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a b s t r a c t
Credit scoring tools are frequently used by lenders to identify bad borrowers who cannot fully repay
their liabilities. This is a classical problem of classification with imbalanced samples, where bad loans
only take a small proportion of all applications. Various machine learning techniques have been
applied to the prediction of default in the past few decades. In this paper, we aim to capture those
early defaulted borrowers who are likely to be fraudsters on the online lending platform by using a
multi-layer structured Gradient Boosted Decision Trees with Light Gradient Boosting Machines (MLLightGBM). Due to the extremely imbalanced sample distribution and the costs of misclassification,
we further apply a cost-sensitive framework to the loss function of classification models, in order
to improve predictive accuracy. The empirical results, based on a sample of 1.6 million online loans,
show that the proposed cost-sensitive ML-LightGBM algorithm outperforms other predictive models.
This suggests that the cost-sensitive based ML-LightGBM is a promising technique for fraud detection
and credit scoring.
© 2021 Elsevier B.V. All rights reserved.

1. Introduction
Lenders, such as banks, apply credit scoring models in order
to rank applicants according to their probability of default, which
is usually represented by a credit score. Any bad borrowers with
predicted probabilities above the cut-off are rejected from being
granted a loan. This is a typical classification problem with a
binary outcome based on a vector of features. In the lending business, defaulted loans bring losses to lenders or investors which
should be identified as early as possible. Those ‘bad’ borrowers
with a low credit quality can be screened out at various points
during the application process, such as in fraud detection [1–3],
and credit evaluation [4]. However, credit scoring models may
still fail to detect those customers who are unwilling or unable
to repay and therefore default their loans at the early stage so
that huge losses to lenders would be triggered. This study aims
to identify those bad borrowers who default on their loans shortly
after the loan’s issuance, based on real loan data from an online
lending platform. We propose an ensemble model to score the
loan applicants, and also address the issues of imbalanced sample
distributions and distinct misclassification costs.
∗ Corresponding author.
E-mail addresses: liz@swufe.edu.cn (Z. Li), yaoxiao18@cufe.edu.cn (X. Yao).
https://doi.org/10.1016/j.knosys.2021.106963
0950-7051/© 2021 Elsevier B.V. All rights reserved.

Banks and other financial institutions employ credit scoring
models to evaluate the creditworthiness of borrowers, and to
decide whether or not to issue loans, based on these borrowers’
characteristics and credit bureau records. Unlike traditional banking business, peer-to-peer (P2P) loans are generated by an online
platform from a group of individual or institutional investors
to borrowers, and its credit assessment has attracted growing
academic interest in recent years [5,6]. On the world’s largest
P2P lending platform - Lending Club, borrowers are attracted by
its convenience and relatively lower interest rates compared to
the interest rates of common credit cards [7]. The figures as of
2019 showed that the platform has matched around 53.7 billion
USD loans for more than 4.29 million applicants over the past
ten years. We notice that in fact approximately 1% of loans were
defaulted and written off within the first 5 months after issuance,
which caused investors to lose nearly all their money. However,
as described by the platform itself, it is common practice to write
off the non-performing loans after 150 days past due, after which
time it is deemed unlikely that the platform will get any money
back from collection. What causes the loans to be written off
earlier than the prescribed overdue period? A likely explanation
is that the platform does not believe that the borrowers have any
intention to repay the loans. These early defaulted borrowers can
be regarded as those who ‘won’t pay’ and deliberately default
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their loans [8]. Given that the proportion of such early defaulting
borrowers is much smaller than for the other bad borrowers, the
detection of early defaults can be formulated as an imbalanced
classification problem. Thus, our study aims to identify the early
defaults, by proposing a multi-layer structured ensemble model
with the application of cost-sensitive learning framework, to
improve classification accuracy.
In the history of credit scoring for consumer finance, researchers and practitioners have been fighting against defaulters
and fraudsters for several decades. The former train the scoring
models using empirical data containing both application information and final good/bad outcomes, and apply the predictive
models to new customers/borrowers in their respective lending
businesses. It is a typical supervised learning process that many
statistical and machine learning techniques apply in order to
improve their model’s predictive performance. Credit scoring
models have evolved from manual review to expert systems [9],
linear scoring models to neural networks [10] and recently developed modern data-driven dynamic warning systems [11]. Data
mining and operational research algorithms are efficient in processing large amounts of data, as well as in recognising risky
patterns simultaneously [12]. Quah and Sriganesh [13] found that
computational intelligence could effectively identify suspectable
patterns in credit card transactions. Ngai, et al. [14] summarised
six types of data mining methods currently applied in the field
of anti-financial fraud, including classification, clustering, prediction, outlier detection, regression and visualisation. According
to Ngai, et al. [14], the data mining methods used in the existing studies for solving bank fraud problems mainly include
classification and clustering techniques. With the elevation of
modern computation power, more complicated models, such as
convolutional neural network (CNN) and long short term memory
(LSTM) sequential models, are being utilised to undertake fraud
scoring tasks [15,16]. At present, both unsupervised learning
framework and supervised machine learning methods, for instance support vector machines and random forests, have been
applied to credit scoring and fraud detection tasks, presenting
satisfactory performance in recent years [17,18]. In this study,
we take advantage of up-to-date machine learning algorithms to
address the practical but knotty problem of early defaults in the
lending business, and propose a multi-layer ensemble learning
framework to make effective predictions.
We identify a small proportion of early defaults from 1.6
million real consumer loans, based on the definitions of the
lending platform, and propose a multi-layer learning algorithm
for classification. Our contribution to the literature is threefold.
First, we formulate a multi-layer structured ensemble learning
framework based on LightGBM (ML-LightGBM) to identify early
defaults of online loans. The proposed ML-LightGBM learning
framework presents better predictive performance compared to
other machine learning techniques. The competitive performance
of ML-LightGBM is also consistent with the results presented
in [19], suggesting that a deep network structure is a promising
learning framework in credit scoring. Second, a cost-sensitive
loss function is applied in the learning framework to address the
imbalanced sample distribution and misclassification costs. Since
early defaults may cause unexpected losses to the lenders, it is
important to account for the misclassification costs to ensure the
model is applicable in practice. Last, although the research question in our analysis is classifying the early defaults, the proposed
model is also insightful and of value for other types of credit
scoring and fraud detection problems. Our study is therefore of
theoretical and practical value for both online lending businesses
and traditional commercial banks.
The rest of the paper is structured as follows. We first review
the literature in credit scoring and fraud modelling in Section 2.

