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EXECUTIVE SUMMARY 
 
Background 
Prosper.com is an online peer-to-peer lending system for borrowing money and investing in loans 
through an open and transparent auction model. Prosper.com borrowers create credit profiles 
containing information lenders can review before determining whether to invest or not in a 
borrower. Even with this information, one challenge Prosper.com lenders face is being able to 
predict which borrowers will default on loans. 
 
Goal 
The goal of this project is to assist with lending decisions by creating a model for Prosper.com 
lenders that will classify new listings as according to whether or not they are likely to default. 
 
Data 
To accomplish our goal we downloaded publicly available data from Prosper.com. The data 
gathered is a complete snapshot of all listings created on Prosper from November 2005 to January 
2010. The data includes information on listings, loans (listings which have become loans), group 
membership within Prosper.com and cross-referenced categories. After merging the files and 
filtering for completed loans there were 19,509 loan records and 39 predictors (categorical and 
numerical).  
 
After several exploratory studies and with the help of domain knowledge, the final predictor list was 
narrowed to the following predictors: Amount Requested, Borrower Max Rate, Borrower State, 
Listing Category, Credit Grade, Debt to Income Ratio, Description, Duration, Funding Option and 
Group Rating. 
 
Model Selection 
Models were developed using the following methods: Logistic Regression, K-Nearest Neighbors 
(KNN) and Classification Tree. We decided on a logistic regression model with 22 variables based 
on 10 predictors because it had close to the lowest default error rate (2.37%) and overall error rate 
(38.35%) for the test data. The KNN model also had a very low default error rate, but was more 
complicated than the logistic regression model and had a larger overall error rate. 
 
Recommendation 
For lenders looking for an in-depth and accurate model we recommend the logistic regression 
model. A lender can utilize the information produced from this model to create a subset of potential 
loan listings to bid on. However, it is important to note that while the classification tree’s default 
error performance was not ranked at the top it did have the best no default error rate. Also, for 
lenders looking for a simple and transparent model the classification tree is a viable option. 
However, in the end the final decision on which of these loans to bid on is left to the discretion of 
the lender. 
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TECHNICAL SUMMARY 
 
Goal 
The goal of this project is to create a model for Prosper.com lenders that classifies listing based on 
whether or not they are likely to default in order to assist with the lending decision process. 
 
Data Preparation 
We turned the “Status” variable into a binary response variable with “Default” and “No Default” as 
our 2 classes. However “Status” originally had 14 categories, so we had to determine how to bin the 
different statuses into either “Default” or “No Default.” Using our domain knowledge and research 
from Prosper.com we determined the following classification: Default = any loan that was late, 
defaulted, repurchased or charged-off; No Default = payoff in progress and paid. By classifying the 
statuses in this way we were conservatively classifying records and erring on the side of caution, 
which we felt was reasonable. Current and cancelled loans were omitted because we could not yet 
evaluate whether or not they have or would have defaulted, thus they could not be used in our 
model. After removing those records we ended up with 19,509 observations. 
 
Our initial cleanup consisted of deleting duplicate columns that were a result of the merging. We 
then deleted those predictors which would not be known at the start of the bidding process or had no 
meaning (i.e. unique ID keys). Next we searched for erroneous and missing values. We found two 
observations where typos were apparent and fixed them. Our remaining search resulted in five 
predictor columns that contained records with missing values. We used various methods to deal 
with these missing values. We chose to delete one of the predictors because we felt the missing 
information was captured in another variable. Thus this predictor added no additional value and it 
could be deleted. Upon further investigation we found that data for one of the predictors was not 
recorded until 2009 so we chose to delete that variable as well. Next we turned one of the predictors 
into a response/no response variable because we felt the missing responses may offer some insight. 
Lastly, we used our domain knowledge to impute missing values for two of the variables. 
 
