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This paper presents a novel parameter reduction method guided by soft set theory (NSS) to select
financial ratios for business failure prediction (BFP). The proposed method integrates statistical logistic
regression into soft set decision theory, hence takes advantages of two approaches. The procedure is
applied to real data sets from Chinese listed firms. From the financial analysis statement category set
and the financial ratio set considered by the previous literatures, our proposed method selects nine
significant financial ratios. Among them, four ratios are newly recognized as important variables for
BFP. For comparison, principal component analysis, traditional soft set theory, and rough set theory
are reduction methods included in the study. The predictive ability of the selected ratios by each
reduction method along with the ratios commonly used in the prior literature is evaluated by three fore-
casting tools support vector machine, neural network, and logistic regression. The results demonstrate
superior forecasting performance of the proposed method in terms of accuracy and stability.

� 2014 Elsevier B.V. All rights reserved.
1. Introduction

Business failure prediction (BFP) is one of the most essential
problems in the field of economics and finance. It has been a sub-
ject of great interest to practitioners and researchers over decades.
Being able to forecast potential failure provides an early warning
system so that timely decisions are allowed to be made and appro-
priate adjustment in resource allocation can be taken place. There
are three major tasks involved in the process of BFP, as shown in
Fig. 1.

First, researchers need to determine their research objects [13].
Business failure prediction is a broad subject. Specific fields such as
bank failure prediction, tourism failure prediction, small business
failure prediction may take different approaches. Here we are
interested in the failure prediction of Chinese listed firms from
the Shenzhen Stock Exchange and Shanghai Stock Exchange.

Second, researchers need to select variables for BFP. Since the
operational business environment changes quickly, BFP must be
done in a timely fashion to provide early warnings. It has been
shown that financial ratios have more forecasting power than
other types of variables in such dynamic settings [20]. Hence
we focus on financial ratio variables. Available ratios could not
be used indiscriminately because some ratios could prove to be
more powerful in their predictive ability than others. Predictive
ability presents in two aspects. One is the forecasting accuracy
(ACC). The other is the forecasting stability. If a forecasting
system includes too many nonsignificant financial ratios, it will
produce results low in forecasting accuracy and stability [10].
The goal of this paper is to select important financial ratios for
BFP.

Third, researchers need to select forecasting models for BFP. The
forecasting method, in particular the forecasting classifier used for a
qualitative response, has a significant impact on the forecasting per-
formance. Since the early empirical work on methods adopted by
large USA banks, there has been a large number of literatures on
the forecasting methods. Those methods include discriminant anal-
ysis [2], logistic regression (LR) [28], neural networks (NN) [3], pro-
bit method [35], rough set theory (RS) [11], support vector machine
(SVM) [25], case-based reasoning [17], combination methods
[7,20,34] and others. For a detailed review, one can refer to Dimitras
et al. [10] and Zopounidis [36]. In this paper, we will use LR, SVM and
NN to evaluate performance of variable selection methods rather
than to study the selection of those forecasting models.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2014.03.007&domain=pdf
http://dx.doi.org/10.1016/j.knosys.2014.03.007
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Fig. 1. The process of business failure prediction.
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Differing from the development on prediction models, not
much progresses have been made in variable selection for BFP.
Beaver [4] selected six financial ratios including debt ratios. Alt-
man [2] employed five financial ratios including sales to total as-
sets. Deakin [8] made an attempt to identify variables useful in
BFP. Ohlson [28] adopted nine different features. Recently, scholars
[12,21,26,31,34] proposed additional financial ratios for BFP. Most
popular financial ratios adopted in the prior literatures are summa-
rized in Table 1. However, most of those financial ratios are se-
lected either by the expert system method or by statistical
approaches. Expert system relies heavily on users’ knowledge
and ability, which imposes difficulty to make it widely used. Statis-
tical approaches have disadvantages for variable selection on their
stringent model assumptions, which are often not met in practice.
Small departures from the assumed model may make the statisti-
cal methods yielding unreliable even unacceptable results.

On the other hand, as we mentioned before, BFP must to be done
in a dynamic setting. We shall include more factors or variables in
the model such that information loss on the nature of firms in a dy-
namic operational environment is minimal. Inevitably we deal with
BFP problem based on high-dimensional data. Soft set theory (SS),
initiated by Molodtsov [27], has advantages to deal with high-
dimension data sets. It also has been proved theoretically to be an
effective tool for dimension reduction [9]. We expect SS a good per-
formance on financial ratio selection for BFP. However, the prior lit-
eratures on SS are either purely theoretical or applied only on
simple situations [24,6,16,37,14,30,23,1]. The available algorithms
are rarely useful to be applied directly to the BFP problem. This
Table 1
Financial ratios adopted in prior literatures for BFP.