Section 3 introduces the proposed multi-layer LightGBM algorithms. The data and variables for analysis are presented in Section 4. Section 5 discusses the experimental design and results.
Section 6 concludes the paper.
2. Literature review
2.1. Tree-based ensemble learning in credit scoring
Our study is related to the extant research on credit scoring and fraud detection. Credit scoring models can be generally
divided into two categories: statistical methods and machine
learning techniques. Statistical methods, such as linear discriminant analysis and logistic regression, have been established as the
standard of default prediction for decades [4]. They often impose
strict statistical assumptions on the data. However, in real-life
applications, it is difficult to get most personal characteristics
to meet these stringent conditions. Machine learning algorithms
have been widely applied and shown to be more accurate than
statistical models, because of their superior generalisation capabilities [20,21]. Other approaches have also been applied to credit
scoring, such as survival analysis [22], semi-supervised one-class
classifications [23], logistic regressions [24], decision trees and
artificial neural networks [12], etc.
Earlier studies have placed emphasis on traditional credit
products like corporate and consumer loans. With the rapid
development of financial technology, credit risk evaluation for
online lending products has attracted new interest from academic
researchers and practitioners alike. Emekter, et al. [25] applied
logistic regression in conjunction with FICO scores and credit ratings to predict the default probabilities of P2P borrowers. Jin and
Zhu [26] compared the default prediction performance of several
data mining approaches, including decision trees, support vector
machines and neural networks. Because the data acquired from
P2P applicants is different and contain unstructured information,
some cutting-edge applications of supervised classifications have
been applied to evaluating the credit risks inherent in P2P lending [6,27,28]. For example, text mining techniques have been
introduced into online lending credit risk modelling to extract
soft information from applicants’ descriptive texts in order to
achieve higher classification accuracy [27]. It is understandable
that regular defaults and early defaults have distinguished repayment patterns, as demonstrated in their occurrence rate and
general features. Few studies have addressed this issue. Our study
places the focus on those early defaulted customers who are
likely to be first-party fraudsters among online borrowers. The
techniques of fraud detection are thus more relevant to our
research.
Fraud detection can be regarded as a subcategory of credit
scoring, in that it also aims to identify the ‘bad customers’ who
deliberately hide their true purposes to acquire credit from lending institutions. Thus, relevant studies have gone to enormous
lengths to propose predictive learning algorithms to improve
fraud detection accuracy. Bolton and Hand [9] reviewed common situations for both fraud detection and statistical tools, and
emphasised the importance of applying newly developed detection tools, such as artificial neural networks, to achieve a
satisfactory predictive performance. Juszczak, et al. [29] compared supervised classification with unsupervised fraud detection
methods using two real personal banking datasets, and found
that unsupervised approaches were more advantageous for identifying fraud transactions, since they were less influenced by
the adaptive change of fraud behaviours. Using credit card data
from Chile, Sánchez, et al. [30] utilised association rules to examine the relationships between credit card transactions and
discover outstanding fraud patterns. Bhattacharyya, et al. [17]
2
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compared different data mining techniques, including random
forests and support vector machines for fraud detection, and
showed that random forests displayed a superior performance
to other approaches in fraud detection. Hand and Crowder [31]
identified that selectivity bias exists in current fraud detection
system and proposed a new comparable estimator. Not only have
fraud patterns and potential statistical methods been used in
fraud scoring, but feature engineering strategies have also been
applied to fraud detections [32]. Zhang, et al. [33] pointed out
that the data used for fraud detection from internet financial
platforms is usually sparse and high-dimensional. The decision
tree model can usually be employed to effectively deal with
discrete or continuous outcome modelling problems. However,
even though the single decision tree model is easy to both implement and understand, it also presents us with instability and
overfitting issues. Therefore, the ensemble method provides an
alternative classifier for solving such problems, and this method
generally achieves an outstanding generalisation performance.
In recent years, more advanced techniques have been proposed
and applied to fraud detection. Carcillo, et al. [1] proposed a hybrid model that combines supervised and unsupervised learning
techniques to improve fraud detection accuracy for credit cards.
Zhang, et al. [3] developed a novel feature engineering process
based on homogeneity-oriented behaviour analysis, together with
the application of a deep learning architecture, to improve the
prediction of credit card fraudulent transactions. Moreover, Fiore,
et al. [2] showed that generative adversarial networks (GAN)
could be employed as an alternative resampling technique to
improve credit card fraud modelling. Compared to fraud, early
default has been less discussed in the literature so far.
Ensemble learning has been proven to be a powerful type of
learning which aggregates multiple base classifiers (e.g. decision
trees) based on a certain ensemble strategy. Bagging and boosting
are commonly used ensemble algorithms. Bagging is based on a
sample of self-sampling (bootstrap), whereby a subset with the
same size is randomly extracted from the original data, where
a base learner is trained for each generated training set. The
final predicted output is then aggregated by all base learners.
Random forests can be considered to be an ensemble classifier
of multiple decision trees based on the bagging algorithm [34].
Boosting is an ensemble algorithm that converts weak learners
into strong learners. The training sample weight is adjusted at
each iteration. Boosting models train the next base learner based
on the adjusted sample weight to achieve the ‘promotion’ of the
model. Nascimento, et al. [35] noted that ensemble learning combines multiple assumptions to formulate further assumptions,
to ultimately achieve better predictions. Tree-based ensemble
algorithms have been proposed and found to be superior to other
individual classifiers in credit scoring [21,36–39]. Papouskova
and Hajek [28] proposed a two-stage ensemble learning model
for evaluating default risk in consumer credit, including P2P
lending. They first utilised heterogeneous classification ensemble
models to predict whether a P2P loan would default, and then
employed heterogeneous regression ensemble models to predict
exposure at default of those defaulted loans, revealing that the
two-stage method was more effective than regular single-stage
approaches, and that the ensemble method achieved a higher
predictive accuracy than traditional credit scoring models.
The Gradient Boosting Decision Tree (GBDT) is an ensemble
tree model based on the boosting algorithm proposed by Friedman [40]. Here decision trees are treated as the weak learners in
the gradient boosting progress, and then an additive model is deployed to minimise the loss in the training process, in which weak
learners are boosted to optimise the final output. For discrete
or tabular data, decision tree-based ensemble models are still
dominant in many areas (Friedman [40]). GBDTs are implemented