Data Exploration 
We spent a significant amount of time exploring the remaining set of variables looking for relevant 
predictors. We used a combination of Spotfire and Excel for data exploration and visualization. A 
series of box plots, scatter plots and pivot tables were generated to explore the data. Some of the 
charts explored are shown in Appendix A. Those variables which did not exhibit any separation 
were eliminated. Our initial exploration revealed 11 predictors of significance. They are as follows:  
Amount Requested, Draft Fee, Borrower Max Rate, Borrower State, Listing Category, Credit 
Grade, Debt to Income Ratio, Description, Duration, Funding Option and Group Rating. Please see 
Appendix B for variable definitions. Since many of our variables were categorical we converted 
them into dummies. However this resulted in a large number of variables. So to further reduce this 
number we used pivot tables and Spotfire charts to look for classes within categories that had 
similar distributions. We then determined the appropriate number of bins for each category and in 
doing this we reduced our number of variables to 34. 
 
Model Creation & Selection 
We first partitioned the data into training (50%), validation (30%), and test (20%) datasets because 
some of the models we used (classification tree and KNN) used the validation set to optimize the 
initial model. Four different models were considered:  Discriminant Analysis (DA), Classification 
Tree, KNN and Logistic Regression however only three of the methods were run. We rejected DA 
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as a viable method for our predictions due to our numerical variable not being normally distributed 
(1 of the 2 assumptions that must be met to use DA). 
 
For all of our models we initially ran them with a cutoff of 0.5 and “Default” as the success class. 
However, since our goal is to find and properly classify loans that will default, we reduced the cut-
off from 0.5 to 0.2 in all our models. In doing so we were able to drastically improve the error rate 
for classifying a loan as "Default." Given that in the test data there is over $2.5M in loans predicted 
to not default at the 0.2 cutoff level, we still believe overall there is a sufficient amount of listings 
available to be invested in. 
 
K-Nearest Neighbor (KNN) 
We ran the KNN model using all 34 variables. Using the test data we arrived at a default error rate 
of approximately 2.27% and an overall error rate of 41.52%. Please see Appendix C for the results. 
 
Classification Tree 
We ran the classification tree using all 34 variables, however the best prune tree used “Borrower 
Max Rate” and “Amount Requested” as the predictors. Looking at the test data using the best 
pruned tree the default error rate was 7.16% and the overall error rate was 37.67%. Please see 
Appendix C for the results.  
 
Logistic Regression (LR) 
We first ran a logistic regression with 11 predictors and 34 input variables. Using stepwise 
regression in XL Miner we examined the best subsets. We chose a model with 22 variables because 
the Cp value was close to the number of variables and there was a fairly big jump in RSS value. The 
error rate for both models were similar, so in the interest of parsimony we felt the model with few 
variables was best. Using the test data from this model we arrived at a default error rate of 2.37% 
and an overall error rate of 38.35%. Please see Appendix C for the results. 
 
Model Selection 
We decided on a logistic regression model with 22 variables based on 10 predictors because it had 
close to the lowest default error rate (2.37%) and overall error rate (38.35%) for the test data. The 
KNN model also had a very low default error rate, but was more complicated than the logistic 
regression model and had a larger overall error rate. 
 
Recommendation 
While the classification tree did not yield the best error result rate for predicting those who will 
default it did yield the best error result rate (67.91%) for predicting those lenders who will not 
default as well as the best overall error rate (37.67%). Therefore this model is still a viable option. 
The tree is also useful to those lenders who are looking for a relatively simple, “off-the-shelf” 
predictor. The tree has a practical advantage in that it uses few variables and helps generate a 
transparent set of rules. Thus for those lenders considering a large number of candidates they could 
quickly classify those candidates using the tree. 
 
For lenders looking for a more in-depth and accurate model we recommend they use the logistic 
regression model to create a subset of potential loan listings to bid on. While the final decision on 
which of these loans to make a bid on is left to the lenders discretion these models should aid in 
increasing the lender’s return. 
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APPENDIX A – Data Exploration 
 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
APPENDIX B – Variables 
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APPENDIX C - Models 
 


