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a b s t r a c t

Significant research has been performed on credit risk evaluation, with many machine
learning and data mining techniques being employed for financial decision-making.
The back propagation (BP) neural network has been a popular choice for credit risk
evaluation problems, but many studies have found classifier ensembles to be superior to
single classifiers. In this paper, a novel ensemble model based on the synthetic minority
over-sampling technique (SMOTE) and a classifier optimisation technique is proposed for
personal credit risk evaluation. To mitigate the negative effects of imbalanced datasets
on the performance of the credit evaluation model, the SMOTE technique is used to
rebalance the target training dataset. The particle swarm optimisation (PSO) algorithm
is employed to search for the best-connected weights and deviations in the BP neural
networks. Based on the optimised BP neural network classifiers, an ensemble model is
developed that combines the AdaBoost approach with the base classifiers. To ensure that
the proposed model provides accurate and stable performance, we thoroughly explore
and discuss the optimal parameters for the ensemble classification model. Finally, the
proposed ensemble model is tested on German and Australian real-world imbalanced
datasets. The results demonstrate that this model is more effective at processing credit
data problems compared to the other classification models examined in this study.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Credit risk management has become a primary focus of financial institutions since the sub-prime mortgage crisis in
2007 and the release of international regulations in the Basel III Accord, where banks and other financial institutions
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are required to use credit scoring models to avoid financial losses. Traditional credit risk evaluation methods in many
developing and under-developed countries largely rely on human judgement based on a set of decision rules and policies.
This type of expert-based system has been found to be subjective and inadequate for addressing credit risk problems.
Therefore, machine learning and data mining techniques have been developed to assist in financial decision making
based on big data to improve predictive accuracy. Efficient and accurate credit scoring models are vital for banks and
financial institutions for two main reasons. First, such institutions must control the measured credit risk based on the
probability of default, loss in the event of default, and exposure in the event of default. Second, any small improvements
in a credit assessment system can provide greater returns [1] based on credit analysis cost reductions, faster loan decisions,
guaranteed payment collections, and risk mitigation. Decades ago, statistical methods, such as discriminant analysis and
logistic regression, were the dominant methods in this area, while machine learning techniques, such as neural networks
and genetic algorithms, arrived on the scene later (see the review in [2]). Hybrid and ensemble approaches based on
neural networks and the AdaBoost algorithm have become the latest trends in this area and have been extensively
studied to address credit risk problems [3–14]. These advanced models have provided banks with more sophisticated and
accurate tools that provide faster response times, reduced costs, and better consistency when compared to judgemental
assessments.

Imbalanced data refers to the situation when one class of interest (referred to as the minority or positive class) is
outnumbered by another class of interest (referred to as the majority or negative class), resulting in an uneven distribution
of samples. Imbalanced data is a common issue in credit scoring, where the number of good samples is far greater
than the number of bad samples [15]. This leads to an issue where classification results can be skewed by a data bias
towards the majority class, but significant financial losses can result from a bad sample being incorrectly classified
as a good sample. In the context of credit scoring, type-II errors lead to more losses for lenders compared to type-I
errors because the latter errors only generate opportunity costs. Although data mining approaches have been widely
applied to commercial and management decision making, class imbalance problems still represent a significant challenge
for classification models because these models attempt to enhance overall accuracy (global optimal solutions) without
considering data distributions.

Inspired by ensemble algorithms and machine learning data processing techniques, this paper proposes an ensemble
model based on the AdaBoost and back propagation (BP) neural network algorithms to classify imbalanced credit
data. Because boosting algorithms have been found to be effective in addressing data imbalance problems [16], they
have attracted significant attention from academics and practitioners over the past decade. Further, because boosting
algorithms focus on classification errors in incorrectly recognised samples, the learning process inherently considers
sample distributions. Previous studies have found that the efficiency and accuracy of weak learners can have a significant
impact on the performance of a final boosted model [17]. They have also highlighted the existence of a direct proportion
coefficient between the capabilities of weak learners and those of final ensemble predictors. To enhance the performance
of the ensemble model proposed in this paper, the particle swarm optimisation (PSO) algorithm is employed to optimise
weak learners. A comparison to other optimisation methods, such as genetic algorithms, revealed that the PSO algorithm
provides better solution quality and a higher success rate with fewer parameters and simpler procedures [18]. In this
study, the PSO algorithm was used to determine the most appropriate weights and biases for the BP neural networks, re-
sulting in significant improvements to the classification performance of the base learner. Additionally, a data synthesising
method called the synthetic minority over-sampling technique (SMOTE) was employed to pre-process imbalanced data
in the hybrid learning model. The proposed model was tested on two publicly available credit datasets. When compared
to traditional classification models, the proposed model is superior in terms of various performance metrics. Therefore,
this novel model has excellent potential to improve the effectiveness and efficiency of credit assessment.

The remainder of this paper is organised as follows. Section 2 reviews the relevant formulation concerns for the SMOTE,
PSO algorithm, BP neural network, and AdaBoost algorithm. In Section 3, the proposed ensemble model using SMOTE and
classifier optimisation techniques for credit risk evaluation is presented. In Section 4, two public credit datasets are used
to verify the performance of the proposed ensemble model. Section 5 explores and discusses the optimal parameters for
the ensemble classification model. Finally, our conclusions are provided in Section 6.

