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Abstract: Data imbalance is a common problem in classification tasks. The Mahalanobis-Taguchi
system (MTS) has proven to be promising due to its lack of requirements for data distribution. The
MTS is a binary classifier. However, multi-classification problems are more common in real life
and the diversity of categories may further aggravate the difficulty of classifying imbalanced data.
Imbalanced multi-classification has become an important research topic. To improve the performance
of MTS in imbalanced multi-classification, we propose an algorithm called optimized binary tree
MTS (Optimized BT-MTS). Mahalanobis space (MS) construction, feature selection, and threshold
determination are incorporated in a unified classification framework, and joint optimization is carried
out according to the principles of maximizing separability, signal-to-noise ratio, dimensionality
reduction, and minimizing misclassification cost. Experimental results on several datasets show that
the method can significantly reduce the overall misclassification cost and improve the performance
of imbalanced data multi-classification.

Keywords: Mahalanobis-Taguchi system; imbalanced multi-classification problem; multi-class cost-sensitive;
joint optimization model

1. Introduction

With technological advancement and industrial development, the scale of data has
significantly grown and data imbalance has become a typical characteristic. Both internal
and external factors can cause data imbalance. For example, in the first case, illegal and
other abnormal videos only account for a small portion of internet video traffic [1], there are
far fewer customers with bad credit than with good credit [2], and there are far fewer people
suffering from breast cancer than healthy people [3]. The second case includes unexpected
interruptions in the balanced data transmission to a database [4]. A current trend is to
use machine learning methods to mine potential and hidden information from data to
provide more intelligent services. Traditional classification algorithms usually assume a
balanced number of samples in different categories and consistent misclassification costs
for all categories. However, it is well known that patient samples are few, and their
misclassification cost is much higher than that of healthy people [5]; and a high-quality
production process may also produce some substandard products, whose potential cost,
if they enter the market, is higher [6]. As can be seen, these assumptions are difficult to
satisfy in real applications, and imbalanced data may degrade classification performance,
which is specifically manifested in high overall classification accuracy, low classification
accuracy of minority classes, and high overall misclassification cost.

Many imbalanced data classification methods have emerged at the data, algorithm,
and ensemble learning levels. From the perspective of data distribution, data-level methods
use resampling to reduce the imbalance of datasets, and can be divided into undersampling
and oversampling methods. Algorithm-level methods improve performance by improving
the learning process and paying more attention to minority-class samples, including cost-
sensitive learning, one class learning methods, and feature methods. Ensemble learning
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methods are usually combined with data- or algorithm-level methods. With the rapid
development of deep networks, some methods combining ensemble learning and deep
neural networks have also been proposed in recent years, which can be used to solve
the imbalanced data classification problem [7,8]. Most studies have used one or two
methods to improve the performance of imbalanced data classification algorithms [9-11].
Wan et al. pointed out that pre-extracted feature variables, which might be sub-optimal
for subsequent classifier learning, would reduce classification performance [12]. For this
reason, it is necessary to incorporate different levels of processing, such as feature extraction
and algorithm improvement, into a unified pattern-recognition framework for training.

Unlike traditional machine learning classification algorithms, the MTS is a pattern-
recognition technique requiring no data distribution assumptions [13]. The method com-
bines the Mahalanobis distance (MD) for anomaly detection and the Taguchi’s method for
feature selection. Su et al. pointed out that the MTS is one of the most robust techniques
for imbalanced data classification problems, and used it to construct a pressure ulcer pre-
diction model, which showed high accuracy [14]. Kim et al. applied the MTS to rotating
machinery fault diagnosis and showed that the higher the imbalance ratio of the data,
the more significant the difference in the classification performance of the MTS compared
with support vector machine, random forest, and their cost-sensitive implementations [15].
Although the imbalanced data classification performance of the MTS has been high, its
feature selection and threshold determination methods still lack a complete theoretical
statistical foundation [16]. In view of this, researchers have optimized the imbalanced
data classification performance of the MTS in several aspects. El-Banna pointed out that
despite the promise of the MTS to classify imbalanced data, it lacks an effective threshold
determination method, so they proposed a nonlinear optimization model based on a ROC
curve to do this [17]. Wang et al. used Fischer discriminant analysis to correct the MD
and constructed a threshold optimization model; they then applied their improved MTS
to the fault diagnosis of rolling bearings, whose balanced accuracy was experimentally
shown to be significantly increased [18]. Hsiao et al. improved the robustness of the MTS
by integrating it with a bagging algorithm [19]. Mao et al. constructed optimization models
for feature selection and threshold determination [20]. All the above studies have improved
the imbalanced data classification performance of the MTS, but most were proposed for
binary classification problems. However, in practical applications such as disease detection,
sentiment classification, and fault diagnosis, the data usually contain multiple classes, and
their distribution is unbalanced. Hence, it is necessary to extend the MTS to imbalanced
multi-classification problems. In addition, most studies optimize the MTS in stages, which
may not be conducive to its further enhancement.

