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ABSTRACT

In practical applications, imbalanced data has brought great challenges to classification problems. In this paper,
we propose two new methods: (1) a new oversampling method, named Tomek-CASUWO, to address the issue of
class imbalance; (2) a new classifier, named ILS-RBFNN, to increase the accuracy of prediction of customer
consumption behavior. Since current ASUWO algorithm is easily affected by noise samples and fuzzy class
boundaries, we propose Tomek-CASUWO to address these problems: (i) the Tomek links algorithm is used to
filter noise samples; (ii) CASUWO is used to avoid overlapping class boundaries; (iii) Tomek-CASUWO is used to
synthesize new samples. Also, we propose a new classifier based on RBFNN, named ILS-RBFNN, to improve the
prediction accuracy: (i) the hybrid kernel is developed by combining Gaussian and Polynomial; (ii) an Immune
Algorithm (IA) is used to optimize the centers of RBFNN; (iii) Least-Squares (LS) is used to calculate the biases
and weights. Wine-consumer behavior data is used to compare our Tomek-CASUWO with other oversampling
methods. We compare ILS-RBFNN with several well-known kernel functions and parameter update methods. The
experimental results show that Tomek-CASUWO can significantly improve the prediction accuracy of a classifier,
and ILS-RBFNN outperforms other classification methods. We also conduct experiments on the extended real-
world dataset. Finally, the robustness and applicability of ILS-RBFNN are verified on the eleven UCI datasets.
All results show that the proposed two methods outperform existing models. The experimental results also
demonstrate the effectiveness and practicability of ILS-RBFNN for predicting customer behavior.

1. Introduction

There have been relatively few studies on customer consumption
behavior. Several deficiencies have been identified as follows: (1) Some

With the rapid development of economy, customers have multiple
choices when purchasing products. Customers’ consumption behavior
appears to have an important impact on the survival and development of
the enterprises. As a result, it is crucial to establish a proper prediction
model of customer consumption behavior, which can guide enterprises
with specialized marketing strategies (Vijayaragavan et al., 2018). With
the growth of the Internet, data of consumer consumption behavior are
growing as well. Hence, how to mine valuable information from such big
data and use them to predict customer behavior has become particularly
important (Koehn et al., 2020). Therefore, there is a need to adopt a
proper prediction method to predict customer consumption behavior.

current studies only use historical behavioral data to do the traditional
regression analysis to analyze customers’ behavior. This can lead to
rough prediction results. (2) Many studies only investigate the de-
mographic characteristics of customers. Hence, the obtained results are
superficial, and it is hard to guide enterprises on decision making (Chu
et al., 2019). (3) With the increasing amount of data in the databases,
traditional analysis methods are not effective enough to meet the needs
of diversified customer behavior analysis. Therefore, it is necessary to
improve the traditional customer analysis methods to provide modern
enterprises with more effective marketing decisions.

Data mining is a useful tool to study customer behavior, since it can
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discover hidden and potentially valuable customer information. Classi-
fication models in data mining have been widely used in customer
behavior prediction, including decision trees, support vector machines,
random forests, and artificial neural networks (Chiang et al., 2019;
Kruzlicova et al., 2009; Lopez-Gonzélez et al., 2020; Lu et al., 2020;
Rubio, 2021; Rubio et al., 2021; Rubio et al., 2022; Vargas, 2021). For
example, Suh et al. (2004) utilized association rules to mine data on
customer purchasing patterns and predicted customer consumption in-
tentions to achieve precision marketing. Lee et al. (2008) predicted
consumers’ behavior in choosing hospitals based on the Back Propaga-
tion Neural Network (BPNN) model. Based on the results of this
research, the evidence is enough to suggest that the neural network
methods are useful in identifying customer behavior.

However, classification problems can reduce the effectiveness of
prediction (Wang et al., 2018; Shen et al., 2019). Conventional classi-
fication methods usually assume that each category has the same
number of samples (Anyfantis et al., 2007). The problem of class
imbalance is inevitable in many real-world applications (Zhao & Li,
2017). The main reason for the imbalance is that the number of samples
between classes are not balanced. The number of samples in one class is
obviously less than that in other classes. Traditional classification
methods use the overall classification accuracy as an evaluation index.
Generally, the higher the overall classification accuracies, the better the
prediction performances of the classifiers. For the imbalanced dataset,
the predicted results of traditional classifiers tend to the majority clas-
ses, which will reduce the classification accuracies of the minority
classes. Due to the imbalance of the data distributions in the real dataset,
it is difficult to effectively evaluate a classification model. As a result, it
is of great significance to study an effective classification method for
imbalanced data (Gupta et al., 2019; Shilaskar & Ghatol, 2019; Gao
et al., 2020).

The rest of this paper is organized as follows: Sections 2 and 3
describe the motivation and contribution of the work, respectively.
Section 4 presents a review of related work. Section 5 describes the
proposed oversampling technique and the improved RBFNN. Section 6
analyzes and discusses the experimental results of the proposed
methods. Section 7 suggests the practical implications based on
customer behavior prediction results. Section 8 summarizes the paper
and gives the directions of future work.

2. Motivation

The objective of the present study is to develop an accurate predictor
for customer consumption behavior based on an optimized neural
network. To solve the problem of class imbalance, we propose a Tomek-
CASUWO oversampling method. In this paper, the Tomek links algo-
rithm is used to improve the quality of the synthetic samples, and the
oversampling formula is modified based on ASUWO to reduce the pos-
sibility of fuzzy class boundaries. To improve the accuracy of consumer
behavior prediction, we propose an ILS-RBFNN with the hybrid kernel
model. The hybrid kernel is designed by combining Gaussian and
Polynomial (Poly) to solve the function fitting problem. An Immune
Algorithm (IA) is used to optimize the centers of the Radial Basis
Function Neural Network (RBFNN), and Least-Squares (LS) is used to
calculate the biases and weights to further improve the prediction ac-
curacy. Our study demonstrates the advantages of designing the RBFNN
kernel function and optimizing the parameters by IA for predicting
consumer consumption behavior.
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3. Contribution

The main contributions of this study include: (1) a new Tomek-
CASUWO oversampling method, which can dramatically improve the
prediction accuracy of a classifier, and (2) a new ILS-RBFNN classifier
with the hybrid kernel, which can improve training efficiency, gener-
alization ability, and global optimization performance. The prediction
performances of our Tomek-CASUWO and ILS-RBFNN are analyzed and
compared using wine-customer behavior data and eleven UCI datasets.
The experimental results show that the proposed methods have better
predictive performances than the compared methods. Predicting
customer consumption behavior can help to understand customers’
purchasing intentions, and is useful to guide enterprises with personal-
ized marketing strategies.

4. Related work

In this section, we review the related work of imbalanced classifi-
cation briefly, especially the classification problems in the imbalanced
wine-consumer behavior dataset. In the proposed methods, the impact
of data imbalance on the classifiers is reduced from two aspects, namely
via data preprocessing and algorithm improvement. The purpose of data
preprocessing is to generate artificial samples to form the balanced class
distributions. Regarding algorithm improvement, focus is placed on the
RBFNN model with parameter learning to further improve the overall
performance of the RBFNN model.

4.1. Data preprocessing

From the perspective of data preprocessing, an existing solution to
the problem of data imbalance is resampling. Resampling can change
the imbalance ratio by adding minority samples or reducing the majority
samples to construct a balanced synthetic dataset. The essence of
resampling lies in its ability to help design classification methods (Sdez
et al., 2016). Resampling techniques include undersampling and over-
sampling. Undersampling is an imbalanced data processing method that
achieves equalization by removing samples from the majority classes.
Undersampling methods include the compressed nearest-neighbor
method and random deletion method (Lin et al., 2017). However,
undersampling simply removes samples, and this can lead to the loss of
important information. Compared with undersampling, oversampling
improves the number of minority samples by adding samples to the
minority classes. The simplest oversampling method is random over-
sampling, in which the synthesized minority samples are duplicated.
However, this can lead to model overfitting. Another common method is
the synthesis of samples from the data. The Synthetic Minority Over-
sampling Technique (SMOTE) is the most popular oversampling
method, which adds genuinely new samples (Chawla et al., 2002). The
idea of this algorithm is to synthesize artificial samples by interpolating
between the minority samples and their nearest neighbors. The SMOTE
can avoid the overfitting problem caused by mere replication and
improve the generalization abilities of the classifiers on the minority
classes (Douzas et al., 2018; Jian et al., 2016; Xu et al., 2020). Because
SMOTE does not differentiate each sample for selection, redundant
samples can be generated.