2. Ensemble classification model formulation

In financial institutions, credit risk evaluation is typically formulated as a binary classification problem. Observed
socio-economic variables or attributes are computed for a new credit applicant and then categorised into a predefined
credit class using various techniques. In general, the customer credit risk assessment problem can be characterised as
follows. Given a credit applicant’s dataset T = {(x1, y1), (x2, y2), . . . , (xn, yn)}, where each xi is represented by m attributes
xi1, xi2, . . . , xim, and yi denotes the credit risk rating label (good/bad credit conditions), an efficient classification model is
constructed to evaluate y for a new credit applicant x.

In this section, a novel classification model based on machine learning methods and data processing techniques is
proposed for imbalanced credit risk evaluation. An optimised BP neural network is adopted as the base classifier and the
AdaBoost algorithm is used as an ensemble approach to calculate a final credit evaluation output.
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Fig. 1. Diagrammatic sketch of the SMOTE.

2.1. SMOTE for imbalanced credit data

Real-world credit datasets are often imbalanced, meaning the number of trustworthy credit applicants is significantly
smaller than the number of potential defaulters. Many researchers have found that imbalanced datasets can significantly
affect the performances of traditional credit scoring models, meaning it is very important to pre-process imbalanced data
prior to modelling. In this study, the efficient data mining SMOTE [19] was employed to handle imbalanced credit datasets.
Unlike the random oversampling method [20,21], which simply duplicates minority instances to rebalance datasets, the
SMOTE artificially creates synthetic minority instances based on minority similarities in sample feature spaces. Depending
on the imbalance ratio between the majority class and minority class in a dataset, it can be a simple matter to establish
algorithmic parameters to synthesise a specific number of minority instances.

Specifically, given an unbalanced credit dataset T , Cmin ⊂ T represents the minority class partition from which synthetic
minority samples are generated using the following procedures. For each instance of xi ∈ Cmin, the k nearest minority
neighbours for xi are first identified. Next, one or several of these nearest neighbours are randomly chosen for the
creation of synthetic minority instances. Subsequently, the feature vector difference between the minority instance under
consideration and its corresponding nearest neighbour is calculated and multiplied using a stochastic number interval of
(0, 1]. This vector is then added to xi. The mathematical formulation for this process is defined as follows:

xnew = xi + (xki − xi)× δ, (1)

where δ denotes the random value in (0, 1].
In this manner, an additional minority instance is synthesised along the line segment joining the xi under consideration

and the randomly selected nearest neighbour xki . To reduce the imbalance ratio between the majority and minority classes,
the minority instance synthesis procedure is repeated until the dataset is balanced. Fig. 1 presents an example of the
SMOTE procedure. The red circles and black triangles represent the original majority instances and original minority
instances, respectively, and the synthetic minority instances generated from the process outlined above are shown as
green rectangles.

2.2. Creating a base classifier for credit risk evaluation

In comparison to the traditional credit applicant assessment methods used by bank managers and financial institutions,
quantitative credit risk scoring models have significant time and cost advantages. The BP neural network introduced by
Rumelhart and Mccelland [22] has been widely applied in the financial domain based on its accuracy and efficiency.

The core BP neural network process is a two-phase cycle consisting of input signal forward propagation and error
signal counter propagation. In the first signal forward transmission cycle, an input credit instance is propagated forward
through the network from the input layer to the output layer. The output for this input signal, which is computed using the
connection weights and node biases between the hidden layers and output layer, is then compared to a known class label
and an error value is generated based on a loss function. If the output error is larger than a predefined error threshold,
the second phase of error feedback propagation begins. In this phase, the network updates neuron weights and biases
based on an optimisation method. These two propagation phases alternate until the system reaches the desired output
error level or runs into programme stop constraints.

Specifically, given a training dataset T , xi denotes the input credit applicant instance feature space and yi is the credit
scoring label (good/bad credit conditions).

T = {(x1, y1), (x2, y2), . . . , (xn, yn)} (2)

In the first stage, the output value of hidden layer neth(i) for the input instance vector xi is calculated.

neth(i) = fH (
n∑

i=1

wih × xi − θh), (3)



4 F. Shen, X. Zhao, Z. Li et al. / Physica A 526 (2019) 121073

Fig. 2. BP neural network model process.

where wih is the interconnection weight between node i in the input layer and node h in the hidden layer, θh denotes
the threshold value for node h in the hidden layer, and fH (x) represents the transfer function, which is typically a sigmoid
function defined as

fH (x) =
1

1+ e−x
. (4)

The result calculated by the hidden layer is then transferred to the output layer and a corresponding value for the
output layer net0(i) is computed as follows:

neto(i) = fO(
m∑

h=1

who × neth(i)− γo), (5)

where who is the interconnection weight between node h in the hidden layer and node o in the output layer, γo represents
the threshold value for neuron o in the output layer, and f0(x) represents the transfer function for the output layer. This
is a linear function where f0(x) = x. The hidden layer contains m neurons.