To further broaden the application field of MTS, improve its theoretical foundation,
enhance its performance of imbalanced data multi-classification, and enrich the meth-
ods of imbalanced data multi-classification, we propose a more powerful imbalanced
multi-classification method called optimized binary tree MTS (optimized BT-MTS). First,
considering that the MS of the MTS is the only population, referring to the research of
Peng et al. on BT-MTS [21], the optimized BT-MTS combines the MTS with a binary tree to
realize its multi-classification application in a one-versus-all (OVA) manner. However, the
approach increases the imbalance ratio of the data. Hence, MS construction, feature selec-
tion, and threshold determination are incorporated into a unified classification framework
for joint optimization. The unified classification framework enables the class-selection,
feature-selection, and classification process of the MS to simultaneously update the sample
separability information, feature representation, and classifier information to obtain the
optimal solution for the whole learning process. The unified classification framework opti-
mizes the construction of the MS, feature selection, and threshold determination of the MTS
based on the principles of maximizing the class separability, signal-to-noise ratio of normal
and abnormal samples, dimensionality reduction, and minimizing the misclassification
cost. Hybrid particle swarm optimization (HPSO) is used to solve what is typical mixed
integer nonlinear programming (MINLP). To verify the effectiveness of the algorithm,
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it was compared with BT-MTS, random forest (RF), fast correlation-based filter solution
support vector machine (FCBF-SVM), synthetic minority oversampling K-nearest neighbor
(SMOTE-KNN), and a backpropagation neural network (BPNN). Experimental results
on several public datasets showed that the optimized BT-MTS performed better in the
classification of unbalanced data as it had higher scores for macro-F1, kappa coefficient, and
balanced accuracy, and lower total misclassification cost. The innovations of the optimized
BT-MTS are as follows: (1) a multi-classification application of the MTS is implemented and
optimized through an OVA architecture, and a multi-classification method for unbalanced
data based on the MTS is explored. In addition, it is the first time MTS is used to solve
the imbalanced data multi-classification problem; (2) a unified classification framework is
proposed to jointly optimize the MS construction, feature selection, and classifier learning
through an iterative approach, avoiding suboptimal solutions that may arise from phased
optimization. (3) The number of inter-class similarity direction and the misclassification
cost are embedded in the learning framework, introducing a cost-sensitive method to guide
the sample MS construction, feature subset selection, and classifier threshold determination,
which is conducive to improving the classification performance of the MTS for unbalanced
data. It is also the first time the MTS is improved from the perspective of cost-sensitivity.
(4) The signal-to-noise ratios of both normal and abnormal samples are considered, which
is conducive to improving the robustness of the MTS. (5) Dimensionality reduction is
incorporated in the learning framework, which makes the MTS more adaptable to big data.

The rest of this paper is organized as follows: Section 2 introduces basic theories,
including MTS, cost-sensitive learning, and HPSO. The optimized BT-MTS is introduced
in Section 3, and Section 4 reports its experimental results. Finally, Section 5 draws the
conclusion and outlines the future outlook.

2. Methodology
2.1. Mahalanobis-Taguchi System

The MTS is a pattern recognition technology born in the field of quality engineering,
which was proposed by Genichi Taguchi, a Japanese quality management expert. The MTS
has the advantage of simple principle, easy operation, and good classification performance.
It has been widely used in many fields, such as product quality inspection, logistic operating
system anomaly detection, and chemical hazard level evaluation [22-25].

Assume a data set contains p feature variables and a total of n samples belonging
to two categories. Then, we can set one type of samples to be normal samples, and the
other type of samples to be abnormal samples. The normal and abnormal samples can be
expressed as follows:

j:m+1/m+2/"'n/k:1/2/“'p’

(n—m)xp’
The conventional MTS implementation steps are as follows:
Step 1: Construct a MS
One class of the samples are used as normal samples to construct the MS, as shown in
Figure 1. The mathematical expectation value of the MDs from the MS is close to unity [26].
Therefore, the MS, also known as the unit space, is regarded as a reference population.

The MTS identifies anomalies by measuring the MDs between the unknown samples and
the MS.



Appl. Sci. 2022,12,10179

4 0f 21

X

Unknown \
sample /| —=~ > Threshold

MS
(normal samples)

X

Figure 1. The measurement principle of MTS.

First, the normal samples are normalized using the following equation:

Zi(xk):W,iZLZ,---m,k:LZ,---p (1)

m 2 m
where s(x;) = \/mll ;l[?/i(xk) —u(xp)] k=1,2-p, u(x) = %glyi(xk)-

Then, the MD of the ith normal sample is obtained using the following equation:

1
MD; = Ezl.T c 1z 2)

m
where ZT = [z;(x1),zi(x2), - - - zi(xx)] is the standardized data, and C = -1 ¥ Zi(Zi)T is
=1

m—1 .
the correlation coefficient matrix.
Step 2: Verify the effectiveness of the benchmark space

First, the mean and standard deviation of the normal samples are used to normalize
abnormal samples:

Jj=m+1m+2,---nk=1,2,--- 3
() ] P 3)

vj(xx) =
Next, calculate the MD of abnormal samples according to the MS:
Lore1
MD; = —-V;C™V; 4)
P

where V].T = [vj(x1),0j(x2), - - - vj(x¢)] is the standardized data of abnormal samples.

Finally, the MDs of normal and abnormal samples are compared. If the MD of the
abnormal samples is far greater than that of the normal samples, then the construction of
this MS is reasonable.

Step 3: Select feature variables

First, on the basis of the number of feature variables, a corresponding two-level
orthogonal table is selected. Level-1 means using the feature, while level-2 means not
using the feature. Next, the MD of the abnormal samples is calculated at each experimental
design. Finally, the larger-the-better signal-to-noise ratio (SNRyp) of each experiment
and the SNR;p gain value are calculated. Assume that the two-level orthogonal table
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of an arranged sample is L,(27). Then, the equation for calculating the SNR;p of the
i(i=1,2,---n)th experiment of the orthogonal experimental table is as follows:

;= —101 ! f ! (5)
’71 o & n— m].: MDZ‘]‘

m+1

where j is the number of abnormal samples, and MD;; is the MD of j(j = m +1,m +2,-- - n)th
abnormal sample in the ith experiment regarding the MS. The SNRyp gain value of the
feature variable xy, is calculated using the following equation:

Gain = ﬁ — E (6)

where ﬁ indicates the mean value of the SNRy p of the feature variable that the orthogonal

experiment uses, and ﬁ indicates that the orthogonal experiment does not use this. When
the gain value of the SNR[p is positive, then the feature variable is retained; otherwise, the
feature variable is eliminated.

Step 4: Optimize the MS

The selected feature variables are used to reconstruct the MS. According to the opti-
mized MS, MDs of normal and abnormal samples are calculated. When the MS is optimized,
the differences in the MDs of the normal and abnormal samples are greater.