No. Financial ratio No. Financial ratio

x1 Tax rates x2 Equity value per share
x3 No-credit interval x4 Operating earnings per share
x5 Equity growth ratio x6 EPS
x7 Current ratio x8 Cash flow/total debt
x9 Cash flow/total asset x10 Cash flow/sales
x11 Debt ratio x12 Working capital/total asset
x13 Market value equity/total debt x14 Current assets/total asset
x15 Quick asset/total asset x16 Sales/total asset
x17 Current debt/sales x18 Quick asset/sales
x19 Working capital/sales x20 Net income/total asset
x21 Retained earnings/total asset
x22 Earnings before interest and taxes/total asset
x23 Continuous 4 quarterly EPS (earning per share)
x24 Log (total asset/GNP price-level index)
x25 One if total liabilities exceeds total assets, zero otherwise
x26 One if net income was negative for the past 2 years, zero otherwise
x27 ðNIt � NIt�1Þ=ðjNIt j þ jNIt�1jÞ;NIt: Latest net income
motivates us to develop a novel method based on SS (NSS) to select
financial ratios for BFP.

We first propose a general way to transfer the complex real-life
data to 0–1 data frame so that SS or RS methods can be applied.
Using LR, the importance of each variable is measured by its influ-
ence on predicting whether the firm will fail or not. A critical
parameter involved in this step is determined optimally by a
cross-validation procedure. Then the uni-int decision making on
the SS is employed to obtain an optimal set of significant financial
ratios. In such a way, our method utilizes the flexibility and effi-
ciency of soft set theory and in the same time takes advantages
of the statistical method without worrying about justifications of
the underlying assumptions.

For comparison, principle component analysis (PCA) [15], tradi-
tional soft set (TSS) [16], rough set (RS) [29] are reduction methods
included in the study of real data sets from Chinese listed firms
along with evaluations of the financial ratio set proposed in previ-
ous literatures. TSS and RS use the same tabular representation
data as NSS. Comparing with TSS, the uni-int decision making
method is developed based on the redefined operations that ex-
ploits available tabular information more fully.

The remainder of this paper is organized as follows. Section 2
reviews the classical SS theory and introduces the proposed
parameter reduction method. Section 3 describes the application
to a real data set. In Section 4, we present the empirical results
and compare performance of the proposed method with other
methods. We conclude and discuss possible future work in
Section 5.

2. Soft set oriented parameter reduction methods

Originated by Molodtsov [27], soft set theory deals with uncer-
tainty in a non-parametric manner. It has been extended to effec-
tively select parameters [16]. In this section, we first review soft set
theory, the uni-int decision making method and the traditional
reduction method proposed, then propose our novel method.

2.1. Soft set theory

Let U be a non-empty initial universe of objects, E be a set of
parameters to objects in U; PðUÞ be the power set of U and A # E.

Definition 2.1. A soft set FA on U is defined by the set of ordered
pairs

FA ¼ fðx; fAðxÞÞ : x 2 E; fAðxÞ 2 PðUÞg;

where fA : E! PðUÞ such that fAðxÞ ¼ ; if x R A.

Here fA is called approximate function of the soft set FA. The soft
set FA, in other words, is a parameterized family of subsets of the
set U. Every set fAðxÞðx 2 EÞ from this family may be considered
as the set of x-elements of the soft set FA. Denote the collection
of all soft sets on U as SðUÞ.

Çağman and Engioğlu [5] redefined operations on soft sets. They
defined product operations as binary operations of soft sets
depending on an approximation function of two variables to ex-
ploit information of soft sets more fully. Then, they proposed the
uni-int decision making method as follows.

Definition 2.2. If FA; FB 2 SðUÞ, then the ^-product (and-product)
of two soft sets FA and FB is a soft set FA ^ FB defined by the
approximation function

fA^B : E� E! PðUÞ; fA^Bðx; yÞ ¼ fAðxÞ \ fBðyÞ:

Denote ^ðUÞ as the set of all ^-products of the soft sets over U.
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Definition 2.3. If FA ^ FB 2 ^ðUÞ, then uni-int operations denoted
by unixinty and uniyintx are defined, respectively, as

unixinty : ^ðUÞ ! PðUÞ; unixintyðFA ^ FBÞ ¼ [x2Að\y2BðfA^Bðx; yÞÞÞ;

uniyintx : ^ðUÞ ! PðUÞ; uniyintxðFA ^ FBÞ ¼ [y2Bð\x2AðfA^Bðx; yÞÞÞ:

Finally, the uni-int decision set is defined as the union of two
uni-int operation sets. That is,

uni� intðFA ^ FBÞ ¼ unixintyðFA ^ FBÞ [ uniyintxðFA ^ FBÞ:
2.2. Traditional parameter reduction method of soft set (TSS)

There are many literatures in soft set that focus on the param-
eter reduction problem. One of the most popular algorithms, de-
noted as TSS, is proposed by Kong et al. [16]. The authors use the
jackknife (leave one out) idea to define an importance degree of
a variable by a measure of change in decision partition sets. The
following is a brief review of TSS.

Suppose U ¼ fh1;h2; . . . ;hng and E ¼ fe1; e2; . . . ; emg. ðF; EÞ is a
soft set represented by a table fhijg. Define fAðhiÞ ¼

P
j:ej2Ahij for

A # E. Clearly, fEðhiÞ ¼
Pm

j¼1hij. Then according to all possible values
of fE;U is partitioned to CE ¼ fHf1 ;Hf2 ; . . . ;Hfsg, where f1 P f2 P
. . . P fs, and any hi 2 Hfj

if and only if fEðhiÞ ¼ fj. In other words, ob-
jects with the value of fEð�Þ are partitioned into a same subclass.

