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Financial distress prediction plays an important role in the survival of companies. In this paper, a novel biorthogonal wavelet hybrid
kernel function is constructed by combining linear kernel function with biorthogonal wavelet kernel function. Besides, a new
feature weighted approach is presented based on economic value added (EVA) and grey relational analysis (GRA). Considering the
imbalance between financially distressed companies and normal ones, the feature weighted one-class support vectormachine based
on biorthogonal wavelet hybrid kernel (BWH-FWOCSVM) is further put forward for financial distress prediction. The empirical
study with real data from the listed companies on Growth Enterprise Market (GEM) in China shows that the proposed approach
has good performance.

1. Introduction

Financial distress is a term in corporate finance used to
indicate a condition when a company has serious losses and
becomes insolvent with liabilities. Sometimes financial dis-
tress can lead to bankruptcy [1]. Financial distress prediction
has been a goodpractical tool for distinguishing companies in
distress from those healthy, and it also guarantees the survival
of companies [2, 3].

Since the 1960s, enormous efforts have been made to
construct efficient financial distress prediction models, but
improving the models’ accuracy is still a challenging task.
Many statistical methods such as discriminant analysis (DA)
[4], logistic regression [5], and profit regression [6] have
been applied to financial distress prediction in early studies
[7]. After that, artificial intelligence methods such as genetic
algorithm [8], rough sets [9], case-based reasoning [10], and
artificial neural networks (ANNs) [11] have been proposed.
In recent years, a number of studies about financial distress
prediction have been announced concerning support vector
machine (SVM), since the SVM has better performance in
nonlinear approximation and local optimal solutions.

SVM is a class of typical machine learning algorithms
and its main idea is to minimize the upper bound of the
generalization error. Usually it maps the input vectors into
a high-dimensional feature space through some nonlinear
mapping. The SVM is a powerful method for classification
and has shown promising performance in financial distress
prediction. Huang et al. evaluate the performance of the SVM
in credit rating prediction and prove that the model based
on the SVM has a better explanatory power than the model
based on back propagation neural networks (BPNN) [12].
Shin et al. investigate the efficacy of applying the SVM to
bankruptcy prediction and the results demonstrate that the
SVM approach also outperforms the BPNN in prediction
[13]. Härdle et al. propose an application of visualization
techniques at different stages of corporate default analysis
based on the SVM and also conclude that the SVM model is
always dominating theDA and logistic regressionwith regard
to accuracy ratio [14].

The SVM is a very specific type of learning algorithms
characterized by the use of kernel functions, which realizes
the nonlinear mapping from the original space to a high-
dimensional feature space. Kernel function has received
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tremendous attention as it has a significant impact on the
performance and prediction accuracy of the SVM. Kernels
commonly used in the SVM include Gaussian kernel, poly-
nomial kernel, and spline kernel. Wavelet has been widely
used in constructing kernel functions recently because of its
excellent performance in nonlinear data processing. Zhang et
al. propose a SVM based on a Morlet wavelet kernel and the
experiments show its feasibility and validity in approximation
and classification [15].Wei presents the SVMbased onMorlet
wavelet kernel, which yields more accurate prediction than
the SVM based on Gaussian kernel [16]. Yang and Wang
apply the SVM based on the Morlet and Mexico hat wavelet
kernels to improve the detection accuracy and deduce false
positive rate of distributed denial of service attack detection
[17]. Among thewavelets, biorthogonal wavelet excels in non-
linear signal approximation with high smoothness, compact
support, and high vanishing moment. Biorthogonal wavelet
is derived from a multiresolution analysis generated by a pair
of dual scaling functions and has been found very useful in
applications such as signal processing and image compression
[18]. To the best of our knowledge, few researches work on
constructing biorthogonal wavelet kernel function.

In order to take full advantage of different kernel func-
tions’ mapping abilities, hybrid kernel function combined
with multiple kernel functions is emphasized. Linear and
nonlinear combinations are the main methods to construct
hybrid kernel function. Linear combinations of polynomials
and Gaussian kernel [19] and wavelet and RBF kernel are
employed [20] while the results demonstrate that SVMs
with hybrid kernels beat all single-kernel models in learn-
ing performance and prediction accuracy. Some researchers
concentrate on the nonlinear combination ofmultiple kernels
for SVMs so that useful information generated from the non-
linear interaction of different kernels will not be neglected.
Li and Sun propose SVMs based on the nonlinear combina-
tion of multiple kernels and its effectiveness is testified by
empirical studies [21]. Cortes et al. observe a considerable
performance improvement in nonlinear combinations of
kernels [22]. However, hybrid kernel SVM is rarely applied
to financial distress prediction.

Feature weighting, which assigns different coefficients to
different features with each coefficient indicating the relative
importance of the corresponding feature to the given learning
task (e.g., classifications), has been studied by machine
learning researchers and some kind of performance improve-
ments may be obtained [23]. Grey relational analysis (GRA)
proposed by Deng aims for dealing with poor, incomplete,
and uncertain systems. GRAmodel is used to analyze various
factors’ dynamic relations and the changes with time in order
to find the key factors in prediction and decision-making.
According to Song et al. [24], the change trends of the two
factors are basically the same, indicating that the two factors
are closely related and the grey relational degree (GRD)
between them is higher. Apparently, the GRDs between the
financial situation and financial indicators of companies can
reflect the correlations between them. The higher the GRD
is, the greater the relevance is and the more important the
financial indicator should be while evaluating the financial
situation.

TheGRAmodels provide appropriate tools for examining
a rank of order of multiple objects with semblance from an
objective. Owing to the usefulness and advantages of the
GRA, the GRA was applied to financial distress prediction
recently. Kung andWen use six financial indicators to classify
twenty items of financial ratios as research variables and
apply the GRA to find the significant financial ratio variables
affecting the financial situation of venture capital enterprises
in Taiwan [25]. Lin and Wu propose a new approach of
the GRA to construct a financial crisis warning system for
banking industry and the empirical results illustrate that
in the prediction of financial crisis as well as financially
sound banks, the proposed GRA model demonstrates better
prediction accuracy [26]. Lin et al. investigate the efficacy of
applying the hybrid distress prediction model based on the
GRA and rough set to financial distress prediction and the
results demonstrate that the hybrid approach can significantly
improve the prediction accuracy [27]. Chuang uses the GRA
to evaluate the importance of the features to provide a ranking
of the features, and it makes a better predictive performance
to enhance the accuracy of distress prediction [28].

Economic value added (EVA) is a financial performance
measure capable of presenting the financial situation of a
company. Unlike credit rating used in many countries [29,
30] or special treatment (ST) used in the securities market
of China [31], The EVA is a quantitative description of
the financial situation. The larger the value of the EVA is,
the better the financial situation. However, few researches
combine the GRA and the EVA for weighting financial
indicators and predicting financial distress.

