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ABSTRACT

The performance of credit scoring models can be compromised when dealing with imbalanced
datasets, where the number of defaulted borrowers is significantly lower than that of non-default-
ers. To address this challenge, we propose a gradient boosting decision tree with the generalised
extreme value distribution model (GEV-GBDT). Our approach replaces the conventional symmetric
logistic sigmoid function with the asymmetric cumulative distribution function of the GEV distribu-
tion as the activation function. We derive a novel loss function based on the maximum likelihood
estimation of the GEV distribution within the boosting framework. This modification allows the
model to focus more on the minority class by emphasising the tail of the response curve, and
the shape parameter of the GEV distribution offers flexibility in controlling the model’s emphasis
on minority samples. We examine the performance of this approach using four reaHife loan data-
sets. The empirical results show that the GEV-GBDT model achieves superior classification perform-
ance compared to other commonly used imbalanced learning methods, including the synthetic
minority oversampling technique and the cost-sensitive framework. Furthermore, we conduct per-
formance tests on several datasets with varying imbalance ratios and find that GEV-GBDT per-
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forms better on extremely imbalanced datasets.

1. Introduction

Regulatory reforms and changes have been extensively
pursued by regulators since the onset of the global
financial crisis in 2008, including the enhancement of
the Basel regulatory framework and introduction of the
International Financial Reporting Standard 9 (IFRS 9),
to strengthen the risk management practices of various
kinds of financial institutions. These changes highlight
the importance of the computation, prediction, and
reporting of credit losses. However, estimating and pre-
dicting the probability of default remains a challenging
and complex process. Credit scoring serves as a key
instrument for financial institutions used to facilitate
credit risk assessment and distinguish good from bad
loan applicants. Given the significant impact that even
a small improvement in default prediction accuracy can
have on the profitability and risk level of financial
institutions (Hand and Henley, 1997; Mushava and
Murray, 2022), many studies have focused on develop-
ing novel credit scoring models to improve predictive
performance (Chen et al, 2023; Gunnarsson et al,
2021; Jiang et al, 2019; Medina-Olivares et al., 2022;
Shi et al., 2024).

In the past, conventional statistical linear regres-

sion was extensively used in credit scoring

applications. However, in the era of big data and
artificial intelligence, financial institutions have
increasingly turned to advanced machine learning
(ML) techniques such as support vector machines,
tree-based learners, clustering algorithms and deep
neural networks to assess the probability of loan
default among applicants (Lagna and Ravishankar,
2022). Numerous studies have demonstrated that
ML-based credit scoring models can leverage the
non-linear relationships within the data with great
computing efficiency to provide more accurate pre-
dictions and better overall performance than stand-
ard statistical techniques (Dastile et al, 2020).
However, many of them do not adequately consider
the impact of data complexities, including the lack
of data representativeness (selection bias or survival
bias), dataset shifts, noisy data, and other factors
(Clarke, 2016). Particularly, in the classification
tasks, class overlapping and severe class distribution
skews can make the modelling work harder.

In classification problems, the presence of imbal-
anced datasets is a common scenario, where one
class (the majority class) significantly outnumbers
the remaining minority classes. This situation is par-
ticularly prominent in credit scoring, as the majority
of loan applicants have a good credit record with
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sufficient debt-paying ability (the majority class),
while only a small proportion of applicants are
unable (or unwilling) to repay their loans (the
minority class). The complex characteristics inherent
in imbalanced datasets impose challenges when con-
ducting data analytics in real-world applications.
Most standard learning methods designed for classifi-
cation assume an equal distribution of classes in the
training samples. Therefore, the imbalanced classifica-
tion problem leads to a credit scoring model that pro-
duces biased estimates and tends to lean towards the
major label, making it difficult to accurately predict
observations from the minor class (defaults) correctly
(Krawczyk et al., 2014; Lopez et al,, 2013).

For lending institutions, the cost incurred from
misclassifying bad applicants is significantly higher
than the loss of revenue from erroneously rejecting
good ones (Bahnsen et al., 2015). As a result, both
industry and academia have proposed various
approaches over the past few decades to address the
imbalanced classification problem, aiming to reduce
the risk of misclassification and limit economic
losses for banks. Two commonly used approaches
are the cost-sensitive framework and the resampling
method. The first includes a misclassification cost
matrix (or cost ratio) that represents the costs
related to the misclassification of the various data
classes (Liu et al., 2022b; Ren et al., 2022). The latter
alters the class distribution in the training data so
that the model is trained with balanced data (Brown
and Mues, 2012; Haixiang et al., 2017).

Nevertheless, each approach faces unique chal-
lenges when used in real-world applications. For
example, the cost-sensitive approach requires expert
knowledge and an appropriate method for quantify-
ing costs, which often requires additional data and a
more complicated deployment process. On the other
hand, the resampling approach does not effectively
increase the variety of the representation of default
cases and could potentially lead to overfitting or
underfitting of classifiers, rather than improving
model performance (He and Garcia, 2009).

In the field of credit scoring and credit risk assess-
ment, it is crucial to acknowledge that the available
data is often insufficient to accurately describe the
minority class. To better address the challenges posed
by imbalanced data and to effectively isolate rare class
events, this paper introduces a novel gradient-boosting
decision tree (GBDT) model, which leverages the dis-
tribution of generalised extreme values (GEV), referred
to as GEV-GBDT. The common link functions used
in the class of generalised linear models are symmet-
ric. They can effectively model observations with bal-
anced binary response outcomes by ensuring that the
predicted probabilities mirror the likelihood of an
event occurring and not occurring at the same rate.

However, these symmetric link functions may be
inappropriate for imbalanced datasets as they tend to
underestimate the probability of rare events (La Rocca
et al., 2023). To address this issue, it is suggested that
asymmetric link functions are used to fit the dataset
with skewed class proportions (Calabrese and Osmetti,
2013). Therefore, in this study, we adopt an asymmet-
ric or skewed link function based on the GEV distri-
butions. The GEV distribution has been widely
applied in various fields such as finance, climatology
and computer vision. Using the GEV helps the model
focus on the tail of the response curve for positive
rare events. Thus, this approach effectively overcomes
the limitations associated with the symmetry property
of logit and probit link functions and enables more
accurate modelling of skewed datasets. A recent study
by Mushava and Murray (2022) proposed an exten-
sion to the extreme gradient boosting (XGBoost) algo-
rithm for learning class-imbalanced datasets. However,
our study differs in its methodology: the aforemen-
tioned study solely modified the link function in
XGBoost and used focal-loss as their loss function,
while we modify both the loss and the link functions
to more effectively address imbalanced learning.
Specifically, we use the cumulative distribution func-
tion of the GEV distribution as the activation func-
tion, replacing the logistic Sigmoid function, and
correspondingly derive the loss function based on the
maximum likelihood estimation of GEV within
XGBoost. The incorporation of the GEV distribution
encourages the classifier to place greater emphasis on
minority samples (Wang and Dey, 2010). By control-
ling the shape parameter of the GEV distribution, our
model offers users the flexibility to determine the
extent to which the model leans towards minority
samples, thereby enabling improved handling of
imbalanced data.

To authenticate the efficacy of the model we pro-
pose for predicting imbalanced credit defaults, we
apply the model to four unique real loan datasets
associated with different levels of imbalanced ratios.
The loans are granted by different types of lending
institutions for individuals, and micro, small or
medium enterprises. The results demonstrate that
our proposed GEV-GBDT model exhibits superior
predictive performance compared to benchmark
models, indicating its effectiveness in handling
imbalanced datasets.