with multiple variations, such as distributed parallel computing
frameworks, including XGBoost and LightGBM [41]. New variations of GBDTs have also been proposed and successfully applied
to imbalanced credit scoring [42], as well as imbalanced classification tasks in other industries and data science competitions,
which have demonstrated that GBDT is a powerful and promising
technique to classify imbalanced samples. However, one significant disadvantage that GBDTs suffer from regarding default and
fraud scoring is that they cannot handle sparse high-dimensional
categorical variables effectively [43]. Thus, a multi-layer structure
is proposed to solve this problem.
2.2. Algorithms of a multi-layer structure
Due to the complexity of the data structure and information asymmetry in online lending businesses, it is necessary to
make use of all the information, including the soft information,
available regarding the borrower wherever possible. In recent
years, the development of deep neural networks has achieved
significant progress in dealing with unstructured data [27]. By
building a hierarchical or ‘deep’ structure, this deep structure
model is able to learn excellent representations from raw data under both supervised and unsupervised settings. The current deep
model is always based on neural networks, which can be trained
by back-propagation through multi-level parameterised micronon-linear modules [44]. Although existing studies have demonstrated the predictive capability of deep neural networks in dealing with complex problems, several shortcomings have also been
highlighted. First, deep neural networks have too many hyperparameters, and learning performance relies heavily on careful
hyperparameter tuning. Second, deep neural network training
requires a large amount of training data, and thus cannot achieve
satisfactory outputs for small-scale or even partial-scale training
data. Third, a deep neural network has less capability in handling
dense numerical features [43].
Apart from neural networks, tree-based algorithms are also a
common favourite because of their simplicity and the fact that
they make fewer assumptions about training data. Meanwhile, a
deep structure of algorithms displays advantages in dealing with
sparse categorical features. Therefore, there is great potential for
satisfactory results when the ensemble tree algorithm is adapted
to the deep structure. Zhou and Feng [45] proposed the deep forest framework, which is the first attempt at building a multi-layer
model using decision trees. Specifically, through the introduction
of multi-grained scanning and cascading operations, the model
is able to construct a multi-layer structure with adaptive model
complexity and achieve competitive performance across multiple
tasks. Feng, et al. [46] further explored the possibility of constructing multi-layer or deep models using non-differentiation
modules. It employed GBDT as the base model for each layer.
The variants jointly optimise the training process and solve the
issue that non-differentiable modules cannot use backpropagation and the random gradient descent for parameter tuning. It has
therefore been proven for the first time that a non-differentiable
module such as the decision tree can be used to achieve both the
hierarchical and distributed structure. Zhang, et al. [33] applied
the deep forest model to the distributed parameter server to
realise the distributed operation, and exploited the distributed
deep forest to automatically detect the cash fraud behaviour of
the large-scale training samples. They were then able to verify its
effectiveness.
Based on the above evidence, it is found that deep forest is
a powerful classifier that combines both the strengths of GBDTs
and deep neural networks. However, deep forest was initially
designed to solve regular classification problems and does not
account for imbalanced samples with its default setting. Therefore, we counteract this drawback by incorporating a multi-layer
LightGBM into a cost-sensitive framework to address the issue of
imbalanced distribution.
3
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2.3. The cost-sensitive framework

3. Models

The problem we face is of an extremely imbalanced dataset,
which is common in credit scoring [47]. The imbalanced classification problem indicates that the minority class is usually
considered to be the class of interests from the perspective of
the learning task. Fraud detection is a typical example, where
the imbalance between fraudulent and legitimate transactions is
expected to be extremely high. Moreover, the misclassification
of fraudulent applicants is undoubtedly much more costly for
lending institutions than for that of regular defaults. Thus, effective imbalanced classification algorithms need to be explored
and developed to identify potential fraud. Galar, et al. [48] believed that in the case of class imbalance, the evaluation criteria
guiding the learning process would lead to a small number of
class samples being neglected and treated as noise terms, which
would undermine the classification capability of the classifier.
He and Garcia [49] summarised the most common techniques
applied to imbalanced learning, including resampling methods
and cost-sensitive algorithms. An example of resampling can be
found in Hou, et al. [47]. A general point is that the undersampling
methods that reduce the size of negative instances usually result
in the loss of information, whereas the oversampling methods
that synthetically generate more positive observations tend to
cause overfitting.
In contrast to resampling methods, which can only be applied
at the data level as a pre-processing step, cost-sensitive learning
can be employed at both the data and algorithm levels [50].
A variety of cost-sensitive approaches have been proposed to
try to solve the imbalanced classification problems. Ting [51]
put forward an algorithm by weighting samples based on the
misclassification cost in cost-sensitive decision trees, and found
that using sample weighting algorithms in cost-sensitive decision
trees could greatly reduce the cost of misclassification. The number of costly errors and the tree size of the same algorithm does
not use sample weighting in the two-class problem. The sample weighting method is used to change the distribution of the
class, so that the induced tree is more inclined to have a higher
weight/cost class, and it is also less likely to produce errors in the
class with high cost, thereby reducing the total misclassification
cost. The accuracy of the model is improved when identifying
high-cost classifications, thus reducing the overall misclassification cost. Weiss [52] also pointed out that cost-sensitive learning
algorithms are a good solution to class imbalance problems.
Some empirical studies have shown that for some fields the
cost-sensitive framework is better than resampling techniques.
Zhou and Liu [53] explored the effects of oversampling, undersampling and threshold-moving on training cost-sensitive neural
networks. They found that threshold-moving and soft-ensembles
are better choices for training cost-sensitive neural networks.
In recent years, the cost-sensitive framework has been applied
widely in fraud detection tasks. Both Bahnsen, et al. [54] and
Zakaryazad and Duman [55] incorporated a sample-level costmatrix into their cost-sensitive framework to make their model
more robust and more practical for fraud detection. Each method
has both advantages and disadvantages, and the cost-sensitive
framework is no exception. Compared with the resampling methods, the generalisation ability of a cost-sensitive approach is relatively low, which means that cost-sensitive algorithms cannot be
easily transferred to other tasks. Also, a cost-sensitive approach
requires prior knowledge related to the target field to calculate
costs or benefits. In this study, we incorporate the misclassification costs of rejecting good loans and accepting defaulted loans
into our cost-sensitive framework, and regard misclassification
costs as a sample weight in ensemble learning to improve the
modelling process on imbalanced samples.