Definition 2.4. A � E is dispensable if fAðh1Þ ¼ fAðh2Þ . . . ¼ fAðhmÞ,
otherwise, A is indispensable.

In other words, A is dispensable if CA ¼ fUg, which means A
having no use to partition U.

Definition 2.5. B � E is a normal parameter reduction of E if B is
indispensable and E� B is dispensable. G � E is called a pseudo
reduction of E if CG ¼ CE.

One can define an importance degree of ei by a measure of
change between CE and CE�ei

. CE�ei
is the decision partition after

deleting ei. For presentation brevity, we write fE�ei
ðhjÞ as

giðhjÞ;CE ¼ fHf1 ; . . . ;Hfsg as C ¼ fH1;H2; . . . ;Hsg and CE�ei
as

C�i ¼ fHgi1
;Hgi2

; . . . ;Hgit
g. Then the importance degree of ei is

ri ¼
1
jUj
Xs

k¼1

ak;i;

where j � j denotes the cardinality of a set and

ak;i ¼
jHk � Hgil

j if gil ¼ fk for 1 6 l 6 t; 1 6 k 6 s;

jHkj otherwise:

�

The algorithm of TSS is described as follows.

1. Input the soft set ðF; EÞ and the parameter set E.
2. Compute parameter importance degree rei

, for 1 6 i 6 m.
3. Search for the maximal subset A ¼ fei1 ; ei2 ; . . . eipg in E

whose sum of rij is a nonnegative integer.
4. Check A whether it is dispensable. If it is, E� A is the nor-

mal parameter reduction and A is saved to the feasible
parameter reduction set.

5. Find the set A with the maximum cardinality in the feasi-
ble reduction set.

6. Compute E� A as the optimal normal parameter
reduction.

The above algorithm has a clear motivation and works well for
small data sets with categorical parameters. However, for BFP with
a large number of numerical financial ratio variables, a direct appli-
cation of TSS is infeasible. Besides, there is no construction way in
TSS on how to get a tabular representation of SS. In the next,
we propose a novel parameter reduction method based on SS for
BFP.

2.3. A novel parameter reduction method of soft set (NSS)

For BFP, it seems natural that U is the collection of firms in the
study and E is the set of financial ratio variables. However, such a
setup imposes tremendous difficulties for our task. First, most of
variables are numerical. Although a discretization technique can
be used to convert those continuous variables to be nominal, infor-
mation might be lost largely. Second, how to use the label informa-
tion (failure or not) in the real-world data set is unclear. Third, with
a large number of variables, traditional methods are very computa-
tionally intense.

To overcome those difficulties, we let U ¼ fx1; . . . ; xmg be the set
of financial ratio variables and E ¼ fh1; . . . ;hng be the set of compa-
nies under consideration. In such a way, the parameter reduction
problem is transferred to be the problem of selecting an optimal
decision, which can be scaled up for a large m. Also the status of
each firm is categorical, either failure or normal. That can be easily
incorporated into a decision procedure. Now we focus on using
numerical information of financial ratio variables to construct the
tabular representation of SS.

To assess the relationship between financial ratios and status of
firms, we apply the logistic regression model (LR) [28] because of
its simplicity and interpretability. Use binary variable Y as the sta-
tus of firms, that is,

Yj ¼
1 if jth firm is in normal status;

0 otherwise j ¼ 1; . . . ;n:

8<
:

LR models the logit of odds as a linear function of financial ratios as
follows.

log
PðY ¼ 1Þ
PðY ¼ 0Þ ¼ bT x ¼ b0 þ b1x1 þ b2x2 þ . . .þ bmxm

or equivalently,

PðY ¼ 1Þ ¼ 1
1þ expð�bT xÞ

:

Coefficient bi is the amount of log odd change when xi increases 1
unit, hence it measures relative effect of xi on Y. We estimate bi

by the maximum likelihood estimator (MLE) b̂i based on the train-
ing data set ðYj; xjÞ for j ¼ 1; . . . ; n where xj ¼ ðx1j; x2j; . . . ; xmjÞT . b̂i

takes information of the training data set and measures relative ef-
fect of the ith variable on status Y. Hence for Yj; expðb̂ixijÞ represents
the contribution of the ith variable of the jth firm to its odd
PðYj ¼ 1Þ=PðYj ¼ 0Þ. If expðb̂ixijÞ is large (greater than c), the ith var-
iable is helpful for predicting the jth firm to be in normal status,
otherwise, it is useful for the failure prediction. Here, c is the critical
value that is used to differentiate the role of xij in predicting the
status of jth firm. In other words, if expðb̂ixijÞP c; xij is useful to
predict the jth firm in normal status. If expðb̂ixijÞ < c; xij is useful
to predict the jth firm in failure status. Then, we use the ground
truth of Yj to verify the prediction. If the prediction from xij is the
jth firm in normal status and Yj is 1, we are sure that xij is really
useful for BFP. If the prediction from xij is the jth firm in failure sta-
tus and also Yj is 0, we confirm that xij is really useful for BFP. Other-
wise, if the prediction does not match the true status, variable xij is
not helpful for BFP. This idea provides us a way to construct 0–1
tabular representation for SS. The algorithm of NSS is illustrated
as follows.
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1. Fit LR on the training data set to obtain MLE b̂i.
2. Input U ¼ fx1; . . . ; xmg to be the set of financial ratios and

E ¼ fh1; . . . ;hng to be the set of firms.
3. Construct the tabular representation of soft sets. Its entry

v ij for i ¼ 1; . . . ;m; j ¼ 1; . . . ;n is
v ij ¼
1 if expðb̂ixijÞP c and Yj ¼ 1;

1 if expðb̂ixijÞ < c and Yj ¼ 0;

0 otherwise;

8><
>:
where c is a critical value that is determined optimally in a pro-
cedure illustrated later. Then our approximation function of the
soft set is fAðhjÞ ¼ fxi : hj 2 A; v ij ¼ 1g.