Therefore, when the output for the input signal is derived, the error di for xi, its expected value, and corresponding
output are calculated. The total least-mean-squared error of network E is then computed using Eq. (7) as follows:

di = yi − neto(i), (i = 1, 2, . . . , n), (6)

E =
1
2

n∑
i=1

d2i . (7)

If the total computed error is acceptable, the training process stops. Otherwise, the network conducts a second error
propagation phase to readjust wih, who, θh, and γo using a gradient descent method as follows:

wk+1
ih = wk

ih +∆wk
ih + ∂∆wk−1

ih , (8)

wk+1
ho = wk

ho +∆wk
ho + ∂∆wk−1

ho , (9)

where wk+1
ih are the interconnection weights between the input layer and hidden layer in iteration k+1 and wk+1

ho are the
connection weights between the hidden layer and output layer in iteration k+ 1. ∆wk

ih is the weight matrix adjustment
between the input and hidden layers, and ∆wk

ho is the weight matrix adjustment between the hidden and output layers.
∂ is a constant that determines the influence of past weight changes on current weights.

This process is repeated until the system output error is reduced to an acceptable degree or the network stopping
criteria are satisfied. The entire process is presented in Fig. 2.
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2.3. Optimisation of the base classifier

It has been found that many factors can affect BP neural network accuracy, such as network structure, training
algorithms, and learning rate. In particular, the initial weights and biases in the network can have a significant impact
on network performance. Inspired by the behaviour of flocking birds, Eberhart and Kennedy developed the well-known
PSO algorithm in 1995 [23] as a biologically inspired intelligence optimisation method that depends on stochastic search
processes. As a powerful population-based evolutionary optimisation tool, the PSO algorithm is simpler to implement
compared to many other optimisation algorithms and converges more rapidly to optimal solutions. In recent years, the
PSO algorithm has been successfully applied in many disciplines based on its superior performance [24–27]. Therefore,
to enhance the accuracy of the BP neural network, the PSO algorithm was employed in this study to search for the most
suitable initial network weights and biases. The minimum classification error for the BP neural network was assigned
as the fitness function for the PSO procedure. Based on the input vector and output label attributes, the other BP neural
network parameters, including the network structure, learning rate, training algorithm, and loss function, were predefined.

At the beginning of optimisation, the particle positions and velocities are chosen based on the target network structure.
Each particle represents a group of potential solutions for the optimal network weights and biases.

Xi = ( Xi1, Xi2, . . . , Xij  
inputnum×hiddennum

, Xi,j+1, . . . , Xim  
hiddennum

, Xi,m+1, Xi,m+2, . . . , Xit  
hiddennum×outputnum

, Xi,t+1, . . . , Xin  
outputnum

), (10)

Vi = ( Vi1, Vi2, . . . , Vij  
inputnum×hiddennum

, Vi,j+1, . . . , Vim  
hiddennum

, Vi,m+1, Vi,m+2, . . . , Vit  
hiddennum×outputnum

, Vi,t+1, . . . , Vin  
outputnum

), (11)

where inputnum, hiddennum, and outnum represent the number of nodes in the input layer, hidden layer, and output layer,
respectively (e.g., if the numbers of nodes in input layer, hidden layer, and output layer are 15, 10, and 2, respectively,
then particle Xi contains 15× 10+ 10+ 10× 2+ 2 = 182 elements. The same is true for Vi).

The positions of Xi are assigned to the neural network as the initial weights and biases. Next, the fitness of each particle
f (Xi) is evaluated using the process described in Section 2.2. The particle positions and velocities are then updated using
Eqs. (12) and (13).

Vi(t + 1) = w × V (t)+ c1 × r1 × (Pi − Xi(t))+ c2 × r2 × (g − Xi(t)) (12)

Xi(t + 1) = Xi(t)+ Vi(t + 1), (13)

where w is the inertia weight, the acceleration constants c1 and c2 represent the personal cognitive and social cognitive
scaling parameters, respectively, and r1 and r2 are distinct random numbers in the interval [0, 1). Pi and g represent the
local best particle and global best particle, respectively.

The calculated fitness value is then compared to the current particle’s personal best fitness value and the global best
fitness value.

• If f (Xi(t + 1)) ≥ f (Pi), then the particle’s personal best value is updated as Pi = Xi(t + 1).
• If f (Xi(t + 1)) ≥ f (g), then the swarm’s global best value is updated as g = Xi(t + 1).

Particle updating and fitness value comparisons continue until the stop criteria are met, after which the particle with
the best global fitness value is returned. The target particle is then decoded and assigned to the initial neural network
weights and biases. The complete optimisation procedure is presented in Fig. 3.

2.4. Integrating multiple base classifiers into a strong ensemble

To enhance the performance of the credit classification model further, the AdaBoost algorithm [28] was employed
in this study. This algorithm can construct a high-quality ensemble system by sequentially combining diverse trained
classifiers and endowing the best-performing classifiers with relatively large voting weights. In recent years, the AdaBoost
algorithm has been successfully applied in many practical fields [29–31].