The rest of the paper is organised as follows.
Section 2 provides the literature review on credit
scoring, with a particular focus on the use of tree-
based learners in this domain and the issue of
imbalanced data. Section 3 presents the method-
ology employed in the study, offering a step-by-step
explanation of the mathematical derivations used in
the development of the proposed model. Section 4



describes the data used in the study. Section 5
presents the experimental results, wich are divided
into three parts. The first subsection evaluates the
classification performance of the proposed GEV-
GBDT on all four datasets, comparing it to other
commonly used benchmark models. The second
subsection examines the performance of GEV-
GBDT on datasets with different levels of class
imbalance, offering insights into parameter selection
and demonstrating how GEV-GBDT outperforms
the benchmark model. The third subsection dis-
cusses how GEV-GBDT works with imbalanced
data. Finally, the conclusion of the study is pre-
sented in Section 6

2. Literature review
2.1. Default prediction and GBDT

For many years, statistical methods such as linear
discriminant analysis and logistic regression have
served as the established benchmarks for default
prediction (Crook et al., 2007). However, these
methods often fall short due to their reliance on
strict statistical assumptions and their limited cap-
acity to model non-linear relationships. Recently,
ML algorithms have demonstrated superior accuracy
in predictive tasks compared to statistical models. This
improvement is largely attributed to their superior
capabilities for generalisation and exploiting non-linear
relationships among variables (Baesens et al., 2003;
Dastile et al., 2020; Lessmann et al., 2015). ML models
are now widely used in credit risk assessment (Cao
and Zhai, 2022; Dastile et al, 2020). The application
of ML models has proved particularly beneficial in
areas such as small and medium enterprises (SMEs)
and peer-to-peer (P2P) lending markets, due to the
unstructured nature and high dimensionality of appli-
cant data (Guo et al., 2016; Jiang et al., 2018; Mezei
et al., 2018; Papouskova and Hajek, 2019; Zhu et al,
2019).

The commonly used ML techniques in credit
scoring include the K nearest neighbour, decision
tree, support vector machine, artificial neural net-
work, random forest and boosting methods (Dastile
et al., 2020). Among them, GBDTs and their var-
iants are particularly popular because of their super-
ior classification performance. GBDTs, proposed by
Friedman (2001), use multiple decision trees that
are sequentially built, with each tree learning from
the residual errors of the previous trees and sum-
ming up the results of all learners. Recent research
has proposed several modifications to GBDTs to
address class imbalance issues. GBDTs and their
extensions have demonstrated promising perform-
ance in identifying rare classes (the defaulters in
credit scoring datasets) for credit risk analysis

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 3

(Dumitrescu et al., 2022; Liu et al.,, 2022a). One of
the most popular techniques is to combine GBDTs
with the cost-sensitive framework, where the weights
are defined as the real misclassification costs. For
example, Xia et al. (2017) developed a cost-sensitive
boosted tree model for loan credit scoring by incor-
porating a cost-sensitive link function with XGBoost
to enhance its ability to identify potential default
borrowers. The study finds that the combination of
direct cost-sensitive methods and XGBoost outper-
forms existing individual cost-sensitive evaluation
models. Li et al. (2021) took the instance-based mis-
classification cost as the sample weight to force the
model to lean towards positive samples. This
approach assigns a higher weight (as the coefficient
in the regular loss function) to the minority positive
class. Liu et al. (2022b) proposed a focal-aware cost-
sensitive light gradient boosting machine (LightGBM-
focal) for credit scoring. They introduce a customised
cost-aware focal loss function, replacing the commonly
used binary entropy loss, to mitigate the model’s bias
towards the majority classes. Moreover, Sun et al.
(2022) introduced an asymmetric bagging ensemble
strategy, which creates multiple balanced datasets
through repeated undersampling of majority class
samples. They then integrate the asymmetric bagging
algorithm with the LightGBM ensemble classifier for
multi-class imbalanced enterprise credit evaluation.
These studies have demonstrated that GBDTs have
significant predictive capabilities for handling complex
credit scoring tasks. In the subsequent section, we will
conduct a detailed review of the imbalanced learning
problem and highlight the contributions of our study.

2.2. Imbalance learning problem

An imbalanced learning problem is defined as a
classification problem where one class has a lower
number of observations than the other class. This
presents a challenge for predictive modelling since
the majority of classification machine learning algo-
rithms were formulated under the assumption of a
uniform class distribution. In the context of credit
scoring, imbalanced classification is a common
issue, with the minority class being the class of
interest (e.g. default loans) from a learning perspec-
tive. The disparity between default loans and legit-
imate loans often exhibits a significant imbalance,
with the misclassification of default loans incurring
substantially higher costs for lending institutions
than the misclassification of legitimate loans (Brown
and Mues, 2012). As a result, it is crucial to explore
and develop effective algorithms for imbalanced
classification to accurately identify default loans.
Krawczyk (2016) provided a comprehensive over-
view of common techniques used in imbalanced
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learning, encompassing data-level methods such as
re-sampling techniques employed during pre-proc-
essing, algorithm-level methods that modify object-
ive functions to prioritise the minority class
(including cost-sensitive frameworks), and mixed-
level methods that combine both approaches.

Although there are various types of approaches
for addressing imbalanced learning problems, no
single approach has emerged as a clear dominant
strategy. Each method possesses distinctive advan-
tages and disadvantages. In case of the re-sampling
method, oversampling methods (e.g. SMOTE and
ADASYN) have been employed extensively for
imbalanced learning tasks since they were invented
for their good performance (Fernandez et al., 2018).
Recently, more advanced generalisation models have
been applied in this area, including the conditional
tabular GAN (Xu et al, 2019) and variational
autoencoders (Wan et al., 2017). The core of the
oversampling method is to synthesise samples of the
minority class based on existing data. In this case,
oversampling methods are sometimes subjected to
criticism due to overfitting problems, given that the
algorithm can only get limited information based on
real data. Moreover, the question of whether the
data synthesised by the algorithm can be applied in
real-world contexts remains unresolved. Conversely,
while under-sampling methods only use real data,
the reduction of majority class data typically results
in the loss of information.

In contrast to resampling methods, which can
only be used as a pre-processing step at the data
level in classification tasks, cost-sensitive learning
can be applied at the algorithmic level, forcing the
models to focus on the minority samples during the
training stage (Kaur et al., 2019). In their study,
Ting (2002) introduced a sample weighting algo-
rithm for cost-sensitive decision trees, which was
demonstrated to be highly effective in reducing the
cost of misclassification. By adjusting the class dis-
tribution within the induced tree, with a focus on
the higher weight/cost class, the algorithm success-
fully minimises errors in the high-cost class.
Consequently, the total misclassification cost is sig-
nificantly reduced in practical scenarios, while the
model’s capacity to classify minority samples is
enhanced. Nevertheless, it is worth noting that the
cost-sensitive framework does have its drawbacks.
In contrast to data-level methods, the cost-sensitive
approach is not flexible. Additionally, its implemen-
tation necessitates domain-specific expertise to
accurately calculate costs or benefits.