The purpose of this paper is to propose a new approach
combining biorthogonal wavelet hybrid kernel one-class
SVM with feature weighted approach based on the EVA and
the GRA for financial distress prediction. This paper is orga-
nized as follows.The next section focuses on the construction
of hybrid kernel function based on biorthogonal wavelet ker-
nel and linear kernel. Section 3 discusses the feature weighted
approach based on the GRA and the EVA. In Section 4,
we propose the feature weighted one-class SVM based on
biorthogonal wavelet hybrid kernel (BWH-FWOCSVM) for
financial distress prediction. Section 5 presents the exper-
imental results of the proposed method. The concluding
remarks are given in Section 6.

2. Construction of Biorthogonal Wavelet
Hybrid Kernels Function

AssumingX is a subset of n-dimensional real space 𝑅𝑛, there
is a mapping Φ : 𝑥 → Φ(𝑥), 𝑥 ∈ X, Φ(𝑥) ∈ H satisfying
𝐾(𝑥, 𝑥



) = ⟨Φ(𝑥), Φ(𝑥


)⟩, where H is the Hilbert space
and ⟨⋅, ⋅⟩ denotes the inner product, and then the function
𝐾(𝑥, 𝑥



) defined on X × X is called the kernel function.
Kernel function transforms nonlinear problems in the input
space into linear problems in the feature space. Consequently,
sample point X in the input space can be mapped to a high
dimensional feature spaceH by an appropriate mapping Φ :

𝑥 → Φ(𝑥).
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It is well known that high smoothness, compact support,
and high vanishing moment are the three most important
properties of a biorthogonal wavelet, which has been found
very useful in various applications such as signal processing
and image compression.

Supposing 𝜓(𝑡) is a biorthogonal wavelet function and
𝜓
𝑑

(𝑡) is the dual biorthogonal wavelet function with scaling
functions 𝜙 and 𝜙

𝑑, respectively, the corresponding scale
coefficients of 𝜙 and 𝜙

𝑑 are 𝑎(𝑛) and 𝑎
𝑑

(𝑛) satisfy

∑

𝑛∈𝑍

𝑎 (𝑛) 𝑎
𝑑

(𝑛 + 2𝛽) = 𝛿 (𝛽)

= {
0, 𝛽 ∈ 𝑍, 𝛽 ̸= 0,

1, 𝛽 = 0.

(1)

Assuming 𝜙(𝜔) and ̂
𝜙𝑑(𝜔) are the Fourier transforma-

tions of 𝜙 and 𝜙
𝑑, respectively, then 𝜙(𝜔) = ∫

∞

−∞

𝜙(𝑡)𝑒
−𝑖𝜔𝑡

𝑑𝑡

and ̂
𝜙𝑑(𝜔) = ∫

∞

−∞

𝜙
𝑑

(𝑡)𝑒
−𝑖𝜔𝑡

𝑑𝑡. Biorthogonal Riesz basis in
𝐿
2

(𝑅) is obtained by translating and scaling 𝜓(𝑡) and 𝜓
𝑑

(𝑡)

if for any 𝜀 > 0, there exists 𝐶 > 0 satisfying 𝜙(𝜔) ≤

𝐶(1 + 𝜔)
−1/2−𝜀 and ̂

𝜙𝑑(𝜔) ≤ 𝐶(1 + 𝜔)
−1/2−𝜀, and𝜙 and𝜙

𝑑 have
sufficient attenuation in the frequency domain while they are
also meeting ∫

𝑅

𝜙(𝑥)𝜙
𝑑

(𝑥 − 𝛽)𝑑𝑥 = 𝛿(𝛽).
Therefore, any functions in 𝐿

2

(𝑅) can be expanded
by biorthogonal wavelet function, meaning for every
𝑓(𝑡) ∈ 𝐿

2
(𝑅), 𝑓(𝑡) = ∑

𝑗∈𝑍
∑
𝑛∈𝑍

⟨𝑓, 𝜓
𝑑

𝑗,𝑛
⟩𝜓
𝑗,𝑛

(𝑡) =

∑
𝑗∈𝑍

∑
𝑛∈𝑍

⟨𝑓, 𝜓
𝑗,𝑛

⟩𝜓
𝑑

𝑗,𝑛
(𝑡), where 𝜓

𝑗,𝑛
(𝑡) = 2

𝑗/2

𝜓(2
𝑗

𝑡 − 𝑛)

and 𝜓
𝑑

𝑗,𝑛
(𝑡) = 2

𝑗/2

𝜓
𝑑

(2
𝑗

𝑡 − 𝑛).
Meanwhile, a multiresolution analysis {𝑉

𝑗
, 𝑉
𝑑

𝑗
}
𝑗∈𝑍

in
𝐿
2
(𝑅) can be obtained, where space 𝑉

𝑗
is generated from

{𝜙
𝑗,𝑛

}
𝑛∈𝑍

and space 𝑉
𝑑

𝑗
is generated from {𝜙

𝑑

𝑗,𝑛
}
𝑛∈𝑍

. Accord-
ingly, for any 𝑓(𝑡) ∈ 𝑉

𝑗
, its expansion is 𝑓(𝑡) =

∑
𝑛∈𝑍

⟨𝑓, 𝜙
𝑑

𝑗,𝑛
⟩𝜙
𝑗,𝑛

(𝑡), where 𝜙
𝑗,𝑛

(𝑡) = 2
𝑗/2

𝜙(2
𝑗

𝑡 − 𝑛) and

𝜙
𝑑

𝑗,𝑛
(𝑡) = 2

𝑗/2

𝜙
𝑑

(2
𝑗

𝑡 − 𝑛).
Based on the analysis above, we can construct a biorthog-

onal wavelet kernel function as shown in (2), where 𝑥, 𝑥


∈

X ⊆ 𝑅
𝑛:

𝐾(𝑥, 𝑥


) = ∑

𝑛∈𝑍

𝜙
𝑗,𝑛

(𝑥) 𝜙
𝑑

𝑗,𝑛
(𝑥


) . (2)

Limited to the admissibility of positive definite kernel, an
effective kernel function 𝐾(𝑥, 𝑥



) should be symmetric and
positive definite. We will prove that the biorthogonal wavelet
kernel function constructed by (2) satisfies the conditions.