Initially, the AdaBoost algorithm evenly distributes weights over the training data, then adjusts these weights
depending on the adaptive performance of each base learner. The core idea for manipulating these adjustments is that if
an instance in the training dataset is wrongly classified by the current base learner, the algorithm augments the weight
of this sample in the next training cycle. Conversely, if the sample is correctly classified, then its weight is lowered in the
next training cycle. At the end of each training phase, the total prediction error for the current classifier is calculated based
on all wrongly classified sample weights. The voting weight for the base learner in the final ensemble is also calculated.
Finally, a strong hypothesis H is formatted by T weak classifiers using a weighted voting method.

The main steps of the ensemble process are described below.
Given a new training dataset containing n samples, the algorithm initially assigns each instance with an identical

weight D1(i).

D1(i) =
1
n
, i = 1, 2, . . . , n (14)
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Fig. 3. Flow chart for BP neural network optimisation using the PSO algorithm.

Suppose the distribution of training samples in iteration t is Dt (i). When the training reaches round t , a weak hypothesis
ht (x) is generated and the total prediction error for the current classifier is computed using the following formulation:

εt =

n∑
i=1

Dt (i)× I(ht (xi)), (15)

where εt represents the classification error for classifier ht (x) and I(ht (xi)) in Eq. (15) is an indicator function, which is
defined as follows:

I(ht ) =
{
1, if ht (xi) ̸= yi
0, if ht (xi) = yi

(16)

Then, the weight αt for the weak hypothesis ht (x) is calculated as follows:

αt =
1
2
ln(

1− εt

εt
). (17)

As discussed previously, the lower the prediction error εt is, the larger αt is, meaning the corresponding base learner
has a larger voting weight in the final ensemble model. When base classifier training is completed, the distribution weight
for each sample is updated as follows:

Dt+1(i) =
Dt (i)
Zt

exp(−αt × yi × ht (xi)), (18)

where Zt is a normalisation constant that ensures that the weights Dt+1(i) have a proper distribution. The mathematical
expression for Zt is

Zt =
n∑

i=1

Dt (i) exp(−αt × yi × ht (xi)). (19)

Therefore, the training sample weights increase if they are incorrectly classified by the current base learner. In contrast,
the weights decrease if the samples are correctly classified. At the end of this procedure, an AdaBoost model consisting
of a series of base learners is applied by using the following weighted voting method:

H(x) = sign(
T∑

t=1

αt × ht (x)), (20)
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Fig. 4. AdaBoost algorithmic framework.

where the function sign(x) represents a sign function. This function is defined as follows

sign(x) =

{ 1, if x > 0
0, if x = 0
−1, if x < 0

(21)

From the results of this hybrid model, the relevant evaluation criteria can be calculated to quantify the proposed
model’s capabilities.

The AdaBoost algorithmic framework is presented in Fig. 4.

2.5. Algorithm for the ensemble classification model

3. Empirical studies

In this section, we provide a brief introduction of the credit datasets used for testing in this study and detail the
parameter settings for the proposed ensemble credit scoring model. Some commonly used machine learning classification
models are also applied for comparative purposes.

3.1. Credit data

To evaluate the performance of the proposed ensemble classification model, two real-world imbalanced credit datasets
(German and Australian) were used for testing. Both datasets are publicly available from the UCI machine learning
repository. We decided to use the German and Australian credit datasets for three main reasons. First, in this study, we
constructed an ensemble classification model to evaluate personal credit risk for real-world loans. Both of these datasets
focus on credit risk evaluation and can be easily accessed from the UCI website. Second, we wish to verify the effectiveness
of the proposed method for handing imbalanced data. Both datasets are imbalanced naturally. Finally, in the field of credit
risk scoring, these German and Australian datasets are often used to test classification model performance, making it
easy for us to use these two credit datasets to test the classification performance of the proposed ensemble model and
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Algorithm 1: Pseudocode for the ensemble classification model
Input: Training Data: D = {(x1, y1), (x2, y2), · · · , (xm, ym)}

Particle swarm population size: P , generation: G;
Number of learning rounds: T

Output: Ensemble classifier: H(x)
Process:

1 xnew = xi + δ × (xki − xi); /* Rebalance the initial training data using the SMOTE */;
2 D = {(x1, y1), (x2, y2), · · · , (xm, ym), · · · , (xn, yn)}; /* New balanced training data */;
3 D1(i) = 1

n ; /* Initialise the weight distribution */;
4 for t = 1, 2, · · · , T do
5 function PSO( P, G, BP network structure);
6 Code the particle initial position: Xp and velocity: Vp ;
7 Calculate the particle fitness: f (Xp);
8 Xbest ← max[f (X1(1)), f (X2(1)), · · · , f (Xp(1))];

/* Select the particle with the best fitness */;
9 for g = 1, 2, · · · ,G do

10 Vp(g + 1) = wVp(g)+ c1r1(Pp − Xp(g))+ c2r2(Pg − Xp(g));
/* Update the particle velocity */;

11 Xp(g + 1) = Xp(g)+ Vp(g + 1);
/* Update the particle position */;

12 if f (Xp(g + 1)) > f (Xbest ) then
13 Xbest = Xp(g + 1); /* Update Xbest */;
14 end
15 end
16 return: the best particle: Xbest ;
17 end function;
18 Decode Xbest and assign it to BP network;
19 ht = L(D,Dt ); /* Train a base learner ht on D using the distribution Dt */;
20 εt = Pri∼Di [ht (xi ̸= yi)]; /* Measure the error of ht */;
21 αt =