Another approach to addressing the imbalanced
learning problem is to modify the classification algo-
rithms. In the last decade, researchers have proposed
numerous improved models based on modifying

mainstream machine learning classifiers (Kaur et al,
2019). These modifications involve alterations to kernel
functions, activation functions, or the design of
basis/activation/kernel functions to enhance the dis-
criminatory power of the classifiers. Compared with
the re-sampling method and cost-sensitive framework,
classification algorithm modification does not require
the artificial generation of new data or the sacrifice of
information, while maintaining a certain degree of gen-
eralisation and transferability. This research topic has
gained attention from scholars across various fields
including biology, healthcare, business management,
etc (Gao et al,, 2016; Pai et al., 2011; Wu et al., 2016).
The study conducted by Brown and Mues (2012)
made a significant step in bringing attention to the
issue of imbalanced learning in credit scoring. Their
systematic comparison of different credit scoring
models across multiple datasets highlighted the
importance of addressing the imbalance problem.
Since then, many scholars have made efforts to
improve the predictive accuracy of credit scoring
using various imbalanced learning techniques
(Calabrese and Osmetti, 2013; He et al., 2018; Lei
et al., 2020; Marqués et al., 2013). Some recent stud-
ies attempted to integrate the GEV distribution into
boosting algorithms in fields such as weather and
catastrophe forecasting (Koh, 2021; Velthoen et al.,
2021). These studies leverage the generalised Pareto
distribution to improve the tail distribution in
regression tasks. In the context of classification
tasks, Mushava and Murray (2022) extended the
gradient boosting tree with a GEV link and a modi-
fied focal loss function. These modifications aim to
make the algorithm pay more attention to rare cases
in the minority class, thereby achieving superior
predictive performance. It's worth noting that
although Mushava and Murray (2022) and the our
study both incorporate the generalised extreme
value distribution into gradient boosting decision
trees for imbalanced learning, we take different
approaches. Mushava and Murray (2022) used a
modified focal loss derived from object detection
tasks, while our study employs a GEV loss function
directly derived from the maximum likelihood esti-
mation of the GEV distribution. This distinction
allows our study to contribute to the ongoing
exploration and development of imbalanced learning
techniques in the context of credit scoring.

3. Methodology
3.1. GBDT classifier with cross-entropy loss

In supervised classification problems, a binary
dependent variable and a vector of independent var-
iables x with a joint probability distribution P(x,y)
are considered. The objective is to identify the optimal



classifier F*(x) that minimises the expected value Ey ,
of the loss function L(y, F(x)), where F(x) is a classi-
fier function.

F*(x) = arg Fmin Ex,y[L(y, F(x))].

The number of times the boosting process is
repeated, known as the number of boosting rounds,
is indicated by M. In gradient boosting method, the
ultimate classifier Fp(x) is the estimated optimal
final classifier at round M

Fu(x) = Z Bonfn(x)

where f5,, represents the weight of the classifier in
round m and f,, is the base classifier generated in
round m. {(x1,y1),....(Xn, ¥n)} is the training set.
The initial classifier Fy(x) is defined as follows

Fy(x) = arginin zj: [L(yi»)].

The GBDT classifier F,,(x) proceeds to iteratively
augment via a greedy approximation approach
(Friedman, 2001)

Fp(x) = Fpeq (%)

n
+ argfminz [L(yis Fin1(x:) + fin ()]

=l
In some GBDT extensions, such as XGBoost, the
procedure approximates the original loss function
through second-order Taylor expansions at f; =0
(Chen and Guestrin, 2016). With Q(f,,), the regu-
larisation term that avoids the overfitting problem
by punishing the loss function if the trees are exces-
sively deep or there are too many leaves, the object-

ive function can be expressed as

n

Fax) 2 3 (100 Faa (50) + (s + 32 5)

i=1

+Q(fm)

where g and h; represent the first- and second-
order derivatives of the loss function, respectively.

Within a gradient boosting tree, when considering a
specific tree structure denoted as g(x), the representa-
tion of f,, can be expressed as f,, = wy(x), Where w; €
RT represents the weights assigned to node j within
the tree structure g(x). Here, q: R — 1,2,3,..., T,
with T denoting the number of all leaves within the
given tree structure. Then Q(f,) is defined as

1 2
’“ij

=1

Q(fm) = VT +

N =

Here, y and A are two different regularisation
parameters to control the magnitude of regularisation.
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Then, we can get the optimal leaf node weight w; to
minimise the loss function using the gradient such that

o = — 2icr i
! Dierhi+ 2

and the value of the function, when w; is optimal, is

2
1 a (Ziel gt‘)
Fu(x) =—-2) =———
2 ],:1 Zie] hi + ;\,

Finally, let I; and I denote the sample sets of left
and right nodes after splitting and I =1I; Ulz, and
then the gain after splitting can be represented as

1 (Yier, &) (Zielkgi)z_(ZieIgi)z _
A S A S it A S hi

+T.

F, +

The above equation is usually used in practice for
evaluating the split candidates to find the best split
nodes.

In binary classification problems, one of the
widely applied loss functions is the log-loss, which
is a binary cross-entropy loss function (Vovk, 2015)

L) = =3 > - logl3) + (1 =) -log(1 = 3)

where y represents the actual label and y € (0,1) is
the predicted probability

y=0(t)
with ©(#) the logistic (sigmoid) link function:
1
O) =
(®) 1+et

The logistic function is a symmetric S-shaped
function that can convert any real number to a
value between 0 and 1, which can be regarded as a
probability. The symmetric shape property helps any
model using the logistic function as the link func-
tion behaves well in common binary classification
tasks. However, in imbalanced learning problems
where the data is highly skewed and the minority
class is usually associated with higher importance
(e.g. disease diagnosis and loan default) (He and
Garcia, 2009), the estimated probabilities for the
minority class tend to be underestimated when
using a symmetric logistic function (Calabrese et al.,
2016; Ogundimu, 2019; Wang and Dey, 2010). To
overcome this disadvantage, we propose the GEV-
GBDT model to better classify imbalanced datasets.

3.2. GEV - GBDT classifier

In the GEV-GBDT model, the GEV function repla-
ces the logistic function as the link function of the
GBDT classifier. The GEV distribution can be skewed
and symmetric. It is widely used to model the tail of a
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distribution (De Haan and Ferreira, 2007). The cumu-
lative distribution function of the GEV =(tf) can be

represented in the form of =), with
141287, 0
h(t) ( g ) T
t—p
e, =0

where u € R is the location parameter, ¢ > 0 is the
scale parameter and 7 € R is the shape parameter.
We can control the skewness of GEV distribution
by changing 7. We can change 7t to handle different
imbalance ratios: for a higher imbalance ratio, a
highly skewed GEV distribution can achieve higher
classification accuracy (Wang and Dey, 2010). The
GEV distribution has different requirements for its
support, depending on the value of 7 :

o
{,u——,—l—oo), >0

T
t e (—o0, +00), T=0

(—oo,,u—ﬂ, T<0

Outside the support of the GEV distribution, the
cumulative distribution function is 0.

Going back to the classification tasks, let y and
n(y) represent the actual value of the dependent
variable and the predicted probability of being 1,
respectively. In this case, the link function is

(1+5)

. e , T#0

mw={ B 7
e, T =0.

Also, inspired by the maximum-likelihood esti-
mation of the GEV, we derive the GEV loss func-
tion used in our proposed model. The log-likelihood
function I(y, n(y)) for training set is:

=yi)- In(1=n(3,))]

n

(.m(3) = [pi-In(=(3,) + (1

i=1

To formulate the loss function, we multiply the log-
likelihood function by 1 and take the negative of the
whole function. In this way, the model can be optimised
by finding best values of y that minimise the loss func-
tion. After replacing 7(y), the loss function becomes

Ly, (7))

S () 0
4HQ_aHmW>} 40
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The GBDT model requires the second-order Taylor
expansion of the loss function used for optimisation.
We compute the first- and second-order derivatives
grad and hess of the loss function w.r.t. y :

grad
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After computing the required derivatives of the
original loss function, we can approximate the loss
function and fit it using Python’s LightGBM library
to establish our GEV-GBDT model. The Python
code developed for this study is publicly available at
https://github.com/EzioClark/GEV-GBDT.