Asmentioned above,𝜙(𝑡) and𝜙
𝑑

(𝑡) are a pair of biorthog-
onal dual scaling functions so that for any𝑓(𝑡) ∈ 𝑉

𝑗
⋂𝑉
𝑑

𝑗
, the

following equations can be obtained:

𝑓 (𝑥) = ∑

𝑛∈𝑍

⟨𝑓, 𝜙
𝑑

𝑗,𝑛
⟩𝜙
𝑗,𝑛

(𝑥)

= ⟨𝑓 (⋅) , ∑

𝑛∈𝑍

𝜙
𝑑

𝑗,𝑛
(⋅) 𝜙
𝑗,𝑛

(𝑥)⟩ ,

𝑓 (𝑥) = ∑

𝑛∈𝑍

⟨𝑓, 𝜙
𝑗,𝑛

⟩𝜙
𝑑

𝑗,𝑛
(𝑥)

= ⟨𝑓 (⋅) , ∑

𝑛∈𝑍

𝜙
𝑗,𝑛

(⋅) 𝜙
𝑑

𝑗,𝑛
(𝑥)⟩ .

(3)

From (3), ∑
𝑛∈𝑍

𝜙
𝑗,𝑛

(𝑥)𝜙
𝑑

𝑗,𝑛
(⋅) − ∑

𝑛∈𝑍
𝜙
𝑗,𝑛

(⋅)𝜙
𝑑

𝑗,𝑛
(𝑥) = 0.

And then we will have

𝐾(𝑥, 𝑥


) = ∑

𝑛∈𝑍

𝜙
𝑗,𝑛

(𝑥) 𝜙
𝑑

𝑗,𝑛
(𝑥


)

= ∑

𝑛∈𝑍

𝜙
𝑗,𝑛

(𝑥


) 𝜙
𝑑

𝑗,𝑛
(𝑥) = 𝐾 (𝑥



, 𝑥) .

(4)

Obviously, the kernel function𝐾(𝑥, 𝑥


) in (2) is symmet-
ric.

Proving the positive definiteness of 𝐾(𝑥, 𝑥


) equals to
prove that for any ∀𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑙
∈ 𝑅, the Gram matrix of

𝐾(𝑥, 𝑥


) is positive semidefinite. For any 𝑎
𝑖
, 𝑎
𝑘

∈ 𝑅, we can
obtain
𝑙

∑

𝑖,𝑘=1

𝑎
𝑖
𝑎
𝑘
𝐾(𝑥
𝑖
, 𝑥
𝑘
)

=

𝑙

∑

𝑖,𝑘=1

∑

𝑛∈𝑍

∑

𝑚∈𝑍

𝑎
𝑖
𝑎
𝑘
⟨𝜙
𝑑

𝑗,𝑛
, 𝜙
𝑑

𝑗,𝑚
⟩𝜙
𝑗,𝑛

(𝑥
𝑖
) 𝜙
𝑗,𝑚

(𝑥
𝑘
)
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𝑙

∑

𝑖=1

∑

𝑛∈𝑍

𝑎
𝑖
𝜙
𝑗,𝑛

(𝑥
𝑖
) 𝜙
𝑑

𝑗,𝑛
(⋅) ,

𝑙

∑

𝑘=1

∑

𝑚∈𝑍

𝑎
𝑘
𝜙
𝑗,𝑚

(𝑥
𝑗
) 𝜙
𝑑

𝑗,𝑚

(⋅)⟩

=



𝑙

∑

𝑖=1

∑

𝑛∈𝑍

𝑎
𝑖
𝜙
𝑗,𝑛

(𝑥
𝑖
) 𝜙
𝑑

𝑗,𝑛
(⋅)



2

≥ 0.

(5)

Apparently 𝐾(𝑥, 𝑥


) is also a positive definite function.
As a consequence, the biorthogonal wavelet kernel function
𝐾(𝑥, 𝑥



) in (2) is effective.
Local kernel and global kernel are two basic types of

kernels. A kernel possessing translation invariance is a local
kernel, which satisfies 𝐾(𝑥, 𝑥



) = 𝐾(𝑥 − 𝑥


). While a kernel
having rotational invariance is a global kernel, which means
for every 𝜀 ≥ 0, there must be 𝐾(𝜀) ≥ 0, 𝐾



(𝜀) ≥ 0,
𝐾


(𝜀) + 𝜀𝐾


(𝜀) ≥ 0, and𝐾(𝑥, 𝑥


) = 𝑓(⟨𝑥 ⋅ 𝑥


⟩).
The biorthogonal wavelet kernel function is definitely a

local kernel because it is symmetric, satisfying 𝐾(𝑥 − 𝑥


) =

𝐾(𝑥


, 𝑥) = 𝐾(𝑥, 𝑥


). Obviously, the linear kernel 𝐾(𝑥, 𝑥


) =

𝑥 ⋅ 𝑥
 is a typical global kernel. According to [32], hybrid

kernel function has a superior performance compared with
the single kernel function since the mixtures of kernels have
advantages of generation ability of the global kernel and
learning capacity of the local kernel. Thus, by combining lin-
ear kernel function and biorthogonal wavelet kernel function,
we construct the biorthogonal wavelet hybrid kernel function
𝐾
𝑀
(𝑥, 𝑥


):

𝐾
𝑀

(𝑥, 𝑥


) = 𝜌𝐾
1
(𝑥, 𝑥


) + (1 − 𝜌)𝐾
2
(𝑥, 𝑥


) , (6)
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where 𝐾
1
(𝑥, 𝑥


) is the biorthogonal wavelet kernel func-
tion, 𝐾

2
(𝑥, 𝑥


) is the linear kernel function, 𝜌 represents
the weighting coefficient and 𝜌 ∈ [0, 1]. In this paper,
because of its good performance in signal processing, Cdf9/7
biorthogonal wavelet is selected to construct 𝐾

1
(𝑥, 𝑥


) and
the details of Cdf9/7 biorthogonalwavelet refers to [33].Then,
biorthogonal wavelet hybrid kernel function 𝐾

𝑀
(𝑥, 𝑥


) can
be expanded to the form

𝐾
𝑀

(𝑥, 𝑥


) = 𝜌∑

𝑘∈𝑍

2
𝑗

(2𝜋)
−2

∫

𝜋

−𝜋

𝜙 (𝜔) 𝑒
𝑖𝜔(2
𝑗
𝑥−𝑘)

𝑑𝜔

× ∫

𝜋

−𝜋

𝜙 (𝜔


) 𝑒
𝑖𝜔

(2
𝑗
𝑥

−𝑘)

𝑑𝜔


+ (1 − 𝜌) 𝑥 ⋅ 𝑥


.