3.1. Problem statement
Our study aims to identify potential early defaults at the
application stage for online lending businesses. This is equivalent
to solving a binary classification problem based on a collection of
input characteristics, where the dependent variable indicates the
default status. Denote the data sample as {xi , yi }ni=1 , where x =
{x1 , x2 , . . . , xn } and xi represents the input vector, described with
a joint probability distribution P(x, y). Here y is a binary variable
indicating whether the observation is an early default, which is
flagged as 1 if the early default occurs and 0 otherwise (various
thresholds are given in Table 3). The objective of a classification
problem is to find the optimal classifier F ∗ (x) that minimises the
loss function L(y, F (x)), i.e.
F ∗ (x) = arg min Ey,x L(y, F (x)) = arg min Ex Ey (L(y, F (x)))|x

[

F

]

(1)

F

The prediction model is integrated into the modelling process,
as shown in Fig. 1. First, the raw data is processed and cleansed
through missing value imputation and feature engineering. Input
features are selected based on data quality, descriptive analysis
and expert knowledge. Once the modelling input variables are
defined, the whole sample is then divided into a training and a
testing set. The hyperparameters are tuned on the training set using five-fold cross-validation, and then applied to the testing set
to generate out-of-sample predictions. Last, the modelling performance in the experimental analysis is reported and compared,
based on statistical tests. In the next subsections the proposed
multi-layer ensemble learning framework is introduced in detail.
3.2. LightGBM
LightGBM is essentially a gradient boosting ensemble learning
framework which aggregates the prediction of the base learner,
such as gradient boosting decision trees (GBDT). LightGBM is
featured by the histogram-based decision tree learning strategy
to search for the best split point. It is more advantageous than
the traditional sorted-based learning algorithms because it saves
memory space and improves computing efficiency. In this study,
a LightGBM model is applied as the base classifier in the deep
forest model. LightGBM was proposed on the basis of GBDT [41].
GBDT is an ensemble algorithm aggregating multiple decision
trees optimised by the gradient boosting algorithm [40]. The
essence of GBDT is to make decisions by combining multiple
weak classifiers to achieve better predictions (single decision
tree). GBDT is widely applied in machine learning tasks since it
shows excellent learning performance. Traditional GBDTs need
to scan all data records to estimate the information gain of all
possible split points, so the efficiency of the model is generally
unsatisfactory [41]. LightGBM is capable of addressing this issue
with the application of Gradient-based One-Side Sampling (GOSS)
and Exclusive Feature Bundling (EFB). To be specific, the classifier
F̂M (x) can be formulated as the linear sum of the basis classifiers
fm (x), such as
F̂M (x) =

M
∑

βm fm (x)

(2)

m=1

where βm is the weight for basis classifiers fm (x). The gradient
boosting method initialises the first model with a constant value
α and expands it with a greedy function approximation [40]:
F0 (x) = arg min
α

4

n
∑
[L(yi , α )]
i=1

(3)
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Fig. 1. The Modelling Process.

Fm (x) = Fm−1 (x) + arg min
fm

n
∑

[L (yi , Fm−1 (xi ) + fm (xi ))]

Finally, let IL and IR denote the sample sets of left and right nodes
after splitting and I = IL ∪ IR , and the gain after splitting can be
represented as

(4)

i=1

We apply the Newton–Raphson method to quickly approximate the original loss function by generating the first and second
order Taylor expansion, following the procedure in XGBoost [56].
After adding the regularisation term Ω (fm ), the objective function
becomes
Fm (x) ∼
=

n
∑

1

[L(yi , Fm−1 (xi )) + gi fm (xi ) + hi fm2 (xi )] + Ω (fm )
2

i=1

⎡ (∑

Fsplit =

2

(7)

and generate the optimal value of the loss function
Fm (x) = −

2

(∑

i∈I

∑
j=1

i∈I

gi

)2

hi + λ

+ γT

hi + λ

(∑
+∑

i∈ER

i∈ER

gi

)2

hi + λ

(∑
−∑

i∈I

i∈I

gi

)2

hi + λ

⎤
⎥
⎦ − λ (9)

The Multi-layer GBDT model is essentially a deep structured
architecture with GBDTs applied as the base components. It is
essentially an ensemble of the non-differentiable gradient boosting decision trees. Such non-differentiable deep structures were
first presented in Feng, et al. [46] as a multi-layer framework
integrated by decision trees with self-adaptive complexity, by
introducing multi-grained scanning and cascading forests. The
purpose of multi-grained scanning is to enhance integration diversity. One of the prerequisites to ensure the effectiveness of the
ensemble model is the diversity of base learners. The cascading
forest receives the data processed by the multi-grained scanning
module as input, which is the body of the deep structure. The
cascade forest module is a multi-layer structure, and each layer is

(6)

where γ and λ are parameters that can be tuned by optimisation.
We can obtain the analytical solution of the optimal weight ωj∗ by
taking the derivative with respect to ωj , such that

T
1∑

i∈EL

)2

3.3. Multi-layer LightGBM

j=1

∑
gi
ωj∗ = − ∑ i∈I
h
+λ
i
i∈I

⎣∑

gi

Eq. (8) is used as the criteria for selecting nodes similar to the
information gain in the decision tree.
As opposed to the XGBoost and traditional GBDT, which are
equipped with a level-wise growth algorithm, LightGBM employs
a leaf-wise algorithm with a depth limit. According to the layer
growth algorithm, the leaves of the same layer are split at the
same time, which is more convenient to perform a multi-thread
optimisation method, and effectively avoid the overfitting issue.

(5)

where gi and hi represent the first and second order gradients of
the loss function respectively.
For a given tree structure q(x), fm can be expressed as fm =
ωq(x) , and ωj ∈ RT represents the weights of node j in q(x) and
q: Rd → 1, 2, 3, . . . , T , where T is the total number of leaf nodes.
In this case, the regularisation term Ω (fm ) can be given as
T
1 ∑ 2
Ω (fm ) = γ T + λ
ωj

1⎢

2

i∈EL

(8)
5
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Table 1
Confusion matrix of good and bad samples.

C2i = Termi × MonthlyPaymenti − LoanAmounti

where LoanAmount is the principal of the loan, MonthlyPayment
represents the obliged payment amount per month for a loan
contract, MonthToDefault is the time (measured by month) from
the loan issuing date to the time of default, and Term is the
maturity of the loan with the options of 36 or 60 months. For
simplicity the discounted factor of the monetary values is not
taken into consideration.
With the misclassification costs obtained from above, cost sensitivity can be realised by applying the sample_weight argument
in the LightGBM algorithm. This accounts for the misclassification
costs for both exponential and non-exponential legs of the loss
function, as in the AdaC3 method [58], i.e.