4. Data

For our empirical experiments, we use four datasets
of loans granted by a P2P lending platform and tra-
ditional financial institutions. Each dataset contains
a unique set of features describing a borrower and
loan characteristics. The characteristics of these
datasets are as follows:

e The first dataset (LC) consists of 1,640,003 loans
granted by the U.S. P2P lending platform, Lending
Club. Each loan is described by 16 features, includ-
ing 15 independent variables describing the loan
information and borrower credit profile and a class
label indicating whether the loan is defaulted.
Among the 1,640,003 loans, 1,296,371 are “good”
borrowers and 343,632 (20.95%) are bad. The aver-
age loan value is 14,194.83 US dollars and the aver-
age term is 41.04 months.

e The second dataset (SMF-1) consists of 3,076 loans
for middle and small enterprises (SMEs) granted
by a Chinese commercial bank. This credit scoring
data is very unbalanced and it includes 3009
“good” applications and only 67 (2.18%) “bad”
ones. Each loan sample is associated with 80
attributes covering borrowing companies’ detailed
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financial performance, owners’ background infor-
mation, loan characteristics, payment history, other
non-financial information, and local macroeco-
nomic variables. The data set has a mean loan
value of 10,387.72 CNY.

e The third dataset (SMF-2) contains 2,157 loans
made to micro and small businesses granted by a
bank. Among those loans, 1,911 are instances of
creditworthy applications and 246 are instances
with defaulted payments. Each instance has a
class label and 60 features including demographic
attributes, financial information, guarantor infor-
mation, and local macroeconomic indicators.

o The fourth dataset (SMF-3) consists of 4,424 loans
made to agricultural entrepreneurs and households
granted by a state owned commercial bank in
China. Each loan is described by 30 features cover-
ing the borrower’s demographic and financial
information, credit history, loan characteristics, and
guarantor information. The proportion of default
or positive cases is 11.64% (515 default loans). The
mean loan value is 34,472.68 CNY.

Table 1 provides a brief overview of the key
attributes of the aforementioned four datasets. These
loan samples are collected from different sources
and the feature sets capture various aspects of bor-
rowers and loan details. In addition, they have dif-
ferent sample sizes and the imbalance ratios range
from 1:4 to 1:45. These heterogeneous characteristics
make them suitable for use in conducting empirical
credit scoring experiments and evaluating the per-
formance of different models and techniques. Table
2 shows the different default percentages for the
four analysed samples. Table A2 in Appendix
describes the variables in the LendingClub dataset
and Table A3 reports those of the small business
finance datasets.

5. Results
5.1. Classification performance of GEV-GBDT

In this section, we compare the classification per-
formance of GEV-GBDT against several benchmark
models. We apply the z-score transformation to
continuous variables to make different features on
the same scale.To evaluate the efficiency of the
models, we implement a cross-validation process
that avoids the biased selection of the sub-sets and
improves the reliability of the estimates. For all

Table 1. Characteristics of four credit scoring datasets.

Input size Area Number of variables
LC 1,640,003 North America 15
SMF-1 3,076 China 87
SMF-2 2,157 China 60
SMF-3 4,424 China 29
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three SMF datasets, we conduct a 100 times
repeated 5-fold cross-validation. Each of the five
random partitions acts as an independent holdout
test set, the remaining four partitions are used to
train the credit scoring model. The training sets are
used to estimate the model’s parameters, and the
classification performance is assessed on the holdout
sets. The overall performance score is an average
across all five test set partitions. Compared to the
SMF datasets, the Lending Club dataset covers a
much longer period and the observations may not
be fully independent of each other. Therefore, we
perform a 5-fold time series/sequential cross-valid-
ation for this dataset, which splits the data into 5
folds by preserving the chronological order of the
observations. Similarly, we employ different combi-
nations of hyperparameters for each model and
repeat the process 100 times to report the average
result.' Figure 1 illustrates the two different cross-
validation methods used.

To gain a comprehensive understanding of how
GEV-GBDT performs in the context of imbalanced
learning, we select two popular imbalance learning
techniques as the benchmark methods: the cost-sen-
sitive framework (CS) for data-level method and
SMOTE as an algorithm-level handling. We also use
three benchmark machine learning models: Logistic
Regression (LR), Random Forest (RF) and the regu-
lar GBDT. LR is widely used for its simplicity, inter-
pretability, and the ease with which it handles
binary outcomes—a natural fit for credit scoring
where the primary objective is to predict whether a
borrower will default or not (Hosmer et al., 2013).
The output of LR can be directly interpreted in
terms of odds ratios, providing clear insights into
the influence of various factors on the probability of
default. This interpretability is crucial for regulatory
compliance and for understanding key drivers of
risk. For the LR, we control the regularisation
parameters to avoid overfitting. The RF, an ensem-
ble learning method, has gained popularity due to
its ability to handle large datasets with numerous
predictors and its robustness to overfitting
(Breiman, 2001). By aggregating multiple decision
trees, the RF can capture complex interactions
between variables, which can be especially valuable
in credit scoring where relationships between varia-
bles are often non-linear and interactive. For simpli-
city and interpretability, we control the number of
leaves and the number of trees to provide a stable
performance without overfitting. The regular GBDT,
as introduced in the previous section, takes a differ-
ent approach to ensemble learning by iteratively
training decision trees on the residuals of the previ-
ous trees, allowing itself to focus on the most chal-
lenging examples and gradually improve the overall
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Table 2. Distributions of target variables in four datasets.

LC SMF-1 SMF-2 SMF-3
Positive samples 343,632(20.95%) 67(2.18%) 246(11.40%) 515(11.64%)
Negative samples 1,296,371(79.05%) 3,009(97.82%) 1,911(88.60%) 3,909(88.36%)
Total 1,640,003 3,076 2,157 4,424

Comparison of K-Fold and Time Series Cross-Validation
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Figure 1. K-fold and time series cross-validation.

performance. It is robust and can handle different  threshold settings. The AUC measures the entire two-
types of variables. To be able to compare the two  dimensional area underneath the entire ROC curve. It
models, the hyperparameter setting of the regular  provides an aggregated measure of performance across
GBDT and the GEV-GBDT are the same. The most  all possible classification thresholds. The value of AUC

important hyperparameters are the number of trees,  ranges from 0 to 1. A model with an AUC of 0.5 indi-

the learning rate, and the number of leaves. cates no discriminative ability, equivalent to random
The cost-sensitive framework can be imple-  chance, while an AUC of 1.0 indicates perfect discrim-

mented using the Scikit-learn library. We compute  ination (Hand and Till, 2001).