(7)

3. Financial Indicator Weighting Based on
EVA and GRA

The EVA is a quantitative description of the financial situa-
tion. The larger the value of EVA is, the better the financial
situation. The EVA focuses on shareholder value and the role
of capital cost including costs of both debt and equity. A
positive EVA signifies that value has been created for share-
holders. In other words, this enterprise has high profitability
and good financial situation, while a negative EVA indicates
value destruction with financial distress which needs tomake
an early warning [34]. The EVA can be defined as the firm
operating profit after taxes subtracting the cost of capital,
which can be calculated as follows:

EVA = NOPAT − (𝐷 + 𝐸) ∗WACC, (8)

where NOPAT is the net operating profit after taxes, 𝐷 is the
debt book value, 𝐸 is the equity book value, andWACC is the
weighted average cost of capital. The information needed to
compute the EVAmainly comes from accounting data, which
needs to go through some adjustments in order to correct
the distortions in accounting information [35]. The most
important adjustments include the adjustments of NOPAT,
𝐷, 𝐸, and WACC [36–38]. Consider

NOPAT = NP + LIC +OAIC +NNOI × (1 − 𝑇) + DTI,
(9)

whereNP is the net profit, LIC is the loan impairment number
changes of this year, OAIC is the other assets impairment
number changes of this year, NNOI is the net nonoperating
income,T is the tax rate, andDTI is the deferred tax increases.

Consider

𝐷 = 𝑆TL + LO + 𝐿TL + BP, (10)

where 𝑆TL is the short-term loan, LO is the long-term loan
in one year, 𝐿TL is the long-term loan, and BP is the bonds
payable.

Consider

𝐸 = MSI + SE, (11)

whereMSI is the minority stockholder’s interest and SE is the
stockholders’ equity.

Consider

WACC =
𝐸

𝐷 + 𝐸
× 𝐾
𝐸
+

𝐷 (1 − 𝑇)

𝐷 + 𝐸
× 𝐾
𝐷
, (12)

where 𝐾
𝐸
is the cost of equity and 𝐾

𝐷
is the cost of debt

capital.
GRA is considered to be an analysis of the geometric

proximity between different discrete sequences within a
system. The proximity is described by the GRD, which is
regarded as a measure of the similarities of discrete data that
can be arranged in a sequential order [39]. In this paper, the
GRA is adopted for the description of the correlation between
financial situation (represented by the EVA) and financial
indicators.

There are 𝑛 companies, each with 𝑚 financial indicators.
𝑒
0
(𝑘) represents the EVA of the 𝑘th company and all the

EVAs compose the sequence 𝐸
0

= {𝑒
0
(1), 𝑒
0
(2), . . . , 𝑒

0
(𝑛)}.

𝑥
𝑖
(𝑘) represents the 𝑖th financial indicator of the 𝑘th com-

pany, and the sequence 𝑋
𝑖

= {𝑥
𝑖
(1), 𝑥
𝑖
(2), . . . , 𝑥

𝑖
(𝑛)} (𝑖 =

1, 2, . . . , 𝑚) consists of 𝑥
𝑖
(𝑘) (𝑘 = 1, 2, . . . , 𝑛). 𝐸

0
is defined

as the reference sequence, while 𝑋
𝑖
(𝑖 = 1, 2, . . . , 𝑚) is the

comparison sequences. To determine the GRD between the
reference and comparison sequences, a discrete function of
the grey relational coefficient is constructed as follows:

𝜉
0𝑖
(𝑘) =

Δmin + 𝜌Δmax
Δ
0𝑖
(𝑘) + 𝜌Δmax

, (13)

where

Δ
0𝑖

=
𝑥𝑖 (𝑘) − 𝑒

0
(𝑘)

 (14)

is the absolute value of the difference between the reference
and the 𝑖th comparison sequence. Δmax = max

𝑖
max
𝑘
{Δ
0𝑖
}

and Δmin = min
𝑖
min
𝑘
{Δ
0𝑖
} are the minimal and maximal

proximity, respectively. Meanwhile, 𝜌 ∈ (0, 1] is the coeffi-
cient to distinguish and 𝜌 = 0.5 is generally adopted in most
studies. Hence, the GRD between the 𝑖th financial indicator
and the financial situation of the 𝑘th company is

𝑟
0𝑖

= 𝑟 (𝑒
0
, 𝑥
𝑖
) =

𝑛

∑

𝑘=1

𝜔 (𝑘) ⋅𝜉
0𝑖
(𝑘) , (15)

where 𝜔(𝑘) is the weight of the grey relational coefficient
𝜉
0𝑖
(𝑘) and 𝜔(𝑘) = 1/𝑛 (𝑘 = 1, 2, . . . , 𝑛) are adopted in

this study as often used in the literatures. 𝑟
0𝑖
represents the

relevance of the 𝑖th financial indicator and the financial
situation and is regarded as the weighting of the 𝑖th financial
indicator.

4. EVA-FWOCSVM Based on Biorthogonal
Wavelet Hybrid Kernel Function

The feature weighted SVM is a SVM constructed by the
feature weighted kernel function𝐾

𝑝
:

𝐾
𝑝
(𝑥
𝑖
, 𝑥
𝑗
) = 𝐾 (𝑥

𝑇

𝑖
𝑃, 𝑥
𝑇

𝑗
𝑃) , (16)
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where 𝐾 is a kernel function in 𝑋 × 𝑋, 𝑋 ∈ 𝑅
𝑛 and 𝑃 =

diag (𝑟
01
, 𝑟
02
, . . . , 𝑟

0𝑚
) is the feature weighting matrix, 𝑟

0𝑖
is

the GRD between the 𝑖th financial indicator and financial
situation and is calculated by (11). As the weight of the
indicator, 𝑟

0𝑖
is capable of changing the geometry of the

feature space by scaling the geometry of the input space.
Through the scaling, a more suitable hyperplane is generated
in order to improve the classification performance of the
SVM.

The feature weighted biorthogonal wavelet hybrid kernel
function based on the EVA is shown in (17) by substituting
(7) into (16)

𝐾MP (𝑥, 𝑥


) = 𝜌∑

𝑘∈𝑍

2
𝑗

(2𝜋)
−2

× ∫

𝜋

−𝜋

𝜙 (𝜔) 𝑒
𝑖𝜔(2
𝑗
𝑥
𝑇
𝑃−𝑘)

𝑑𝜔

× ∫

𝜋

−𝜋

𝜙 (𝜔


) 𝑒
𝑖𝜔

(2
𝑗
𝑥
𝑇
𝑃−𝑘)

𝑑𝜔


+ (1 − 𝜌) 𝑥
𝑇

𝑃𝑃
𝑇

𝑥


.