Predicted Class

True Class

Bad - 1
Good - 0

Bad - 1

Good - 0

True Positive (0)
False Positive (C2i )

False Negative (C1i )
True Negative (0)

cascaded by multiple forest models. Each layer receives outputs,
both from a multi-grained scanning module of a specific window
size and the cascaded forest of the previous layer. The output
of each layer can be passed onto the next layer as the input
characteristics, until the training process of cascaded forest model
converges. The cascading process guides the validation set to
converge or reach the specified maximum depth, which explains
the adaptive complexity of deep forests. Both the cascading operation and multi-grained scanning modules can be conducted
separately.
Considering the computing efficiency of LightGBM and its capability to process the categorical variables directly, we propose
a multi-layer LightGBM (ML-LightGBM) by combining the multilayer framework following Feng, et al. [46] and LightGBM, as
illustrated in Fig. 2.
Fig. 2 shows the architecture of the proposed ML-LightGBM
model. Here LightGBM is utilised as the base classifier in each
layer. There are five LightGBM modules in each layer. In the first
layer, the input feature vectors are directly fed into the first five
LightGBM modules. Each layer performs 5-fold cross validations.
Specifically, each LightGBM module takes one of the five subsets
as the validation set to measure the classification performance
based on the evaluation metrics (AUC is selected in this study),
while the other four subsets are taken as the training set. An
output vector is then generated from each module representing the predicted probabilities. Five individual vectors are next
aggregated by taking the average and feeding that forward. In
the second layer, the predicted probabilities generated from the
first layer are concatenated with the original input features as
the new input vector, and this process iterates until the last
layer. The final prediction is the mean of the outputs of the last
layer. In addition, we also set the early-stopping mechanism with
the ML-LightGBM model. If the performance of the 5-fold cross
validations between two layers does not increase by more than
a prescribed small value before reaching the limit of layers, the
model will automatically stop and take the best performance as
the final output. The pseudo code of ML-LightGBM is presented
in Algorithm 1.

Fαm (xi ) =

n
∑

[
]
1
αi L (yi , Fm−1 (xi )) + gi fm (xi ) + hi fm2 (xi ) + Ω (fm )

i=1

2

(12)
where αi represents the weight of the sample i, the value of which
is equal to the cost of the sample i being misclassified. It can be
found that the classification loss term in the objective function is
weighted by the misclassification cost, and the weights are added
into both current weak classifiers and sample distributions of the
previous boosting round.
4. Experimental design
4.1. Samples and variables
We collected the account-level observations from Lending
Club, which publishes regularly updated repayment data and the
application information of issued loans. All the loans with final
outcomes (fully paid or charged off) issued between January 2013
and December 2019 have been selected into our sample. The
platform defines the status of loans according to their repayment
performance, as summarised in Table 2.
A loan is defaulted or charged off when it is severely overdue
without sufficient payments and beyond a certain predefined
period. The Basel Committee recommends that the international
standard of default be a 90 day past-due trigger, although it also
gives autonomy to institutions to create their own guidelines on
how the ‘unlikely to pay’ leg applies in their jurisdiction [59]. It
is understood in Table 2 that the platform has applied a 120-day
past-due trigger to default where there is no longer a reasonable
expectation of further payments. A non-performing loan can be
charged off when the platform decides to sell it off to thirdparties such as debt collectors, something which is likely to occur
after 150 days late, as shown in Table 2.
The early defaulted loans can be identified based on different
thresholds of month-on-book (MoB), which indicates the period
between the loan issuance date to the observation date. Table 3
presents the sample distributions of the early defaults by multiple
various thresholds of MoB. It shows that the proportions of the
early defaults increase slightly with the threshold lifted up, but
remains relatively low. The average misclassification costs are,
however, much higher than either regular good or bad loans.
The loans defaulted in the first 4 months are relatively less
costly, because their average issued amount is less than those
of others. We use these various thresholds of early defaults for
result comparison, which are named Mode l to 5. The proportion
of all defaults takes up around 21% in the total sample, and the
scoring model, based on all defaulted and good loans, is used as
the benchmark (Model 6) in the standard loan application scoring
model.

3.4. Cost-sensitive learning
Early default modelling is a typically imbalanced classification
task due to the low volume of early defaults, and the cost of
misclassification for instances of bad loans is remarkably higher
than that of good loans. In this study, we integrate the costsensitive mechanism into the multi-layer learning framework to
address the issue of imbalanced sample distribution. Penalties
are applied as the sample weights with high misclassification
costs specified to the minority class to minimise the total costs of
misclassification [54], where the cost of misclassification should
be specified in advance according to the empirical data [57].
Table 1 presents a typical cost matrix in classification tasks.
The weights of positive samples and negative samples are determined by the outstanding balance of the last period and the
amount of interest paid during the loan repayment period respectively. The misclassification costs C1i and C2i are defined as
below:
C1i = LoanAmounti − MonthlyPaymenti × MonthToDefaulti

(11)

(10)
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Fig. 2. Multi-Layer LightGBM.

We employ the application information to predict the probability of the early default at the point that the platform and
investors screen borrowers. We select the top 15 variables based
on their information values, with their definitions reported in
Table A.1 of Appendix.
In the variable list, FICO_CHANGE, CreditHistoryLength,
income2principal, annuity2income, annuity2principal and revol2inc
are generated by feature engineering. FICO_CHANGE records the
last change of the applicant’s FICO score between the time at

application and the time of the last enquiry before application,
which provides information as to the most recent trend of the
applicant’s credit quality. CreditHistoryLength measures the period
that an applicant holds an available credit profile, defined as the
difference between the issuance date of the loan and the time this
applicant first had a credit line. The rest of the selected features
focus on the debt-repaying capability of the applicant, such as the
level of income and the ratio of debt to income (Annual_inc, DTI)
as well as the adopted repayment policy (Term).
7
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Table 2
Definition of loan status.
Status

Description

Issued
Current
In Grace Period
Late (16-30)
Late (31-120)
Default
Charged Off

New loan that has passed all reviews, has been fully funded and issued.
Loan is up to date on all outstanding payments.
Loan is past due but within the 15-day grace period.
Loan has not been current for 16 to 30 days.
Loan has not been current for 31 to 120 days.
Loan has not been current for an extended period of time.
Loan for which there is no longer a reasonable expectation of further payments.
Typically, ‘Default’ loans become ‘Charged Off’ 30 days after defaulting.
Loan has been fully repaid, either at the expiration of the 3- or 5-year year term or
as a result of a prepayment.