Step 5: Calculate threshold value and predict classification

In the classic MTS, the Japanese quality management expert Genich Taguchi used
a quadratic loss function to obtain the threshold value. In its actual application, this
method requires the subjective evaluation of experts from relevant fields, resulting in
this method’s limitations and operational difficulties. Thus, this study introduces the
probabilistic thresholding model (PTM) to solve the threshold value problem [27]. The
method uses the probability distribution of MD, is objective, and is easily obtainable. The
calculation method is as follows:

_ 1
A:xMD‘F\/m*SMD @)

where 0 is a small parameter typically set as 0.05; 6 is the ratio of the number of normal
samples with an MD less than the minimum value of the MD of the abnormal samples in
the normal samples; and syp is the standard deviation of the MD of the normal samples.
Then, the MD of the samples to be classified regarding the optimized MS is calculated.
When the MD of the samples to be classified is smaller than or equal to the threshold value
A, then the sample is identified as a normal sample; otherwise, the sample is abnormal.

2.2. Multi-Class Cost-Sensitive Learning

Cost-sensitive learning is an important research component in the field of machine
learning, addressing many real-life problems such as software defect prediction [28], medi-
cal diagnosis [29], and fraud detection [30]. The core of cost-sensitive learning lies in the
construction of the cost matrix, which is shown in Figure 2 for the multi-classification
problem. In this paper, the multi-classification cost matrix is determined by the ratio of the
number of samples between different categories. Cj; is the cost of misclassifying a sample
from class c; as belonging to class ¢}, the calculation equation is as follows:

N:

L ®)

Cij = Ni

where N; is the number of samples with label ¢;, N; is the number of samples with label ¢;.
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Figure 2. Schematic diagram of the cost matrix for multi-classification tasks.

BT-MTS is an OVA multi-classification method, so how to calculate the corresponding
cost matrix for each MTS classifier based on the known multi-classification cost matrix
is a key issue in this paper. This problem can be better solved by using binary cost-
sensitive error correcting output codes (BC-SECOC) [31]; the general calculation methods
are as follows.

Suppose a base classifier f1, Sy denotes positive class, Sk denotes negative class, and
both S;,Sg contain at least one class, then the cost when a sample belonging to positive
class is misclassified as negative class (cost for a false negative, CFN), and the contrary one
(cost for a false positive, CFP) can be calculated as follows:

CFN = ZQESL P(ci)) .

J€SR

CFpP = ZC,ESR P(C/)261esL P(ci, cj)w(cj ci) (10)

where P(c;), P(c;) is the prior probability of class c; and class cj, can be estimated ac-
cording to the number of samples contained in each class, and they satisfy the condition
Yo 5\ P(c;) =1and Leje o P(cj) = 1, respectively. w() is the misclassification cost, which

P(cj, cj)w(ci,cj) )

can be found from the multi-classification cost matrix. P(c;,¢;) is the probability of mis-
classifying a sample from class ¢; as belonging to class ¢;, which can be estimated from
the class separability. In general, if the class separability between two classes is larger, the
misclassification probability will be smaller. So, P (ci, cj) can be computed as follows:

1

P(Ci, C]) = m

(11)

where J() are the measures of class separability. In this paper, we used the number of
inter-class similarity directions (NISD) to measure it.

2.3. Hybrid Particle Swarm Optimization

The joint optimization model for this study is a typical MINLP problem that contains
both 0-1 variables, continuous variables, and nonlinear constraints. Thus, we use the HPSO
to solve the optimization model.

Particle swarm optimization (PSO), proposed by Kennedy and Eberhart, is advanta-
geous for its rapid conversion speed, few parameters, and easy operation and realization.
Therefore, PSO has been widely applied in parameter optimization settings [32], process
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parameter design [33], and job-shop scheduling [34]. Its particle speed updating equation
and location updating equation are as follows:

VAT = WVl + Co - rand() - (Pypestab = Xby ) + Co - rand() - (Pgpestp = X)) (12)

Xt =X, + VT (13)

where W is the weight of inertia; V/,, X!, are the particle speed and particle location of
the ath particle at the bth dimension undergoing tth iteration, respectively; C;,C, are
acceleration coefficients; rand() represents a random number generated between one and
zero; and Pppest ab, Pgpest,» represent the local best and global best positions, respectively.
To resolve the problem of discreteness, PSO was optimized, and binary particle swarm
optimization (BPSO) was proposed. Its particle speed updating equation is as follows:

S(V;;rl) N 1+ exp E—V;;l) 9

S (Vatj 1) is the probability of particle 4 having a b dimension of one. Finally, Equation (15)
is used to update the particle’s location in the next iteration.

g i <05
a 0, otherwise

The evolutionary algorithm using Equations (12)—(15), namely the HPSO, can solve
the MINLP problem.

3. Proposed Method

The main task of the optimized BT-MTS is to obtain a reasonable sample classification
order, according to which we construct the MS at all non-leaf nodes from top to bottom,
and then perform dimensionality reduction, threshold determination, and classification
prediction of samples according to the threshold. The binary tree approach is used, and its
structure greatly affects classification accuracy. The classification order affects the classifica-
tion accuracy of each node, and eventually affects the classification result. Misclassification
accumulates along the binary tree from top to bottom and is irreversible; the closer the mis-
classification occurs to the root, the less ideal the classification performance is. Therefore,
the MS is first constructed and classified for categories with high discrimination, which can
reduce the misclassification of root nodes and improve overall classification performance.
The traditional MTS used the Taguchi’s method for feature selection, and a quality loss
function to determine the threshold, which had many problems. This paper uses a joint
optimization model to help the optimized BT-MTS to determine the sample classification
order, construct the MS, filter features, and determine the threshold. The optimization
objectives are as follows.

3.1. Optimization Objectives
3.1.1. Divisibility

We use the NISD to measure separability between different categories, and the larger
NISD means that the two samples are less similar and easily separated [35]. Prioritizing
categories that can be easily classified for classification can reduce the accumulation of
errors, thereby increasing classification accuracy. The calculation method is as follows.