1
2 ln( 1−εt

εt
); /* Determine the weight of ht */;

22 Dt+1(i) = Dt (i)
Zt

exp(−αtyiht (xi)); /* Update the distribution, where Zt is a normalisation factor
that enables Dt+1 to represent a distribution */;

23 end
24 H(x) = sign(f (x)) = sign(

∑T
t=1 αt × ht (x));

Table 1
German and Australian dataset summary.
Data Instances Attributes No. of good class No. of bad class

Australian 690 15 383 (55.5%) 307 (44.5%)
German 1000 21 700 (70%) 300 (30%)

compare the results to other benchmark models. A brief summary of the datasets is provided in Table 1. The Australian
credit dataset contains 690 instances with 383 samples evaluated as trustworthy and 307 samples evaluated as having
a poor credit rating. A total of 15 information variables are used to describe an applicant’s personal credit features and
the final variable is zero if their loan was approved or one if it was rejected. Compared to the Australian credit dataset,
which has an imbalance ratio of 1.25, the German credit data dataset is more imbalanced with an imbalance ratio of
2.33. There are 1000 instances in the German credit dataset with 700 samples labelled as creditworthy and 300 samples
labelled as having a poor credit rating. For each instance, there are 21 customer credit information variables and the final
binary variable (one or two) represents the credit evaluation results of each instance. A value of one indicates a good
credit rating and a value of two indicates a bad credit rating. To preserve the confidentiality of personal information, all
attribute values that could be used for identification were changed to meaningless symbols.

3.2. Experimental design

In this section, a brief introduction of our experimental design is provided. All experiments were carried out in MatLab
version 9.5. To guarantee model robustness, training and testing subsets were selected from the original datasets using 10-
fold cross validation. Because the two original credit datasets are unbalanced, the training sets obtained by 10-fold cross
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validation are also unbalanced. Therefore, we used the SMOTE to rebalance these training sets. To balance the two class
labels reasonably, the number of nearest neighbours was set to five. Depending on the amount of over-sampling required,
a certain number of synthetic minority class instances were chosen randomly. For example, 400 instances were chosen
randomly from a total of 1500 synthetic minority instances for the German dataset. In contrast, only 76 instances were
chosen randomly from 1535 synthetic minority instances for the Australian dataset. In this study, three-layer BP neural
networks [32,33] were employed as base classifiers. They were trained by using the Levenberg–Marquardt algorithm (LM)
because it avoids the calculation of a Hessian matrix, meaning the LM updating algorithm could achieve a much faster
calculation speed. The sigmoid function was used as the network transfer function in the hidden layer and the purelin
function was used in the output layer. The number of inputs and outputs in the neural networks were equal to the number
of independent variables and dependent variables in the two credit datasets, respectively. It is crucial to set the learning
rate and number of hidden-layer nodes before training a BP neural network. We performed sensitivity analysis to select
these parameters, as discussed in Section 5. Following the method in [34], we tested hidden layer size and learning rate
ranges of [1, 2, . . . , 100] and [0.001×1.50, 0.001×1.51, . . . , 0.001×1.515], respectively, for the two credit datasets. Fig. 9
presents the testing error distribution versus the learning rate and size of the hidden layer. The best testing error for the
German dataset occurs when the learning rate is 0.001 × 1.512 and the hidden layer size is 17. The best learning rate
and hidden layer size for the Australian dataset are 0.001× 1.513 and six, respectively. The BP neural network employed
in this study was trained using a method called early stopping, which has been proven to be an efficient method for
reducing overfitting in networks (see [35]). For optimisation of the base classifier, the minimum prediction error for the
BP neural network was used as the fitness function for the PSO algorithm. In our study, the optimal parameters for the
base classifier were identified by the PSO algorithm based on hundreds of tests. The inertia weight w for the PSO algorithm
in this study followed the strategy in [36], which is one of the most commonly adopted dynamic adjustment strategies
for inertia weight. The values of the acceleration constants c1 and c2 govern the extent to which the particles move
towards the individual and global best particles, thereby modulating the relative contributions of the social and cognitive
terms. Different authors (e.g., [37]) have investigated the effects of these coefficients on particle trajectories and on the
convergence properties of the algorithm, showing that as the acceleration constants increase, the frequency of oscillation
of the particles around the optimum increases, whereas smaller values result in sinusoidal patterns. In general, it has
been shown that the condition c1 = c2 = 2 works well for most applications [23]. The detailed process of parameter
setting for the ensemble classification model was discussed in Section 5. Additionally, ten base classifiers were integrated
to construct a strong classifier using a weighted voting process. A practical credit risk assessment process using our novel
ensemble classification model is presented in Fig. 5.