the misclassification cost for each sample and use The KS statistic is a non-parametric test used to

the normalised cost as the sample weight in the  evaluate the discriminatory power of classification mod-

training process (Bahnsen et al., 2014). For the data-  els. It measures the maximum distance between two

sets where the principal amount and the interest  cumulative distribution functions (CDFs) of the positive
rate are available, we assign the principal amount to  and negative outcomes in a binary classification model.
the positive sample and the total amount of the In model evaluation, the KS statistic is particularly use-
interest earned on the loan to the negative sample.  ful in identifying the threshold where the separation
Therefore, we assigned a higher misclassification  between the distributions of the true positives (TPR)
cost to positive cases (default). When the principal and false positives (FPR) is the maximised (Hosmer
amount and interest rate are unknown (e.g. SMF-2 et al, 2013). Unlike the AUC, which considers the
dataset), we assign misclassification costs that reflect entire range of thresholds, the KS statistic focuses spe-
the ratio of positive cases to negative cases. cifically on the optimal point at which a model effect-
To avoid the curse of dimensionality, we apply a  ively identifies true positives while minimising false
feature selection to choose the 20 features with the  positives. Moreover, previous research suggests that the
highest feature importance generated by a GBDT.To  H-measure is a more effective metric for evaluating the
evaluate the classification performance, we employ three  predictive performance of models developed for imbal-
commonly used evaluation metrics: the Area Under the  anced datasets (Chen et al, 2024; Hand and
Curve (AUC), the Kolmogorov-Smirnov (KS) statistic, Anagnostopoulos, 2014). The H-measure addresses the
and the H-measure. The area under the Receiver  incoherence of the AUC by introducing costs for the
Operating Characteristics (ROC) curve is a widely used different types of misclassification (Hand, 2009). It
metric in statistical analysis and machine learning for ~ ranges from zero for a random classifier to one for a
evaluating the performance of a classification model  perfect classifier.
(Fawcett, 2006). The ROC curve is a graphical repre- The results shown in Tables 3 and 4 demonstrate
sentation that plots the true positive rate (sensitivity)  that the GEV-GBDT achieves the highest predictive
against the false positive rate (1-specificity) at various  accuracy compared to all tested techniques across all



Table 3. The Area Under the Curve (AUC) for different clas-
sification models.
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Table 6. Matrix-based metrics for different classification
models.

LC SMF-1 SMF-2 SMF-3 LC SMF-1 SMEF-2 SMF-3
CS-LR 0.6122 0.7584 0.5567 0.5717 Accuracy  CS-LR 0.5930 0.8633 0.5336  0.6702
CS-RF 0.6746 0.8422 0.6363 0.5992 CS-RF 0.6065 0.8863 0.6815 0.4948
CS-GBDT 0.6836 0.9089 0.6049 0.6625 CS-GBDT 0.6236 09250  0.6365  0.5335
SMOTE-LR 0.6125 0.7613 0.5404 0.5528 SMOTE-LR 0.5880 0.8395 0.4965 0.3515
SMOTE-RF 0.6625 0.8574 0.6508 0.5955 SMOTE-RF 0.6000 0.9025  0.7450  0.4652
SMOTE-GBDT 0.6619 0.9101 0.6332 0.6532 SMOTE-GBDT 0.6033 0.9168 0.6370 0.5402
GEV-GBDT 0.6966 0.9354 0.6711 0.6839 GEV-GBDT 0.6304 0.9413 07070  0.5554
The bOld VaIUeS ShOW the hlgheSt AUC. Recall CS'LR 0.2722 0.0500 0.1435 0.1619
CS-RF 0.3000 0.0684  0.1967  0.1518
CS-GBDT 0.3096 0.1048 0.1711 0.1708
Table 4. The Kolmogorov-Smirnov (KS) statistics for differ- SMOTE-LR 02711 0.0471 0.1404 0.1285
ent classification models. SMOTE-RF 02959 00720 02295  0.1466
SMOTE-GBDT ~ 0.2944  0.0952  0.1784  0.1673
LC SMF-1 SMF-2 SMF-3 GEV-GBDT 03175  0.1353 02342  0.1768
CS-LR 0.1639 0.6583 0.1639 0.1780 Precision  CS-LR 05630 06923 06220  0.4388
CS-RF 0.2522 0.7527 0.2818 0.1781 CS-RF 0.6583  0.8077 05813  0.7282
CS-GBDT 0.2646 0.8282 0.2337 0.2822 CS-GBDT 0.6475 0.8462 0.5691 0.7806
SMOTE-LR 0.1644 0.6658 0.1541 0.1159 SMOTE-LR 05723 07692 06667  0.7903
SMOTE-RF 0.2318 0.7614 0.3032 0.1653 SMOTE-RF 0.6283 0.7917 0.5244 0.7456
SMOTE-GBDT 0.2333 0.8301 0.2467 0.2857 SMOTE-GBDT 0.6397 0.8462 0.6057 0.7417
GEV-GBDT 0.2824 0.8432 0.3217 0.3088 GEV-GBDT 0.6583 0.8846 0.6911 0.7709
F1-score CS-LR 0.3670 0.0933 0.2332 0.2365
CS-RF 04121 0.1261 02939  0.2513
Table 5. Hand (H) measures for different classification CS-GBDT 04189  0.1864 02632  0.2803
models. SMOTE-LR 0.3680 0.0887  0.2320  0.2210
SMOTE-RF 0.4023 0.1319 03193  0.2451
LC SMF-1 SMF-2 SMF-3 SMOTE-GBDT ~ 0.4033  0.1712 02757 02731
CS-LR 0.0431 0.4786 0.0544 0.0559 GEV-GBDT 0.4284 0.2347 0.3498 0.2876
CS-RF 0.1019 0.6942 0.1267 0.0666
CS-GBDT 0.1112 0.7841 0.0903 0.1195
SMOTE-LR 0.0433 04928 0.0463 00196  collectively provide a thorough evaluation of the
SMOTE-RF 0.0893 0.7018 0.1488 0.0608 > . .. .
SMOTE-GBOT 00870 07746 01078 01061 model’s performance, particularly emphasising its
GEV-GBDT 0.1219 0.7999 0.1606 0.1260  ability to accurately identify positive samples.

four datasets. Table 5 presents the predictive result
of the tested models evaluated by H-Measure with
our datasets. The results reaffirm the superiority of
GEV-GBDT over the other benchmark models.

For each model, we compute the confusion matrix
for the optimal cutoff obtained by maximising the
difference between the TPR and the FPR for each
fold. We then sum the confusion matrices for all
folds to form the final confusion matrix for the
model. This matrix provides counts of TP, true nega-
tives (TN), FP, and false negatives (FN), providing a
comprehensive overview of the model’s classification
accuracy. From this matrix, we derive several add-
itional metrics to evaluate the performance of mod-
els. Accuracy measures the overall correctness of the
model, calculated as the proportion of true results
(both TP and TN) out of all the cases. Recall, or
TPR, measures the model’s ability to identify all rele-
vant instances, calculated as TP/(TP-+FN), thus
reflecting the model’s sensitivity to detecting positive
cases. Precision, on the other hand, assesses the pro-
portion of true positive predictions among all posi-
tive predictions made, calculated as TP/(TP+FP).
Lastly, the F1-Score serves as a balanced measure of
precision and recall, calculated as 2 x (precision *
recall) /(precision + recall). This metric is particularly
useful in scenarios where maintaining equilibrium
between the FP and FN is crucial. These metrics

Table 6 shows the confusion matrix based metrics.
The GEV-GBDT achieves the best performance on all
four datasets based on recall rate, precision rate, and F1
score. On datasets SMF-2 and SMEF-3, the accuracy
rates of GEV-GBDT are only in second place, as the
best baseline models make more correct predictions in
the majority class at the cost of lower recall rate and
precision rate on the predictions of positive samples. In
general, the GEV-GBDT not only outperforms baseline
models from the high-level perspective but also demon-
strates superior discriminative capability to the other
models, with the highest recall rate and F1-score across
the different datasets, proving the success of our model
design in terms of forcing GEV-GBDT to focus on the
minority positive samples.