Fully Paid

Table 3
Early default breakdown.
Description

Number

Percentage of total

Average
misclassification
cost of C1 (USD)

Included in model
comparison

Good loans
Bad loans
in which
Defaulted
Defaulted
Defaulted
Defaulted
Defaulted
Total

1,296,371
343,632

79.05%
20.95%

2,216
12,126

Model 1-6
Model 6

1,722
5,607
11,857
20,257
30,424
1,640,003

0.11%
0.34%
0.72%
1.24%
1.86%
100%

16,807
18,388
18,679
18,650
18,675

Model
Model
Model
Model
Model

in
in
in
in
in

first
first
first
first
first

4m
5m
6m
7m
8m

1
2
3
4
5

(4) The standard LightGBM model is introduced in Section 3.1,
and it is also taken as a competitor technique in the experimental analysis.

Table 4 presents the summarised statistics of numeric variables. It is clear from the results that standard deviations of
the variables such as Annual_inc, Total_bal_ex_mort, Total_bc_limit
and Total_rev_hi_lim are much higher than the others, suggesting
the heterogeneity of borrowers’ financial conditions. Moreover,
the standard deviation of DTI is noticeably larger than its mean
value, which implies that the repayment ability of borrowers is
dispersed across the sample.

4.3. Experiment setup
In the experiment, as illustrated in Fig. 1, after processing
the data, we first apply LightGBM to conduct the classification
task for identifying early default as previously defined, and eliminate the features that are not important to the classification
task, according to the feature importance scores. The selected
features under the cost-sensitive framework are then fed into
the individual LightGBM model and other benchmark models,
where the sample weights in the loss function are adjusted by
the misclassification costs. The evaluation metrics of the model
performance on the testing set are output. A validation set is
used to search for the optimal hyperparameter combination by
using Bayesian hyperparameter optimisation, to ensure the hyperparameters of LightGBM and other benchmark models are
finely tuned. Next, ML-LightGBM performs the same task and
outputs the result. The hyperparameters of LightGBM modules in
ML-LightGBM are set to be the same as those of the individual
LightGBM. Hyperparameters are tuned by iterating the process
for 500 times. Table 5 introduces the hyperparameter setting for
LightGBM Bayesian optimisation.
In the multi-layer LightGBM in particular, the base learners
of each layer are fed by the predicted vectors generated by the
previous layer and the original data, and each layer outputs the
weighted combination of the prediction from the base learners. A
5-fold cross-validation process is performed for each layer. When
the predicted performance of the validation set is flattening, the
cascading process is automatically terminated. Diversity plays an
important role in integrated algorithms, and the application of
LightGBM in each layer of the model tends to lose the diversity
of integrated learning. To address this issue, the hyperparameter
‘colsample_bytree’ of the iterative feature sampling ratio is set to
a number less than 1, so that each iteration uses a randomly sampled subset of features to train the base classifier. We set up four
LightGBM models for each layer, following Feng, et al. [46], and
each LightGBM model’s hyperparameters are consistent with that

4.2. Benchmark models
In the experimental analysis we apply four algorithms to early
default prediction to investigate the effectiveness of the proposed ML-LightGBM model. The other three models for comparison include logistic regression, decision tree, random forest and
LightGBM.
(1) Logistic regression is the industrial standard in credit scoring, and random forest has already shown its potential in
previous studies. Logistic regression still dominates within
the banking industry, as both customers and regulators
require transparency. The input vectors can be mapped to
the binary dependent variable by a logit function, and the
model parameters are then estimated by maximising the
log-likelihood function.
(2) Decision trees (as a predictive model) go from observations
about an item (represented by the branches) to conclusions about the item’s target value (represented by the
leaves). Tree models where the target variable can take a
discrete set of values are called classification trees; in these
tree structures, leaves represent class labels and branches
represent conjunctions of features that lead to those class
labels.
(3) Random forests are formulated by aggregating the votes
of multiple decision trees, using the bagging ensemble
strategy [34]. The training process of random forest is
relatively fast and convenient, in which each individual tree
is grown based on a bootstrapped sample. Previous studies
have found that random forest tends to outperform other
learning algorithms in the datasets, with a high sample
imbalance ratio [60].
8
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Table 4
Summarised Statistics for Numeric Variables.
Variable

Mean

Std

Min

1st Quartile

50%

3rd Quartile

Max

Principal
DTI
EmploymentLength
Annual_inc
Total_bal_ex_mort
Total_bc_limit
Total_rev_hi_lim
Last_FICO_HIGH
FICO_CHANGE
CreditHistoryLength
Income2principal
Annuity2income
Annuity2principal
Revol2inc

14194.83
20.02
5.78
78142.91
49795.30
22610.37
33832.89
706.10
−3.14
15.91
7.72
0.18
0.38
0.42

8792.23
161.10
3.68
73549.91
48179.89
22323.78
38010.47
35.78
−15.31
7.54
21.67
31.58
2.33
80.79

4.64
0
0
0
0
0
0
479
−151
0
0
0
0.01
0

7475
11.49
2
47 000
21 221
8400
14 900
679
−5
11
3.58
0.04
0.37
0.10

12 000
17.23
6
65 000
37 450
15 500
24 500
699
0
14
5.31
0.07
0.39
0.18

20 000
23.64
10
93 600
62 065
29 200
41 400
724
0
20
8.5
0.10
0.41
0.29

40 000
54 200
10
10 999 200
2 921 551
1 090 700
9 999 999
850
225
83
17241.38
14676.96
2372.04
65 324

Table 5
Hyperparameter Setting of LightGBM Bayesian Optimisation.
Hyperparameter

Range

Subsample ratio of the training instance
Maximum tree leaves for base learners
Maximum tree depth for base learners
Boosting learning rate
Number of samples for constructing bins
Minimum number of data needed
Subsample ratio of columns when constructing
each tree
L1 regularisation term on weights
L2 regularisation term on weights

[0.5, 1]
[20, 150]
[4, 10]
[ln (0.01), ln (0.1)]
[20 000, 300 000]
[20, 500]
[0.5, 1]

Step Length
1
1
10 000
5

[0, 1]
[0, 1]

Distribution
Uniform
Discrete uniform
Discrete uniform
Log normal
Discrete uniform
Discrete uniform
Uniform
Uniform
Uniform

Table 6
Comparison of model performance between various default thresholds.
Models