(17)

The SVM model is originally designed for binary clas-
sification, where it is typically assumed that the numbers
of training data for both classes are balanced. However, in
real world applications, there is often little or even no data
at all available for one of the classes, in other words, one
of the classes has a large sample number and the other
has a small sample number. For example, in the financial
distress prediction, there are only a few companies with
financial problems. As a consequence, the accuracy loss of the
SVM for binary classification is unavoidable. One-class SVM
(OCSVM) model is proposed to improve the classification
accuracy by making up for the imbalance of the numbers of
both classes [40].

Suppose the training sample is 𝐷 = {𝑥
𝑖
, 𝑦
𝑖
}
𝑙

𝑖=1
, where

𝑥
𝑖
∈ 𝑅
𝑚 is the input vector and 𝑦

𝑖
∈ {−1, +1} is the class

label. In this paper, the class label is decided by the value of the
EVA; that is, a positive EVAmeans good financial situation of
the company and the corresponding class label is +1, while a
negative EVA shows the company is trapped in financial crisis
and its class label is −1.

According to [40], the construction of the feature
weighted one-class SVM (FWOCSVM) model equals to
the solution of the quadratic programming problem as
follows:

min
𝑤,𝜀,𝜌

1

2
‖𝑤‖
2

+
1

V𝑙

𝑙

∑

𝑖=1

𝜉
𝑖
− 𝜌

s.t. {
(𝑤 ⋅ Φ (𝑥

𝑖
)) ≥ 𝜌 − 𝜉

𝑖

𝜉
𝑖
≥ 0

𝑖 = 1, 2, . . . , 𝑙.

(18)

This constrained optimization problem is dealt with by
introducing Lagrange multipliers 𝛼, 𝛽 ≥ 0 and a Lagrangian:

𝐿 (𝑤, 𝜀, 𝜌, 𝛼, 𝛽) =
1

2
‖𝑤‖
2

+
1

V𝑙

𝑙

∑

𝑖=1

𝜉
𝑖
− 𝜌

−

𝑙

∑

𝑖=1

𝛼
𝑖
((𝑤 ⋅ Φ (𝑥

𝑖
)) − 𝜌 + 𝜀

𝑖
) −

𝑙

∑

𝑖=1

𝛽
𝑖
𝜉
𝑖
.

(19)

After taking the partial derivatives with respect to 𝑤 and
𝜉
𝑖
, we will have the following formulas:

𝑤 = ∑

𝑖

𝛼
𝑖
Φ(𝑥
𝑖
) ,

𝛼
𝑖
=

1

V𝑙
− 𝛽
𝑖
≤

1

V𝑙
, ∑

𝑖

𝛼
𝑖
= 1.

(20)

By substituting (20) into (18), it arrives at the dual
problem of (18):

min
𝛼

1

2

𝑙

∑

𝑖=1

𝑙

∑

𝑗=1

𝛼
𝑖
⟨Φ (𝑥

𝑖
)
𝑇

, Φ (𝑥
𝑗
)⟩ 𝛼
𝑗

s.t.
{{{

{{{

{

0 ≤ 𝛼
𝑖
≤

1

V𝑙
𝑙

∑

𝑖=1

𝛼
𝑖
= 1

𝑖 = 1, 2, . . . , 𝑙.

(21)

We employ the kernel function representation of
⟨Φ(𝑥
𝑖
)
𝑇

, Φ(𝑥
𝑗
)⟩, which is 𝐾(𝑥

𝑗
, 𝑥
𝑖
) = ⟨Φ(𝑥

𝑖
)
𝑇

, Φ(𝑥
𝑗
)⟩. Then,

the dual problem becomes

min
𝛼

1

2

𝑙

∑

𝑖=1

𝑙

∑

𝑗=1

𝛼
𝑖
𝛼
𝑗
𝐾(𝑥
𝑗
, 𝑥
𝑖
)

s.t.
{{{

{{{

{

0 ≤ 𝛼
𝑖
≤

1

V𝑙
𝑙

∑

𝑖=1

𝛼
𝑖
= 1

𝑖 = 1, 2, . . . , 𝑙.

(22)

By solving problem (22), the final decision function
𝑓(𝑥) = sgn(∑𝑙

𝑖=1
𝛼
∗

𝑖
𝐾(𝑥
𝑖
, 𝑥) − 𝜌

∗

) is obtained, representing
the optimal hyperplane used to classify the samples. Finally,
the BWH-FWOCSVMis constructed by substituting (17) into
(22). Thus, the corresponding decision function is

𝑓 (𝑥) = sgn(

𝑙

∑

𝑖=1

𝛼
∗

𝑖
𝐾MP (𝑥, 𝑥



) − 𝜌
∗

)

= sgn(

𝑙

∑

𝑖=1

𝛼
∗

𝑖
𝜌𝐾
1
(𝑥
𝑇

𝑃, 𝑥
𝑇

𝑖
𝑃)

+ (1 − 𝜌)𝐾
2
(𝑥
𝑇

𝑃, 𝑥
𝑇

𝑖
𝑃) − 𝜌

∗

) .

(23)
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Table 1: The financial indicators.

Category Indicators

Liquidity Liquidity ratio (LR), quick ratio (QR), inventory turnover (IT), accounts receivable turnover (ART), current
assets turnover (CAT), total assets turnover (TAT)

Debt paying ability Current asset ratio (CAR), current debt ratio (CDR), cash ratio (CR), asset-liability ratio (ALR), equity ratio
(ER), owner’s equity ratio (OER)

Profitability
Return on equity (ROE), growth rate of return on equity (GRROE), rate of return on total assets (RRTA), return
on assets (ROA), growth rate of total assets (GRTA), operating profit ratio (OPR), growth rate of operating
profit (GROP), net profit growth rate (NPGR)

Market value
Earnings per share (EPS), net asset value per share (NAVPS), operating earnings per share (OEPS), price
earnings ratio (PER), price to book ratio (PBR), price-to-sales ratio (PSR), Tobin’s Q (TQ), capital preservation
increment rate (CPIR)

5. Empirical Experiment

5.1. The Dataset and Indicators. In order to verify the per-
formance of the BWH-FWOCSVM in financial distress pre-
diction, the listed companies on Growth Enterprise Market
(GEM) in China are selected as samples. A company is
regarded as distressed if its EVA is negative and normal if its
EVA is positive. A total of 284 companies listed on the GEM
in 2012 are selected randomly as initial date set.

