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ABSTRACT

To improve the prediction capacity of stock price trend, an integrated prediction method is proposed
based on Rough Set (RS) and Wavelet Neural Network (WNN). RS is firstly introduced to reduce the
feature dimensions of stock price trend. On this basis, RS is used again to determine the structure of
WNN, and to obtain the prediction model of stock price trend. Finally, the model is applied to prediction
of stock price trend. The simulation results indicate that, through RS attribute reduction, the structure
of WNN prediction model can be simplified significantly with the improvement of model performance.
The directional symmetry values of prediction, corresponding to SSE Composite Index, CSI 300 Index, All
Ordinaries Index, Nikkei 225 Index and Dow Jones Index, are 65.75%, 66.37%, 65.97%, 65.52% and 66.75%,
respectively. The prediction results are better than those obtained by other neural networks, SVM, WNN
and RS-WNN, which verifies the feasibility and effectiveness of the proposed method of predicting stock
price trend.
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© 2017 Elsevier B.V. All rights reserved.

1. Introduction

The purpose of stock price prediction is to explore the devel-
opment law of stock market so as to provide a scientific basis for
stock investments. As the stock price volatility is caused by many
factors, it is difficult to grasp the uncertainty of these factors affect-
ing stock prices. Therefore, accurate prediction of stock prices is a
difficult task in the finance field [1,2].

In the existing stock price prediction methods, time series [3],
gray [4], prosperity [5] and other methods are usually used. Since
White first used the neural network to predict the daily return rate
of IBM ordinary stock [6], the use of neural network in stock price
prediction has become a hot research theme [7-15]. These studies
make full use of the advantages of neural network such as self-
organizing, self-learning, self-adapting, distributed processing, and
can overcome the shortcomings of conventional prediction meth-
ods. However, for neural networks, there are still problems such
as low precision, slow convergence and easy inclination to local
minimum. Although some improvements have been made, it can-
not solve the problem fundamentally. This affects wider application
and popularization of this method. Wavelet Neural Network (WNN)
is a new neural network developed on the basis of wavelet analy-
sis. Compared with conventional neural networks, WNN has strict
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theory foundations and good mapping capabilities, and is suitable
for various application areas of neural network [16]. Nevertheless,
there are still some problems for WNN to predict stock prices.

In this paper, our research will focus on reducing input dimen-
sions and optimizing the structure for a better WNN prediction
model.

Based on the above analysis, a WNN method of predicting stock
price trend is proposed based on Rough Set (RS), which can reduce
the input dimensions and optimize the structure for WNN. The
feasibility of the method is verified by experiments.

The rest of the paper is organized as follows. Section 2 gives the
problem statement. RS attribute reduction is introduced in Section
3. Section 4 describes an adaptive WNN learning algorithm. The
integration of WNN and RS is discussed in Section 5. The experi-
ment on stock price prediction and result analysis are presented in
Section 6. Section 7 has some discussions on incremental learning.
The last section gives concluding remarks.

2. Problem statement

The stock prediction is that, based on accurate survey statistics
and stock market information, scientific methods are used to pre-
dict the future tendency of stock market from the history, current
situation and stock market laws. There are many factors that affect
the stock market development. Uncertain interactions between
these influence factors are very complex, which will lead to pre-
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diction deviations. With development of the national economy and
in-depth understanding of stock market, it becomes increasingly
important for stock investment and risk management to use a rea-
sonable and effective method to accurately predict the stock price
trend. At present, the prediction of stock price trend mainly has the
following problems.

2.1. Stock price trend has mutability and variability.

Stock price trend often show mutability and variability because
of some risks. The risks can be divided into systemic risks and non-
systemic risks qualitatively, which can cause the mutation of stock
price trend or index. Sometimes, the factors affecting the mutation
of stock price trend cannot be observed, such as human manipula-
tion; sometimes, although they can be observed, they are actually
false information, such as fraud and rumors. These factors may
cause abnormal fluctuations and structure mutations of stock mar-
ket, manifesting as the mutability and variability of stock price
trend. This makes the stock price trend data show a non-normal
distribution, resulting in low accuracy for stock price trend predic-
tion.

