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Abstract

Loan lending plays an important role in our everyday life and powerfully pro-
motes the growth of consumption and the economy. Loan default has been
unavoidable, which carries a great risk and may even end up in a financial
crisis. Therefore, it is particularly important to identify whether a candidate
is eligible for receiving a loan. In this paper, we apply Random Forest and
XGBoost algorithms to train the prediction model and compare their perfor-
mance in prediction accuracy. In the feature engineering part, we use the va-
riance threshold method and Variance Inflation Factor method to filter out
unimportant features, and then we input those selected features into Random
Forest and XGBoost models. It turns out that Random Forest and XGBoost
show little difference in the accuracy of their predictions since both get high
accuracy of around 0.9 in the loan default cases.
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1. Introduction

Loan lending plays an important role in our everyday life and powerfully pro-
motes the growth of consumption and the economy [1]. Taking a loan has been
inevitable for people since individuals around the world depend on loans to over-
come financial constraints to achieve their personal goals, and organizations rely
on loans to expand their production [2]. In most cases, loan lending is beneficial
to both the borrowers and the lenders. However, loan default is still unavoidable,
which carries a great risk and may even end up in a financial crisis. Therefore, it
is particularly important to identify whether a candidate is eligible for receiving
aloan.

In the past, the evaluation primarily depended on manual review, which was
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time-consuming and labor-intensive [3]. Recently, banks have opted for ma-
chine learning approaches to automatically predict the loan default since it can
highly enhance the accuracy and the efficiency of the prediction. On the one
hand, banks can collect a massive amount of transaction data due to the prosper-
ity of online shopping and mobile payments. On the other hand, machine learn-
ing models are rapidly evolving and have successful applications in various fields,
motivating the bank industry to use them to predict loan default. Researchers
have found that Random Forest performed better than other models such as lo-
gistic regression, decision trees, and support vector machines in some loan
lending cases [4]. We will also apply XGBoost to predict the loan default to make
a comprehensive comparation since XGBoost is one of the most advanced me-
thods for machine learning that has been developed in recent years [5].

In this paper, based on the loan default data provided by Imperial College
London, we predict whether a loan will default, as well as the loss incurred if it
does default. We choose Random Forest and XGBooost to build the prediction
model and decide which one performs better.

The rest of this paper is organized as follows. Section 2 describes the characte-
ristics of the raw data and shows the methodology of this paper, including fea-
ture engineering and introductions of Random Forest and XGBooost. In Section
3 we show the experiment process of applying models and evaluate the results.
Finally, we draw our conclusion and discuss the potential applications of our out-

comes in Section 4.

2. Literature Review

At present, researchers generally use machine learning methods to predict loan
defaults, including Logistic Regression, Decision Trees, Random Forest, XGBoost,
and other advanced techniques.

The main advantages of Logistic Regression lie in its simple understanding,
sturdy performance, and easy implementation [6]. Logistic Regression naturally
outperforms Linear Regression in predicting the probability of loan default since
its outcome contains a continuous range of grades between 0 and 1, which re-
presents the likelihood of an event occurring [7]. Han used Logistic Regression
and Cox proportional hazard algorithm to predict student loan default, whose
findings indicated that the main affected factors that led to student loan default
lie in age, household income, monthly repayable amount, and the college major.
The Logistic Regression model that they developed gained an AUC of 0.697 for
the test data, which showed the accuracy and robustness of LR [8].

Decision Trees generates a structure like a tree by classifying the instances and
using recursive portioning algorithm [7]. Each leaf node represents a class label
and branches present the outcomes for the test, which are represented by inter-
nal nodes for an attribute [9]. In order to predicting the businesses’ past due in
service accounts, Wang developed models using Logistic Regression and Deci-

sion Trees in SAS and compared their results. It turned out that Decision Trees
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outperformed Logistic Regression when there were small amount of attributes in
a large enough sample [10].

Random Forest runs by constructing multiple decision trees while training and
outputting the class that is the mode of the classes output by individual trees,
which outperformed single decision trees [11]. Malekipirbazari and Aksakalli built
a Random Forest based classification model to identify high-quality peer-to-peer
borrowers. They compared the different machine learning techniques and found
out that the Random Forest based model performed significantly better than the
FICO credit scores [4].

XGBoost has been shown to achieve state-of-art results on many machine learn-
ing tasks. It is an improvement of Gradient Boosting algorithm and a decision
tree based on the gradient boosting algorithm. Li constructed an XGBoost-based
model to predict peer-to-peer loan default and compare its outcome with Logis-
tic Regression and Decision Trees. The results indicated that the accuracy of the
XGBoost-based model achieved 97.705%, which fitted the actual results better
[12].

3. Experiment

The framework of our experiment process is shown in Figure 1.

3.1. Data Processing

First, we take a quick look at the whole data. The dataset provided by Imperial
College London includes 105,471 records and 771 columns, containing customers’
ids, 778 features, and the loss of the record. The detailed description is shown in
Table 1.

Next, we clean the NAs in the dataset. There are 525 columns containing NAs.

When dealing with the numeric columns, we fill those NAs with the average of

Data Cleaning
Data Cleaning

the columns.