To test the effectiveness of the proposed ensemble classification model, we compared the proposed model to some
commonly used methods for credit risk evaluation. Linear discriminant analysis (LDA), logistic Regression (Log R), K-
nearest neighbour (KNN), back propagation neural network (BPNN), classification tree (CT), naive Bayes (NB), and support
vector machine (SVM) were chosen for comparison because these methods work well in practical applications for credit
risk assessment. Generally speaking, LDA does not require parameter tuning. The CT model was implemented using the
‘class-reg-tree’ function with the criterion of ‘gini’ from the MatLab toolbox. Log R uses an L2 penalty with 100 maximum
iterations. We chose a Gaussian bayes function for the NB classification model. The number of nearest neighbours in the
KNN model was set to five. The parameters for the BPNN were the same as those of the base classifier in our ensemble
model. The SVM model used the radial basis function kernel.

3.3. Evaluation methodology

To evaluate the performance of the machine learning models, there were many measurement metrics to choose from.
One of the most widely used evaluation indicators for classification problems is accuracy. Therefore, the following three
accuracy metrics were employed [38]:

Type-I Accuracy = Specificity =
total number of observed bad and classified as bad

number of observed bad
, (22)

Type-II Accuracy = Sensitivity =
total number of observed good and classified as good

number of observed good
, (23)

Total Accuracy =
number of correct classifications
number of evaluation samples

. (24)

However, when datasets are imbalanced, accuracy suffers because of the bias towards the majority class [39]. Therefore,
it is critically important to choose appropriate measurement metrics to evaluate model effectiveness and guide classifier
learning. There are several performance estimation metrics that take class distributions into account, such as the G-mean
and F-measure, both of which have been widely adopted to address the previously mentioned evaluation problems [40].
In a binary classification problem, given a specific instance, there are two possible predicted outcomes for each instance,
as shown in Table 2.



10 F. Shen, X. Zhao, Z. Li et al. / Physica A 526 (2019) 121073

Fig. 5. Experimental design of the ensemble classification model.

Table 2
Confusion matrix.

Predicted positive Predicted negative

Actual positive True positive (TP) False negative (FN)
Actual negative False positive (FP) True negative (TN)

If an instance is labelled as positive and also classified as positive, it is known as a true positive (TP). If an instance
is labelled as negative, but classified as positive, it is known as a false positive (FP). The TP rate (TPR) refers to the ratio
of true positive instances over all actual positive instances. The FP rate (FPR) denotes the ratio of false positives over all
actual negative instances. The formulas for these two evaluation indexes are written as follows [41]:

True positive rate (TPR) =
TP

TP+FN
, (25)

False positive rate (FPR) =
FP

FP+TN
. (26)

Other criteria based on the concepts described above, such as precision, F-measure, and G-mean, are also widely
employed to evaluate the results of machine learning classification models. Precision, as defined in Eq. (27), is determined
based on the proportion of TP samples over the total number of predicted positive samples. The F-measure [42] is another
efficient evaluation metric, which takes on values between zero and one, and represents a type of harmonic mean
for precision and recall. The F-measure mathematical formulation is shown in Eq. (28) and the G-mean mathematical
formulation [43] is shown in Eq. (29):

Precision =
TP

TP+FP
, (27)
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Table 3
German credit dataset.
Methods Type-I accuracy Type-II accuracy Total accuracy G-Mean F-Measure AUC

Log R 0.5000 0.8829 0.7680 0.6644 0.5639 0.6914
SVM 0.4833 0.8857 0.7650 0.6543 0.6026 0.6845
NB 0.5880 0.7792 0.7234 0.6769 0.5591 0.6836
CT 0.4900 0.8457 0.7390 0.6437 0.6062 0.6679
KNN 0.4367 0.7829 0.6790 0.5847 0.5558 0.6098
LDA 0.5200 0.8629 0.7600 0.6698 0.6326 0.6914
BPNN 0.4267 0.8856 0.7480 0.6147 0.5523 0.6562
Proposed model 0.7000 0.8243 0.7870 0.7596 0.6635 0.8102

Table 4
Australian credit dataset.
Methods Type-I accuracy Type-II accuracy Total accuracy G-Mean F-Measure AUC

Log R 0.8697 0.8590 0.8638 0.8643 0.8503 0.8644
SVM 0.9251 0.7990 0.8551 0.8597 0.9276 0.8620
NB 0.7057 0.8989 0.8159 0.7965 0.7705 0.8023
CT 0.8078 0.8616 0.8377 0.8343 0.8276 0.8347
KNN 0.7557 0.8277 0.7957 0.7909 0.7813 0.7917
LDA 0.8827 0.8668 0.8739 0.8748 0.8923 0.8748
BPNN 0.8439 0.8671 0.8565 0.8554 0.8398 0.8555
Proposed model 0.9511 0.8695 0.9058 0.9094 0.9540 0.9103

F-Measure =
2× Precision× TPR

Precision+TPR
, (28)

G-Mean =
√
TPR× (1-FPR). (29)

Another useful tool for evaluating the effectiveness of models and visualising their performance is the receiver
operating characteristic curve (ROC), which is a two-dimensional graphical illustration of the trade-off between the
TPR (sensitivity) and FPR (1—specificity) [41]. The ROC curve illustrates the behaviour of a classification model without
considering class distributions or misclassification costs. To compare the ROC curves of different classification models, area
under the curve (AUC) values [44] are computed to quantify the ROC performances of the models. Generally speaking, a
classification model with a larger AUC value has better performance. For a perfect model, the AUC value is one. Therefore,
to understand the algorithmic characteristics comprehensively, six performance metrics were used in this study: type-I
accuracy, type-II accuracy, total accuracy, F-measure, G-mean, and AUC.