2.2. There is a certain amount of redundant information in stock
price trend data

The stock price trend data, obtained by trading after multi-party
game, often contain a lot of valuable information such as invest-
ment intentions and behaviors. At the same time, with larger stock
trading data volume, there are usually more irrelevant indices,
making the data contain a certain amount of redundant informa-
tion. This affects effective prediction of stock price trend.

The above two problems may lead to low prediction accuracy
for stock price trend. Both the conventional prediction method and
the single intelligent prediction method cannot solve these prob-
lems effectively. In this context, the hybrid prediction method is
preferred. Therefore, a hybrid method based on WNN and RS is
proposed to predict the stock price trend. RS plays two roles in
this method: (1) Reduce the input dimensions of WNN to remove
redundant information in the sampled data; (2) Reduce redundant
nodes in WNN hidden layers to determine a relatively optimal
WNN structure. The proposed method is to enhance the predic-
tion accuracy for stock price trend, providing references for stock
investments and scientific researches.

3. RS attribute reduction

In RS theory, knowledge can be regarded as the division of uni-
verse of discourse. The roughness of knowledge can be defined from
the view point of indiscernibility relation, so as to achieve rigor-
ous analysis and processing of knowledge based on classification
mechanism. As the basis of knowledge discovery, attribute reduc-
tion can reduce the overall number of attributes under the same
classification ability, and has become the core content of RS theory
[17,18].

Minimum attribute reduction is to obtain the reduction con-
taining the least attributes under the same classification ability.
It has been proved that searching all reduction and the minimum
reduction is a NP hard problem, so some heuristic attribute reduc-
tion algorithms were proposed [19-21]. Most of them achieve the
reduction by constructing the relationship between knowledge and
information entropy. In these algorithms, the compatible classes
obtained by compatibility relation constitute the coverage, rather
than the division to universe of discourse. That is, the knowledge is
regarded as the coverage of universe of discourse, which is clearly
a lack of rationality. In this paper, based on the concept of hier-
archical structure and approximate precision, a heuristic attribute

Fig. 1. WNN based on orthogonal wavelet.

reduction algorithm is introduced. By adding the heuristic infor-
mation different from the information entropy, the search space of
the problem can be reduced to obtain the optimal and near-optimal
solution [22,23].

Consider a decision information system S=(U, R, V, f), where
U={xq, X3, ..., Xn} denotes the object set (universe of discourse);
R=CuD={rq, 13, ..., rm} denotes the attribute set; C and D are the
subset of condition attributes and the subset of decision attributes,
respectively; V = UVr (Vr is the value range of attribute r € R); fis

reR

the information function between Uand R(f: U x R— V, f{x,1) € V}).
Suppose that X is a subset of U(X c U). For each X and the indis-
cernibility relation B(B € A), the lower approximation set B«(X), the
set composed of the objects in U that must belong to X, is deter-
mined by the knowledge B. That is, B.(X)={X € U:B(X) < X}. The
upper approximation set B'(X), the set composed of the objects in
U that may belong to X, is determined by the knowledge B. That is,
B*(X)={X e U:B(X)-nX # 0}.

For the condition attributes, if the decision value of the objects
in the indiscernibility relation set is the same, the decision system
is compatible; otherwise, it is incompatible. In the attribute reduc-
tion algorithm, the equivalence relation of all condition attributes
firstly need to be determined in compatible decision information
system. Then, the upper and lower approximation sets with respect
to the decision value are calculated for all equivalence relations. The
heuristic parameter can be obtained by

A= B.(X)|)/ || (1)

The attribute with the smallest A is selected. For a given universe
of discourse, the lower approximate value can be used as the basis
for pruning

B*(X)| -

U =U — POSpeq{d} (2)

where POS,.4 {d} is the object set of decision attribute d whose con-
dition attributes of reduction set red can be classified into U. Repeat
the process and select the attribute with the smallest A. In each
time, the remaining attributes are combined with the attributes in
the reduction set red to form a new equivalence relation. The algo-
rithm is recursive and the calculation is terminated until the given
universe of discourse is empty [24].

