563 0.000 0 0.000
Model III-2 10 0.821 7.056e-5 0.965 0.840

 

 

Table 11. Summary of the results of prediction accuracy change over time
Prediction Average prediction accuracy Difference

Former ex-ante model Latter ex-ante model  Results
Model I 62.4% 63.6% + 1.2%p**

Model III 75.9% 82.1% + 6.2%p**

Note: ** and * indicate statistical significance at the 1% and 5% levels, respectively. 
 

 

Table 12. The effects of types of variables on prediction accuracy on Moneyauction
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  Model 
I-1

Model 
I-1-1

Model 
I-1-2

Model
I-1-3

Model
I-2

Model
I-2-1

Model
I-2-2

Model
I-2-3

Type of variables Platform-generated   X       X    
Loan-describing     X       X  

Borrower-attributed       X       X
Prediction accuracy Obs. 10 10 10 10 10 10 10 10

Mean 0.624 0.607 0.618 0.591 0.636 0.642 0.629 0.594
Variance 2.053e-5 2.867e-57.993e-54.615e-5 6.112e-6 1.564e-53.285e-51.754e-5

Mean difference Reference -0.017** -0.006* -0.033** Reference 0.006** -0.007** -0.042**

Note: ** and * indicate statistical significance at the 1% and 5% levels, respectively. 

 

 

Table 13. The effects of types of variables on prediction accuracy on Popfunding
  Model 

III-1
Model 
III-1-1

Model 
III-1-2

Model
III-1-3

Model
III-2

Model
III-2-1

Model
III-2-2

Model
III-2-3

Type of variables Platform-generated   X       X    
Loan-describing     X       X  

Borrower-attributed       X       X
Prediction accuracy Obs. 10 10 10 10 10 10 10 10

Mean 0.759 0.774 0.724 0.782 0.821 0.753 0.816 0.813
Variance 1.243e-4 2.196e-53.467e-44.564e-4 7.056e-5 1.465e-41.195e-46.997e-5

Mean difference Reference 0.015** -0.035** 0.023** Reference -0.068** -0.005 -0.008**

Note: ** and * indicate statistical significance at the 1% and 5% levels, respectively. 

 

 

Table 14. Summary of the results of prediction accuracy change over time by type of variables
Prediction Type of variables Former ex-ante model Latter ex-ante model  Results

Model I Platform-generated 1.7%p ↑ → 0.9%p ↓ Deteriorated
Loan-describing 0.6%p ↑ → 0.7%p ↑ No significant change

Borrower-attributed 3.3%p ↑ → 4.2%p ↑ Enhanced
Model III Platform-generated 1.5%p ↓ → 6.8%p ↑ Enhanced

Loan-describing 3.5%p ↑ → ··· No significant change
Borrower-attributed 2.3%p ↓ → 0.8%p ↑ Enhanced

Figures

Figure 1

Theoretical contributions of this study
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Figure 2

Cross validation methods for measuring prediction accuracy of models