4. Experimental results and analysis

Based on the two credit datasets and parameter settings described above, the cross-validation results for the different
classification models are listed in Tables 3 and 4. There are several interesting findings in these experimental results.

When comparing Fig. 6(a) and (b), there are two interesting results. First, generally speaking, the type-II accuracy levels
achieved by different models are much higher than the type-I accuracy levels. One possible reason for this result is that it
may be easier to classify good customers compared to bad customers based on the complexity of credit risk assessments.
Second, the performance for the German dataset was much worse than that for the Australian dataset. There are two
possible reasons for this result. First, the credit market in Germany may be more complex than that in Australia. Second,
there is more nonlinearity in the German dataset than in the Australian dataset [45].

Some other interesting observations regarding the performances of the different classifiers in terms of type-I accuracy
and type-II accuracy are presented in Fig. 6(a) and (b). For example, the SVM classifier ranked first for type-II accuracy,
but almost last for type-I accuracy for the German dataset. Similarly, the NB classifier achieved a relatively high score for
type-II accuracy, but had one of the lowest scores for type-I accuracy for the Australian dataset. The difficulty in classifying
unbalanced training data may have led to these results, especially for the German dataset. When working with imbalanced
datasets, these models often provide suboptimal classification results (i.e., good coverage of the majority examples, but
distorted coverage of the minority examples [40]).

The proposed ensemble classification model achieved the highest total accuracy for the German and Australian
credit datasets among the eight tested models, indicating that the proposed credit risk evaluation model has signifi-
cant advantages over the other evaluation models. There are two main reasons for this superiority. First, the SMOTE
significantly reduced the imbalance ratios in the training datasets, thereby increasing the classification accuracy for bad
credit applicants, especially for the German dataset. Second, the PSO algorithm was able to determine the optimal base
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Fig. 6. Accuracy, G-Mean, and F-Measure of the classification models for the two credit datasets.

classifier parameters, improving the performance of the proposed ensemble classification model. In particular, the cost
of an incorrect classification of a poor credit rating is much higher than that of an incorrect classification of a good
credit rating, which is embodied in the performance criteria for type-I accuracy. As shown in Fig. 6(a) and (b), the type-I
accuracy of our ensemble model ranked first for the German and Australian datasets (i.e., 70.00% and 95.11%, respectively),
indicating a more effective and realistic model for credit decision making by banks and financial institutions. The next
best models were the NB classifier for the German dataset (58.80%) in terms of type-I accuracy and SVM classifier for the
Australian data (89.89%) in terms of type-II accuracy. The BPNN performed the worst on the German dataset with a score
of 42.67% for type-I accuracy and the NB classifier performed the worst on the Australian dataset with a score of 70.57%
for type-I accuracy. A potential reason for the poor performance of the BP model is that BP networks are significantly
affected by stochastic initial weights and bias.

The G-mean, which has been found to be effective for evaluating the performance of models in imbalanced problems,
was also employed in this study. The larger the G-Mean, the better the performance of the model. Fig. 6(c) and (d)
show that the G-mean values for the proposed ensemble model for the two imbalanced credit datasets are superior
to those of the other models. This is because the type-I and type-II accuracies of the proposed model are relatively
high for both datasets compared to the other models. Therefore, the G-mean, which is calculated using Eq. (29), is also
high for the proposed model. The ensemble hypothesis achieved outstanding F-measure scores when compared to the
traditional classification models for the German and Australian datasets, with increases of 3.09% and 2.64% compared to
the suboptimal scores for the German and Australian credit datasets, respectively. These results are presented in Fig. 6(c)
and (d).

The ROC curve is another useful tool for evaluating the effectiveness of models and visualising their capabilities. Fig. 7
presents the ROC curves of the classification models tested in this study. One can see that the proposed ensemble model
achieved better performance in terms of its ROC curve (red curve) compared to the other seven models for both datasets,
indicating that the proposed model has excellent capability for handing classification problems with imbalanced datasets.
The KNN classification model performed the worst for both the German and Australian credit datasets. It is also worth
noting that the LDA and SVM classifiers achieved relatively good performance with slight differences between their ROC
curves. In an attempt to quantify the ROC results of the classifiers, their AUC values were also calculated in this study. In
general, a model with a larger AUC value has better performance. From Tables 3 and 4, and Fig. 7, one can see that the
proposed model performed the best on both the German and Australian credit datasets. In general, the AUC values were
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Fig. 7. ROC curves for the different models for the two credit datasets.

Fig. 8. Performance overview of the classification models for the two credit datasets.

lower than the total accuracy scores. One reason for this difference is that with imbalanced datasets, accuracy can suffer
significantly from the bias towards the majority class. However, the AUC metric only suffers slightly from imbalanced
data because its design accounts for class distributions. In summary, as shown in Fig. 8, the proposed ensemble model
outperformed all of the traditional classification models. It should be noted that all of the classification models tested in
this study achieved much better accuracy for the Australian dataset than for the German dataset.