First, the center vector of class c; can be calculated by using Equation (16):

™=

X = X; (16)

1
n:;
1

1



Appl. Sci. 2022,12,10179 8 of 21

The weights assigned to the samples xi, xb, x;i in ¢; according to the Euclidean
distance from the center vector, can be calculated by using Equation (17):

1/d(x§,7),1/d(x;,y),. - 1/d(x;i,Y) (17)
The intra-class similarity direction of ¢; can be calculated by using Equation (18):
M; = (¥~ %) /a (], %) + (xh— %) /d (xh %) + - (xh, — %) /d(x, %) (9)

Then, the inter-class similarity direction between ¢; and ¢j can be calculated by using
Equation (19):

Pij=qi+q; (19)
where qi = COS(Ml', d,‘,j) = (Mirdi,j)/(||Mi||.| di,j ),q] = COS(Mj,d]',i) = (M], d],l)/(HM]”" dj,i ),
l|4; ;|| and ||d;;|| are the vector norm from the center of class c; to the center of class c;.

Finally, the NISD between class ¢; and ¢; can be calculated by using Equation (20):

ﬁi,j = |di | = (qiri +qj)) (20)

where r; and r; represent the radius of category c¢; and category c;, respectively. Thus, the
first objective of optimization model is to maximize the 131]

3.1.2. SNR

SNR is defined as the ratio of signal strength and noise strength. In the classic MTS,
the SNR has the following functions: (1) serves as the basis for selecting key variables; (2)
measures the performance of the MTS; and (3) increases the performance of the MTS. SNR
is divided into three categories, namely nominal-the-best SNR, smaller-the-better SNR, and
SNRyg. Conventional MTS only calculates the SNR for abnormal samples. Considering
that abnormal samples with a large MD and small variance are easily identified, SNRyp is
used. The calculation method for abnormal samples is as follows:

1 L 1

j=m+1

Moreover, scholars maintain that the SNR of normal samples must be considered [36].
The calculation equation is as follows:

= —101 li ! (22)
771 - g mi:1 MDl

According to the characteristics of the MTS, the MD of normal samples must satisfy
the following equation:

1 m
—Y MD; =1 (23)
mi3
MD1{+MDjy+---+MD,, .3
Then — i — < 1 fn :1,1.e.,ﬁ+ﬁ+---+ﬁw2m.

by + WDy Wb
Therefore, Equation (22) is smaller than or equal to zero. According to the aforementioned
analysis, we learned that abnormal samples and normal samples with a large SNR lead
to favorable classification performance. Thus, the second and third objectives of model
optimization are to maximize Equations (21) and (22).

3.1.3. Dimensionality Reduction Rate

Feature variables conducive to identifying abnormal samples are selected. Through the
reduction of the number of feature variables, classification efficiency is increased, and the
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impact from noise variables is reduced, thereby further increasing classification accuracy.
Taking p feature variables, the dimensionality reduction rate (DRR) is as follows:

/

DRR =P ;p (24)

where p/ denotes the number of feature variables after dimensionality reduction. A high
dimensionality reduction rate leads to few retained feature variables. Thus, the fourth
objective of the optimization model is to maximize the DRR.

3.1.4. Misclassification Cost

Assume that a classifier at a non-leaf node is MTS1, and S; = {c1},Sr = {c2,¢3,¢4},
then the misclassification cost CEN of the left subtree can be simplified as:

CFN = ZC]GSN P(cj, cj)w(ci,cf) (25)
The misclassification cost CFP of the right subtree can be expressed as:
CFP =) s Ple)},

The classification confusion matrix of MTS1 can be expressed as:

P(cj, cj)w(ci,¢f) (26)

Cjest

P N
P [ TP FN (27)
N | FP TN

Then the total classification cost of errors generated by MTS1 is:
Cost = CFP x FP+ CFN x FN (28)
Therefore, the last objective of the optimization model is to minimize Equation (28).

3.2. Joint Optimization Model

Assume the samples contain g categories, p feature variables, and a sample size of n;
the MS selected during the training of the MTSis class¢;(i = 1,2, - - - q); (x1, X2, , Xp,Ci, /\)
is the decision variable of the p + 2 dimension; and A is the threshold of the MS. Based on
the above optimization objectives, the joint optimized model can be expressed as follows:

maxf(xler/' e /xp/Ci/)\) = 13\1,/] + 1+ Ui + DRR — FNcost — FPeost (29)

3.3. Model Optimization Method

The joint optimization model for the benchmark space construction, the feature vari-
ables selection, and the threshold determination for this study was an MINLP problem
with a loop nested. Thus, a traversal algorithm combined with HPSO can be used to solve
this model. In this study, we assumed that the negative number of the target function
Equation (29) is the fitness function. The smaller the function value, the more optimal the
result. The concrete steps for obtaining solutions are as follows Algorithm 1.
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PVSL/SR = |der5R| - (qersL +qSRrSR)
1 1
= _101g<nm MD,)
t=m+1
1 ¢ 1
s = —101g<m 21 MD5>
s=
_pF
DRR = 7
Lxg=p<p
p
Y xp=p/ >0
k=1
sty MDs = 3ZIC'Z s =1,2,--m (30)

MD; = %ZtTC_th,t =m+1m+2,---n
{ 0, xx is selected for classification
X =

1, x; is not selected for classification ’
CFN =Y, .cs, P(Ci)chesR P(cj, ¢j)w(ci, c))
CFP = ZC,’ESR P(Ci)chGSL P(Cir C]')C()(Ci, C])
FNest = CFN X FN
FP.st = CFP X FP

P(Ci, C]) = %

Algorithm 1: The concrete steps.

Input: dataset S = {cy,¢p, - - - ¢; }, individual learning factor C; = 2, social learning factor C, = 2,
inertia factor w = 0.6, population size N = 30, maximum particle velocity vmax = 1, minimum
particle velocity v, = —1, maximum iteration time iteratemax = 200, and particle length
L=p+1

Output: fitness function values of different categories f;, selected feature subsets fs

1.Forc;=1 to gqdo:

2. Initialize the population to preliminarily obtain the personal best and global best solution of the
feature variable selection and the threshold, as well as the corresponding fitness function value f;.
3. Foriterate=1 to 200do

4. Use Equations (12)—(15) to update the velocity and location of each particle
5. Update the personal best and global best solution of the population

6. End for

7. End for

3.4. Concrete Implementation Steps of the Optimized BT-MTS

The Optimized BT-MTS, shown in Figure 3, can select a suitable classification order
for data sets. Simultaneously, the optimal feature variable subsets and thresholds of the MS
are arranged. The concrete implementation steps are as follows:

Step 1: Divide data set. Data are randomly divided into training set (80%) and testing
set (20%). The training set data are used for the Optimized BT-MTS model training, whereas
the testing set data are used for verifying the classification performance of the model.