Given the large sample size and long period of
coverage, we use the LendingClub as a case study to
produce calibration plots that compare observed and
predicted probabilities for assessment of prediction
model performance. Figure 2 displays the calibration
plots for all tested models using LendingClub dataset.
In a calibration plot, the x-axis represents the predicted
probabilities provided by the model, while the y-axis
represents the actual probabilities (or frequencies) of
the outcomes. A perfectly calibrated model would have
all predictions lying on the diagonal line running from
the bottom left to the top right of the plot. Figure 2
shows the superiority of the GEV-GBDT over the base-
line models, as the other models’ predicted values are
largely concentrated in the range [0.2, 0.8], thereby
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Figure 2. Plots for different classification models on the LendingClub dataset.

underestimating the tail risk even with some corrective
measures applied. Although the two LR-based models
span all probability bins, their predictions are not stable
across different folds. On the contrary, the GEV-GBDT
has a stable probability output within the range [0, 0.9],
closely approaching the diagonal line at both ends. The
instability problem only arises beyond 0.9.

To demonstrate the economic benefits of the GEV-
GBDT in real credit risk management scenarios, we
compare the real loss against the expected loss for all
the other models based on the LendingClub dataset.
We first calculate the mean actual loss of the test set in
each fold. Then, for each model at its optimal cutoff,
we compute the value of the predicted loss (ie. the
samples in the TP and the FP groups), the portion cor-
rectly predicted (i.e. the samples in the TP group only),
and their corresponding predictive error. The actual
loss in this test is about 898.48 million US dollars.
Figure 3 shows the economic performance of each
model. In general, all models tend to overestimate the
loss of the portfolio, with all differences between the
actual and predicted losses being negative. However,
the models have difficulty covering all actual default
cases, resulting in a lower value of correctly predicted
loss. The GEV-GBDT outperforms the baseline models
in this test, with a lower overestimate of predicted loss
(52.18 million US dollars less than the best baseline
model) and a higher correctly predicted value (24.41
million US dollars higher than the best baseline model).
The results of the economic analysis suggest that the
GEV-GBDT could help financial institutions to better
estimate the expected loss of their loan portfolios.
Lending institutions always face a trade-off between
pursuing more profit by lending money to more loan
applicants and maintaining a lower risk exposure by
acting more conservatively. The GEV-GBDT can
address this challenge by providing more accurate loss
estimation, thus helping financial institutions to pursue
more business and higher profit without incurring
higher additional risk, as the scoring model is more

accurate in identifying bad borrowers. Figures 4 and 5
show that the GEV-GBDT achieves higher AUC and
KS for higher imbalanced samples. Figures 6 and 7
plot the optimal tau value for different imbalanced
ratios.

For the interpretability of the GEV-GBDT, we can
use the built-in feature importance method of
LightGBM to identify which features contribute the
most information during the tree-splitting process.
Some model-agnostic interpretable methods, e.g. SHaP
(Lundberg and Lee, 2017), can produce inconsistent
results for imbalanced data Chen et al. (2024). Thus,
we will further explore the interpretability of the GEV-
GBDT in our future works.

5.2, Selection of t for datasets with various
imbalance ratios

In this section, we examine the effect of various t
values on classification performance while keeping
other hyperparameters fixed. We also look at how
the optimal value of 7 changes for datasets with dif-
ferent imbalanced ratios. We randomly sample 109
sub-datasets with varying imbalanced ratios from
the LendingClub dataset with an imbalance ratio
from 1:1 to 1:2000. For each sub-dataset, we take
201 different 7 values ranging from —1 to 1 with an
interval of 0.01. e model the regular LightGBM with
the hyperparameter ‘is_unbalanced” set to ‘True’
(which can be regarded as a naive approach of cost-
sensitive methods by giving positive samples a
higher weight according to the imbalanced ratio)
and a log-loss function as the benchmark for these
sub-datasets. This comparison allows us to analyse
the effects of different imbalance ratios and 7 values
on the classification performance.

The two graphs presented above indicate that as the
datasets become more skewed, the GEV-GBDT exhibits
a greater advantage over the regular LightGBM model
under both evaluation measures. To further strengthen
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Error Magnitude Comparison by Model
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Figure 4. The difference of the AUC between the GEV-GBDT and the Regular GBDT on an Extremely Imbalanced Dataset.

our conclusion, we run a simple linear regression
model to test whether the relationship is significant by
using the inverse of the imbalance ratio as the inde-
pendent variable and the performance advantage as the
dependent variable. The resulting p-value for the coeffi-
cient t-test in the regression model, as shown in Table
7, confirms that this trend is highly statistically signifi-
cant with respect to both the AUC and KS measures.
However, the relationship is not necessarily linear. The

purpose of conducting this supplementary t-test of the
simple linear regression is to show that, in general, the
more skewed the dataset is, the higher is the perform-
ance difference between the GEV-GBDT and the regu-
lar GBDT.

In addition, the two graphs reveal that as the data-
sets become more skewed, the optimal value of 7 tends
to decrease. Similarly, we conduct a t-test to examine
the statistical significance of this trend. We consider the
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How the KS difference between GEV-GBDT and Regular LGBM change with different ratios

0.175 ® KS of GEV-GBDT - KS of Benchmark s
---- Reference line 0
[
0.150 1
[ ]
0.125 A [ )
° L ]
° L ]
3 0.100 °
5
3 °
% e s o ° o
72}
G 0.075 . e .,
L] ] oo ©
* o & & & e
° °q e o e
0.050 1 ] i s % = 2 ° o .
° o ® ° °
§ e ° O. oo o = °
. ......0.. LI e
0.025 | bt e
e®®e oo ©
(1]
®
..
0.000 4 SRR BOROE. . e T R S R e S
= = = s v 3 § & § B 8 B 8 8 § © s & = § 28 g
= - 2 & % 2 3 3 8 8 & 8 F F 84 % 2 2 =z & ¥ &
Imbalance Ratio - - - -
Figure 5. The difference of the KS between the GEV-GBDT and the Regular GBDT on an Extremely Imbalanced Dataset.
Does optimal tau value change with different imbalanced ratios?
-0.11
°
° ®
L ]
-0.46 3 o . =
& R o. s ®
[ ] ™ PY (1) ®
[ ]
-0.29 o o o o ° °
[ ]
e ° e ® ° °
. °
. ' . . .
-0.48 o2 ° °
c. » ® .
° ° e ° °
.. [ [ ]
° e ° . o
-0.29 e . o ° o * .
. & e © °
° [ o°
° %o,
@ ® &
-0.34 o o® °
° .. ° ¢ o
[ ] [ ]
[
-0.42 e  Tau value for best GEV-GBDT for each ratio with AUC °
- @ =nw o wm o o o o o o o o o o wm o wn o o o o
& o = = — % N N Dy @« < b ol e %0 N - o o ]

Figure 6. Optimal value of tau for different imbalanced ratios measured by AUC.

inverse of the imbalance ratio as the independent vari-
able and treat the optimal value of 7 as the dependent
variable. The results presented in Table 8 show this
relationship is highly significant if we choose the opti-
mal values of 7 based on the AUC but not if it is based
on the KS. It is worth pointing out that the graph sug-
gests a random distribution of the 7 values, indicating
that the correlation between the imbalance ratio and

the optimal value of v may be more complex for the
KS measure.