To improve the quality of the synthesized samples, researchers have
proposed many solutions to solve the disadvantages of SMOTE (Lopez
et al., 2012). In 2005, Han et al. (2005) proposed a novel oversampling
method, called Borderline-SMOTE, to oversample only the borderline
examples of the minority classes, as these minority samples are the most
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easily misclassified. This method effectively avoids generating redun-
dant samples and enhances the class boundary information. He et al.
(2008) proposed an Adaptive Synthetic Sampling Technology (ADA-
SYN) to expand the minority samples based on the probability distri-
butions of the minority samples. On the basis of the distribution
characteristics of the original data, ADASYN can adaptively synthesize
the minority samples to reduce the bias caused by the class imbalance.
However, the ADASYN algorithm does not analyze the correlations be-
tween minority samples. The characteristics of the minority samples are
not fully utilized, which can affect the prediction performances of the
classification models. After that, Safe-Level-SMOTE generates minority
samples along the weighted lines, and each synthetic sample is gener-
ated in a safe position by considering the safe level ratios of instances
(Bunkhumpornpat et al., 2009). The samples synthesized by this method
are concentrated in areas in which the minority samples are dense,
thereby avoiding the random synthesis of SMOTE. In 2016, Nekooei-
mehr and Lai-Yuen (2016) proposed an Adaptive Semi-unsupervised
Weighted Oversampling (ASUWO) technique. This algorithm mainly
oversamples hard-to-learn samples close to the class boundaries based
on the hierarchical clustering. However, in practical applications,
human errors are not avoidable. Many features are not related to the
target feature. If those samples are not filtered, the predictive perfor-
mances of the classifiers can be affected. ASUWO has three main steps:
semi-unsupervised clustering, adaptive subcluster sizing, and synthetic
instance generation. In the process of sample generation, random linear
interpolation can cause fuzzy class boundaries (Beyan & Fisher, 2015).

Although most methods can address the weaknesses of over-
sampling, few methods can simultaneously avoid noises and reduce the
imbalance between and within classes. In addition, many techniques
blindly synthesize new samples, and do not conduct reasonable sam-
pling according to the characteristics of the class distributions. There-
fore, there is still room for improvement in noise samples and generation
methods in real-world applications (Garcia et al., 2012).

4.2. Algorithm improvement

Predicting customer consumption behavior is a key link in the gen-
eration of incomes for enterprises. Many established prediction models
have low accuracies, and improving the accuracies of prediction models
is therefore an urgent issue that currently requires a resolution. In
particular, the neural network-based methods have shown a stronger
learning ability than other conventional classification methods (Yang
et al.,, 2020). In many neural network models, the RBFNN is a single
hidden layer of a three-front network. RBFNN has fewer control pa-
rameters and a higher training speed owing to its simple topology
structure and strong approximation abilities for nonlinear behaviors. It
has been widely used in research in predicting customer behavior (Lin
et al., 2009; Liu et al., 2018). However, selecting the kernel and pa-
rameters of RBFNN is a difficult task. It is also quite challenging to
properly select the network structure and optimize RBFNN parameters.
The prediction accuracy of the RBFNN is usually affected by the fitting
degree of its kernel functions, centers, biases, and weights (Dey et al.,
2019). To prevent overfitting or underfitting of prediction results, it is
essential to select the proper RBFNN parameters. Most improvement
methods include the following two aspects: kernel function design and
network parameter optimization.

For various network kernel functions, the Gaussian kernel is the most
commonly used method (Kitayama & Yamazaki, 2011). However,
recently, the Cosine kernel has provided more complementary infor-
mation than the Gaussian kernel, and it makes the feature vectors more
prominently distinguishable (Moinuddin et al., 2017). In some studies, it
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has been suggested that combining multiple kernels is more efficient
than using individual kernels (Gu et al., 2016; Bucak et al., 2014). Aftab
et al. (2014) proposed a multikernel function combining Gaussian and
Cosine, which has some advantages over traditional single kernels.
However, when a multikernel is used, the weights of the two kernels
must usually be artificially adjusted to be equal. To resolve this problem,
Khan et al. (2017) proposed an adaptive framework for an automatic
fusion of the kernels. This approach tunes the kernel weights at every
iteration. In 2020, Atif et al. (2020) proposed a novel RBFNN with an
adaptive multikernel, where each kernel function has its own weight.
Their experimental results showed that the flexibility of the multikernel,
which can increase the convergence speed of RBFNN and make better
local optimization.

In optimizing the network parameters, the selection of RBF centers
directly affects the discrimination power of the RBFNN model. To locate
the centers of those hidden layer neurons, random and K-means methods
are normally used. The RBF centers are randomly selected from the
training samples. However, this method only suits data with regular
distributions. Also, the centers obtained by K-means are sensitive to the
initial cluster centers (Oh et al., 2012). The classification results are very
random due to the different initial randomly selected centers. Recently,
evolutionary methods have been used to optimize the RBFNN model
(Han et al., 2018). For example, Feng (2006) proposed a self-generation
RBFNN by using the Particle Swarm Optimization (PSO) algorithm. In
that study, PSO was used to adjust the centers, biases, and connection
weights of RBFNN. The PSO algorithm is relatively simple and easy to
implement, and there is no need to adjust too many parameters. The
combination of PSO and RBFNN can optimize the parameters and
structure of the RBFNN model, which can improve the prediction ac-
curacy of the RBFNN classifier. Compared with the PSO, ant colony, and
other intelligence algorithms, the IA is easy to understand, convergences
rapidly, and is not likely to fall into a local optimum due to its memory
and self-learning abilities (Duma & Twala, 2018; Wei et al., 2020).
Because of those advantages, IA has been well applied to optimize the
parameters of RBENN (Peng et al., 2014). In the literature (Muling et al.,
2018), IA was used to determine the centers and the number of hidden
nodes of RBFNN. The experimental results demonstrate that this
improved RBFNN has better prediction accuracy and generalization
ability. In the training process of RBFNN, the selection of the parameters
can seriously affect the prediction accuracy. How to choose the efficient
parameters is still under investigation.

As mentioned previously, the ASUWO algorithm synthesizes the
same number of new samples for each sample. It does not make full use
of those more representative samples, which can generate redundant
and noise samples. Furthermore, the RBFNN model has been widely
used in classification problems. However, due to the influences of the
kernel function and parameter learning, the prediction accuracy of the
RBFNN can be further improved. Therefore, this paper focuses on
methods that combine ASUWO oversampling technique with the RBFNN
model.

5. Methods

This section introduces the related data preprocessing and classifi-
cation method. The proposed oversampling technique and dimension-
ality reduction method are described in Section 5.1. The concept and
optimization process of RBFNN are presented in Section 5.2.
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Input layer Hidden layer

Output layer

Fig. 1. Structure diagram of RBFNN.

5.1. Oversampling and feature processing

5.1.1. Tomek-CASUWO-based oversampling method

A balanced dataset can be obtained by data preprocessing. The
ASUWO aims to balance class distributions by increasing the number of
samples belonging to a minority group. On the one hand, the ASUWO
can increase the majority class sample noises if a minority sample or
nearest sample is a noise. On the other hand, the ASUWO synthesizes
minority samples by linear difference, and it ignores the majority sam-
ples near the root data and increases the overlap of classes (Rivera,
2017). Therefore, the ASUWO algorithm is sensitive to noise samples
and easy to cause fuzzy class boundaries. In order to solve these prob-
lems, we propose the following solutions:

(1) The combination of oversampling and undersampling technolo-
gies (hybrid sampling) is an effective way to balance a dataset,
which can improve the generalization ability of the RBFNN
classifier and reduce the probability of overfitting (Ren et al.,
2019; Garcia et al., 2006). We therefore introduce the Tomek
links algorithm to eliminate the outliers and redundant samples
before oversampling the minority classes. Tomek Links can be
defined as follows: Suppose {E1, Es, ---,E, }CR is a dataset, given
two examples E; = (x;,y;) and E; = (x;,y;), where y; # y;. A pair
(E;, E;) is a Tomek link if E; and E; have different labels, and there
is not a sample E; satisfying the following conditions: d(E;, E;)(
d(E;,E)) or d(Ej, E;)(d(E;, E;), where d(-) is the distance between
samples. If so, then one of the two examples is a noise, or they are
close to the class boundaries. Filtering noises and outliers can
ensure the quality of the synthesized samples, and greatly
contribute to the prediction results.

(2) To reduce the probability of fuzzy class boundaries, we use mi-
nority centroids to modify the oversampling formula so that the
synthetic samples are in the triangle region and close to the
centroids. The oversampling formula is modified in Equation (1).

Xnewl = Xcen + Sinalxl - xcen‘
Xnew2 = Xcen + Sinﬂ|x2 - xcen‘

Xnew = Xcen + Sin}’| (xnewl +r|xnew2 — Xnewl D - xcenl
are instances in the subcluster; x., represents the centroid of the sub-
cluster; a, pe [%, g];yE[O, 7l; r is a random number between [0,1]. Our
Tomek-CASUWO algorithm can eliminate the noise samples and reduce
the probability of fuzzy class boundaries. Using our proposed Tomek-

(1).where x1, x2
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CASUWO, we can obtain a relatively clean balanced dataset and
improve the quality of the synthetic samples.

5.1.2. Reduced dimensionality

Because of the overfitting of the RBFNN model after data over-
sampling, irrelevant and redundant features can reduce the network
training speed and even make the prediction results less accurate.
Principal Component Analysis (PCA) is a statistical method commonly
used for dimensionality reduction (Nadkarni & Neves, 2018; Ahmadi
et al., 2019). Its main purpose is to extract important information and
compress the dataset dimensions. PCA can ensure that the extracted
information between the principal components are uncorrelated
(Jafarzadegan et al., 2019). The main steps of PCA are as follows:

(1) Standardize the raw data to eliminate the dimensional differences
of all indicators.

Xy—

Sj)?f,i: 1,2,..,m;j=1,2,...,p (2).where p is the number of

Zy=
features; n is the number of samples; Z;; is the standardized data of X; )?J
and S; are the average value and standard deviation of Xj, respectively.