For a decision information system DS=(U, CuD, V, f), the recur-
sive algorithm is as follows:

1. The reduction set red can be initialized as @ (empty set), and Cis
all condition attributes.

2. A of each condition attribute in C is calculated by Eq. (1).

3. All X are sorted in a descending order, and the attribute with
the smallest A is selected. If two attributes have the same A, the
attribute with the least attribute value can be selected. If A is the
same and meanwhile the attribute value is also the same, the
attribute can be selected at random.

4, The selected attribute g; is put into red and is reduced from C,
from Eq. (2).
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5. If Uis @, go to step 7; otherwise, go to the next step.

6. The attributes in red are combined with the remaining attributes
in C. Repeat steps 2-5.

7. Output red, the reduction ends.

4. Wavelet Neural Network

WNN combines the time-frequency localization characteristics
of wavelet transform and the self-learning function of neural net-
work, which can significantly improve the performance [25].

For the discrete wavelet transform, through the wavelet func-
tion

Ym,n(t) = 277 Y2 ™Mt —n), mmneZ (3)

a set of orthogonal basis of the space can be constructed, L%(R) =
®W,,. Using the multi-resolution analysis for the space L[%(R), a
m

series of closed subspaces ---cV_ycV_1cVycVicVy--- can be
given. Vi, = span{Z’% ©(27Mt — k)}, Vipe1 = Vin ®@ Wiy, and ¢(t) is the
scaling function corresponding to the wavelet. Then, the function
fit) in L2(R) can be decomposed into

F© =Y (f Ymn) Ymn(t) (4)

m,n

It can be further expressed as
N N

~ m

f= Zwm,nl/fm,n(t) = Zwm,nz_TW(z_mt —n) (5)
m,n m,n

The above formula can be realized directly by a feed forward WNN
with a single hidden layer, as shown in Fig. 1. In this figure, x;(i=1,
..., I) is the network input, y,(k=1, ..., K) the network output, wj;
the connection weight from the input layer to the hidden layer,
wy; the connection weight from the hidden layer to the output
layer, and I, J, K are the numbers of input layer nodes, hidden layer
nodes and output layer nodes, respectively. The orthogonal wavelet
function ¥ n(t) is the activation function of hidden layer nodes.

In fact, the wavelet in Eq. (3) is also called the binary wavelet.
The wavelet analysis has the focusing effect. In general, the selected
magnification 2™ corresponds to a part of the observed signal. To
know the details of the signal in depth, the magnification can be
increased (i.e. decrease m); on the contrary, to roughly observe the
signal, the magnification can be decreased (i.e. increase m).

For the network in Fig. 1, for different selected wavelet basis
functions, the constituted learning algorithms are also different. In
this paper, Mexico hat basis function ¥(t) = (1 — t2)e~t/2 is used
to derive BP learning algorithm based on the orthogonal wavelet.

Suppose that the learning sample set is {X;, ?,-}i»v, where X is
the input vector (x1, X2, ..., x;), ¥ the expected output vector
(#1,¥2, ... 9k), and N is the number of learning sample. Then,

I

the input of the jth node in the hidden layer is s; = ij,-xi(i =

i=1
1, 2,...,]), and the output of the jth node in the hidden layer is

hj = ij,nj(sj) =

_m 2
(2 Jsj—nj)

Fe— (G=1,2,...]) (6)

The output is the linear combination of wavelet frame. The kth
output is

cos(5 « 27 Mis; — 5m;),

J
Vi = Zwkjhj,(k: 1,2,...,K) (7)
j=1

K
Ifthe error function of WNNis defined asE = %Z(yk —yi)% the

k=1
instantaneous gradient vector for each parameter can be obtained
by

K

) . oh; .
smjzaimj:;(yk_yk)wkjainy’ G=1,2,....]) (8)
k=
K
O0E oh;
= — = Vi — i~ (G=1,2,..., 9
= G ;(yk Mg 1) 9)
K
oE oh;
SWi = — — P — V) Wi - —2 -
Wiji 8Wji Z(}’k yk) Wi asj
k=1
Os:
851’ (i=1,2,...1 j=1,2,....]) (10)
Wji
OE N .
Wy =a—=0k-w)-h, (k=1,2,...,Kj=1,2,...,]) (11)
aij
where
“m; 2
ohj __m @ Uyom) o
a—mjj:Z Te 2 [2In2-s;(27™s; — )

cos(5 x 27 Mis; — 5n;) — % In2 . cos(5 % 27Mis; — 5n;) +

10In2 -s; - sin(5 % 2~™is; — 5n;) (12)
—m: 2
oh; , m @ o) .
871; =(27Ms;—n;)2 2 e 2 cos(5 x 27 Mis; — 5m;)
m; (Zimjsj*”j)z