5. Discussion

Parameter tuning is a very important part of most machine learning algorithms. When the parameters of a model
are set differently, the performance of that model may change significantly. The performance of the proposed ensemble
model depends on the parameter settings for the BP neural network and PSO algorithm. In this section, the structures
of BP neural networks with different learning rates and hidden-layer nodes are discussed. We then discuss the optimal
parameters for the PSO algorithm, including particle population size and swarm generations.

Previous studies have found that the three-layer BP neural network is an excellent network structure that can
accurately handle nonlinear input signals. The number of hidden-layer nodes directly determines the convergence and
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Fig. 9. MSE heat map for a single BP network for the two datasets.

Fig. 10. MSE 3D surface plot for the proposed model for the two credit datasets.

performance of the neural network [32,33]. Therefore, we attempted to optimise the network by testing numbers of
hidden-layer nodes in the range [1, 100] and learning rates in the range [0.001×1.50, . . . , 0.001×1.515] to find the best
settings for the three-layer BP neural network. In this study, we adopted mean squared error (MSE) to evaluate model
performance. This error is formulated as follows:

MSE =
∑N

i=1(ŷi − yi)2

N
, (30)

where ŷi is the predicted output and yi is the actual output. N is the total number of instances.
Fig. 9 presents an MSE score heat map distribution for different learning rates and numbers of hidden-layer nodes for

the two datasets, where blocks with dark colours represent good fitting performances with low MSE values. The best MSE
value appears when the learning rate is 0.001 × 1.512 and number of hidden-layer nodes is 17 for the German dataset.
The best learning rate and number of hidden-layer nodes for the Australian dataset are 0.001×1.513 and six, respectively.

We tuned the settings for particle swarm population size and swarm generations to explore the optimal parameters
for the PSO algorithm. However, it is impractical to find the optimal parameters by trying all different combinations
systematically. Therefore, a trial-and-error approach was utilised in this study. We tested population sizes in the range
[5, 50] and generator iterations in the range [5, 50] to find the best parameters for the PSO algorithm. Fig. 10 presents the
MSE performance surface obtained by the optimised ensemble model for the two credit datasets, where the X-axis and
Y -axis represent the swarm generations and swarm population size, respectively. It can be observed that the proposed
model clearly outperforms the single BP neural network in terms of MSE values.
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Fig. 11. ROC curves for the German dataset.

Table 5
Performances of ensemble models with different PSO parameters for the
German dataset.
Line Popsize Max generations AUC

Line 1 39 45 0.8102
Line 2 14 31 0.7830
Line 3 25 35 0.7825
Line 4 15 32 0.7816
Line 5 43 34 0.7781

Table 6
Performances of ensemble models with different PSO parameters for the
Australian dataset.
Line Popsize Max generations AUC

Line 1 15 30 0.9388
Line 2 6 29 0.9153
Line 3 16 31 0.9142
Line 4 23 21 0.9098
Line 5 13 30 0.9095

Based on our experimental results, the optimal parameters for the PSO algorithm for the German and Australian
datasets are listed in Tables 5 and 6, respectively, with overstriking marks. The suboptimal parameter combinations listed
in the tables were also explored in this study. Three clear conclusions can be drawn from Tables 5 and 6. First, regarding
MSE and AUC values, the proposed ensemble model with optimal parameters obtained the best performance for both
credit datasets. Second, the performance differences between different parameters combinations for the proposed model
were not significant in general, which can also be observed based on their ROC curves in Figs. 11 and 12. This indicates
that the proposed ensemble model has excellent robustness. Third, the average MSE and AUC values for the Australian
credit dataset were much higher than those for the German dataset. This may be a result of the greater complexity of
German dataset compared to the Australian dataset.

6. Conclusion

In this paper, a novel ensemble classification model based on neural networks and classifier optimisation techniques
was proposed for imbalanced credit risk evaluation. Empirical results demonstrated that the proposed hybrid classification
model is superior to seven other models for two publicly available credit datasets, indicating that it is more practical for
credit scoring problems. In practical applications of credit risk evaluation, the problem is formulated with two classes,
where clients with a good credit rating must be distinguished from clients with a bad credit rating. The proposed method
achieved the highest AUC scores for this task. This result demonstrates that the proposed ensemble strategy for combining
BP classifiers, the PSO technique, and SMOTE is superior to the individual classification models discussed in this paper. To
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Fig. 12. ROC curves for the Australian dataset.

cope with imbalanced datasets, which are commonly found in practical applications, the SMOTE was used to rebalance
the target training data. We then utilised the PSO algorithm to search for the best-connected weights and deviations
for the BP neural networks. Based on the optimised classifiers, the AdaBoost approach was employed to construct the
ensemble model. The optimal parameters for the ensemble classification model were thoroughly explored and discussed
to achieve excellent and stable performance for the proposed model. In the future, we plan to investigate other approaches
to handling classification problems with imbalanced datasets for credit risk assessment, such as using the borderline
SMOTE to pre-process training data. Other base classifiers that have shown good performance, such as SVMs and decision
trees, will also be employed to construct ensemble models.
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