(2) Calculate the correlation coefficient matrix R = [ryl, -

n
S ZhZ

— =1"ki ©N 5] —

rj = knl_lx 7(l7J =

1,2,..,p) 3.

(3) Calculate eigenvalues and eigenvectors. The p eigenvalues are
obtained by calculating |AE —R| = 0. These eigenvectors (i ,4q, ",
Wp) are sorted according to their eigenvalues
(1 > A > >4 >0).

ljj = Zi:]:ukakﬁj = 17 27 ey (4)

(4) Calculate the cumulative contribution rate a,, of Uy, U, ..., Up. If
am>90%, the first m principal components are selected, where m
is smaller than p.

_ Ekmzl’lk (5).

a, — L1’k
" ZZ,M"
5.2. ILS-RBFNN-based customer consumption behavior prediction method

5.2.1. Basic principle of RBFNN

The conventional RBENN is a typical three-layer neural network
comprising an input layer, a hidden layer, and an output layer. The
transformation from the input space to the hidden layer space is
nonlinear, whereas the transformation from the hidden layer space to
the output layer space is linear (Zounemat-Kermani et al., 2020). RBFNN
has a strong nonlinear fitting ability, and can map any complex
nonlinear functions. Its parameters can be learned separately. Also,
RBFNN has strong robustness and self-learning ability and high
convergence speed, and therefore is widely applied in the field of pre-
diction (Yu et al., 2017). The topology of RBFNN is shown in Fig. 1. The
RBFNN structure is m-p-q. m, p and q are the total number of input,
hidden and output nodes, respectively; xi, X2, ..., X, are the inputs of
RBENN; 01,3, -, & are the radial basis functions; yi, ..., yq are the
outputs of RBFNN. The matching relationship of the network is defined
in Equation (6).

yi =filx) = £:1<Dk(x, C)Wii,i=1,2,...,q (6).where wy; is the
weight from the kth hidden node to the ith output node; ci is the center
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Fig. 2. The flowchart of ILS-RBFNN-based customer consumption behavior prediction model.
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of the kth hidden node; @(-) is the kernel function of the kth hidden
node. Generally, the Gaussian kernel function is used as the activation

function of RBF, expressed as: @(x,cx) = exp(—%).
expansion constant of neuron, which reflects the width of the function.
Gaussian kernel function, also known as the RBF kernel, is a radially
symmetric scalar function. It is usually defined as a monotonic function
of the Euclidean distance between the sample and the data center. The
essence of the Gaussian kernel is to measure the “similarity” between
samples, and its effect is to find a new space to achieve nonlinear
mapping (Yuan et al., 2009). In this study, the Gaussian kernel function
is used to map each finite-dimensional data to a high-dimensional
feature space, which allows the linearly inseparable data to be linearly
separable.

In the RBFNN model, the number of network nodes is determined by
the actual problem. Nevertheless, the hidden basis functions, centers,
widths, and connection weights all play crucial roles in obtaining the
desirable properties of RBFNN (Duvvuri & Anmala, 2019). Therefore, to
find an accurate and stable customer behavior prediction model, we
need to redesign the network structure and optimize the parameters of
RBFNN, as described in Section 5.2.2.

o is the

5.2.2. Optimization and selection of network parameters

Before optimizing the network parameters, the number of hidden
layer nodes must be determined because of its effect on the training
speed and prediction accuracy of RBFNN (Li et al., 2019). In this study,
the empirical Equation (7) is used to calculate the number of hidden
nodes, where a is an integer between 1 and 10.

p =vym+q+a?).

5.2.2.1. Kernel function design. To solve the problem of insufficient
computing power caused by high-dimensional data, a kernel function is
generally used (Hussain, 2019). It can map the eigenvectors of the low-
dimensional space to the separable high-dimension space (Shastry et al.,
2017). It is necessary to construct a suitable kernel function for a real-
world dataset. Generally, kernel functions can be divided into local
and global kernels. A local Gaussian kernel with good learning ability is
used the most to train RBFNN, whereas a global Poly kernel has stronger
generalization ability (Zhang et al., 2016). For practical applications
with complex data, a hybrid kernel function combining a series of ker-
nels is more suitable than a single kernel function (Monney et al., 2020).
Here, to create an adaptive hybrid kernel and improve the generaliza-
tion ability of RBFNN, we combine Gaussian and Poly kernels. The non-
linear hybrid kernel is defined in Equation (8), and the overall outputs of
RBFNN can be written as Equation (9).

. 2
i(x, cr) = an,exp(—ZH0) oy, (ci + 07 = 7 3o @y (x, i) (8).

¥ = (72 1@, Py (X, €)X h_y Wi = 3o Py (X, ck) (Wra,) =
> k1@ (x, cx )wi g (9).where x is a sample; oy is the bias of the kth hidden
node; t is a Poly constant (t > 0); d is the Poly order (d = 1,2,3,...); ay,
and a,, represent the weights assigned to Gaussian and Poly kernels of
the kth radial basis, respectively; wy is the substitute form of the weight
of Ith participating kernel in the kth radial basis.

5.2.2.2. Center, bias, and weight update rules. The selection of kernel
parameters also plays a key role in RBFNN optimization (Wu et al.,
2016). To improve the prediction accuracy, we use the IA algorithm to
optimize the centers of RBF. IA is a heuristic search algorithm that im-
itates a biological immune system to solve the optimization problems. IA
is usually used to find a global optimal solution that has a good balance
between population diversity and convergence, and restrains the im-
mature convergence (Duma & Twala, 2019). An antigen is defined as the
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(a) China Statistical Yearbook data.

Proportion in total population (%)
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Fig. 3. Gender-age distribution between the national census data and the
sample data.

objective function of the actual problem, and an antibody can be
regarded as a candidate solution to the actual problem (Chiu et al., 2009;
Samigulina & Samigulina, 2019). Due to the diversities of antibodies, IA
can prevent the RBFNN model from falling into a local optimum in
determining the RBFNN centers (Khan et al., 2020). The main steps of
the IA optimized RBFNN centers are described as follows.

Step 1: Initialize the antibody population. The real-coded population
A={cy,co,cp} is randomly initialized to have M individuals, as shown
in Equation (10). Antibodies c;/={c1;, c2;, ¢y} are the centers of the
network hidden layer; D is the dimension of each antibody; Xpax and
Xmin are the upper and lower limits of antibody, respectively.

¢ = Xmin +rand(D, M) X (Xmax — Xmin) (10).
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Fig. 4. Visualization of data feature distributions.

Step 2: Calculate the affinity (AFF) of the antibody population, as
shown in Equation (11). @ and g are the affinity coefficients. The
output error (Fit;) of RBFNN is used as the measurement for evalu-
ating the ith antibody, shown in Equation (12). Acc; is the accuracy of
the test data of the ith antibody. The method for calculating the
concentration (Nd;) of the ith antibody, shown in Equation (13). nd;;
is the concentration between the ith antibody c; and the jth antibody
¢j; 6 is the similarity threshold between antibodies. This method not
only maintains the diversity of the population, but also speeds up
convergence.

AFF = -Fit —-Nd (11).
Fit; = 1 —Acc; (12).

M ndij
Nd, = 25" (13),

1,4/(ci—¢)? <6
nd;; = (ci—¢) ij=1,2,..,MQ4).

05 (Ci - Cj)2 >0
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Table 1

Des

cription of the basic characteristics of wine customers.

#

Feature Feature description Average

value

—

Brand al. Unimportant; a2. Slightly important;  3.395
a3. Generally important; a4. Very
important; a5. Especially important

bl. Unimportant; b2. Slightly important;
b3. Generally important; b4. Very
important; b5. Especially important

cl. Unimportant; c2. Slightly important;
c3. Generally important; c4. Very
important; ¢5. Especially important

d1. Unimportant; d2. Slightly important;
d3. Generally important; d4. Very
important; d5. Especially important

el. Unimportant; e2. Slightly important;
e3. Generally important; e4. Very
important; e5. Especially important

f1. Unimportant; f2. Slightly important;
f3. Generally important; f4. Very
important; f5. Especially important

gl. Unimportant; g2. Slightly important;
g3. Generally important; g4. Very
important; g5. Especially important

h1. Unimportant; h2. Slightly important;
h3. Generally important; h4. Very
important; h5. Especially important

il. Unimportant; i2. Slightly important;
i3. Generally important; i4. Very
important; i5. Especially important

j1. Unimportant; j2. Slightly important;
j3. Generally important; j4. Very
important; j5. Especially important

k1. Unimportant; k2. Slightly important;
k3. Generally important; k4. Very
important; k5. Especially important

11. Male; 12. Female

m1l. 18-25; m2. 26-35; m3. 36-45; m4.
46-55; m5. > 55 years old

nl. Unmarried; n2. Married

ol. Student; 02. Farmer; 03. Freelancer;
04.Retiree; 05. State-owned enterprise;
06. Foreign / private enterprise; 07.
Public institution; 08. Scientific research
institution; 09. Other

pl. < 1500; p2. 1500-2000; p3.
2001-3000; p4. 3001-5000; p5.
5001-7000; p6. 7001-10000; p7.
10001-15000; p8. 15001-20000; p9.
20001-30000; p10. > 30000 yuan

q1. Junior high school or below; q2. High
school; q3. Undergraduate; q4.
Postgraduate or above

rl. Urban; r2. Rural

Vintage 3.080

Origin 3.276

Package 3.025

Price 3.452

Promotion 2.916

Relatives and 3.290

friends
Advertising 2.536
information

Reputation 3.684

Effect 2.717
2.799

Knowledge

1.542
2.445

Gender
Age

1.549
4.801

Marital status
Occupation

Monthly income 4.411

Education 3.160

Regional economic 1.257

development

Step 3: Introduce the following operators to generate the immune
population, and the size of the immune population is M/2. (1) Se-
lection: select the first M/2 individuals with excellent affinities from
the current population; (2) Clone: clone the selected individuals, and
set the clone number for each individual. The clone operator
searches for the antibodies with good affinities in order to get a
better solution; (3) Mutation: mute the cloned antibodies according
to the mutation probability, which can maintain the diversity of the
population. As shown in Equation (15). ccq i is the d-dimensional data
of the ith sub-antibody of the antibody c; 7 is the initial value of the
neighborhood; tis the current iteration number; (4) Clone inhibition:
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Table 2
Confusion matrix.