5.3. How GEV-GBDT handles imbalanced data

In the previous sections, we reveal the superior clas-
sification performance of the GEV-GBDT on imbal-
anced datasets compared to the regular LightGBM



JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 13

Does optimal tau value change with different imbalanced ratios?

e  Tau value for best GEV-GBDT for each ratio with KS °®
-0.25
° L]
0.32 e o ®e
@ [ ]
® £3
... [ ] o . 3
-0.39
° ° * %
[ ]
®
-0.29 . oS . . oo & ® .
ol [ ] ° ° [ ] .. &
1 o ° 3 . . s
®
0.5 L ° ° = L4 = ° o
», L ] (1] o & L L ] 2 *
® ° % °
016 o ° N ° ° o. °
L] ° L]
o © s
£ ° ° ° L
023 . o ®
° 5 . o ® °
-0.42 ¢ o . .
- @ =w o w o o o o o o o o o o wm o wn o o o o
T - o o o ¥ ¥ v e *® Q = ©o ©  ®

Figure 7. Optimal value of tau for different imbalanced ratios measured by KS.

Table 7. T-test of regression results of imbalance ratios
against performance differences.
Against AUC differences

4.159¢e-05
2.363e-24***

AGAINST KS differences

4.525e-05
2.123e-19%**

test-statistics
p-value

Table 8. T-test on the regression where the dependent
variable is the optimal value of T and the independent vari-
able is the inverse of the imbalance ratio.

Optimal Tau chosen Optimal Tau chosen

based on AUC based on KS
test-statistics —0.0002 —5.019e-05
p-value 1.748e-8%** 0.395

with the cost-sensitive method. We also discuss the
selection of the pre-determined hyperparameter .
In this section, we further explore the outperform-
ance of GEV-GBDT over the benchmark model by
introducing an additional test. We compare the per-
formance of the GEV-GBDT model and the bench-
mark model on datasets with varying imbalanced
ratios based on different evaluation metrics, includ-
ing the AUC, KS, best cutoft/threshold (defined by
the threshold when the difference between TPR and
the FPR is maximised), the TPR at best cutoff, and
the FPR at the best cutoff of the previous trials.
Table 9 presents the classification performances
of both models on the datasets with imbalance
ratios ranging from 1:1 to 1:1850. The benchmark
model, despite using a cost-sensitive framework, is
inadequate in handling highly imbalanced data, as
evidenced by a significant decline in the AUC
from 0.6888 (1:1) to 0.5308 (1:1850). Moreover, the

difference by which the TPR exceeds the FPR at the
optimal threshold diminishes. We observe that as
the data becomes more skewed, the optimal cutoff
point shifts towards larger values, approximately
from 0.5 to 1. These results suggest that the bench-
mark model is very conservative and only classifies
those samples predicted with extremely high proba-
bilities as positive. Although this strategy should
yield both a low TPR and a low FPR, the bench-
mark model fails to effectively maintain the false
positive rate, resulting in values still reaching
around 0.5 for highly skewed datasets. As for GEV-
GBDT, it keeps AUC scores higher than 0.6 for all
datasets. One interesting finding is that the best cut-
off for GEV-GBDT is moving leftward from 0.4743
to 0.0278 instead of getting larger when the data is
more imbalanced. By setting the cutoff close to 0
means that both the TPR and the FPR should be
high. However, the GEV-GBDT maintains the dif-
ferences between the TPR and FPR even with an
FPR larger than 0.5. Other metrics provide similar
conclusions. In other words, the superior classifica-
tion performance of GEV-GBDT on imbalanced
samples stems not only from the higher TPR or
lower FPR but from the relative difference between
them. The results suggest that the GEV-GBDT
focuses on positive samples by assigning near-zero
values to negative samples. Thus, using a low
threshold can incorporate more potentially positive
data points without suffering from high FPR.
Importantly, this approach is effective even for
highly imbalanced data.



14 J. ZHANG ET AL.

Table 9. Imbalanced classification performance analysis.

Regular LightGBM (Cost Sensitive) GEV-GBDT

Imbalance Ratio AUC KS Best Cutoff TPR at BC FPR at BC AUC KS Best Cutoff TPR at BC FPR at BC
11 0.6888 0.2727 0.4924 0.6589 0.3863 0.6888 0.2727 0.4743 0.6584 0.3857
1:6 0.6882 0.2714 0.5042 0.6352 0.3638 0.6888 0.2724 0.4254 0.6364 0.364
1:15 0.6847 0.2664 0.4947 0.6482 0.3818 0.6856 0.2677 0.3477 0.6362 0.3685
1:40 0.6737 0.25 0.4638 0.6392 0.3892 0.6817 0.2629 0.3033 0.6446 0.3817
1:65 0.6603 0.2253 0.4063 0.687 0.4617 0.6776 0.2568 0.2929 0.657 0.4002
1:90 0.6573 0.2315 0.489 0.5437 0.3122 0.6758 0.2549 0.2371 0.6007 0.3458
1:120 0.6462 0.2176 0.8045 0.6721 0.4545 0.6724 0.2521 0.2426 0.5998 0.3476
1:170 0.6409 0.2099 0.8775 0.7763 0.5664 0.6688 0.2423 0.1709 0.6024 0.3601
1:220 0.6352 0.2062 0.9997 0.4427 0.2365 0.6656 0.2405 0.1058 0.5653 0.3248
1:270 0.6361 0.21 0.9998 0.5001 0.2901 0.6626 0.24 0.1096 0.6421 0.402
1:320 0.63 0.2149 1.0 0.5061 0.2912 0.6663 0.2443 0.1844 0.6561 0.4118
1:370 0.6258 0.1932 1.0 0.4064 0.2132 0.6667 0.2498 0.1194 0.6661 0.4163
1:420 0.625 0.2064 1.0 0.5047 0.2982 0.6662 0.2479 0.0753 0.7005 0.4526
1:470 0.6105 0.181 1.0 0.5654 0.3844 0.6632 0.2463 0.0328 0.7075 0.4613
1:550 0.613 0.1835 1.0 0.508 0.3246 0.6592 0.2376 0.0177 0.6267 0.3891
1:675 0.5915 0.1637 1.0 0.4964 0.3327 0.6533 0.2238 0.0655 0.6497 0.4259
1:800 0.5741 0.1622 1.0 0.5475 0.3853 0.6508 0.2348 0.0384 0.6455 0.4107
1:925 0.5572 0.1249 1.0 0.7024 0.5775 0.6321 0.1854 0.1066 0.5323 0.347
1:1100 0.5406 0.0878 1.0 0.6863 0.5985 0.6222 0.181 0.0174 0.7996 0.6186
1:1350 0.5771 0.1513 1.0 0.6723 0.521 0.6199 0.2152 0.0403 0.5794 0.3642
1:1600 0.5471 0.1145 1.0 0.6525 0.538 0.6258 0.1889 0.0254 0.8209 0.632
1:1850 0.5308 0.0616 1.0 0.5264 0.4648 0.6104 0.1766 0.0278 0.7905 0.6139

6. Conclusion

In this study, we propose a novel ensemble classi-
fier, the GEV-GBDT, based on the gradient-boosting
decision tree, to address the challenge of the imbal-
anced learning problem. Our experimental results
demonstrate that the GEV-GBDT outperforms the
benchmark models in terms of predictive perform-
ance. By integrating the GEV distribution into the
loss function of the GBDT, our proposed model
extends the use of algorithm-level methods for tack-
ling imbalanced learning problems. It inherits the
excellent learning ability of gradient boosting while
also allowing for focused learning on minority sam-
ples, making it effective in handling imbalanced
datasets with varying degrees of class imbalance.
Furthermore, our experiments on searching for opti-
mal model parameters reveal that the GEV-GBDT
exhibits even better performance when applied to
highly imbalanced datasets, further contributing to
the literature on extremely imbalanced data
classification.