Step 2: Construct benchmark space, select feature subsets, and calculate the threshold
values. From the top down, the solution method detailed in Section 3.3 is used. The category
corresponding to the minimum fitness function value is the MS, and the corresponding
feature variable subsets and thresholds are obtained.

Step 3: Remove categories that have been determined to be the MS. Then, repeat Step
2 until all of the MS of all inner nodes are determined.
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Step 4: Make classification prediction. The testing set is imported into the trained
model for classification prediction.

Data set /

| Divide data set |

Testing set

Training set /
v

Solve the joint optimization model,
select the category whose fitness
function value is smallest to
construct the MS, meanwhile the
optimal feature variable subsets and
thresholds of the MS are arranged

v
Remove categories that have been
determined to be the MS

all of the MS of all inner node!
are determined

Yes
\ 4

vy | Output classification

prediction results End

Multi-classification model formation

Figure 3. The schematic of the optimized BT-MTS.

4. Experimental Results and Analysis
4.1. Experimental Data and Research Method

To verify the effectiveness of the optimized BI-MTS, we selected four multi-classification
data sets from the KEEL database for the experiment. The data sets are selected as follows:
(1) imbalance ratio: the imbalance ratio of the dataset varies widely from 5.88 to 439.6,
which better reflects the imbalance data processing ability of different methods; (2) divisi-
bility: the data sets have different degrees of difficulty in classification, which is conducive
to compare the classification performance of different methods comprehensively, and the
advantages and shortcomings are more obvious; (3) sample size: considering that small
sample data tend to undertrain a machine learning algorithm and render it ineffective [37],
the total sample size of the data sets selected in this paper greatly varies, and the num-
ber of instances of each category within the data sets also greatly varies, which tests the
performance of the algorithm more. The data sets used are listed in Table 1.

Table 1. Data set information.

Data Set Number of Number of Number of Number of Samples Imbalance Ratio
Samples Feature Variables Categories by Category
Balance 625 4 3 49/288/288 59
Wine quality-white 4898 11 7 20/163/1457/2198/880/175/5 439.6
Glass 214 8 6 70/76/17/13/9/29 8.4
Page-blocks 5437 10 5 4913/329/28/88/115 175.5

In this study, BT-MTS is first used as one of the comparison methods to verify the
effectiveness of the optimization algorithm. The BT-MTS method uses the following
processes to determine the classification sequence: in sequence, a category of the training
set is used as the MS. The rest of the categories are regarded as abnormal samples. In
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addition, the classification accuracy rate of the testing set can be calculated. The category
with the highest classification accuracy is used as the root node of the MS. In the training
and testing sets, the sample data of the root node are removed. The aforementioned steps
are repeated for the remaining categories to calculate the classification accuracy rate. The
category with the highest classification rate is used as the MS of the Level 2 node. This
process is repeated until the MS of all non-leaf nodes has been identified. Finally, the
conventional MTS implementation steps are used to train the classifiers of the inner nodes.

Furthermore, this paper selects four algorithms, RF, FCBF-SVM, SMOTE-KNN, and
BPNN, as the comparison algorithms from four levels: integrated learning, feature method,
data level, and neural network method. The parameter set of the algorithm is crucial for
the performance of the algorithm, and each critical parameter should be optimized by
using training data [38]. For the four machine learning algorithms, this study adopted the
grid search method to optimize their critical parameters using MATLAB R2019a software.
Regarding REF, this study optimized two critical parameters, namely the number of decision
trees (Ntree) and the number of variables to select at random for each decision split
(NumPredictorsToSample). The search scope of Ntree is 50-500, and the length of the step
is 50. The search scope of NumPredictorsToSample is from one to the number of feature
variables; the length of the step is one. For FCBF-SVM, the experiment adopts the Gaussian
radial basis function kernel and optimizes the kernel parameter (KernelScale) and penalty
factor (BoxConstraint). The search scope of both parameters is from 278 to 28, and the
length of their step is one. Regarding KNN and BPNN, the experiment separately optimizes
the k value of KNN and the number of neurons in the hidden layer (Hiddensize). Among
them, the search scope for the KNN and for the number of neurons in the hidden layer is
1-20 and \/n + m + a, respectively, where # is the number of input nodes, m is the number
of output nodes, a is 1-10, and the search step length is one.

4.2. Select Evaluation Index

This study uses classification accuracy Equation (31), the macro-F1 Equation (32), the
class balance accuracy CBA, Equation (33), the total cost of misclassification Equation (34),
and the kappa coefficient Equation (35) as the evaluation indices for the model. The accuracy
and the macro-F1 are evaluation metrics for multi-classification problems, reflecting the
accuracy of the model, the kappa coefficient demonstrates the credibility of the model, and
the CBA is proposed for imbalanced data, reflecting the classification performance of the
model for imbalanced data. In addition, this paper explores a cost-sensitive classification
method, for which the total misclassification cost is used as an evaluation index, which can
reflect the loss caused by misclassification in different ways.

q
L Gij
Accuracy = 1;1 31)
Y G
ij=1
2 X macro — P x macro — R
Macro = F = macro — P + macro — R (32)
1 q Cii
CBA=-y — ‘i (33)
qi; max(cj., C.;)
1 4
cost = Z Z Cij X Wij (34)

i=1j=1
h _pflﬁ inicing —R*li 1L pricision: = Si 1l = .
where macro = ﬁi*l pricision;, macro _ﬁifl recalli;pricision; = Zt, recall; = 725 g
is the number of categories; c;; is the number of samples with actual labels of i and the
classification prediction results are also i; c;. is the number of the samples with actual labels
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of i; and ¢ ; is the number of the samples with classification prediction results of i; ¢;; is the
number of samples with actual labels of i and the prediction results are j.