4. Let NST ¼ fhj : Yj ¼ 1g to be the set of ‘‘Not Specially Trea-
ted’’ firms and ST ¼ fhj : Yj ¼ 0g to be the set of ‘‘Specially
Treated’’ firms. Without loss of generality,
NST ¼ fh1;h2; . . . ;hn1g and ST ¼ fhn1þ1; . . . ;hng.

5. Obtain soft sets FNST ¼ fðhj; fNSTðhjÞÞ; j ¼ 1; . . . ;n1g and
FST ¼ fðhj; fSTðhjÞÞ; j ¼ n1 þ 1; . . . ;ng

6. Find FNST ^ FST , the and-product of FNST and FST .
7. Apply the uni-int decision making rule on FNST ^ FST .
8. Obtain the optimal decision set of U, which is the optimal

financial ratios set for BFP.

The performance of NSS is largely determined by the critical va-
lue c. Here we use grid search through cross-validation on the
training data set to obtain c such that the mean value of validation
accuracy is the highest. The procedure can be described as follows
and shown in Fig. 2.

Step 1. We do a grid search for c in the range where ln c changes
from �3 to 3 with a step 0.01. For each c, we do the following
steps 2–4.
Step 2. The training data set is randomly divided into two
groups evenly. One is used to train b̂i. The other one is used
to evaluate the forecasting accuracy (ACC, the definition is
described in Section 4.2.). b̂i is obtained through LR on the first
group data set. Along with the value of c, we obtain SS table and
select financial ratio sets using NSS.
Fig. 2. NSS Algorithm and the
Step 3. SVM is employed as the verification tool. With the
selected financial ratios from Step 2, we implement SVM on
the second group data set of the year ðt � 1Þ for ACC. The Gauss-
ian radical basis function (RBF) is set as the kernel [22]. Grid-
search and cross-validation are used to search for optimal
parameters values of RBF on the first group data set. ACC is
computed.
Step 4. Repeat 5 times of the steps 2 and 3. The mean value of
ACC is obtained.
Step 5. The optimal c is the value that attains the highest mean
value of forecasting accuracy.

With the optimal c, NSS selects the optimal financial ratio vari-
ables that are helpful to BFP. It integrates LR into SS and hence
takes advantages of two methods. We expect a good performance
of the proposed NSS.
3. Empirical experiment

3.1. Sample and data

According to the benchmark of China Securities Supervision
and Management Committee (CSSMC), listed firms are catego-
rized into two classes: Specially Treated firms (ST) and Not Spe-
cially Treated firms (NST). The criteria are either negative net
profits in recent consecutive two years or announcement on pur-
pose about serious financial misstatements. Here, we consider ST
companies as firms that have had negative net profits in recent
two years.

We use real financial data sets from Chinese listed firms. The
data were collected from the Shenzhen Stock Exchange and Shang-
hai Stock Exchange in China. We randomly selected a sample of
120 NST and 120 ST firms in the period between the year 2000–
2012. Financial ratios in the financial analysis statement category
set (FASCS) (see Table 12 at Appendix A) and in the prior literatures
financial ratio sets (PLFRS) (see Table 1] were calculated for each
firm in the sample.
procedure for optimal c.



Table 2
Financial ratios of FRPBA.

No. Financial ratio No. Financial ratio

F1 Working capital/total asset F2 Market value equity/total debt
F3 Sales/total asset F4 Retained earnings/total asset
F5 Current ratio F6 Cash flow/total debt
F7 Debt ratio F8 No-credit interval
F9 Earnings before interest and taxes/total asset
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3.2. Experiment design

As pointed out in the literature [19], forecasting of the year t
using the data set of the year ðt � 2Þ or ðt � 3Þ is more difficult than
that using the data set of the year ðt � 1Þ. In this paper, we tackle
this challenge.

To investigate whether the new financial ratio set selected from
NSS has a good performance for BFP, three parameter selection
methods (PCA, RS, TSS) are employed and three forecasting meth-
ods (LR, SVM, NN) are used to evaluate the prediction performance.
Also, we include the nine most popular financial ratios used by
Beaver [4] and Altman [2] (FRPBA). They are listed in Table 2.

The framework of this experiment is shown in Fig. 3. The details
can be illustrated as follows.