Positive class Negative class

False Positive (FP)
True Negative (TN)

Positive prediction
Negative prediction

True Positive (TP)
False Negative (FN)

update the affinity of the cloned population of each individual, and
save the antibody with the best affinity.

cci =ccgi+(rand — 0.5)%i=1,2,..,Mp,d=1,2,...,D (15).

Step 4: Regenerate the individuals randomly, and the size of the new
population is M/2.

Step 5: Update the antibody population. The immune population and
the generated population are combined to get a new population.
Then update the affinity of the combined population.

Step 6: Check whether the maximum number of iterations is reached.
If satisfied, select the optimal antibody of the population, which is
the central set of the hidden layer; otherwise, jump to Step 2 for
further evolution.

After the RBFNN centers are determined by IA, the widths and
connection weights are carried out through the LS method, as shown in
Equations (16) and (17), and the Equation (17) represents the weight
update rule.

— Gmee _ max([x—cll) g _
gk*\/zfp* \/27’ 7k*172~,~~-,P (16)

w = (®"®) '®TL (17)where L is the target outputs of the RBFNN
model. Fig. 2 shows the improved RBFNN flowchart of this study. As a
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consequence, we propose a novel RBFNN learning model by combining
the IA with memory and self-organization capabilities with LS. The
hidden centers are designed by the IA, which reaches the optimal
structure of RBFNN and improves its classification accuracy.

6. Procedures and results
6.1. Data collection

We collected data from the survey of wine-customer consumption
behavior done by the Chinese Grape Industry Technology System from
June to August 2020. The respondents consisted of ordinary urban
consumers classified by gender, age, marital status, occupation, monthly
income, education, and the degree of regional economic development.
The quota sampling method commonly used in market research is used
to determine the sample distribution (Li et al., 2021). Quota indicators
and the range of values refer to the ratio of gender to age in the 2020
China  Statistical = Yearbook  (https://www.stats.gov.cn/tjsj/nd
sj/2020/indexch.htm) (Zhang et al., 2021). Determined by the degree
of regional economic development, different sample sizes were assigned
in each region. The data obtained from the statistics are representative
and can reflect the characteristics of wine consumers in China to a
certain extent. The comparison results between the national census data
and the sample data are presented in Fig. 3. Fig. 3 shows that the sample
gender ratio is balanced, and the age distribution is similar to the data in
the China Statistical Yearbook.

The dataset comprises 879 customer records of three types of con-
sumption purposes: 190 customers like domestic wine, 135 customers
like imported wine, and 554 customers have no preferences on the wine
producing areas. The behavior data of each consumer comprises 18

Table 3
Evaluation results for different classification methods on the real dataset.
Oversampling method Index LR DT RF NB KNN SVM BPNN RBFNN
No oversampling Accuracy 0.5282 0.6322 0.5322 0.5897 0.6322 0.6782 0.5552 0.6667
Precision 0.4146 0.4846 0.4235 0.5012 0.4904 0.4911 0.4484 0.4723
Recall 0.4285 0.4614 0.5670 0.4152 0.5456 0.5654 0.5874 0.5251
F-measure 0.4054 0.4727 0.6006 0.4732 0.5165 0.5510 0.4274 0.4987
G-means 0.4092 0.5155 0.4953 0.5416 0.5276 0.3617 0.5776 0.6003
AUC 0.5086 0.6293 0.7155 0.6810 0.6810 0.7586 0.7414 0.6845
Running time 0.7713 1.4943 1.8783 0.2367 0.9300 1.1810 0.3935 0.3862
SMOTE Accuracy 0.5091 0.6788 0.6485 0.6848 0.6066 0.7212 0.6424 0.7364
Precision 0.4762 0.5060 0.6305 0.5239 0.4633 0.5674 0.4798 0.6693
Recall 0.4874 0.5109 0.5331 0.5311 0.6075 0.5939 0.5983 0.6732
F-measure 0.3817 0.5084 0.5318 0.5275 0.6272 0.5804 0.4889 0.5712
G-means 0.5150 0.6211 0.5973 0.6366 0.7190 0.6797 0.6051 0.5907
AUC 0.6318 0.7591 0.6864 0.7636 0.7818 0.7309 0.7318 0.7273
Running time 0.9091 1.5895 2.6187 0.3841 1.2109 1.2818 0.7201 0.5128
ASUWO Accuracy 0.5802 0.8272 0.7889 0.8333 0.8272 0.7580 0.8148 0.8399
Precision 0.4294 0.6948 0.7775 0.6963 0.6908 0.7501 0.7808 0.8375
Recall 0.5333 0.6967 0.8043 0.7130 0.7610 0.7538 0.7886 0.8572
F-measure 0.4313 0.6957 0.7907 0.7046 0.7242 0.7519 0.7847 0.8772
G-means 0.5575 0.7695 0.7447 0.7773 0.7961 0.8130 0.7612 0.8528
AUC 0.6852 0.8704 0.8167 0.8750 0.8704 0.8935 0.8611 0.8844
Running time 0.8247 1.5154 2.1931 0.3441 1.2091 1.2275 0.5476 0.4889
Tomek-CASUWO Accuracy 0.6221 0.8240 0.8870 0.9201 0.8481 0.8610 0.8610 0.9351
Precision 0.7556 0.8175 0.8727 0.8043 0.8002 0.8242 0.8242 0.8697
Recall 0.6611 0.8095 0.8747 0.7562 0.8021 0.8242 0.8242 0.8853
F-measure 0.6583 0.8185 0.8737 0.7990 0.8012 0.8242 0.8242 0.8774
G-means 0.6949 0.8120 0.8808 0.8102 0.8267 0.8437 0.8437 0.9104
AUC 0.7416 0.8805 0.8190 0.9069 0.8610 0.8708 0.8708 0.9616
Running time 0.6208 1.3019 1.9784 0.2939 0.8242 1.1217 0.4518 0.4279
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Fig. 5. Overlay diagrams of evaluation indicators in different classifiers.
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Fig. 6. Evaluation indicators of different oversampling methods.
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Fig. 7. Running times of the eight classifiers under different oversampling methods.
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Fig. 8. PCA-based principal component information.

characteristics, including 11 numerical attributes and 7 categorical at-
tributes. Fig. 4(a) shows a box plot of the numerical attributes. It in-
dicates the degree of influence of each characteristic on consumer
behavior: unimportant, slightly important, generally important, very
important, and especially important. There are some outliers and there
is no sampling deviations between the numerical variables. Fig. 4(b)
shows the proportions of categorical variables per feature. All the fea-
tures are encoded into numerical features for subsequent customer
behavior prediction. The characteristics of numerical and categorical
attributes are described in Table 1.

We implement the models using MATLAB R2014a based on the
personal information and consumption behavior preferences of wine
customers. To ensure the models are generalized and not overfitting, we
use ten-fold cross-validation to calculate the experimental results.

6.2. Performance criteria

To solve the imbalanced classification problems, seven evaluation

11

indexes are used to comprehensively evaluate the predictive perfor-
mances of our methods: Accuracy, Precision, Recall, F-measure, G-
means, AUC, and running time (Li & Mao, 2014; Galar et al., 2012).
Higher values of Accuracy, Precision, Recall, F-measure, G-means, and
AUC indexes represent better predictive performances of the classifiers.
These evaluation indexes are calculated through the confusion matrix,
as shown in Table 2. TP is the number of positive samples that are
predicted as positive; FN is the number of positive samples that are
predicted as negative; FP is the number of negative samples that are
predicted as positive; TN is the number of negative samples that are
predicted as negative. Six evaluation metrics are calculated as follows:

— ___ TP+TN
Accuracy = gy N (18)-
Precision = g (19).

Recall = 5 (20).

(1 + p*)Precision xRecall
[PPrecision + Recall 2.

_ /TP N
G - means = TP+N X LN (22).

AUC = W’% (23).where f is a tunable parameter (usually
f=1); Spis the sum of the positive ranks; n, is the number which belongs
to positive in the test data; n, is the number which belongs to negative in
the test data. Receiver Operation Characteristic (ROC) consists of a se-
ries of TP-FP pairs to demonstrate the predictive performances of the
classifiers. The advantage of ROC is that it is not affected by the sample
distributions and can objectively evaluate the classifiers. Sometimes, it is
difficult to distinguish the prediction results from the ROC curve. The
area under the ROC curve (AUCQ) is usually used to assess the imbalance
classification by calculating the ratio of both true positive and false
positive (Huang & Kechadi, 2013).