Kappa = Po—Pe (35)

where pg = F—, pc =

4.3. Analysis of Experimental Results
4.3.1. Balance Data Set

According to the steps of optimized BT-MTS, fitness function values can be obtained,
as shown in Table 2, from which it can be seen that the fitness function value of class 2 is
the smallest, which implies that, if the MTS constructs the MS with this class as the positive
class and treats the remaining two classes as the negative class, it will have a smaller
misclassification cost and better class separability, while the MS has better robustness. After
removing this class, the fitness values of the remaining categories are calculated, and it can
be found that class 3 has a smaller fitness function value than class 1. Therefore, class 3 is
used as the benchmark at the second node to construct the MS. Finally, the classification
order of the balanced dataset is 2, 3, and 1. The feature subsets of base classifiers MTS1 and
MTS2 obtained according to the proposed method are shown in Table 3, with threshold
values for the base classifier of 1.6316 and 0.9470, respectively.

Table 2. Values of fitness function at different stages of balance data set.

c1 co Cc3
Stage 1 418.0586 —11.4987 —3.8107
Stage 2 37.4477 / 16.1342

Table 3. Feature variable selection results of the Optimized BT-MTS of the balance data set.

X1 x2 X3 Xy
MTS1 1 1 1 1
MTS2 0 1 1 0

Note. “1”means using the variable, “0” means not using the variable.

The classification order of BT-MTS is 2, 3, and 1. The threshold values for MTS1 and
MTS2 are 1.5816 and 1.5813, respectively, and their feature selection results are shown in
Table 4. Figure 4 compares the DRR of the two MTS methods.

Table 4. Feature variable selection results of BT-MTS of of the balance data set.

X1 X2 X3 X4
MTS1 1 1 1 1
MTS2 1 0 1 1

Note. “1”means using the variable, “0” means not using the variable.
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Figure 4. Comparison of DRR of the balance data set.

The balance data set comparison results of the six methods are presented in Table 5.

Table 5. Comparison of the classification results of the balance data set.

Method

Evaluation Index

Parameter Set Kappa

Coefficient CBA Cost

Accuracy Macro-F1

Optimized BT-MTS
BT-MTS
RF
FCBF-SVM
SMOTE-KNN
BPNN

Joint optimization model 0.8880 0.7939 0.8102 0.7473 31.7489

Use SNRy g gain value to select feature variables, PTM 0.7680 0.6590 0.6151 0.5866 114.3063

Ntree = 50, NumPredictorsToSample = 2 0.8560 0.6076 0.7411 0.5873 74.0410

BoxConstraint = 3.0625, KernelScale = 0.0625 0.7600 0.5321 0.5622 0.5074 88.5306

K=4 0.7500 0.7549 0.6223 0.6970 83.1721
Hiddensize = 4 0.8960 0.8186 0.8238 0.7695 26.0712

The feature variable selection result of FCBF-SVM is x1, x3, x4. As shown in Table 5,
from the comprehensive view of accuracy, macro-F1, kappa coefficient, CBA, and cost,
the classification performance of optimized BT-MTS is significantly better than that of
BT-MTS. The dimensionality reduction of the proposed method is slightly higher than
that of BI-MTS, and the results indicate that it effectively improves the multi-classification
performance of BI-MTS.

Furthermore, comparison of the proposed method with four machine learning algo-
rithms shows that the algorithm in this paper and BPNN performed better on all five eval-
uation metrics than the ensemble learning algorithms RF, FCBF-SVM, and SMOTE-KNN.

4.3.2. Wine Quality-White Data Set

According to the steps of optimized BT-MTS, fitness function values can be obtained,
as shown in Table 6, from which it can be seen that the fithess function value of class 5 is
the smallest. Therefore, this class should be used as the left subtree of the root node to
construct the MS. After removing this class, the fitness values of the remaining categories
are calculated. Finally, the classification order of the data set is category 5, 6, 3,4, 8,9, and 7.
The threshold values for MTS1-MTS6 are 0.8429, 1.7956,2.7071, 1.3308, 2.6967, and 2.0202.
The feature selection results are shown in Table 7.

Table 6. Values of fitness function at different stages of the Wine quality-white data set.

c3

Cy4 cs5 Ce cy cg C9

Stage 1
Stage 2
Stage 3
Stage 4
Stage 5
Stage 6

—26,928
—10,899
—487,094

—260 —2,110,498 —6114 —128,959 —141914 —2,015,752
—10,439 —42,569 —11,102 —3185 —1208
—60,492 / —54,679 —233,864 —1835

—676,814 / —201 —16,650 —21,435
/ / —764 —106,886 —27,410
/ / —115,434 —158,500

N N N
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Table 7. Feature variable selection results of Optimized BT-MTS of the Wine quality-white data set.