Step 1. Collect data and classify NST and ST firms. We randomly
split those data into three groups for this experiment. One is the
hold-out data set that will be rejected. One is the training data
set and the last one is the testing data set.
Step 2. Obtain financial ratios in the list of PLFRS and FASCS. We
employ PCA, RS, TSS, and NSS to select parameters on the train-
ing data set.
Step 3. Using the benchmark set FRPBA and the financial ratios
sets from PCA, RS, TSS, we separately obtain forecasting models
using LR, SVM and NN, respectively.
Step 4. The testing data set is used for evaluating each forecast-
ing model. Obtain ACC.
Step 5. Compare the prediction performance and conclude.

4. Experiment results and discussion

Matlab software package (2012) and Statistical Product and Ser-
vice Solutions (IBM SPSS 20) are employed to obtain the result of
financial ratios selection and forecasting performance of different
forecasting models.
F

Sample and data from

Valida�ng data set

Tes�ng data set Training dat

variables s
(TSS)

variables set
(PCA)

LRRS

Predic�on performance

Tes�ng data setsModels
tes�ng
process

Fig. 3. The framework
4.1. Financial ratios selection results

With a grid search procedure described in Section 2.3, we ob-
tain the optimal value c ¼ 1:27 on the training data set. It yields
the highest mean value 0.967 of the validation accuracy. With
this value of c, 0–1 data frame is constructed and used for NSS,
RS and TSS. In the next, we present the selected ratios by each
parameter reduction method. For comparison purpose, we keep
nine financial ratios in order to make the selected model with
the same complexity as the others so that their prediction ability
is comparable.

4.1.1. Results with PCA
PCA selects five financial ratios as the parameters for BFP be-

cause their sum variation contribution to the total variation is
87.62%, which is greater than 85%, a common critical value. Listed
in Table 3 are those five variables along with the following four
variables whose accumulative variation accounts for 87.93% of
the total variation.

4.1.2. Results with RS
The RS algorithm of computing all reduction [33] is employed

for RS reduction method. We take the net profit parameter as the
decision attribute to do the parameters reduction with RS. With
the transformed data from NSS, eight parameters are selected by
RS. Again, to keep model complexity the same, nine parameters
are listed in Table 4.

4.1.3. Results with TSS
With the procedure described in Subsection 2.2 on the trans-

formed data from NSS, TSS extracts nine financial ratios listed in
Table 5.

4.1.4. Results with NSS
Nine financial ratios listed in Table 6 are selected by NSS.

Among them, net profit over sales, management fee over total cost,
the total asset turnover and comprehensive leverage factor are the
first time to be considered useful for BFP.

4.2. Forecasting results

We choose the Gaussian radical basis function (RBF) as the
SVMs kernel [22]. Grid-search and cross-validation are used to
search for optimal parameters values of RBF based on the training
Models training process

inancial ra�os selec�on process

10 �mes’ split on the data

CSMAR Solu�on
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a set Rejected
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Table 3
Financial ratios selected with PCA.

No. Financial ratio No. Financial ratio

P1 Working capital/total asset P2 Net income/total asset
P3 Income tax P4 Cash ratio
P5 Debt ratio P6 Working capital turnover
P7 Re-investment cash/total cash P8 Quick assents/sales
P9 Continuous 4 quarterly EPS (earning per share)

Table 4
Financial ratios selected with RS.

No. Financial ratio No. Financial ratio

R1 Net income/total asset R2 Cash ratio
R3 Working capital/total asset R4 Retained earnings/total asset
R5 Equity value per share R6 Quick assents/sales
R7 Debt ratio R8 Continuous 4 quarterly EPS
R9 Comprehensive leverage factor

Table 5
Financial ratios selected with TSS.

No. Financial ratio No. Financial ratio

T1 Working capital/total asset T2 Working capital turnover
T3 Net income/total asset T4 Equity value per share
T5 Debt ratio T6 Capital-intensity
T7 Cash ratio T8 Tangible net debt ratio
T9 The growth rate of net cash flow generated by operating activities

Table 6
Financial ratios selected with NSS.

No. Financial ratio No. Financial ratio

N1 Working capital/total asset N2 Debt ratio
N3 Net profit/sales N4 Net income/total asset
N5 Management fee/total cost N6 Total asset turnover
N7 Reinvestment cash/total cash N8 Comprehensive leverage factor
N9 Continuous 4quarterly EPS
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data set. Back propagation neural network (BPNN) is employed as
the NN algorithm [34]. We run twenty experiments on the training
data set for NN prediction and select the optimal set of experiment
results as the output of NN prediction. The testing data set is used
to compare the forecasting accuracy of different models. For LR, we
forecast a firm as NST if its estimated probability of Y ¼ 1 is greater
than 0.5.
Table 7
Results of 10-fold cross-validation and summaries of ACC on average (ave), variance (var)