F - measure =

6.3. Performance analysis of the proposed methods based on the real-
world dataset

To verify the methods of consumer behavior prediction, two exper-
iments are compared. The first experiment is for evaluating the advan-
tages of the Tomek-CASUWO oversampling technique, and the second
experiment is for comparing the proposed ILS-RBFNN with the hybrid
kernel to well-known existing kernel functions and parameter update
methods.
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Fig. 10. Evaluation metrics corresponding to different number of hid-
den nodes.

6.3.1. Comparative experiments of oversampling methods

In this experiment, we use 8 well-known classifiers to evaluate the
models for predicting the consumption behavior of wine customers, such
as Logistic Regression (LR), Decision Tree (DT), Random Forest (RF),
Naive Bayes (NB), K-Nearest Neighbor (KNN), Support Vector Machine
(SVM), BPNN, and RBFNN (kernel: Gaussian; centers: K-means; biases
and weights: LS). Due to the class imbalance in the customer con-
sumption behavior data (the imbalance ratio is 190:135:554 =
1.41:1:4.10), the prediction accuracies of classifiers are seriously
affected. Hence, it is necessary to oversample the raw data. The related
oversampling techniques are separately used to improve classification
performances of the classifiers. After SMOTE, ASUWO, and Tomek-
CASUWO oversampling, the feature count before and after over-
sampling is the same as the original, and the sample sizes are 1662,
1632, and 776, respectively. Table 3 compares the proposed Tomek-
CASUWO with no oversampling, SMOTE (Chawla et al., 2002), and
ASUWO (Nekooeimehr & Lai-Yuen, 2016) methods. To select the

13
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Fig. 11. Poly parameters in the proposed kernel method.

optimal classifier, Fig. 5 visually shows the prediction results of different
classifiers. To compare the proposed Tomek-CASUWO and other over-
sampling methods, Fig. 6 visualizes the Accuracy, Precision, Recall, F-
measure, G-means, and AUC evaluation indicators of different over-
sampling methods. Fig. 7 shows the running times of the eight classifiers
under different oversampling methods.

As described in Table 3, we can conclude as follows: (1) Fig. 5 il-
lustrates that the RBFNN has the highest cumulative performance. The
experimental results demonstrate that the RBFNN model outperforms
the other compared methods for the imbalanced dataset and has better
practical value. (2) Fig. 6 indicates that the Tomek-CASUWO can
significantly improve the performances of the classifiers compared with
no oversampling, SMOTE, and ASUWO oversampling methods. This is
because the Tomek Links algorithm is used to filter noises and outliers in
the original data, and then the subcluster centroids are used to synthe-
size the new samples. Hence, overlapping class boundaries can be
effectively prevented. (3) A suitable prediction algorithm is usually
selected according to the actual application problem to analyze the
running times of the classifiers. The running efficiency of the algorithm
is related to the number and dimension of samples. After balancing the
real-world dataset using the SMOTE, ASUWO, and Tomek-CASUWO
algorithms, the sample sizes are 1662, 1632, and 776, respectively.
Fig. 7 shows that the RBFNN model has good time efficiency, which
meets the needs of this case. Therefore, RBFNN is used to predict
customer consumption behavior, and the proposed Tomek-CASUWO is
used to synthesize new samples.

6.3.2. Comparative experiments between ILS-RBFNN with the hybrid kernel
and state-of-the-art methods

After data oversampling, all the original features are highly corre-
lated. It is important to reduce its dimensions, otherwise the training
efficiency of the RBFNN model and the prediction effect can be affected.
Compared to the full features, although PCA loses some useful infor-
mation, its computational cost to train the RBFNN is reduced, and it can
avoid model overfitting caused by oversampling. Thus, PCA is a good
choice for dimensionality reduction. Fig. 8 displays the proportions of
principal components, which shows that the cumulative contribution
rate reaches 90.38% when the number of principal components is 8.
Fig. 9(a) shows the correlations between the original features. Fig. 9(b)
visualizes the values of the pair-wise Spearman correlation coefficients
between different features after PCA. In this figure, the first eight
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Table 4
Evaluation metrics of different kernel function methods.
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Kernel function Gaussian Cosine Manual fusion Adaptive fusion Robust fusion Proposed kernel
Accuracy 0.9091 0.8961 0.8831 0.8831 0.9091 0.9221
Precision 0.8261 0.8150 0.7883 0.7883 0.8309 0.8469
Recall 0.8400 0.8253 0.8232 0.8232 0.8484 0.8737
F-measure 0.8330 0.8201 0.8054 0.8054 0.8396 0.8601
G-means 0.8767 0.8666 0.8577 0.8577 0.8820 0.8985
AUC 0.9318 0.9221 0.9123 0.9123 0.9318 0.9416
principal components are the basic matrices, and there are no obvious
! T T ' ' ' T correlations between the extracted features.
ool ' ] After that, we analyze the proposed kernel function and parameter
update method based on the oversampled and selected features. Fig. 10
s R G R RN E N 7 reveals the evaluation metrics when the number of hidden nodes is
e M AR R EEEREE R e i between 4 and 13. Fig. 10(a) clearly shows that when the number of
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Fig. 12. Evaluation metrics of different kernel function methods.

Table 5
Evaluation metrics of the three parameter update methods.

hidden nodes is 8, Accuracy, Precision, Recall, F-measure, G-means, and
AUC values of the RBFNN classifier achieve the largest. Fig. 10(b) il-
lustrates that the RBFNN classifier has a faster running time when the
number of hidden nodes is 8. Therefore, the structure of RBFNN deter-
mined in this study is 8-8-3.

Poly kernel function has a good global generalization ability. The
constant t and order d parameters have an impact on the generalization
ability of the RBFNN model. In order to find the optimal parameter
combination, a grid search procedure is used to determine the Poly’s
hyperparameters. Fig. 11 shows all the possible combinations, which
indicates that the prediction accuracy of RBFNN is the best when the
value of t is 8~8.4 and d is 2.

Table 4 compares the prediction results between our proposed kernel
function and the Gaussian, Cosine, Manual (Aftab et al., 2014), Adaptive
(Khan et al., 2017), Robust (Atif et al., 2020) kernel functions. The
optimal values obtained by the proposed kernel function are marked in
bold. The intuitive results are shown in Fig. 12. We use K-means to select
the radial basis centers, and LS is used to update the biases and
connection weights. Fig. 12 illustrates that our proposed hybrid kernel
function outperforms other selected state-of-the-art kernel functions.
Compared with the other kernel functions, the proposed kernel function
shows higher prediction performance and less running time.

In order to verify the effectiveness of our proposed parameter opti-
mization method, three different parameter update rules (centers:
random, K-means, immune; biases and weights: LS) are chosen to
identify the best combination based on the proposed kernel. The rele-
vant parameters of IA are set as follows: the dimension of each indi-
vidual is 64, the number of antibodies is 20, the number of selected
individuals is 10, the clone size of each selected individual is 10, the
mutation probability is 0.7, the incentive coefficient is 1, the similarity
threshold is 0.2, and the maximum iteration number is 100. Table 5 il-
lustrates the prediction results. The optimal values of all indexes are
marked in bold. Fig. 13 plots the evaluation metrics of the three
parameter update methods, which shows that the ILS-RBFNN model has
the significant advantages compared with other combination strategies
in Accuracy, Precision, Recall, F-measure, G-means, and AUC evaluation
metrics, but the running time is increased. This is because the IA is used

Parameter update method Accuracy Precision Recall F-measure G-means AUC Running time
Random + LS-RBFNN 0.9091 0.8217 0.8537 0.8374 0.8818 0.9318 0.3451
K-means + LS-RBFNN 0.9221 0.8469 0.8737 0.8601 0.8985 0.9416 0.3270
Immune -+ LS-RBFNN 0.9870 0.9737 0.9737 0.9737 0.9805 0.9903 39.0476
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to optimize the centers of RBFNN, which increases the computational
cost. Although the ILS-RBFNN algorithm has a longer running time than
that of Random + LS-RBFNN and K-means + LS-RBFNN, its running time
is acceptable in this case. ILS-RBFNN can effectively overcome the
dependence of K-means on the initial centers. Hence, the algorithm
combining proposed kernel function and parameter update method can
create an effective RBFNN model, which can be used as the final clas-
sifier to predict the customer consumption behavior.

Based on the above experimental results, it is proved that the pro-
posed kernel function and ILS-RBFNN classifier are superior to the
compared methods. To verify the effectiveness of the kernel function
proposed in the present study, the prediction results of six kernel func-
tions before and after oversampling (Tomek-CASUWO) are compared
based on the ILS-RBFNN model. The statistical results are shown in
Table 6. The bold values indicate the optimal average metrics for all
methods before and after oversampling. Fig. 14 shows the classifier
performance for each kernel before and after oversampling based on the
real-world dataset.