X X2 X3 X4 X5 X6 X7 X8 X9 X10 X11
MTS1 0 0 0 0 1 0 0 1 1 0 0
MTS2 0 1 0 0 1 0 0 0 0 0 0
MTS3 1 1 0 0 0 0 0 1 1 0 1
MTS4 0 1 1 0 0 0 0 0 0 0 1
MTS5 0 1 1 1 1 1 0 0 0 1 1
MTS6 0 0 1 0 1 0 0 0 0 0 1
Note. “1”means using the variable, “0” means not using the variable.
According to the BT-MTS method, the classification sequence is category 5,9, 8, 3, 6, 7,
and 4. The MTS classifiers were thus trained in sequence, resulting in the feature variable
selection results in Table 8. The threshold values for MTS1-MTS6 are 1.6811, 0.6667, 1.5734,
1.2118, 3.3241, and 1.7486, respectively. The DRR of the optimized BT-MTS and BT-MTS are
shown in Figure 5, and it can be seen that the dimensionality reduction performance of this
paper’s method is better than that of BT-MTS.
Table 8. Feature variable selection results of BI-MTS of the Wine quality-white data set.
X X2 X3 X4 X5 X6 X7 X8 X9 X10 X11
MTS1 0 1 0 1 0 1 1 1 1 1 1
MTS2 1 1 1 1 1 1 1 1 1 1 1
MTS3 1 1 1 1 1 1 1 1 1 1 1
MTS4 1 1 1 1 0 0 1 1 1 1 1
MTS5 0 1 0 1 0 1 1 1 1 1 1
MTS6 0 1 1 1 0 1 1 1 1 0 1
Note. “1”means using the variable, “0” means not using the variable.
0.90 0.82
0.80  0.73 0.73 0.73
0.70
0.60 0.55
é 0.50
8 0.40 0-36
030 27 27 27
18
0.20
010 00 00 I
0.00
MTSI MTS2 MTS3 MTS4 MTS5 MTS6
m Optimized BT-MTS mBT-MTS
Figure 5. Comparison of DRR of the Wine quality-white data set.
The balance data set comparison results of the six methods are presented in Table 9.
Table 9. Comparison of the classification results of the Wine quality-white data set.
Evaluation Index
Method P, S
etho arameter Set Accuracy Macro-F1 CoI:;fli,g:nt CBA Cost
Optimized BT-MTS synergistic optimization model 0.6285 0.3101 0.4306 0.3097 1,278.4892
BT-MTS Use SNRLB gain value to select feature variables, PTM 0.3102 0.1115 0.0607 0.1062 6,338.7487
RF Ntree = 150, NumPredictorsToSample = 3 0.7140 0.4155 0.5571 0.3578 2,059.7415
FCBF-SVM BoxConstraint = 0.0625, KernelScale = 4.0625 0.4333 0.0879 / 0.0635 3,013.3218
SMOTE-KNN K=5 0.5955 0.3717 0.3888 0.3398 1,759.4939
BPNN Hiddensize =5 0.5414 0.2560 0.2611 0.2102 2,446.9699
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As can be seen from the table, the method of optimized BT-MTS in this paper outper-
forms the algorithms of BT-MTS, FCBF-SVM, SMOTE-KNN, and BPNN, indicating that
the algorithm in this paper can better adapt to the data environment with a high imbalance
ratio. Comparing the method of this paper with RF, we can find that the accuracy, macro-
F1, kappa coefficient, and CBA of this paper’s algorithm are slightly lower, but the total
misclassification cost of the optimized BT-MTS is significantly lower, which also indicates
that this paper considers the cost-sensitive joint optimization model to improve the focus
on minority class samples in the classification process.

4.3.3. Glass Data Set

According to the steps of optimized BT-MTS, fitness function values can be obtained,
as shown in Table 10, from which it can be seen that the classification sequence of optimized
BT-MTS was category 7, 2, 3, 5, 1, and 6. The thresholds for the MTS1-MTS5 are 5.6075,
5.1663, 29.8456, 14.2530, and 10.1904. The feature selection results are shown in Table 11. It
should be noted that the number of samples in category 6 is small, and after the random
division of training and testing samples, the number of samples involved in training is even
smaller and insufficient for calculation, so this paper directly places it in the last position
for classification.

Table 10. Values of fitness function at different stages of the glass data set.

1 c c3 cs5 C6 cy
Stagel —2852.7039 —270.3196 —12,654.4039 —1,103.9032 NaN —411,598.6086
Stage2 —160.2149 —2771.1798 —1482.8692 —261.2249 NalN /
Stage3 —305.5313 / —1104.4824 —250.4687 NaN /
Stage4 —20.9576 / / —211.3834 NaN /
Stage5 —192.1399 / / / NaN /
Table 11. Feature variable selection results of optimized BT-MTS of the glass data set.
X1 X2 X3 X4 X5 X6 X7 X8
MTS1 1 0 0 0 0 0 0 0
MTS2 1 0 0 0 0 0 0 0
MTS3 1 0 0 0 0 0 0 1
MTS4 0 1 1 0 1 0 0 0
MTS5 0 1 1 0 0 0 0 1
Note. “1”means using the variable, “0” means not using the variable.
The classification order of BT-MTS is category 5, 2, 7, 1, 3, and 6, and the thresholds of
MTS1-MTS5 are 2.5646, 2.2468, 2.7533, 1.9409, and 2.7274, respectively. The corresponding
feature selection results are shown in Table 12, and the DRR of the two MTS methods can
be obtained, as shown in Figure 6.
Table 12. Feature variable selection results of BT-MTS of the glass data set.
X1 x2 x3 Xy X5 X6 X7 xg
MTS1 1 0 1 1 1 1 1 0
MTS2 1 1 1 1 1 0 1 1
MTS3 0 1 1 1 0 1 1 0
MTS4 1 1 0 1 1 1 0 1
MTS5 0 1 1 1 0 1 1 0

Note. “1”means using the variable, “0” means not using the variable.
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Figure 6. Comparison of DRR of the glass data set.

The balance data set comparison results of the six methods are presented in Table 13.
The feature selection results of FCBF-SVM is x4, xg. As can be seen from the table, the
accuracy, macro-F1, kappa coefficient, CBA, and cost of the method in this paper are better
than those of BT-MTS, FCBF-SVM, and BPNN. Compared with SMOTE-KNN and RE, the
accuracy, macro-F1, and CBA of this paper’s method are slightly lower, but the advantage
of this paper’s method is obvious in terms of the total cost of misclassification.

Table 13. Comparison of the classification results of the glass data set of the glass data set.

Evaluation Index

Method Parameter Set
Accuracy Macro-F1 Coligg:nt CBA Cost
Optimized joi imizati del 7 402 41 447 22,6081
BT-MTS joint optimization mode 0.6976 0.4023 0.58 0.4479 .608
Use SNRLB gain value to
BT-MTS select feature variables, PTM 0.4523 0.3687 0.3065 0.3157 108.3620
Ntree = 100,
RF NumPredictorsToSample = 3 0.7857 0.6536 0.7025 0.5972 39.3054
BoxConstraint = 1.0625,
FCBF-SVM KernelScale = 2.0625 0.5952 0.3306 0.4251 0.2822 61.1883
SMOTE-KNN K=6 0.6428 0.5255 0.5007 0.4979 50.3315
BPNN Hiddensize = 5 0.5813 0.3396 0.4068 0.1629 63.1848

4.3.4. Page-Blocks Data Set

The values of the fitness functions for different categories on the page-blocks dataset
are shown in Table 14, so the final classification order is 3, 5, 4, 2, and 1. The threshold
values of MTS1-MTS4 are 6.1112, 5.3295, 1.6599, and 7.5448, respectively, and the feature
selection results of the joint optimization model in this paper are shown in Table 15.