According to (8)∼(12), the EVAs of the selected 284
companies are calculated with the 3∼5 years benchmark
lending rate representing𝐾

𝐷
and other related data from the

audited financial statements of those companies. Forty four
companies with negative EVAs are regarded as distressed,
while 240 with positive EVAs are regarded as normal. The
ratio of distressed companies to normal ones is approximately
1 : 5 indicating obvious imbalance, which means one-class
SVM is appropriate. The date set is split into the testing
set and the training set, of which the former consists of 20
distressed companies and 100 normal companies (based on
the ratio 1 : 5), and the latter includes the rest 164 companies.
The EVAs of samples in every quarter of 2012 are calculated.
Data in quarter T-2 is used to predict financial situations of
companies in quarter T, which can avoid overestimating the
prediction accuracy of the model.

Financial indicators have been consulted by researchers
as a major basis for predicting financial distress and business
crises [41]. Different financial indicators may cause different
prediction results. Most of the financial indicators include
inventory turnover, current asset ratio, earnings per share, net
profit growth rate, and return on equity.[13, 42]. According
to the particularity of China’s securities market and the
accounting system, financial indicators can be divided into
different categories, such as liquidity, debt paying ability,
profitability, and market value, and each category contains
multiple relevant indicators [43, 44]. In order to comprehen-
sively summarize the financial situation of companies, a total
of 28 financial ratios from four categories including liquidity,
debt paying ability, profitability, andmarket value are selected
as the initial indicators as listed in Table 1.TheGRDs between
financial indicators and EVA are calculated and the results are
listed in Table 2.

As Table 2 shows, there are significant differences among
the GRDs, in which 8 GRDs are higher than 0.9, and half of
all the GRDs range between 0.7 and 0.8. The results indicate

Table 2: The GRDs between financial indicators and EVA.

Indicators GRDs Indicators GRDs

0.9 ≤ GRD ≤ 1

IT 0.995 RRNA 0.927
GROP 0.994 NPGR 0.917
ART 0.969 QR 0.915
CA 0.932 LR 0.907

0.8 ≤ GRD < 0.9
GRTA 0.889 CDR 0.809
PER 0.881 OER 0.802
ER 0.834

0.7 ≤ GRD < 0.8

CPIR 0.799 OEPS 0.784
NAVPS 0.799 OPR 0.784
CAR 0.799 CAT 0.783
ALR 0.797 RRTA 0.780
TQ 0.794 ROA 0.778
TAT 0.788 ROE 0.777
PBR 0.785 PSR 0.769
EPS 0.784

that the relations between different indicators and financial
situation are quite different. In this study, the corresponding
GRD is regarded as the weight of the financial indicator.

5.2. Experiment Results and Analysis. In the past research,
a variety of measurements are used to assess the prediction
performance of the SVM in financial distress prediction.This
study considers the following measurements:

(a) 𝑃(𝐷/𝐷): percentage of financial distressed companies
predicted as distressed,

(b) 𝑃(𝐷/𝑁): percentage of normal companies predicted
as distressed,

(c) Correct classification rate (CCR): percentage of com-
panies predicted correctly in all companies.

Overall the CCR measures the prediction accuracy of
the model, while 𝑃(𝐷/𝐷) and 𝑃(𝐷/𝑁) provide auxiliary dis-
crimination. As we know, different types of misclassifications
result in different penalty costs, for example, misclassifying
a distressed company as a normal company may cause more
damage thanmisclassifying a normal company as a distressed
one. So themodel with higher𝑃(𝐷/𝐷) is preferred if different
models have the same or similar CCRs.
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Table 3: Results of BWH-FWOCSVM and BWH-OCSVM.

𝜌 Indicators BWH-FWOCSVM BWH-OCSVM
𝐶
28

𝐶
13

𝐶
8

𝐶
28

𝐶
13

𝐶
8

0
CCR 79.2% 80.0% 78.3% 77.3% 78.2% 76.5%

𝑃(D/D) 71.5% 74.1% 70.1% 70.4% 72.5% 69.6%
𝑃(D/N) 19.2% 18.8% 19.7% 20.2% 19.4% 20.9%

0.1
CCR 80.9% 81.7% 79.2% 79.2% 80.0% 78.3%

𝑃(D/D) 72.5% 75.1% 71.6% 71.4% 73.9% 70.6%
𝑃(D/N) 17.4% 17.0% 19.0% 19.5% 18.7% 20.1%

0.2
CCR 81.7% 85.0% 80.1% 79.3% 80.8% 78.3%

𝑃(D/D) 72.5% 78.2% 73.9% 71.4% 74.9% 71.1%
𝑃(D/N) 16.4% 13.7% 18.5% 19.5% 17.7% 20.2%

0.3
CCR 82.5% 85.0% 80.0% 79.3% 81.7% 79.0%

𝑃(D/D) 77.8% 78.7% 74.9% 72.4% 74.9% 71.1%
𝑃(D/N) 16.5% 13.8% 18.7% 19.2% 16.9% 19.2%

0.4
CCR 81.8% 84.2% 81.7% 80.8% 82.5% 79.2%

𝑃(D/D) 79.2% 83.2% 77.7% 74.3% 75.4% 73.0%
𝑃(D/N) 17.8% 15.7% 17.3% 18.8% 16.0% 19.6%

0.5
CCR 82.5% 84.2% 83.3% 81.5% 83.3% 80.8%

𝑃(D/D) 80.7% 84.8% 77.8% 75.3% 76.3% 75.0%
𝑃(D/N) 17.1% 16.0% 15.3% 17.8% 16.2% 18.0%

0.6
CCR 84.2% 86.7% 82.5% 83.3% 83.3% 81.5%

𝑃(D/D) 80.8% 84.8% 79.1% 77.6% 80.2% 75.5%
𝑃(D/N) 15.1% 13.0% 16.6% 15.5% 16.0% 17.1%

0.7
CCR 85.0% 90.0% 85.8% 84.0% 84.2% 83.3%

𝑃(D/D) 82.1% 91.4% 83.9% 81.4% 82.1% 78.9%
𝑃(D/N) 14.4% 10.3% 13.6% 15.2% 15.4% 15.8%

0.8
CCR 87.5% 87.5% 83.3% 84.3% 85.8% 82.2%

𝑃(D/D) 81.3% 86.3% 79.6% 79.5% 79.7% 75.5%
𝑃(D/N) 11.2% 12.3% 15.7% 15.9% 12.9% 15.9%

0.9
CCR 82.5% 83.3% 81.7% 80.8% 81.7% 80.0%

𝑃(D/D) 81.2% 80.2% 77.3% 77.6% 78.7% 73.0%
𝑃(D/N) 17.2% 16.1% 17.2% 18.5% 17.7% 18.6%

1
CCR 82.6% 84.2% 81.7% 80.8% 82.5% 80.0%

𝑃(D/D) 77.3% 80.7% 77.3% 75.2% 77.3% 73.5%
𝑃(D/N) 16.4% 15.2% 17.2% 18.0% 16.4% 18.7%

Three financial indicator sets are constructed for the
experiment, which consist of 28 indicators (𝐶