The GEV-GBDT could be adopted by banks and
financial institutions as a credit scoring model to
identify bad borrowers, even if the number of
defaults in the portfolio is very low. Using a more
accurate credit scoring model could help financial
institutions make more informed lending decisions,
reduce the likelihood of granting loans to high-risk
borrowers, and mitigate potential financial losses. In
particular, this new method is more robust to tem-
poral changes and high-risk profiles. Moreover, the
flexibility of the GEV-GBDT model allow risk man-
agers to tailor the model to their specific needs and
risk appetite by adjusting the shape parameter .
This allows lenders to strike a balance between

sensitivity to potential defaults and the acceptable
level of false positives, depending on the costs asso-
ciated with each type of misclassification.
Implementing the GEV-GBDT model can also
streamline the credit approval process by reducing
the need for manual intervention and subjective
expert judgement. Automating the credit scoring
process with a more accurate and robust model
could lead to faster and more consistent decisions,
improving the overall customer experience and
operational efficiency.

Future work can foucs on several directions.
First, the applicability of the GEV-GBDT model to
classification tasks in other industries can be
explored, to assess its robustness and generalizabil-
ity. By conducting extensive tests on various classifi-
cation tasks, we can gain a deeper understanding of
the model’s behaviour and parameter selection.
Second, from our experiment, we acknowledge that
the computational speed of the GEV-GBDT is
slower than the original version of GBDTs since
performing the second-order Taylor expansion with
respect to the loss function requires a lot of compu-
tations. Thus, we can further refine the model to
reduce the computational overhead through
approximation and improve the efficiency of the
model without compromising its classification per-
formance. Lastly, our research can also continue to
explore the application of the GEV distribution in
other areas, such as its integration into deep learn-
ing-based credit scoring models.

Disclosure statement

No potential conflict of interest was reported by the
author(s).



Note

1. For the LendingClub dataset, we also conduct a
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check, and the result remains. Table Al shows the
details of the computing environment.
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Appendix A

Table A1. Computing environment.

Platform

0s

CPU

Memory

Storage

Programming Environment
Key Package

Google cloud platform
Ubuntu 16.04

Intel Skylake Core 16 vCPU
104GB

100GB SSD

Python 3.8

LightGBM, Scikit-Learn

Variable name

Description

annuity2principal

Generated by feature engineering, it is the ratio of loan annuity to the loan principal

dti_x The ratio is computed by dividing the borrower’s total monthly debt payments, excluding mortgage and
the requested LC loan, by the borrower’s self-reported monthly income.

total_hi_cred_lim
total_bc_limit
annual_inc Borrower’s annual income

Total high credit/credit limit

Total bankcard high credit/credit limit

revol2inc Generated by feature engineering, it is the ratio of total credit revolving balance over the annual income

total_il_high_credit_limit
total_bal_ex_mort

revol_util Revolving line utilisation rate.
CreditHistoryLength

MonthlyContractAMT Monthly payment amount
income2principal

revol_bal Total credit revolving balance
total_rev_hi_lim Total revolving high credit/credit limit
principal Principal amount of the loan

Total installment high credit/credit limit
Total credit balance excluding mortgage

Generated by feature engineering, it is the time length from the borrower has the credit for the first time to now

Generated by feature engineering, it is the ratio of annual income to the loan principal

Table A3. Variable list of three small business finance datasets.

Dataset SBF-1

Dataset SBF-2

Dataset SBF-3

Financial indicators
Total asset

Total liability

TL/TA

OCF/CL

Quick ratio

Current ratio

Cash/RFO
EBIT/CF
NCL/(NCL+E)
OCF/TA

Equity ratio
Acid-test Ratio

OCF/net profit

E/(Clending + NCLending)
NFA/E

Cash ratio

(E + NCL)/(FA+Investment)
Total unpaid lending/equity

Total unpaid lending/TA
OCF/TL

EBITDA/TL

ROE

OCF/revenue

Net profit margin on sales
ROA

Operating profit ratio

Basic information
Education

Maritial status
Gender

Age

Residential status
Employment status

Position Level

Local registered residence

ID verification

Client status

Business license

Time length of business license

Ownership of business premise

Industry

Number of family members

Number of labors

Number of dependent family members

Number of burden population
(Dependent/Labor)

Family expenses

Loan purposes

Collateral information

Guarantor’s sex

Guarantor’s age

Guarantor’s marital status

Guarantor’s education background

Guarantor’s Monthly Income

Sex

Age

Education background

Marital status

Residential status

Number of family members

Ratio of the number of labours over the
number of family members

Personal monthly income

Family monthly income

Total asset

Total liability

TL/TA

Ratio of monthly payment over monthly
disposable income

Number of previous loans

Source of repayment

Principal

Verification of the asset

Has guarantors or not

Relationship to joint borrower

Age of joint borrower

Sex of joint borrower

Joint borrower’s location

Joint borrower’s monthly income

Joint borrower’s education background
Guarantor's sex

Guarantor's age

Guarantor's marital status

(continued)
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Table A3. Continued.

Dataset SBF-1

Dataset SBF-2

Dataset SBF-3

Net profit/total expense and cost

Gross profit margin

Net profit/ cost and expense

EBITDA

EBITDA/Revenue

Net profit

OCF

CF from operation activities

Receivables turnover ratio

Inventory turnover ratio

Total asset turnover

Current asset turnover

Fixed asset turnover

Equity turnover

Working capital/CA

Rate of return on investment

Payable turnover ratio

Cash conversion cycle

Revenue growth

Net profit growth

TA growth

Rate of capital accumulation

R/E Growth

Company and legal representative information

Years of employment in the relevant industry

Audited or Not

Recognized level of new product

Patent Status

Date of Establishment

Level of famous products

The proportion of the total amount of money
collected by enterprises through this bank

lending default record of legal representative

Credit card record of legal representative

Marital Status

Residential Status

Year of residence of legal representative

Gender

Location

Industry

Educational background

Age

Relationship to the borrower

Quality of the relationship to the borrower

Guarantor’s credit quality
Guarantor’s industry

Repayment ability

Current Ratio

TL/TA

TL/E

Equity

Monthly instalment to other banks
Amount of personal borrowing
Monthly payment over net income
Profitability

Net ROA

Net profit

Sales

Operating income

Total asset

Total ROA

Monthly income

Monthly tax

Operating ability

Accounts receivable turnover rate
Inventory turnover

Turnover tate of total assets
Average Fixed Assets

Turnover rate of fixed assets
Operating expenses

Operating periods

Operating area

Number of employees

Macroeconomic information
Per capita savings balance
Regional GDP growth rate
CPI

GDP per capita

Per capita disposable income
Engel coefficient

Industry climate index

The value of vehicle and real estates of legal representative

Year of employment in this position
Category of registered capital
Enterprise credit status in the past three years
Corporate tax record

The status of bank accounts

Sales range of products

Legal issue

Compliance status

Number of defaults
Macroeconomic indicators

Industry Index

Year-end balance of per capita savings of urban and rural residents (yuan/person)

GDP Growth Rate
CPI

Per capita disposable income of urban residents (yuan) / person)

Engel coefficient

Loan-level Information

Principal

Amount of Interests and Principals
Score of pledge/collateral

Loan type

Currency type

Guarantor's monthly income
Guarantor's education background
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