PCA RS TSS

LR SVM NN LR SVM NN LR S

1 0.750 0.875 0.813 0.813 0.938 0.875 0.875 1
2 0.938 0.875 0.750 0.938 0.813 0.813 0.813 0
3 0.625 0.688 0.750 0.688 0.625 0.750 0.625 0
4 0.813 0.813 0.938 0.875 0.875 0.938 0.813 0
5 0.688 0.563 0.563 0.625 0.625 0.625 0.625 0
6 0.563 0.813 0.875 0.625 0.875 0.938 0.688 0
7 0.688 1.000 0.688 0.750 1.000 0.750 0.813 0
8 0.813 0.875 0.625 0.875 0.875 0.625 0.875 0
9 1.000 0.750 0.938 0.938 0.813 0.875 1.000 0
10 0.625 0.938 0.625 0.625 0.938 0.813 0.688 0
Ave 0.750 0.819 0.756 0.775 0.838 0.800 0.781 0
Var 0.020 0.016 0.018 0.017 0.016 0.013 0.015 0
Cv 0.027 0.020 0.023 0.022 0.019 0.016 0.019 0
For BFP, it is a typical binary classification problem, in which the
prediction are labeled as either ‘‘positive’’ (P) or ‘‘negative’’ (N).
There are four possible outcomes from a binary classifier. If the
outcome from a prediction is positive and the actual state is also
positive, it is called a true positive (TP); if the actual status is neg-
ative then it is said to have a false positive (FP). Conversely, a true
negative (TN) has occurred when both the prediction outcome and
the actual value are negative, and false negative (FN) occurs when
the prediction outcome is negative while the actual value is posi-
tive. We use the percentage of correct identification to measure
the forecasting accuracy (ACC) of a forecasting model [32], which is

ACC ¼ ðTPþ TNÞ
Pþ N

:

The 10-fold cross-validation approach is used to perform the exper-
iment. The forecasting comparison of parameter reduction methods
evaluated by LR, SVM and NN for data sets of the year ðt � 2Þ are
listed in Table 7 and for data sets of the year ðt � 3Þ are listed in
Table 8.

4.3. Comparison and discussion

For each forecasting method, six statistical summary indices of
ACC from the 10-fold cross-validation procedure for data sets of
the year ðt � 2Þ and for the data sets of the year ðt � 3Þ are listed
in Tables 9–11, respectively. The mean and median are crucial on
assessing forecasting accuracy [18]. Those two indices are also
demonstrated in Fig. 4. Variance value and coefficient of variance
are critical on assessing forecasting stability [34]. Both are illus-
trated in Fig. 5.

4.3.1. Discussion on forecasting accuracy
From Tables 9–11 and Fig. 4, one can easily find out that NSS is

an effective tool to select important variables for improving the
forecasting performance for BFP. The model with the financial ra-
tios selected by NSS uniformly performs the best no matter what
evaluation method is used or which year of data set is used for
forecasting. It has the highest mean, median and minimum fore-
casting accuracy comparing to those with financial ratios selected
by PCA, RS, TSS and FRPBA. LR, SVM and NN have a similar forecast-
ing accuracy with financial ratios selected by RS, TSS and FRPBA.
With financial ratios selected by PCA, LR, SVM and NN have the
lowest forecasting accuracy.

Without a surprise, LR, SVM and NN consistently have a higher
forecasting accuracy with data sets of the year ðt � 2Þ than those
with data sets of the year ðt � 3Þ for all selected variable models.
Prediction on a long term time horizon is more difficult than a
short term prediction.
and variance coefficient (cv) using data sets of the year ðt � 2Þ of Chinese listed firms.

NSS FRPBA

VM NN LR SVM NN LR SVM NN

.000 0.938 1.000 1.000 0.938 0.875 0.875 1.000

.813 0.813 0.875 0.813 0.938 0.563 0.938 0.875

.688 0.750 0.688 0.750 0.813 0.875 0.750 0.875

.875 0.938 0.813 1.000 0.938 0.625 1.000 0.813

.688 0.688 0.688 0.688 0.688 0.813 0.625 0.625

.813 0.938 0.750 0.875 1.000 0.625 0.688 0.750

.938 0.688 0.875 0.938 0.750 0.813 0.625 0.688

.813 0.688 0.875 0.875 0.750 0.938 0.875 0.813

.750 0.813 1.000 0.813 0.875 1.000 0.938 0.938

.938 0.688 0.750 0.938 0.750 0.750 0.938 0.688

.831 0.794 0.831 0.869 0.844 0.788 0.825 0.806

.011 0.012 0.013 0.011 0.012 0.021 0.020 0.014

.014 0.015 0.016 0.012 0.014 0.027 0.024 0.018



Table 8
Results of 10-fold cross-validation and summaries of ACC on average (ave), variance (var) and variance coefficient (cv) using data sets of the year ðt � 3Þ of Chinese listed firms.

