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1.

INTRODUCTION

Peer-to-Peer (P2P) lending platforms connect individual borrowers to lenders who compete through
a bidding process to invest outside of traditional financial institutions [Agrawal et al. 2014; Belleflamme et al. 2014; Mollick 2014]. Although such online financing is a relatively new phenomenon,
several studies have already investigated determinants of successful fundraising [Freedman and Jin
2008; Collier and Hampshire 2010; Etter et al. 2013; Marom and Sade 2013; Greenberg et al. 2013;
Althoff et al. 2014; Xu et al. 2014; Lu et al. 2014; Mollick 2014; Iyer et al. 2015; Colombo et al. 2015;
Agrawal et al. 2015; Ahlers et al. 2015; Horvát et al. 2015; Vismara 2016a; 2016b; Vulkan et al. 2016].
Understanding who will receive funding is a crucial component of the crowd financing model. Typically, lenders consider loan characteristics such as the requested amount, interest rate, and credit
score when making lending decisions. From their perspective, the key outcome is whether a borrower
pays the loan on time [Serrano-Cinca et al. 2015; Emekter et al. 2015; Iyer et al. 2015]. However,
determining whether a borrower will pay their loan on time is extremely hard, even for experienced
institutional lenders. Untrained individuals face additional information asymmetry compared to offline lenders because they have less access to factual information about borrowers’ credibility, such as
credit history, income, or employment. We, therefore, investigate whether the wisdom of the lending
crowd can help estimate the likelihood that a borrower will pay the loan years down the line, i.e.,
we study the long-term success of projects. To this end, we develop a set of simple features based on
the amount and timing of individual contributions. We then aggregate these features to describe the
lender crowd for a project. Finally, we train classification models with features that describe the loan,
borrower, and lending dynamics to investigate which factors are associated with the loan payment. Our
models predict with high accuracy loan payment from features that summarise lenders’ actions and
are thus determinants of long-term project success. Finally, we conclude by investigating the lending
dynamics features that make prediction possible and further investigate whether the lending crowd is
wiser in predicting the long-term success of certain project categories than others.
2.

PREDICTING LONG-TERM SUCCESS

We predict long-term success in 415,157 project listings created between November 2005 and October 2008 on Prosper.com, the oldest P2P lending marketplace in the US. Each listing contains a set
of features that describe attributes of the borrower, terms of the loan, and behaviour of the lenders
who contributed to the loan. A full description of these features is available from [Dambanemuya and
Horvát 2019]. Each listing’s long-term success is indicated by whether the borrower successfully paid
the loan (1) or not (0). We tackle this binary classification problem with a variety of learning methods:
Random Forests (RF) [Breiman 2001], Classification and Regression Trees (CART), Adaptive Boosting (ADB) [Freund and Schapire 1997], Logistic Regression (LR), Gaussian Naive Bayes (GNB), and
Quadratic Discriminant Analysis (QDA). We rely on Scikit-Learn’s Python API for method implementation [Pedregosa et al. 2011]. To perform out of sample tests, in all learning setups, we do 5-fold
cross-validation and report the classification accuracy, precision, recall, F1 score, and area under the
receiver operating characteristic curve (AUC). We also use 5-fold cross-validation for parameterisation.
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To compare the predictive performance of each feature, we use the Random Forest Variable Importance
(viRF) computed via Gini Importance [Breiman 2017]. Furthermore, to understand the factors associated with payment success for different loan categories, we run separate classification models and
feature importance evaluations within each individual category represented in the data.
3.

RESULTS

Using all features, we were able to predict loan payment with a random forest accuracy of 0.7147,
95% confidence interval: (0.7144, 0.7149), and AUC score of 0.707 (a random estimator would achieve
an AUC of 0.5). Table I shows the evaluation results for all six machine learning models. Our results,
obtained with different sets of features, are comparable to the current state-of-the-art model by Ceyhan
et al. [Ceyhan et al. 2011].
Table I. : Predicting payment of P2P loans from characteristics of the proposed project (loan features), the credit history of the
borrower (borrower features), and aggregate summaries of the timing and amount of contributions (lender features). Random
Forest classifier yielded the best estimation results with an AUC score of 0.707.
Model
QDA
CART
GNB
RF
LR
ADB