Measure

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Logistic Regression

AUC
KS
F1

0.6536
0.2223
0.0305

0.6681
0.2454
0.0508

0.6553
0.2173
0.0720

0.6484
0.2130
0.0854

0.6508
0.2119
0.1050

0.6170
0.1677
0.3728

Decision Tree

AUC
KS
F1

0.6845
0.2914
0.0209

0.7249
0.3538
0.0562

0.6984
0.3246
0.0775

0.7236
0.3300
0.1070

0.7328
0.3452
0.1373

0.6781
0.2551
0.4131

Random Forest

AUC
KS
F1

0.7463
0.3959
0.0252

0.7514
0.3850
0.0596

0.7331
0.3346
0.0855

0.7405
0.3634
0.1103

0.7447
0.3647
0.1371

0.6762
0.2530
0.4125

LightGBM

AUC
KS
F1

0.7535
0.4044
0.0373

0.7643
0.3920
0.0664

0.7520
0.3818
0.0926

0.7578
0.3918
0.1187

0.7628
0.3873
0.1512

0.6877
0.2716
0.4218

ML - LightGBM

AUC
KS
F1

0.7586
0.4146
0.0272

0.7650
0.3938
0.0655

0.7536
0.3825
0.0934

0.7584
0.3908
0.1197

0.7631
0.3902
0.1515

0.6880
0.2720
0.4220

of the previous individual models, after tuning by the Bayesian
optimisation algorithm. The maximum number of layers is set to
100, and the early stopping hyperparameter of the cascade operation is set to 3 layers, which means that if the cross-validation
results of the model within the 3-layer cascade are not improved,
the cascading operation will be terminated. The modelling output
is given from the layer with the best classification performance on
the validation set. The final predicted value of the test set is taken
as the average of the values predicted by all the LightGBM models
of the relevant layer. The whole process is then repeated given
various default thresholds, as described in Table 3. Therefore, we
have five sets of model performance for MoB, ranging from 4 to
8, and one set of results for the model including all good and bad
samples.

incorrectly identified samples for each class, marked as true
positive (TP), false positive (FP), true negative (TN) and false
negative (FN), as shown in Table 1. The True Positive Rate (TPR)
is TP/(TP+FN) and the False Positive Rate (FPR) is FP/(TN+FP).
However, with an imbalanced dataset, overall accuracy,
(TP+TN)/(TP+TN+FP+FN), is no longer an appropriate measure,
because it does not distinguish between the correct number
of samples of different classes. Several appropriate metrics are
considered in the experimental study, such as AUC (Area Under
the ROC Curve) and KS (Kolmogorov–Smirnov distance) where
KS = max |TPR − FPR|. First, AUC provides a single measure of
the performance of the classifier, indicating to what extent the
model is capable of distinguishing between classes at all possible
cut-off points [61]. The performance on the validation set for each
layer of the cascading model is evaluated by the AUC, and the
variation of the AUC on the validation set determines the depth
of the cascading ML-LightGBM. Second, the KS statistic is another
widely applied metrics in credit scoring to evaluate the model
discriminant power to identify the bad loans from good ones.

4.4. Model evaluation
Our study selects a collection of metrics to evaluate the
model’s predictive performance. In a binary classification problem, the confusion matrix records the results of correctly or
9
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Fig. 3. Box plots of predicted scores for different thresholds of early defaults.

Table 7
Paired t-test on AUC.
Logistic Regression
Decision Tree
Random Forest
LightGBM
ML-LightGBM

LR

DT

RF

LightGBM

ML-LightGBM

N.A.
<0.0001
<0.0001
<0.0001
<0.0001

N.A.
0.03860
0.00262
0.00618

N.A.
0.0006
<0.0001

N.A.
0.0562 (<0.0001)

N.A.

5. Results

Apart from AUC and KS, we also consider the F1 Score and
the related Precision–Recall (PR) curve, as AUC or KS may present
rather deceptive evidence when it comes to the imbalanced samples [62]. The precision is TP/(TP+FP) and the recall is an alias
name of TPR. The F1 Score is an indicator to measure the accuracy,
which takes both the precision and recall of the classification
model into account, can be regarded as a harmonious balance or
average of model precision and recall.
Performance metrics such as AUC, KS and the F1 score are used
to measure overall classification accuracy. It is recommended that
the recall rate be applied in fraud detection [58]. Since the capture
of bad samples is the focus of this study, a threshold is needed to
calculate the recall rate, so that the samples with predicted values
above the threshold would be rejected by the predictive model.
In this study, we apply the 1/N positive sample recall rate, which
indicates that the recall rate calculated from the first 1/N samples
has the highest prediction result of the test set. Therefore, we
report the AUC, KS and F1 scores and the recall rates of various
levels for model evaluation, and we further provide ROC and KS
curves for graphical analysis at the end.

In this section we present the modelling performance based
on multiple definitions of early defaults together with the benchmark model built on all defaults. Table 6 demonstrates the comparison of performance measures. The AUCs of LightGBM and
ML-LightGBM are consistently higher than 0.75, and the best
performance of AUC is reported as 0.7650 for ML-LightGBM, when
the threshold is defined as MoB ≤ 5. The best performance
of KS (0.4146) and F1 score (0.1515) is also achieved by MLLightGBM, with the threshold defined as MoB ≤ 4 and MoB ≤ 8
respectively. In general, LightGBM and ML-LightGBM outperform
the other two models in terms of AUC and KS, which is consistent
with the effective performance of LightGBM. We find that the
proposed ML-LightGBM is superior to the other three models in
most performance metrics. The model running time and computation environment is presented in Tables A.2 and A.3 respectively
in Appendix. It shows LightGBM is much faster than the other
algorithms, followed by decision tree and random forest.
To further examine the significance of the improvement observed, Table 7 shows the p-values of the paired t-test outputs
between each pair of models in terms of AUC, indicating its
10
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Fig. 4. ROC curves for different thresholds of early defaults.

To investigate the distributions of predicted scores for Good
and Bad, we draw the Box–Whisker plots in Fig. 3. We do not
find any clear pattern when the defaulted loans with longer
MoBs are included in the sample. We find the classification performance, such as AUC, is not necessarily improved when the
sample distribution is more balanced, and the model prediction is
significantly undermined when all the defaults are included in the
modelling sample. This can be explained by the fact that the early
defaults are outstanding among all loans. When the definition
of early defaults is relaxed, the modelling performance remains
noticeably stable in terms of rank ordering of predicted scores
between good and bad loans.

predictive power of distinguishing early default loans from good
loans. It can be found that ML-LightGBM significantly outperforms LightGBM at the 10% level. The difference between the two
is slightly significant at the 5% level. Moreover, the modelling
performance of ML-LightGBM and LightGBM is significantly better than RF and LR at the 1% level in terms of AUC, and LR is
outperformed by the others, suggesting the advantage of machine
learning techniques in default modelling. In order to prove the
superiority of the proposed ML-LightGBM to the individual finetuned LightGBM, we re-split the dataset according to different
random seeds for 500 times and ran the paired t-test again. The
p-value in the parenthesis in Table 7 shows that the improvement
is highly significant.
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Fig. 5. KS curves for different thresholds of early defaults.