28
), 13 indicators

(𝐶
13
), and 8 indicators (𝐶

8
) corresponding to GRD ≥ 0.7,

GRD ≥ 0.8, and GRD ≥ 0.9, respectively. Because the weight
coefficient 𝜌 in hybrid kernel function have influence on the
prediction accuracy, we use grid searchmethod to analyze the
influence of 𝜌, when the search step length is 0.1.When 𝜌 = 0,
the kernel function is a linear kernel function;when𝜌 = 1, the
kernel function represents the CDF9/7 biorthogonal wavelet
kernel function. The corresponding results are displayed in
Table 3 and Figures 1 and 2. The results of nonweighted
OCSVM based on biorthogonal wavelet hybrid kernel func-
tion (BWH-OCSVM) are also given for comparison. Penalty
parameter 𝐶 and insensitive parameter 𝜀 are two parameters
which have great influence on performance of SVMs. Many
optimization methods have been introduced, and particle

swarm optimization (PSO) algorithm [29] is applied in this
study to obtain the optimal 𝐶 and 𝜀.

Figures 1 and 2 and Table 3 illustrate that the relation is
nonlinear between the prediction accuracy of the model and
the number of financial indicators. No matter in the BWH-
FWOCSVM or in the BWH-OCSVM, 𝐶

8
almost always

provides the lowest CCR while 𝐶
13

almost always has the
highest one, and the CCRs of 𝐶

28
is in between roughly.

The results of 𝑃(𝐷/𝐷) and 𝑃(𝐷/𝑁) are also similar. The
results demonstrate that few financial indicators are selected
if the threshold of the GRD is too high, which may lead
to information loss and accuracy decrease. On the other
hand, the low threshold of the GRD gives rise to too many
financial indicators, which may also affect the prediction
accuracy because of information redundancy. As the financial
indicator set depends on the threshold of the GRD, how
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Figure 1: CCRs of BWH-FWOCSVM.
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Figure 2: CCRs of BWH-OCSVM.

to determine the proper threshold value is important to
the financial distress prediction. In fact, how to select an
appropriate financial indicator set is still an open issue [31].

As shown in Figures 1 and 2, with the increase of 𝜌, the
CCRs of the BWH-FWOCSVM and the CCRs of the BWH-
OCSVM rise at first but fall later, whether it is for 𝐶

28
, 𝐶
13
,

or 𝐶
8
. The highest CCR can be reached when 𝜌 ∈ [0.7, 0.8].

The results in Figures 3 and 4 conduct the comparison of
CCRs between hybrid kernel, linear kernel (LK), and CDF9/7
biorthogonal wavelet kernel (Cdf9/7 BWK). The H-BWHK
refers to the highest CCR of the SVM based on biorthogonal
wavelet hybrid kernel, while the A-BWHK refers to the
average of nine CCRs when 𝜌 changes from 0.1 to 0.9. For
both the BWH-FWOCSVM and the BWH-OCSVM with
indicator sets 𝐶

28
, 𝐶
13
, and 𝐶

8
, the A-BWHK is higher than

the CCRof LK andCdf9/7 BWK, and theH-BWHKhasmore
obvious advantage. Nevertheless, the selection of 𝜌 has a great
impact on the prediction accuracy. An inappropriate 𝜌 may
lead to the consequence that the prediction accuracy of a
hybrid kernel function SVM model is lower than that of the
single kernel SVMmodel. In fact, besides grid searchmethod,
optimal algorithm such as PSO and genetic algorithm can
also be a substitution.

In Table 3, it is obvious that weighting the financial
indicators based on the EVA and the GRA can improve
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Figure 3: CCRs of BWH-FWOCSVM based-on single and hybrid
kernels.
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Figure 4: CCRs of BWH-OCSVM based-on single and hybrid
kernels.

the prediction accuracy effectively. Considering the average
value on the eleven cases when 𝜌 ranges from 0 to 1, CCRs
of the BWH-FWOCSVM are 1.8%, 2.5%, and 1.7% higher
than those of the BWH-OCSVM, respectively, with 𝐶

28
,

𝐶
13
, and 𝐶

8
, while the 𝑃(𝐷/𝐷)s of the BWH-FWOCSVM

are 2.8%, 2.5%, and 1.7% higher than those of the BWH-
OCSVM, respectively. Considering the CCR as a selection
criteria, 𝑃(𝐷/𝐷) and 𝑃(𝐷/𝑁) of the BWH-FWOCSVM and
the BWH-OCSVM with the highest CCR are selected for
comparison (i.e., both of the two models with highest CCR
satisfy the following conditions: the indicator set is 𝐶

13
and

𝜌 = 0.7). We can find that the BWH-FWOCSVM has more
advantage specifically, 𝑃(𝐷/𝐷) and 𝑃(𝐷/𝑁) are, respectively,
9.3% higher and 5.1% lower than those of the BWH-OCSVM.
Given that 𝑃(𝐷/𝐷) indicates the model’s effectiveness in
classifying the financial distressed companies correctly, and
misclassifying a financial distressed company as a normal one
may cause huge risk, the BWH-FWOCSVM is more effective
than nonweighted BWH-OCSVM in financial distress pre-
diction.

The statistical significance of the difference between the
BWH-FWOCSVM and the BWH-OCSVM on the CCR is
assessed by using the Wilcoxon signed ranks test. Wilcoxon



Mathematical Problems in Engineering 9

Table 4: Wilcoxon test of CCRs between BWH-FWOCSVM and
BWH-OCSVM.

Test statistics OCSVM-FWOCSVM
𝐶
28

𝐶
13

𝐶
8

𝑍 −2.943 −2.949 −2.944
𝛼 0.003 0.003 0.003

test is a nonparametric test method and applied when overall
distribution is unknown [45]. For the CCR in Table 3, the
results of Wilcoxon test are shown in Table 4. The value of Z
statistics of 𝐶

28
, 𝐶
13
, and 𝐶

8
are −2.943, −2.949, and −2.944,

respectively. Concomitant probability 𝛼 of three financial
indicator sets are all 0.003, less than the significance level
of 0.01, which indicates the CCRs of BWH-FWOCSVM are
higher than those of the BWH-OCSVM in the significance
level of 0.01.

Many researches demonstrate that the SVM is superior
to the DA, logistic regression, and ANNs in financial distress
prediction, so similar comparisons will not be conducted in
this study. In order to verify the performance of the proposed
CDF9/7 biorthogonal wavelet kernel and hybrid kernel func-
tion 𝐾

𝑀
, we compare the two kinds of kernel functions with

the other five single kernel functions, including Poly kernel,
Sigmoid kernel, RBF kernel, Morlet kernel, and Coif3 kernel,
as shown in Table 5.