From Table 6 and Fig. 14, it can be determined that, for both before
and after oversampling, the prediction performance of the ILS-RBFNN
with the proposed kernel is significantly better than that of classifiers
with different kernel functions. At the same time, the overall perfor-
mance of the classifier for each kernel is also significantly improved after
oversampling. Based on the Tomek-CASUWO oversampling, since the
sample size of the real dataset is smaller after oversampling, the overall
average running time of the classifier after oversampling is better. In
contrast, the running times of the ILS-RBFNN with the robust and pro-
posed kernels are relatively long. On the other hand, the classification
error rate of the test data is used as an error measure. The training
convergences of different kernels before and after oversampling are
shown in Fig. 15, which shows that although the Gaussian and Cosine
functions converge fast, the ILS-RBFNN model easily falls into a local
minima. For our proposed kernel, after oversampling, the error rate is
the lowest, and it can effectively converge to the global optimum. This
demonstrates the feasibility of our proposed kernel function for pre-
dicting the consumption behavior of wine customers.

In order to verify the feasibility of the proposed ILS-RBFNN classifier,
experiments are carried out by comparing the original RBFNN (Gaussian
kernel + random and LS update parameters), LS-RBFNN with the robust
kernel (robust kernel + K-means and LS update parameters), and our
ILS-RBFNN with the proposed kernel (proposed kernel + IA and LS

Classifier performance for each kernel before and after oversampling based on the real-world dataset.

Oversampling Classifier Accuracy Precision Recall F-measure G-means AUC Running time

Before oversampling ILS-RBFNN with the Gaussian kernel 0.6832 0.4911 0.4654 0.6510 0.6617 0.7500 7.1305
ILS-RBFNN with the Cosine kernel 0.7241 0.5294 0.6493 0.6797 0.6507 0.7931 19.8955
ILS-RBFNN with the manual kernel 0.7701 0.5826 0.6054 0.7090 0.6631 0.8276 29.3062
ILS-RBFNN with the adaptive kernel 0.7701 0.5808 0.6997 0.7059 0.6284 0.8311 56.6782
ILS-RBFNN with the robust kernel 0.7826 0.5987 0.7516 0.7714 0.7751 0.8896 27.0503
ILS-RBFNN with the proposed kernel 0.8614 0.6212 0.7952 0.7930 0.7855 0.7845 31.7613
Average value 0.7653 0.5673 0.6611 0.7183 0.6941 0.8127 28.6370

After oversampling ILS-RBFNN with the Gaussian kernel 0.9122 0.8589 0.8642 0.8505 0.8812 0.9589 6.4315
ILS-RBFNN with the Cosine kernel 0.9258 0.8790 0.8776 0.8792 0.8953 0.9403 13.4560
ILS-RBFNN with the manual kernel 0.9269 0.9112 0.8903 0.9201 0.9114 0.9582 20.7827
ILS-RBFNN with the adaptive kernel 0.9473 0.9348 0.9118 0.9348 0.9677 0.9673 49.6685
ILS-RBFNN with the robust kernel 0.9625 0.9823 0.9637 0.9011 0.9803 0.9699 37.1763
ILS-RBFNN with the proposed kernel 0.9870 0.9737 0.9737 0.9737 0.9805 0.9903 39.0476
Average value 0.9436 0.9233 0.9136 0.9099 0.9361 0.9642 27.7604
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Fig. 14. Classifier performance for each kernel before and after oversampling based on the real-world dataset.
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Fig. 15. Error convergence curves of different kernels before and after over-
sampling based on the real-world dataset.

update parameters). Fig. 16(a) shows the comparison results, which
shows that our ILS-RBFNN with the proposed kernel has the highest
prediction performance. While the RBFNN and LS-RBFNN with the
robust kernel have relatively low prediction performances. Also, the
prediction performance of LS-RBFNN with the robust kernel is greater
than that of RBFNN. Fig. 16(b) illustrates that the ILS-RBFNN with the
proposed kernel model has a longer running time than that of RBFNN
and LS-RBFNN with the robust kernel, but its running efficiency is
acceptable in this paper. Hence, the application of IA and hybrid kernel
can optimize the network parameters and enhance the learning ability of
RBFNN.

6.4. Robustness analysis of the proposed methods

Two sets of experiments are conducted to verify the robustness and
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Fig. 16. Prediction performances of the three target models.

application capabilities of the proposed two methods. The first experi-
ment is used to verify the practical application of the proposed ILS-
RBFNN model based on the extended real-world dataset, and the sec-
ond experiment is used to evaluate the generalities of Tomek-CASUWO
and ILS-RBFNN based on the UCI datasets.

6.4.1. Performance analysis of the improved ILS-RBFNN algorithm based
on the extended real-world dataset

To verify the robustness of the proposed ILS-RBFNN algorithm, the
real-world wine-customer behavior data was expanded from September
to October 2020, and it shows the characteristics of high dimensionality
and large sample data. The questionnaire is mainly divided into three
parts: consumer behavior and values, consumer preferences, and basic
customer information (Qi et al., 2021). The variables for consumer
behavior and values include annual purchase frequency, annual drink-
ing volume, product packaging, packaging capacity, purchasing moti-
vations, production area, product brand, product source, and factors
affecting consumption behavior. In the second part, the variables of
consumer preferences include product color, sugar content, carbon di-
oxide content, taste, flavor, and acidity. The variables in the basic
customer information include gender, age, marital status, occupation,
monthly income, education, and regional economic development.

Some features are multiple-choice items, for example, the color of
the wine is divided into red, white, and peach. Therefore, for the clas-
sification algorithms mentioned in this paper, there are 92 variable
features involved in the modeling, with a total of 3621 records, and the
number of each category is 754, 748, and 2119, respectively. After
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Table 7
Evaluation metrics of the three parameter update methods.
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Parameter update method Accuracy Precision Recall F-measure G-means AUC Running time

RBFNN 0.5165 0.3813 0.4095 0.3949 0.5239 0.6374 0.5749

LS-RBFNN with the robust kernel 0.5827 0.4303 0.4473 0.4386 0.5620 0.6870 0.7912

ILS-RBFNN with the proposed kernel 0.7697 0.6530 0.7534 0.6532 0.7264 0.7699 152.4776

Table 8
Classifier performance for each kernel before and after oversampling based on the extended real-world dataset.

Oversampling Classifier Accuracy Precision Recall F-measure G-means AUC Running time

Before oversampling ILS-RBFNN with the Gaussian kernel 0.4360 0.3931 0.4325 0.4564 0.4365 0.3459 123.2792
ILS-RBFNN with the Cosine kernel 0.5349 0.3915 0.6592 0.4913 0.4709 0.4767 284.6102
ILS-RBFNN with the manual kernel 0.6919 0.5501 0.5857 0.5674 0.6356 0.7169 334.7222
ILS-RBFNN with the adaptive kernel 0.7209 0.5722 0.6468 0.6072 0.6665 0.7291 672.6815
ILS-RBENN with the robust kernel 0.7517 0.5861 0.6743 0.6491 0.6454 0.7847 359.1629
ILS-RBFNN with the proposed kernel 0.7500 0.6259 0.6878 0.6554 0.6632 0.7864 100.9558
Average value 0.6476 0.5198 0.6144 0.5711 0.5864 0.6400 312.5686

After oversampling ILS-RBFNN with the Gaussian kernel 0.4338 0.4332 0.4235 0.4988 0.4857 0.5032 147.7424
ILS-RBFNN with the Cosine kernel 0.6286 0.4610 0.4755 0.5468 0.5864 0.5215 443.2133
ILS-RBENN with the manual kernel 0.7313 0.5444 0.5948 0.5646 0.5792 0.7094 509.5826
ILS-RBFNN with the adaptive kernel 0.7411 0.6435 0.6646 0.6449 0.6570 0.7301 1042.0002
ILS-RBFNN with the robust kernel 0.7608 0.6443 0.6845 0.6448 0.7057 0.7858 550.9100
ILS-RBFNN with the proposed kernel 0.7697 0.6530 0.7534 0.6532 0.7264 0.7699 152.4776
Average value 0.6776 0.5632 0.5994 0.5922 0.6234 0.6700 474.3210

balancing the extended real-world dataset using the Tomek-CASUWO
algorithm, the feature count before and after oversampling does not
change. The final sample number is 6219, and the number of each
category is 2054, 2065, and 2100, respectively. Table 7 shows the
comparison results of the three parameter update methods. For the
original RBFNN, the Gaussian kernel, random, and LS are implemented
to update the parameters. For the LS-RBFNN with the robust kernel
method, the robust kernel has been proposed in previous studies (Atif
et al., 2020), and K-means and LS are used to update the parameters. In
this study, an adaptive hybrid kernel based on Gaussian and Poly is
proposed, which can improve the generalization ability of RBENN (IA
and LS are used to update parameters).

From Table 7, it can be seen that the prediction Accuracy, Precision,
Recall, F-measure, G-means, and AUC of the ILS-RBFNN with the pro-
posed kernel are the highest compared with RBFNN and LS-RBFNN with
the robust kernel. Moreover, the running time of the ILS-RBFNN with the
proposed kernel increases based on the high dimensionality and large
sample dataset. Although the ILS-RBFNN with the proposed kernel has a
longer running time than that of RBFNN and LS-RBFNN with the robust
kernel, the research on this case is acceptable. Based on the above
experimental results, it proves that the customer behavior prediction
method proposed in this paper is practical and feasible using the
extended real-world dataset.