Table 8 further presents the modelling performance in terms
of the 1/N recall rates. These metrics have specific meanings in
credit risk management, where the misclassification of bad loans
is much more costly than good loans. One interesting finding
is that, although the decision tree’s performance surpasses that
of logistic regression in terms of the AUC, KS and F1 score, the
decision tree has the worst result with 1/N recall rates from
among all compared models. It also shows that ML-LightGBM is
generally competitive to LightGBM in terms of the recall rates.
Taking 1/10 recall rate as an example, this measure indicates that
if we interrupt 10% of the most dangerous applications evaluated
by the ML-LightGBM model, about 37.92% of early defaults given
MoB < = 4 can be identified. For lending institutions that issue

thousands of loans every day, even a slight improvement in terms
of predictive power can make a difference. One advantage of
incorporating a cost-sensitive framework into the classification
task is that lending institutions can evaluate specific cost/benefit
at the portfolio level in order to determine what percentage of
loans should be rejected in practice, based on the 1/N recall rates.
Moreover, the performance of 1/N recall rate is not as satisfying
as expected, indicating that users of the model need to think
seriously about whether to sacrifice good applicants to increase
the probability of rejecting potential defaulters, or accept more
applicants to expand their business while tolerating the existence
of early defaulters. It is a serious question that lending institutions
must face when they decide to take part in the loan business.
12
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Table 8
Comparison of recall rates between various default thresholds.
Models

Recall
rates

Model 1
(MoB ≤ 4)

Model 2
(MoB ≤ 5)

Model 3
(MoB ≤ 6)

Model 4
(MoB ≤ 7)

Model 5
(MoB ≤ 8)

Model 6
(All GB)

Logistic Regression

1/10
1/100
1/1000

0.2752
0.0734
0.0214

0.2866
0.0758
0.0139

0.2704
0.0741
0.0119

0.2532
0.0621
0.0109

0.2528
0.0597
0.0125

0.1681
0.0206
0.0024

Decision Tree

1/10
1/100
1/1000

0.0017
0.0004
<0.0001

0.0069
0.0015
0.0003

0.0122
0.0030
0.0005

0.0228
0.0053
0.0008

0.0336
0.0070
0.0011

0.2064
0.0254
0.0029

Random Forest

1/10
1/100
1/1000

0.3731
0.0765
0.0214

0.3876
0.0949
0.0166

0.3518
0.0852
0.0200

0.3510
0.0755
0.0141

0.3498
0.0716
0.0145

0.2018
0.0255
0.0026

LightGBM

1/10
1/100
1/1000

0.3853
0.0856
0.0275

0.4129
0.1071
0.0218

0.3833
0.0911
0.0221

0.3750
0.0822
0.0175

0.3761
0.0845
0.0160

0.2099
0.0261
0.0029

ML - LightGBM

1/10
1/100
1/1000

0.3792
0.0979
0.0214

0.4138
0.1010
0.0209

0.3880
0.0954
0.0226

0.3726
0.0818
0.0176

0.3774
0.0813
0.0155

0.2098
0.0260
0.0030

The graphs in Fig. 4 illustrate the model performance in terms
of the ROC curves, and the KS statistics together with the distributions of the differences between TPR and FPR are presented
in Fig. 5. We note that the ROC curves for GvB4 and GvB5 are
smoother than the others because there were less samples in
the panels of GvB4 and GvB5. When we relax the thresholds of
early defaults, the gaps between ML-LGBM/LGBM and Random
Forest/Logistic Regression are more significant, while the gaps
between ML-LGBM and LGBM become less noticeable. This shows
the predictive power of ML-LGBM to capture the characteristics
of extreme and rare bad cases, but it tends to lose its advantages
when more bad cases are added to the model. The benchmark
models with all bad cases appear to be least competitive in the
graphs. It is understood that if a borrower defaults at later stages
of repayment he is to be considered more of a good borrower.
In summary, the experimental results find the classification
accuracy is significantly lifted by the proposed ML-LightGBM,
although challenges have been posed. First, this dataset is highly
imbalanced, because the number of loan applicants who have no
intention of paying back loans are relatively limited compared
with the normal defaulters, who are simply suffering from bad
personal financial situations. Second, the financial characteristics
of early default loans and those of normal default loans are rather
distinct. Those ‘won’t pay’ applicants usually embellish their personal financial information more intentionally and strategically
while the ‘can’t pay’ customers might resort to online lending
platforms rather than banks due to their poor financial conditions. The modelling outputs suggest that ML-LightGBM provides
one feasible way to help financial institutions, especially online
lending platforms, better manage credit risk.

The experimental results also find that the classification performance, as shown in the AUC and 1/N recall rates, is not
necessarily improved when the definition of early defaults is
relaxed. When all defaulted loans are included in the sample,
the classification accuracy deteriorates significantly, suggesting
that the early defaults are more distinguishable because they are
extremely bad. It should be noted that identifying early defaults
is a highly imbalanced learning problem, and lending institutions
need to make trade-offs between rejecting more good loans and
accepting more bad loans in order to make profit. This study
represents a decent start in early default identification in online
lending, focusing on distinguishing early defaults from fully paid
loans only. Further studies will focus on developing better algorithms to classify early defaults and normal defaults, which are
those who ‘won’t pay’ and those who ‘can’t pay’.

6. Conclusion
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Table A.1
Variable list.
Variable

Definition

Principal
DTI
EmploymentLength

Principal amount
The ratio between the borrower’s monthly total debt repayment amount and monthly income
Employment length in years. Possible values are between 0 and 10 where 0 means less than
one year and 10 means ten or more years.
The term of the loan. Term is 1 if it is a 36 month loan; 0 if it is 60 month.
The borrower’s annual income
Total credit balance excluding mortgage
Total credit limit of the borrower’s bank cards
Total limit of the borrower’s revolving credit
The borrower’s FICO score prior to application (taking the upper limit of the band as the
input)
FICO score change between APPL_FICO_HIGH (The borrower’s FICO score when made
application (taking the upper limit of the band as the input)) and Last_FICO_HIGH
The time length between issuance date of this loan and EarliestCREDITLine (the time the
applicant initially had a credit line)
The ratio between the borrower’s annual income and the loan principal
The ratio between the loan annuity and loan principal
The ratio between the borrower’s annual income and the loan annuity
The ratio between the borrower’s total balance of revolving credit and the annual income

Term
Annual_inc
Total_bal_ex_mort
Total_bc_limit
Total_rev_hi_lim
Last_FICO_HIGH
FICO_CHANGE
CreditHistoryLength
Income2principal
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