Table 14. Values of fitness function at different stages of the Page-blocks data set.

c1 €2 c3 C4 C5
Stagel —45.4349 —365.7163 —123,953.3926  —4116.0841 —40,928.4861
Stage2 —26.5124 841.9145 / 2696.5264 —1993.7109
Stage3 —1211.3206 462.6110 / —4297.0959 /
Stage4 —193.7301 —360.7507 / / /

Table 15. Feature variable selection results of Optimized BT-MTS of the Page-blocks data set.

X1 X2 X3 X4 X5 X6 x7 X8 X9 X10
MTS1 0 0 1 0 1 1 0 0 1 0
MTS2 0 0 0 0 1 1 1 0 0 1
MTS3 0 0 0 0 1 0 1 0 0 0
MTS4 0 0 0 0 1 0 0 1 0 0

Note. “1”means using the variable, “0” means not using the variable.
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The classification order of the BI-MTS method is category 1, 4, 2, 3, and 5, and the
threshold values are 8.7889, 4.0251, 3.5549, and 3.4798, respectively. The feature subsets
obtained according to the Taguchi’s method are shown in Table 16, and the DRR of the two
MTS methods are shown in Figure 7.

Table 16. Feature variable selection results of BI-MTS of the Page-blocks data set.

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10
MTS1 1 0 0 1 1 1 1 0 0 0
MTS2 1 1 0 1 1 1 0 0 0 1
MTS3 1 0 0 0 1 1 0 0 0 0
MTS4 1 1 1 1 1 1 1 1 1 0
Note. “1”means using the variable, “0” means not using the variable.
0.90 0.80 0.80
0.80 0.70
0.70° " 0.60 0.60
0.60 0.50
~
& 0.50 0.40
A 0.40
0.30
0.20 0.10
0.10
0.00
MTSI1 MTS2 MTS3 MTS4
m Optimized BT-MTS ®mBT-MTS
Figure 7. The DRR of MTS classifiers of the Page-blocks data set.
The Page-blocks data set comparison results of the six methods are presented in
Table 17, and the feature selection result of FCBF-SVM is x4, xg.
Table 17. Comparison of the classification results of the Page-blocks data set.
Evaluation Index
Method P ter Set
ene arameterse Accuracy Macro-F1 CoI::fli)fi:nt CBA Cost
CS-BT-MTS synergistic optimization model 0.9662 0.8156 0.8145 0.7368 813.4696
BT-MTS Use SNRy g gain value to select feature variables, PTM 0.9251 0.4635 0.4939 0.3837 4.801.1563
RF Ntree = 100, NumPredictorsToSample = 3 0.9744 0.8375 0.8681 0.8070 560.3284
FCBF-SVM BoxConstraint = 2.0625, KernelScale = 1.0625 0.9269 0.5044 0.5423 0.4537 2,740.8484
SMOTE-KNN K=6 0.9759 0.9757 0.9699 0.9679 1,189.8887
BPNN Hiddensize = 3 0.9534 0.7702 0.7362 0.6915 1325.6219

As it can be observed from Table 17, the accuracy, macro-F1, kappa coefficient, CBA,
and total misclassification cost of optimized BT-MTS are better than those of BT-MTS.
In addition, the DRR of the method proposed in this paper is also higher, which also
indicates that the optimized BT-MTS not only improves the classification accuracy but also
enhances the classification efficiency, and the ability of MTS to solve the imbalanced multi-
classification problem is enhanced. Compared with the FCBE-SVM method, the optimized
BT-MTS did not have a clear advantage regarding the average DRR. However, in terms
of imbalanced multi-classification performance, the optimized BT-MTS was substantially
superior to the FCBE-SVM. This may be due to the fact that the FCBF-SVM method loses
some important information in the process of feature selection. Compared with the methods
of RF, SMOTE-KNN, and BPNN, the classification performance of the optimized BT-MTS
and RF is relatively better from the comprehensive view of the five evaluation indexes.
Although the accuracy, macro-F1, kappa coefficient, and CBA of the SMOTE-KNN are
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higher, its misclassification leads to a larger loss, which will lead to serious consequences
in real life.

5. Conclusions

The imbalanced multi-classification problem has broad research significance and ap-
plication value, and is important in the field of machine learning. The MTS has become one
of the most robust methods to classify unbalanced data because it has no requirement on
the distribution of data. However, the MTS was initially proposed for binary classification,
and cannot be directly used to solve multi-classification problems, and the MS of the MTS
consists of normal samples, which is the only population. Therefore, we first combine the
MTS with the binary tree approach to decompose the multi-classification problem into
multiple binary classification problems through the OVA architecture, and thus realize
its application to multi-classification. On this basis, we propose an optimized BT-MTS
for multi-classification. It incorporates the construction of the MS, feature selection, and
threshold determination into a unified framework to simultaneously determine the clas-
sification order of samples, feature variables involved in classification, and classification
threshold by updating the information on class separability, feature subsets, and classifiers,
including their threshold, robustness, and performance, through multiple iterations. The
experimental results on four imbalanced multi-class datasets show that this method has
better classification performance for imbalanced multi-class data than BT-MTS. In addition,
compared with RF, SMOTE-KNN, FCBF-SVM, and BPNN, the macro-F1, kappa coefficient,
and balanced accuracy of the proposed method are higher, at a significantly lower total
misclassification cost. This has important theoretical and practical significance, as the
generalization ability of the MTS is improved, and the possibility of misclassification of
high-cost samples is greatly reduced.
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