In addition, for the extended real-world dataset with a large sample
size and high dimensionality, Table 8 shows the classifier performance
for each kernel before and after oversampling. The visual effects of the
results in Table 8 are shown in Fig. 17. From Table 8 and Fig. 17, similar
conclusions can be drawn to those presented in Section 6.3.2 concerning
the analysis of the classifier performance for each kernel before and after
oversampling based on the real-world dataset. For the extended real-
world dataset, the prediction performance of the ILS-RBFNN with the
proposed kernel is greater than the ILS-RBFNN with existing kernels
regardless of whether it is before or after oversampling. Furthermore,
the overall performances of classifiers are better than those before
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oversampling. However, the running times of all classifiers are longer
due to the increased number of samples after oversampling. Fig. 18
describes the error convergence curves of different kernels before and
after oversampling based on the extended real-world dataset. The ILS-
RBFNN with the proposed kernel has the optimal convergence fitness,
signifying it has the best prediction accuracy and that the prediction
accuracy is better than before oversampling.

6.4.2. Performance analysis of the proposed methods based on the UCI
datasets

In this section, we compare the oversampling technique and pro-
posed prediction model with the eleven common UCI datasets which
have similar characteristics to the real-world dataset in this paper.
Table 9 describes all the used UCI datasets, along with important char-
acteristics, where #1~#6 belong to the low-dimensional feature sam-
ples. We also select the multi-dimensional “Ultrasonic flowmeter
diagnostics” and “Dermatology” datasets (Gyamfi et al., 2018). The
flowmeter dataset is represented in terms of the following four feature
sets (files): Meter A contains 87 instances and 36 attributes of diagnostic
parameters; Meter B contains 92 instances and 51 attributes of diag-
nostic parameters; Meter C contains 181 instances and 43 attributes of
diagnostic parameters; Meter D contains 180 instances and 43 attributes
of diagnostic parameters. Meanwhile, the Dermatology dataset contains
33 attributes, and family history is used as an attribute to be classified.

Table 10 shows the prediction results. Each row represents the metric
measures acquired from the three oversampling algorithms, and each
column indicates the metric measures obtained from the three classifi-
cation algorithms. Fig. 19 shows the Accuracy, Precision, Recall, F-
measure, G-means, and AUC evaluation results of each dataset for the
different oversampling and classification methods. Fig. 20 visualizes the
running times of the three classification methods under different over-
sampling techniques.

Hence, (1) regarding the target oversampling technologies, we
compare the proposed Tomek-CASUWO algorithm with the mentioned
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Fig. 17. Classifier performance for each kernel before and after oversampling based on the extended real-world dataset.
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SMOTE and ASUWO methods. For the low-dimensional UCI datasets,
after Tomek-CASUWO oversampling, the prediction performance of
each classifier is significantly improved. However, for the multi-
dimensional UCI datasets, the prediction performance of each classi-
fier improves slightly. In a word, our proposed Tomek-CASUWO has
better generalization ability than other methods based on each classi-
fication method; (2) as to the target classification methods, we compare
our proposed ILS-RBFNN model, the RBFNN, and the LS-RBFNN with the
robust kernel. The curve of each prediction method is plotted by
considering all indicators of the three oversampling techniques. It is
clear that the prediction accuracy of our proposed ILS-RBFNN model is
the highest among the three target methods no matter what the over-
sampling models are; (3) for the running times of the three classifiers,
the ILS-RBFNN with the proposed kernel has a longer running time than
that of RBFNN and LS-RBFNN with the robust kernel. The main reason is
that the radial basis centers are optimized by IA, which increases the
running time of the proposed ILS-RBFNN.

The prediction results show that the Tomek-CASUWO is better than
the other tested methods. Tomek-CASUWO can improve the prediction
ability on the imbalanced datasets. Also, our ILS-RBFNN with the pro-
posed kernel model achieves the highest prediction performance. The
UCI numerical experiments demonstrate the feasibility and generaliza-
tion abilities of our methods.

7. Practical implications

In the actual application environment, to solve the problem of
imbalanced sample data categories, the Tomek links algorithm is used to
remove the noise samples, and ASUWO is used to modify the over-
sampling formula. To improve the prediction accuracy of RBFNN, a
hybrid kernel is designed to solve the overfitting problem. IA is used to
optimize the centers of RBFNN, and LS is used to calculate the biases and
connection weights. Finally, the Tomek-CASUWO and ILS-RBFNN with
the hybrid kernel are applied to the prediction of consumer consumption
behavior. Through the simulation experiments of the proposed two
methods, the results show that the Tomek-CASUWO can significantly
improve the prediction performances of the classifiers compared with
the traditional oversampling algorithms. Furthermore, the ILS-RBFNN
with the hybrid kernel improves the prediction accuracy compared
with other selected state-of-the-art methods. We propose the theoretical
analysis mechanism and modeling method suitable for the customer
consumption behavior prediction.

To establish a long-term and pleasant supply-demand relationship
with customers, it is necessary to establish an accurate prediction model
to predict customer consumption behavior (Kyto et al., 2019; Sivasankar
& Vijaya, 2019). The main practical implications of this study include:

Imbalance ratio

Data distribution
after SMOTE

Data distribution
after ASUWO

Data distribution after
Tomek-CASUWO

Table 9
Summary description of UCI datasets.
# Dataset Number of Number of Number of Data
samples features categories distribution
1 Haberman 306 3 2 225/81
2 Bupa 345 6 2 145/200
3 Wisconsin 683 9 2 444/239
4 Newthyroid 215 5 3 150/35/30
5 Balance 625 4 3 288/49/288
6 Wine 178 13 3 59/71/48
7 Meter A 87 36 2 35/52
8 Meter B 92 51 3 19/24/49
9 Meter C 181 43 4 54/23/54/50
10 Meter D 180 43 4 51/23/55/51

11  Dermatology 366 33 2 320/46

2.78:1
1:1.38
1.86:1
5:1.17:1

5.88:1:5.88
1.23:1.48:1
1:1.49
1:1.26:2.58
2.35:1:2.35:2.17
2.22:1:2.39:2.22

6.96:1

450 (225/225)
400 (200/200)
888 (444/444)
450 (150/150/
150)

864 (288/288/
288)

213 (71/71/71)
104 (52/52)
147 (49/49/49)
216 (54/54/54/
54)

220 (55/55/55/
55)

640 (320/320)

375 (189/186)
263 (130/133)
847 (432/415)
446 (150/148/
148)

863 (288/287/
288)

207 (69/71/67)
82 (40/42)

143 (48/46/49)
211 (54/53/54/
50)

204 (51/47/55/
51)

581 (291/290)

318 (160/158)
213 (104/109)
845 (429/416)
426 (143/141/142)

752 (254/251/247)
144 (49/48/47)

79 (39/40)

143 (48/46/49)
211 (54/53/54/50)
210 (51/53/55/51)

542 (271/271)
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Table 10

Prediction performances of the three target oversampling and classification methods based on the UCI datasets.