PCA RS TSS NSS FRPBA

LR SVM NN LR SVM NN LR SVM NN LR SVM NN LR SVM NN

1 0.938 0.875 0.875 0.688 0.938 0.875 0.750 1.000 0.813 0.938 0.813 0.875 0.750 0.938 0.875
2 0.813 0.750 0.625 1.000 0.688 0.625 0.938 0.813 0.875 0.813 0.875 1.000 0.875 0.625 0.938
3 0.500 0.563 0.813 0.938 0.500 0.625 0.688 0.625 0.625 0.563 0.625 0.813 0.688 0.625 0.625
4 0.875 0.688 0.875 0.750 0.750 1.000 0.875 0.938 0.813 0.813 1.000 0.750 0.938 0.938 0.625
5 0.563 0.500 0.438 0.500 0.625 0.500 0.625 0.563 0.563 0.688 0.563 0.563 0.625 0.813 0.563
6 0.438 0.688 0.875 0.563 0.875 0.813 0.563 0.563 0.813 0.625 0.750 0.938 0.563 0.563 0.875
7 0.875 0.938 0.563 0.750 1.000 0.938 0.688 0.813 0.625 1.000 0.938 0.875 0.625 0.875 0.625
8 0.750 0.875 0.500 0.813 0.938 0.563 0.938 0.875 1.000 0.875 0.875 0.563 0.938 0.875 0.938
9 0.875 0.500 0.938 0.938 0.688 0.875 1.000 0.625 0.875 0.938 0.750 0.688 1.000 0.625 0.875
10 0.500 1.000 0.563 0.625 0.813 0.688 0.563 0.938 0.563 0.563 0.938 0.875 0.625 0.938 0.563
Ave 0.713 0.738 0.706 0.756 0.781 0.750 0.763 0.775 0.756 0.781 0.813 0.794 0.763 0.781 0.750
Var 0.037 0.033 0.035 0.028 0.025 0.030 0.027 0.028 0.023 0.026 0.020 0.023 0.026 0.024 0.026
Cv 0.051 0.044 0.049 0.037 0.033 0.039 0.035 0.036 0.030 0.034 0.025 0.028 0.034 0.030 0.035

Table 9
Statistics of forecasting accuracy using LR.

Year Method Mean Median Minimum Maximum Variance Coef. var.

ðt � 2Þ PCA 0.7500 0.7188 0.5625 1.0000 0.0200 0.0266
RS 0.7750 0.7813 0.6250 0.9375 0.0167 0.0215
TSS 0.7813 0.8125 0.6250 1.0000 0.0150 0.0192
NSS 0.8313 0.8438 0.6875 1.0000 0.0131 0.0157
FRPBA 0.7875 0.8125 0.5625 1.0000 0.0210 0.0267

ðt � 3Þ PCA 0.7125 0.7813 0.4375 0.9375 0.0366 0.0514
RS 0.7563 0.7500 0.5000 1.0000 0.0282 0.0372
TSS 0.7625 0.7188 0.5625 1.0000 0.0267 0.0351
NSS 0.7813 0.8125 0.5625 1.0000 0.0263 0.0336
FRPBA 0.7625 0.7188 0.5625 1.0000 0.0259 0.0339

Table 10
Statistics of forecasting accuracy using SVM.

Year Method Mean Median Minimum Maximum Variance Coef. var.

ðt � 2Þ PCA 0.8188 0.8438 0.5625 1.0000 0.0160 0.0196
RS 0.8375 0.8750 0.6250 1.0000 0.0158 0.0189
TSS 0.8313 0.8125 0.6875 1.0000 0.0113 0.0136
NSS 0.8688 0.8750 0.6875 1.0000 0.0108 0.0124
FRPBA 0.8250 0.8750 0.6250 1.0000 0.0198 0.0240

ðt � 3Þ PCA 0.7375 0.7188 0.5000 1.0000 0.0328 0.0445
RS 0.7813 0.7813 0.5000 1.0000 0.0254 0.0325
TSS 0.7750 0.8125 0.5625 1.0000 0.0280 0.0361
NSS 0.8125 0.8438 0.5625 1.0000 0.0200 0.0246
FRPBA 0.7813 0.8438 0.5625 0.9375 0.0237 0.0303

Table 11
Statistics of forecasting accuracy using NN.

Year Method Mean Median Minimum Maximum Variance Coef. var.

ðt � 2Þ PCA 0.7563 0.7500 0.5625 0.9375 0.0178 0.0235
RS 0.8000 0.8125 0.6250 0.9375 0.0128 0.0161
TSS 0.7938 0.7813 0.6875 0.9375 0.0122 0.0154
NSS 0.8438 0.8438 0.6875 1.0000 0.0115 0.0136
FRPBA 0.8063 0.8125 0.6250 1.0000 0.0143 0.0177

ðt � 3Þ PCA 0.7063 0.7188 0.4375 0.9375 0.0348 0.0492
RS 0.7500 0.7500 0.5000 1.0000 0.0295 0.0394
TSS 0.7563 0.8125 0.5625 1.0000 0.0230 0.0304
NSS 0.7938 0.8438 0.5625 1.0000 0.0226 0.0285
FRPBA 0.7500 0.7500 0.5625 0.9375 0.0260 0.0347
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SVM consistently has a higher forecasting accuracy than LR and
NN. The result agrees with the conclusion from prior literatures
[19,25]. SVM has many advantages on two-class classification
Fig. 4. Mean and median o
problems [25] and the optimal choice on kernel does improve
the performance. LR and NN yield a similar forecasting accuracy.
4.3.2. Discussion on forecasting stability
Results on forecasting stability show a very similar pattern as

that of forecasting accuracy. From Tables 9–11 and Fig. 5, we can
conclude that the model with the ratios selected by NSS has the
highest forecasting stability. No matter which data sets of the year
ðt � 2Þ or ðt � 3Þ are used and which method is used, the financial
ratios selected by NSS have the lowest variance and coefficient of
variance of forecasting accuracy comparing to those with the ratios
selected by PCA, RS, TSS and FRPBA. LR, SVM and NN have a similar
forecasting stability with financial ratios selected by RS, TSS. With
financial ratios selected by PCA, LR, SVM and NN have the worst
forecasting stability, especially for ðt � 3Þ case.
f forecasting accuracy.