From Table 5 we can conclude that biorthogonal wavelet
hybrid kernel 𝐾

𝑀
has the best performance in both the

FWOCSVM and the OCSVM. No matter which indicator
set is used, SVM models based on 𝐾

𝑀
get higher CCRs,

higher 𝑃(𝐷/𝐷)s and lower 𝑃(𝐷/𝑁)s than other single kernel
functions. Taking the FWOCSVM as an example, the CCRs
of 𝐾
𝑀
are, respectively, 7.3%, 8.3%, and 6.7% higher than the

average CCR of the other five single kernels with 𝐶
28
, 𝐶
13
,

and 𝐶
8
, while 𝑃(𝐷/𝐷)s of 𝐾

𝑀
are 6.4%, 14.1%, and 11.4%

higher. Also, the results illustrate that the proposed Cdf9/7
biorthogonal wavelet kernel outperforms the above five single
kernels overall in CCR, 𝑃(𝐷/𝐷), and 𝑃(𝐷/𝑁), only with
the exception of 0.5% 𝑃(𝐷/𝐷) lower than the Coif3 in the
FWOCSVM with 𝐶

13
.

For the SVMs based on same kernel, the FWOCSVM
has higher CCR, higher 𝑃(𝐷/𝐷), and lower 𝑃(𝐷/𝑁). For
instance, in Figures 5 and 6 with 𝐶

13
, the average CCR of

the FWOCSVM based on eight different kernels is 2.5%
higher than the OCSVM, and the maximum value of CCR
is 4.2% higher. Meanwhile, the average 𝑃(𝐷/𝐷) is 4% higher
and the maximum value of 𝑃(𝐷/𝐷) is 11.7% higher. It also
proves that weighting the financial indicators based on the
GRA and the EVA improves the accuracy of the financial
distress prediction effectively. The statistical significance of
the difference on the CCR between the FWOCSVM and
the OCSVM based on different kernels is also assessed by
using the Wilcoxon test and the results are shown in Table 6.
The value of Z statistics of 𝐶

28
, 𝐶
13
, and 𝐶

8
are −2.521,

−2.524, and −2.524, respectively. Concomitant probability 𝛼

of three financial indicator sets are all 0.012, smaller than
the significance level of 0.05, which indicates the CCRs of
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Figure 6: 𝑃(𝐷/𝐷)s based on different kernels with set 𝐶
13
.

the FWOCSVM based on different kernels are higher than
those of the BWH-OCSVM in the significance level of 0.05.

6. Conclusion

In this paper, we develop and implement a framework
of a financial distress prediction model based on publicly
available data. To this end, a novel biorthogonal wavelet
hybrid kernel function is constructed by combining linear
kernel function with biorthogonal wavelet kernel function,
and a new feature weighted approach based on the EVA
and the GRA is presented. The novel biorthogonal wavelet
hybrid kernel function takes full advantage of different
kernel functions’ mapping abilities and has good learning
performance, while the new feature weighted approach is
applied toweight financial indicators. Considering the imbal-
ance between financially distressed companies and normal
ones, the feature weighted one-class SVM based on the
biorthogonal wavelet hybrid kernel (BWH-FWOCSVM) is
further proposed and the empirical analysis conducted on
the 284 listed companies in the GEM of China shows good
performance of the proposed approach.The financial distress
prediction model proposed in this paper is a reliable and
feasible system for evaluating financial situation of the listed
companies.
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Table 5: Results of FWOCSVM and OCSVM based on different kernels.

Indicator set Kernel function FWOCSVM OCSVM
CCR 𝑃(D/D) 𝑃(D/N) CCR 𝑃(D/D) 𝑃(D/N)

𝐶
28

Linear 79.2% 71.5% 19.2% 77.3% 70.4% 20.2%
Poly 78.3% 71.5% 20.5% 76.7% 68.7% 21.5%

Sigmoid 79.3% 72.0% 20.2% 77.5% 70.8% 21.0%
RBF 80.8% 76.3% 18.5% 77.8% 71.5% 20.2%
Morlet 80.8% 76.8% 18.4% 78.8% 73.3% 19.6%
Coif3 81.7% 77.2% 17.6% 80.5% 74.3% 18.8%
Cdf9/7 82.5% 77.3% 16.4% 80.8% 75.2% 18.0%
𝐾
𝑀

87.5% 81.2% 11.2% 84.3% 79.5% 15.9%

𝐶
13

Linear 80.0% 74.1% 18.8% 78.2% 72.5% 19.9%
Poly 79.0% 73.6% 18.7% 77.5% 71.0% 21.1%

Sigmoid 80.2% 73.1% 18.6% 78.3% 72.5% 20.4%
RBF 82.7% 78.7% 16.7% 79.2% 74.4% 19.8%
Morlet 83.1% 79.7% 16.0% 80.0% 76.3% 19.2%
Coif3 83.3% 81.2% 16.2% 81.7% 77.3% 17.4%
Cdf9/7 84.2% 80.7% 15.2% 82.3% 77.3% 16.7%
𝐾
𝑀

90.0% 91.4% 10.3% 85.8% 79.7% 12.9%

𝐶
8

Linear 78.3% 70.1% 19.7% 76.5% 69.6% 22.1%
Poly 77.5% 69.1% 22.1% 75.8% 67.6% 22.5%

Sigmoid 77.7% 69.7% 21.4% 76.7% 70.1% 22.0%
RBF 80.2% 73.0% 19.7% 77.5% 71.1% 21.2%
Morlet 79.5% 74.9% 19.1% 78.3% 72.1% 20.4%
Coif3 80.8% 75.8% 17.9% 79.2% 73.0% 19.6%
Cdf9/7 81.7% 77.3% 17.2% 80.0% 73.5% 18.7%
𝐾
𝑀

85.8% 83.9% 13.6% 83.3% 78.9% 15.8%

Table 6: Wilcoxon test of CCRs between FWOCSVM and OCSVM
based on different kernels.

Test statistics OCSVM-FWOCSVM
𝐶
28

𝐶
13

𝐶
8

𝑍 −2.521 −2.524 −2.524
𝛼 0.012 0.012 0.012

However, in this study, the optimal weighting coefficient
𝜌 is obtained by the grid search method with the search step
length 0.1, which may not be precise enough. In further stud-
ies, other optimization methods such as genetic algorithm
will be applied to obtain 𝜌 in hybrid kernel. Besides, linear
combination of different kernels is applied in this paper and
in further studies nonlinear combination of different kernels
will be studied in financial distress prediction.
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