SMOTE ASUWO Tomek-CASUWO
# Index1 Index2 Index3 Index4 Index5 Index6 Index7 Index1 Index2 Index3 Index4 Index5 Index6 Index7 Index1 Index2 Index3 Index4 Index5 Index6 Index7
RBFNN
1 0.587 0.493 0.518 0.505 0.505 0.587 0.027 0.584 0.543 0.550 0.547 0.566 0.584 0.023 0.806 0.767 0.738 0.722 0.725 0.806 0.023
2 0.425 0.405 0.429 0.436 0.423 0.525 0.020 0.554 0.508 0.590 0.546 0.528 0.654 0.022 0.673 0.613 0.618 0.615 0.631 0.672 0.021
3 0.759 0.747 0.747 0.747 0.757 0.759 0.020 0.777 0.800 0.789 0.786 0.785 0.807 0.022 0.800 0.815 0.810 0.822 0.844 0.860 0.023
4 0.667 0.622 0.629 0.625 0.659 0.700 0.026 0.633 0.639 0.700 0.668 0.675 0.800 0.023 0.833 0.696 0.821 0.753 0.827 0.875 0.022
5 0.636 0.583 0.598 0.590 0.689 0.702 0.023 0.690 0.615 0.651 0.633 0.643 0.767 0.021 0.827 0.685 0.697 0.691 0.768 0.870 0.021
6 0.564 0.516 0.524 0.520 0.573 0.576 0.021 0.567 0.561 0.587 0.574 0.687 0.750 0.021 0.700 0.733 0.719 0.771 0.822 0.820 0.021
7 0.423 0.333 0.333 0.333 0.408 0.431 0.029 0.512 0.423 0.469 0.365 0.344 0.403 0.021 0.524 0.438 0.617 0.456 0.421 0.431 0.023
8 0.512 0.423 0.469 0.365 0.344 0.403 0.025 0.546 0.523 0.561 0.504 0.469 0.527 0.024 0.574 0.552 0.577 0.503 0.525 0.540 0.022
9 0.650 0.481 0.625 0.544 0.716 0.767 0.021 0.700 0.441 0.750 0.556 0.748 0.800 0.021 0.650 0.380 0.675 0.487 0.691 0.767 0.023
10 0.750 0.519 0.675 0.587 0.750 0.833 0.021 0.700 0.507 0.900 0.649 0.831 0.800 0.023 0.806 0.741 0.786 0.785 0.856 0.842 0.024
11 0.672 0.545 0.545 0.545 0.552 0.672 0.022 0.828 0.701 0.714 0.707 0.710 0.828 0.025 0.824 0.645 0.698 0.752 0.743 0.869 0.026
LS-RBFNN with the robust kernel
1 0.652 0.525 0.542 0.533 0.536 0.652 0.032 0.632 0.571 0.602 0.551 0.618 0.632 0.028 0.875 0.762 0.775 0.769 0.774 0.875 0.027
2 0.500 0.457 0.463 0.460 0.469 0.600 0.029 0.592 0.535 0.590 0.561 0.557 0.692 0.025 0.727 0.711 0.702 0.691 0.684 0.727 0.023
3 0.839 0.821 0.821 0.821 0.833 0.859 0.027 0.858 0.856 0.856 0.856 0.857 0.858 0.024 0.851 0.882 0.892 0.887 0.888 0.941 0.029
4 0.756 0.706 0.718 0.712 0.736 0.767 0.026 0.749 0.758 0.803 0.780 0.841 0.917 0.024 0.924 0.868 0.900 0.850 0.899 0.943 0.025
5 0.693 0.648 0.715 0.680 0.762 0.775 0.025 0.805 0.675 0.699 0.687 0.765 0.853 0.027 0.880 0.776 0.779 0.778 0.834 0.910 0.026
6 0.792 0.741 0.735 0.758 0.768 0.754 0.028 0.805 0.788 0.825 0.806 0.864 0.889 0.025 0.833 0.839 0.839 0.839 0.884 0.890 0.026
7 0.507 0.414 0.453 0.409 0.438 0.500 0.031 0.500 0.375 0.500 0.429 0.433 0.500 0.026 0.625 0.429 0.750 0.546 0.433 0.625 0.026
8 0.552 0.466 0.458 0.430 0.421 0.442 0.032 0.566 0.573 0.580 0.542 0.531 0.557 0.029 0.586 0.577 0.589 0.583 0.581 0.563 0.028
9 0.750 0.577 0.750 0.652 0.800 0.733 0.033 0.650 0.418 0.700 0.523 0.720 0.767 0.031 0.762 0.546 0.763 0.785 0.768 0.806 0.032
10 0.766 0.593 0.695 0.658 0.767 0.833 0.028 0.650 0.423 0.750 0.541 0.738 0.733 0.030 0.810 0.761 0.793 0.787 0.890 0.873 0.029
11 0.734 0.596 0.602 0.599 0.604 0.734 0.032 0.879 0.780 0.781 0.780 0.784 0.879 0.027 0.926 0.850 0.869 0.859 0.860 0.926 0.029
ILS-RBFNN with the proposed kernel
1 0.804 0.663 0.696 0.679 0.678 0.804 4.523 0.768 0.758 0.760 0.759 0.765 0.868 3.732 0.954 0.938 0.941 0.946 0.949 0.983 3.708
2 0.662 0.607 0.616 0.612 0.615 0.721 4.387 0.746 0.698 0.769 0.732 0.730 0.846 3.149 0.909 0.818 0.818 0.818 0.826 0.909 2.286
3 0.929 0.927 0.937 0.937 0.937 0.949 5.466 0.957 0.951 0.955 0.953 0.954 0.977 5.181 0.988 0.976 0.977 0.976 0.977 0.988 5.315
4 0.888 0.860 0.880 0.881 0.883 0.883 3.954 0.916 0.876 0.918 0.912 0.936 0.967 3.941 0.987 0.957 0.987 0.967 0.984 0.985 3.870
5 0.843 0.788 0.795 0.792 0.820 0.857 4.647 0.897 0.798 0.809 0.803 0.854 0.922 4.658 0.987 0.972 0.973 0.973 0.980 0.990 4.570
6 0.914 0.872 0.896 0.917 0.901 0.929 2.491 0.947 0.931 0.953 0.940 0.966 0.961 2.971 0.954 0.967 0.951 0.949 0.969 0.965 2.734
7 0.697 0.651 0.701 0.665 0.506 0.589 3.573 0.762 0.743 0.737 0.698 0.654 0.710 2.708 0.875 0.762 0.804 0.711 0.693 0.736 2.695
8 0.587 0.543 0.526 0.497 0.465 0.496 3.258 0.609 0.673 0.669 0.684 0.690 0.758 3.240 0.632 0.676 0.693 0.680 0.625 0.657 3.225
9 0.825 0.763 0.782 0.701 0.822 0.796 4.196 0.912 0.773 0.850 0.810 0.891 0.933 4.664 0.900 0.781 0.800 0.790 0.867 0.874 4.392
10 0.790 0.679 0.747 0.789 0.793 0.897 3.372 0.900 0.800 0.800 0.800 0.870 0.933 3.442 0.952 0.872 0.911 0.891 0.937 0.936 3.523
11 0.906 0.819 0.833 0.826 0.827 0.906 7.895 0.944 0.839 0.869 0.920 0.902 0.896 7.657 0.965 0.854 0.895 0.943 0.896 0.917 7.251
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Fig. 19. Prediction performances of the three target oversampling and classification methods based on the UCI datasets.
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Fig. 19. (continued).
customers’ satisfaction. Enterprises can accurately recommend person-

alized products and services for the individual needs of target customers.
(3) Provide suitable products for target customer groups. The

(1) Reduce the marketing costs of enterprises. Enterprises can quickly
formulate targeted marketing strategies and tactics to improve the de-
mand matching between products and customers. (2) Improve
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Fig. 20. Running times of the three classification methods under different oversampling techniques.
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. Average wine consumption level in China
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(a) Purchasing motivations and factors affecting consumption behavior.
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Fig. 21. Comparison of consumption level between cluster 1 customer group and wine customers in China.

implementation of accurate customer consumption behavior prediction
is of great significance to adjust the production structure of products.
We illustrate some insights that can be gain from prediction and
segmentation, and that can be used at the management level. In this
section, we further study the consumption characteristics of segmented
customer groups based on the real-world wine-customer behavior data
from June to October 2020. To facilitate the display and description of
consumption characteristics, we take the purchasing motivations and
the factors affecting consumption behavior of the cluster 1 customer
group as an example. Fig. 21 shows the segmentation results between

25

cluster 1 customer group and wine customers in China.

The prediction results can distinguish customer groups with similar
consumption behavior habits and preferences. Fig. 21 illustrates the
following main conclusions: (1) For the different purchasing motiva-
tions, customers’ choices of wine prices show obvious differences. The
prices for gift, banquet, party, and self-drinking for the cluster 1
customer group are significantly lower than the average consumption
level of the wine market in China. (2) Different customer groups are
affected by various factors affecting consumption behavior, and the in-
fluence degrees of consumption attributes are different. The affecting
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factors containing wine price, promotion, advertising information, and
effect have a higher level of consumption than the wine market in China.
This is because the cluster 1 customer group is a rural middle-aged and
elderly customer group with relatively low income, and most of them are
freelancers and retirees. This paper offers a new perspective on the
prediction of customer consumption behavior in China. The results
significantly assist enterprises to carry out marketing activities more
effectively, so this study has certain empirical significance.

8. Conclusions and further research

In the current business environment, predicting customer con-
sumption behavior is of great importance for enterprises to provide
personalized services. In this paper, we propose a new classifier using
the proposed Tomek-CASUWO and ILS-RBENN for customer consump-
tion behavior prediction. This paper has two key innovations: (1) a new
Tomek-CASUWO oversampling algorithm is proposed to solve the
problems of noise samples and fuzzy class boundaries. This method can
significantly improve the prediction performance of a classifier; (2) a
new ILS-RBFNN classifier with the hybrid kernel is proposed to further
improve the accuracy of prediction of customer consumption behavior.
By designing the kernel function and introducing the IA to optimize the
parameters of RBFNN, the prediction accuracy of the RBFNN model is
improved, and premature convergence is effectively restricted.

We use wine-customer behavior data to test the feasibility and
effectiveness of our Tomek-CASUWO algorithm and the ILS-RBFNN
prediction model. The experimental results verify that the prediction
performance of Tomek-CASUWO is superior to ASUWO based on LR, DT,
RF, NB, KNN, SVM, BPNN, and RBFNN classifiers. To estimate the pre-
diction accuracy of the ILS-RBFNN with the hybrid kernel, we compare
it with several well-known kernel functions and parameter update
methods. The experimental results illustrate that our proposed ILS-
RBFNN method has a smaller prediction error compared with other
methods. In addition, the sample dimensions and sample size of the
original wine-consumer behavior data are supplemented. Experiments
demonstrate the strong robustness and application capabilities of the
proposed methods in predicting wine-customer consumption behavior.
We also apply our methods to eleven typical UCI datasets and compare
our Tomek-CASUWO and ILS-RBFNN with three target methods. The
simulation results show that our proposed methods have better predic-
tion performances than other target methods. They also suggest the
potential applications of our methods in predicting the consumption
behavior of other products with similar data characteristics.

Due to conditional constraints, there are still some limitations in the
present research. The proposed Tomek-CASUWO is an optimization
based on the ASUWO algorithm for problems existing in practical ap-
plications. The research on oversampling methods is still a bottleneck.
Moreover, the large sample size and high dimensionality are the main
challenges for predicting customer consumption behavior. In future
research, we will further optimize, compare, and discuss the running
time of the proposed ILS-RBFNN with the proposed kernel.
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