Fig. 5. Variance and coefficient of variance of forecasting accuracy.

Table 12
Financial ratios from the CSMAR Solution financial ratio set

No. Financial ratio No. Financial ratio

CS1 Operating profit ratio CS2 Net profit/sales
CS3 Operating cost ratio CS4 Dividend cover
CS5 P/ CF CS6 Book to market ratio
CS7 Income tax CS8 OCFPS
CS9 EEOI CS10 Cash ratio
CS11 Financial cost/total cost CS12 Operating cost/total cost
CS13 Management fee/total cost CS14 Price/sale
CS15 Income before tax CS16 Operating tax ratio
CS17 Profit per shares before tax CS18 Surplus reserves per share
CS19 The profitability of

ordinary share
CS20 Cash/debts

CS21 Cash dividend cover CS22 Surplus cash/cover
CS23 Capital expenditure/

deprecation amortization
CS24 Long term liabilities/operating

cash
CS25 Accounts receivable/total

income
CS26 Reinvestment cash/total cash

CS27 Capital intensity CS28 Operating cycle
CS29 Long term borrowing/total

asset
CS30 Working capital/total net asset

CS31 Total asset turnover CS32 A/R turnover per days
CS33 Inventory turnover CS34 A/R & N/R turnover
CS35 Fixed asset turnover CS36 Equity turnover
CS37 Inventory turn per days CS38 A/P turnover per days
CS39 Account payable turnover CS40 Working capital turnover
CS41 Working capital/loan

capital
CS42 Interest coverage

CS43 Fixed changes
reimbursement ratio

CS44 Sustainable growth ratio

CS45 Profit before interest, tax,
depreciation/ debts

CS46 Long term liabilities/total
liabilities

CS47 Financial leverage factor CS48 Operating leverage factor
CS49 Comprehensive leverage

factor
CS50 Accrued items

CS51 Equity value per share CS52 EPS
CS53 Continuous 4 quarterly

EPS
CS54 Yield of cash

CS55 Yield of dividend CS56 Tangible net debt ratio
CS57 Account receivable

turnover
CS58 Growth ratio of total asset

CS59 Growth ratio of major sales
operation

CS60 Capital maintenance and
appreciation

CS61 Growth ratio of net profit CS62 Cash flow/current liability
CS63 Cash/main business

income
CS64 Net operating cash flow per share

CS65 Net cash flow of investing
activities per share

CS66 ROA (C) before tax interest and
depreciation
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Again, model forecasting stability using data sets of the year
ðt � 2Þ is uniformly better than that with data sets of the year
ðt � 3Þ.

Among three evaluation methods, SVM has the best forecasting
stability for variable sets selected by PCA, TSS and NSS. NN shows a
good stability for the models with variables from FRPBA or RS in
ðt � 2Þ forecasting. LR produces the lowest stability.

4.4. Summary

For BFP, experimental results above show that the model with
the financial ratios selected by NSS can effectively improve the
forecasting performance of BFP. It has a higher average and mini-
mum prediction accuracy, more often to obtain the perfect predic-
tion accuracy, a lower variance and coefficient of variation than
those from other financial ratios sets. In other words, NSS proposed
in this paper improves the forecasting performance of BFP in terms
of accuracy and stability.

5. Conclusion

In this paper, we extended research of financial ratios for BFP by
proposing a novel parameters reduction method based on soft set
theory. It constructs a tabular representation of SS from LR, then
uses optimal decision on SS to select significant financial ratio vari-
ables. It inherits advantages and in the same time avoids disadvan-
tages of both methods. From PLFRS and FASCS, NSS chooses nine
financial ratios for BFP. Among them, four financial ratios are the
first time to be selected as parameters for BFP. Compared with
PCA, RS, TSS and FRPBA, our method has demonstrated its superior
forecasting performance for BFP of Chinese listed firms.

Though results are satisfactory, there are some limitations in
this paper. As a key component for success of NSS, the method of
determining v ij is intuitive; it should be studied in a more system-
atical way. In other words, systematical construction method for
tabular representation of SS is one of our future research direc-
tions. Besides, although we have used LR, SVM and NN, more re-
search can be done about forecasting methods to validate
efficiency of the financial ratios set selected by NSS.

Also, the NSS obtains a good forecasting performance for BFP of
Chinese listed firms. We do not know its forecasting performance
on financial data sets from other countries. It definitely deserves
a further exploration.
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Appendix A

Table 12



Table 12 (continued)

No. Financial ratio No. Financial ratio

CS67 Net asset per share CS68 ROC (A) after tax, before interest
CS69 ROC (B) after tax, before

interest and depreciation
CS70 Net growth ratio of cash folw per

share generated by business
CS71 Equity multiplier CS72 Equity/debt
CS73 Owner’s equity ratio CS74 Right ratio of long term asset
CS75 Bad debt/ income CS76 Retention ratio
CS77 TCRI CS78 PBR
CS79 The growth ratio of net cash flow generated by operating activities
CS80 The growth ratio of net cash flow generated by investing activities
CS81 The growth ratio of net cash flow generated by financing activities
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Appendix B. Supplementary material

Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.knosys.2014.03.
007.
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