+5.2"2 e 2 sin(5 % 27™is; — 5n;) (13)

oh; m;
L =277 272 s — n))
BS]'
cos(5 % 27Mis; — 5n;) + 5 - 27 sin(5 * 27is; — 5n;)] (14)
0s;
L= x (15)
8Wj,‘

For conventional BP algorithm, the network parameters can be
adjusted by

OEy
a6(k)

where 0 represents the parameter vector {wj;, Wy, m;, n;}, and A9(k)
is the parameter difference after last adjustment. A is the momen-
tum factor that can reduce the sensitivity of network to the error
surface details, so as to effectively avoid falling into local minimum.
n(k) is the learning rate. If n(k) is too small, the algorithm has a
slow convergence rate and may easily fall into local minimums;
if too large, the algorithm has a fast convergence rate, but it may
oscillate. Therefore, the adaptive learning rate can be introduced to
dynamically adjust n(k). The specific adjustment formula is

1.05n(k —1) E(k) <E(k—1)
0.7n(k—1)  E(k) > 1.04E(k — 1) (17)
nk—-1) otherwise

Ok + 1) = O(k) + L AO(k) + (1 — A)n(k) (16)

n(k) =
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Fig. 2. Integrating principle of 2RS-WNN.

where 1.05, 0.7, 1.04 are empirical values.

WNN derived by orthogonal wavelet transform is actually on
the basis of orthogonal compactly supported wavelets constructed
by Daubechies and multiresolution analysis. Using the scaling func-
tion, the most appropriate scaling and translation parameters are
selected to adjust the wavelet coefficient for achieving the best
approximation to the function.

5. Integrating realization based on RS and WNN

For WNN modeling, when the input dimension is large, the net-
work structure is very complex, which may result in long training
time and low accuracy. Especially, the sample data collected from
the complex system not only have a large dimension, but also con-
tain many redundant variables. This may result in an unsatisfactory
result for WNN modeling. Theoretical studies have shown that, RS
attribute reduction ability can be used to pre-process the sample
data for WNN modeling, which can not only remove the redundant
information, but also reduce the dimension of the input space by
analyzing the internal relation between the sample data.

Network structure design is a hard problem in WNN modeling.
Generally, it can be solved by the top-down approach. That is, a net-
work containing enough hidden layer nodes is firstly constructed,
and then the nodes are reduced by experience. In this case, the
network is redundant, time-consuming, more unstable since it is
strongly dependent on personal experience. Hence, there is room
for improvement. Research shows that, in WNN, the contribution
of some hidden layer nodes to the error is small, with less impact
on the network. On the contrary, some hidden layer nodes have
great contribution to the error, which can cause the network to
fluctuate drastically. To obtain a relatively optimal WNN structure
with improved performances, it is desirable to retain the hidden
layer nodes with great contribution and to remove the hidden layer
nodes with less contribution. Considering RS reduction ability, RS
can be used to optimize WNN structure, which can remove redun-
dant nodes and obtain simple topology network.

In summary, the integration method based on RS and WNN
(2RS-WNN) uses RS attribute reduction ability to reduce the com-

plexity of WNN modeling and structure. The integration principle
is shown in Fig. 2. In 2RS-WNN, RS plays two roles:

1. RS is introduced to reduce the input dimension of WNN, i.e. the
input variables are taken as the condition attributes and the out-
put variables as the decision attributes, so as to construct the
decision table. RS attribute reduction is conducted on the deci-
sion table to remove redundant variables to decreasing input
dimensions of WNN.

