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Research article

Machine learning and artificial neural networks to construct P2P

lending credit-scoring model: A case using Lending Club data

An-Hsing Chang’, Li-Kai Yang®, Rua-Huan Tsaib® and Shih-Kuei Lin'*

Department of Money and Banking, National Chengchi University, Taiwan
Department of Investment and Trading, Cathay Life Insurance Co., Ltd., Taiwan
Department of Management Information Systems, National Chengeli University, Taiwan

Correspondence: Email: square@nccu edu tw

Abstract: In this study, we constructed the credit-scorng model of P2P loans by using several
machine learning and artificial neural network (ANN) methods, including logistic regression (LR),
a support vector machine, a decision tree, random forest, XGBoost, LightGBM and 2-layer neural
networks. This study explores several hyperparameter settings for each method by performing a grid
search and cross-validation to get the most suitable credit-scoring model in terms of tramning time
and test performance. In this study, we get and clean the open P2P loan data from Lending Club with
feature engineering concepts. In order to find significant default factors, we used an XGBoost
method to pre-train all data and get the feature importance. The 16 selected features can provide
economic implications for research about default prediction in P2P loans. Besides, the empincal
result shows that gradient-boosting decision tree methods, including XGBoost and LightGBM,
outperform ANN and LR. methods, which are commonly used for traditional credit scoring. Among
all of the methods, XGBoost performed the best.

Keywords: P2P lending: credit score; machine learning; artificial neural networks; feature engineering;
Lending Club

Version of Record: https://www.sciencedirect.com/science/article/pii/S0167268120300822
Manuscript_b2f7d0fal411298a49ad20ca353b4051

Important Factors Determining Fintech Loan Default:
Evidence from a LendingClub Consumer Platform

Christophe Croux'
EDHEC Business School
Julapa Jagtiani®
Federal Reserve Bank of Philadelphia
Tarunsai Korivi®
Amazon.com
Milos Vulanovic**
EDHEC Business School

January 27", 2020
Abstract

This study examines the default determinants of Fintech loans, utilizing a sample of more than
a million of personal loans that were originated through the LendingClub consumer platform
during the period 2007-2018. We identify a robust set of contractual loan characteristics,
borrower characteristics, and macroeconomic variables that are important in determining the
likelihood of default, such as loan maturity, homeownership, loan purposes, occupation, etc.
We also find an important role of alternative data in determining the default, even after
controlling for the obvious risk characteristics of the borrowers, loan characteristics, and the
local economic factors. The results are robust to different empirical approaches. Results imply
that it would be important for regulators to provide greater transparency in terms of guidance
and regulatory clarity on which alternative data can be used legally without violating fair
lending rules. Lenders need to pay closer attention to how they make decisions and understand
their own decisions that may be driven by complex algorithms inside the “black boxes.”

Keywords: Big data, Crowdfunding, Financial innovation, Household Finance, Lasso selection
methods, Machine learning, Peer to peer lending, P2P/marketplace lending
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