Accuracy
0.704
0.645
0.694
0.715
0.626
0.725

Precision
0.766
0.721
0.749
0.797
0.865
0.754

Recall
0.765
0.714
0.775
0.736
0.483
0.837

F-Score
0.766
0.718
0.762
0.765
0.620
0.793

AUC
0.682
0.620
0.665
0.707
0.677
0.685

Using the best performing model from the previous experiment, random forest, we compare the
predictive performance of lending dynamics, borrower, and loan features. Lending dynamics features
account for 38.6% of the predictive performance and therefore add significant value to the prediction of
loan payment. Using the random forest variable importance (viRF) measure to determine individual
feature importance scores, we further observe that lending dynamics features have relatively higher
viRF scores compared to most borrower features and other loan features such as credit grade, requested loan amount, and loan age. Average lender age and experience are among the most crucial
lending dynamics features, which means that the more time lenders spend participating on the platform and the more successful they are, the more they contribute to the group’s collective intelligence.
Lenders’ bid amount per second and the time between first and last bid are also indicative of successful loan payment. Indirectly linked to this speed of action is herding, which alongside the number of
contributions and the coefficient of variation, has medium importance among our set of features.
We also find that lenders demonstrate collective intelligence as lending dynamics features achieve
83.7% of the predictive power of all the indicators of long-term project success combined, which is consistent with the results of Iyer et al. [Iyer et al. 2015]. While a random forest estimator trained only on
loan and borrower features yielded an estimation accuracy of 0.7026, 95% confidence interval: (0.7024,
0.7029), adding lending dynamics features to the model slightly improved the prediction accuracy to
0.7147, 95% confidence interval: (0.7144, 0.7149). This gain in estimation accuracy is not negligible
given our sample size (25,000 listings). It suggests that lending decisions provide more than a simple
summation of loan and borrower information furnished through the platform. Additionally, lenders’
collective intelligence varies by loan category. We observe that the wisdom of the lending crowd is
most prominent in the auto loan category and is also statistically significant for all other categories
except student debt (see Figure 1, left). Finally, an analysis of the importance of lender features by
loan category shows that average lender experience is overall the most important. At the same time,
Collective Intelligence 2018.

Harnessing Collective Intelligence in P2P Lending

•

1:3

Fig. 1: Left: Model accuracy by feature group and project category. Lender features contribute significant gains in estimation accuracy indicative of collective intelligence beyond summarising loan and borrower information in all loan categories but student
debt. Right: Analysis of feature ranking by project category. Displayed are only the ranks for lending dynamics features. We observe no systematic ranking patterns among lending features which suggests that one can hardly reduce lender characteristics
to a single aspect of lender behaviour that is consistent across all loan categories.

the maximum bid amount is the least essential predictor for most loan categories. Note that the analysis in Figure 1 (right) contained all three groups of features, but we display only the ranks of lending
dynamics features relative to loan and borrower features. Aside of the consistent trends for average
lender experience and maximum bid amount, there are no systematic ranking patterns among the
other lending features. This suggests that one can hardly reduce lender characteristics to a single
aspect of lender behaviour that is consistent across all six loan categories.
4.

CONCLUSION

The tasks tackled by lenders on the examined platform are representative of the problems that arise in
a suite of other P2P platforms such as consumer-to-consumer e-commerce websites (eBay), as well as
task-service (TaskRabbit) and hospitality (AirBnB) platforms. By creating a framework that separates
domain-specific predictors of long-term success from generalisable indicators of collective intelligence,
the latter is expected to find use also beyond the context of crowd financing. Our contributions were
threefold. First, we provided new knowledge about signals deduced from lending behaviour that can
contribute to the efficiency of crowd financing in online marketplaces. Second, we added to the growing
literature on the wisdom of crowds by providing new insights about different expressions of collective
intelligence and potential ways to harvest it. Third, the proposed collective intelligence signals are
general and quickly transfer to various other crowd-sourcing settings. They are thus valuable in exploring contexts, where it is less straightforward to establish whether and how individuals delivered
on their tasks. We believe that a better understanding of lender determinants of long-term project
success promoted in this work will help improve the efficiency of capital allocation in P2P markets.
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