Data Processing

'

Feature Engineering

|

Model Training

'

Testing Data

Figure 1. The framework of our experiment.
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Table 1. The detailed description of the dataset, including the columns and the data types.

Columns Description
id The ids of customers. Float type.
F1,F2, ..., F778 Different features of the customer behaviors. Numeric types.

The loss incurred. Float type.

Loss Note: If the record does default, the number shows the severity of the

loss that result. If there is no default, the number is 0.

3.2. Feature Engineering

Feature selection aims to drop those redundant columns which contain little use-
ful information and reduce the number of input features when developing an ef-
fective model.

First, we use the variance threshold method to quickly filter out those columns
whose variance equals 0, since those columns do not contain useful information
for classification. After applying the variance threshold method, we get 760 col-
umns left.

Second, we apply Variance Inflation Factor method to reduce multicollineari-
ty. Multicollinearity inflates unnecessarily the standard errors of the coefficients,
and increased standard errors indicates that the coefficients of some features might
be close to 0, which will make some features insignificant when they should be
significant. A useful way to measure multicollinearity is Variance Inflation Fac-
tor (VIF). If no features are correlated, the VIF will be 1. If the VIF is greater than
10, it shows that the regression coefficients are poorly estimated due to multicol-
linearity [13]. In this paper, we remove all those features whose VIF is greater
than 10.

After filtering features by the variance threshold method and the VIF, we have

419 columns left.

3.3. Model Training & Testing Data

In this paper, we apply Random Forest and XGBoost algorithms to train the
model and compare their performance in prediction accuracy. Empirical studies
show that the best results are obtained if we use 20% - 30% of the data for test-
ing, and the remaining 70% - 80% of the data for training [14]. Thus, we sepa-
rate the dataset randomly into 2 parts. The first part is the training dataset, which
contains 80% data, and the remaining 20% of data belong to the testing dataset.
We use the training dataset to train the model and use the testing dataset to eva-

luate the efficiency of the model.

3.3.1. Random Forest
Random Forest is a decision tree based supervised learning algorithm, which im-
plements the classification by constructing multiple decision trees. The metric

we choose for splitting attributes in decision trees is the Gini index. For a candi-
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date split attribute X,, denote possible levels as Z,,L,,-,L,, the Gini Index is
calculated as [15]:

G(X,)= ipr(x, =1,)(1-Pr(X, = 1,)) S1-Ype(x,=1,)

j=1

The steps of Random Forest algorithm is explained as follows.

1) Start with the selection of random samples.

2) Construct a decision tree for every sample, and get the result from every de-
cision tree.

3) Perform voting for every result.

4) Select the most voted result as the final prediction result.

Random Forest has its own predominance. On the one hand, it costs relatively
little time on a large dataset. On the other hand, it performs well for estimating
missing data, which makes the accuracy of the prediction model robust even when
a large amount of data is missing.

In this paper, we use Random Forest Classifier from the sklearn package in
python to build the model.

3.3.2. XGBoost
XGBoost is also a decision tree based algorithm and is an improvement of the
gradient boost algorithm. The steps of Random Forest algorithm is explained as
follows.

1) First, we input the training set {(xl.,yl. )} , a loss function L(y,F(x)) , weak
learners M and a learning rate a.

2) Initialize model with a constant
A . N
o) (x)=argmin ) L(y,,0)

4 i=1

3) For m=1to M-

a) Compute the gradient and the hessians:

o ()| P/ ()]
m i) a A
| f(x,) A7) =Fy (%)
A _8L(y,-,f(xi))_
h,(x,)= a—z
f(xi) 37 (0)= i) (%)
R N
b) Fit a base learner using the training set {xi ,— i:l m ((xi))} by solving the op-
m xi i=1

timization question below:

—argml i ( )[ —gAm(xf)—(P(xi)}

i=1

Ju(x)=ab, (x)
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Figure 2. The prediction distributions of Random Forest and XGBoost.

¢) Update the model:

A A

7o) = Fo (7. (3)
4) Output
7= Fo0 (272 (3

In this paper, we use XGBClassifier from the xgboost package in python to
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build the model.

3.4. The Prediction Accuracy

The prediction accuracy of the Random Forest model is 0.90657, while the pre-
diction accuracy of the XGBoost model is 0.90635. The result indicates that Ran-
dom Forest and XGBoost show little difference in the accuracy of their predic-
tions, and both get high accuracy in the loan default cases. The prediction dis-

tributions of Random Forest and XGBoost are shown in Figure 2.

4. Conclusions & Discussion

This paper verifies the ability of Random Forest as well as XGBoost to predict
loan default. In the feature engineering part we use the variance threshold me-
thod and Variance Inflation Factor method to filter out unimportant features,
and then we input those selected features into Random Forest and XGBoost
models. It turns out that Random Forest and XGBoost show little difference in
the accuracy of their predictions since both get high accuracy in the loan default
cases. In future research, we will implement comparative studies using other ad-
vanced machine learning algorithms such as Neural Network, KNN, and MLP,
or the mixed model of them, to find the most suitable model for loan default

prediction.
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