2. RS is used to optimize the network structure of WNN, i.e. the
outputs of each hidden layer node are taken as the condition
attributes and the output error squares of each output layer node
as the decision attributes, so as to construct the decision table. RS
attribute reduction is conducted on the decision table to prune
the corresponding hidden nodes and their connection weights
for an optimal WNN structure.

According to the above analysis, the steps of 2RS-WNN integra-
tion method are as follows:

1. The input variable x1, X3, ..., X, are taken as the condition
attributes and the output variable yq, y», ..., yk as the decision
attributes, to construct the initial decision table for decreasing
input dimensions of WNN.

2. The initial decision table obtained by Step 1 is discretized and
then RS attribute reduction is conducted.

3. The number of input layer nodes of WNN can be determined
by the attribute reduction result obtained in Step 2; the num-
ber of output layer nodes can be determined by the practical
problems to be solved; the number of hidden layer nodes can be
preliminarily determined by the empirical formula

J=\I+K+a or ]=>log,l (18)

where a is a positive integer in [1,10].

4. After WNN model is trained, the output hy, hy, ..., hy of hid-
den layer nodes and the squared output error sq, Sy, ..., Sk
of output layer nodes are recorded for each sample, forming
the initial decision table for the optimal WNN structure, where
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Fig. 3. Determination diagram of best stop point.

Sk = Pk —yk)z, Vi is the expected output and y; is the actual
output of WNN.

5. The initial decision table obtained by Step 4 is discretized and
then RS attribute reduction is conducted.

6. For the decision table reduced by Step 5, the structure of WNN
is pruned to delete the hidden layer nodes and their connec-
tion weights corresponding to the redundant attributes, so as to
simplify the structure of WNN.

RS is mostly used to analyze the discrete data. However, for
many practical problems, the values of some condition attributes
and decision attributes are usually continuous values that need to
be discretized before RS analysis. This is an important problem in
the application of RS [26].

In essence, the discretization of condition attributes can be
reduced to the problem where the condition attribute space is
divided by the selected breakpoint. Obviously, in compatibility, the
decision table discretized using the different division method may
be different from the original decision table. If an attribute has m
attribute values, m-1 can be treated as the number of candidate
breakpoints. With an increase in the number of attributes and the
sample size, the number of candidate breakpoints increases expo-
nentially, so the efficiency of the breakpoint selection algorithm is
very important for discretization.

For a certain continuous attribute, its value range can be divided
into several intervals, and each interval contains one sample at
least. So n samples can be divided into n intervals at most (O(n)).
That is, the continuous attribute variables can be converted into
O(n) discrete variables. Studies show that the maximum entropy
(or information) can be achieved when the frequency-probability
distribution is with the maximum number of attribute values.
Since each non-repetitive attribute value of continuous attributes
corresponds to one discrete interval, it can be considered as no
information (or entropy) loss in the discretization process. If the
discrete random variable is X C U, its entropy can be defined as

r(d)

H(X) == pjlog,p;. pj = ki/ |X| (19)
j=1

It can also be recorded as H(p), where |X]| is the number of instances,
and k; is the number of instances for decision attribute j(j=1,2,...,
r(d)). Generally, the smaller H(p) (H(p) > 0), the smaller the degree
of confusion, this indicates that the individual decision attribute
values in the set X are dominant, especially if and only if the deci-
sion attributes of instance in X are the same, H(p) = 0. This ensures
that the following discretization process does not change the com-
patibility of the decision table.

The key of discretizing continuous attributes is to reasonably
determine the number and position of discrete division points. Dis-
cretization should meet the following two requirements as much
as possible: (1) The space dimension should be as small as possible

after the discretization of continuous attributes. (2) The informa-
tion loss should be as low as possible after the discretization of
continuous attributes.

According to the above entropy properties of continuous
attributes, an entropy-based discretization method can be pro-
posed. That is, the value range of each continuous attribute is firstly
divided into several intervals and each interval corresponds to one
non-repetition value; then, two adjacent intervals are selected to
merge in order to minimize the entropy difference before and after
the merger. In this process, if there is more than one pair of adjacent
intervals with the smallest entropy difference before and after the
merger, one pair of them are randomly merged. Repeat this merger
process until the stop point is obtained, and the division points for
the defined intervals are stored [27,28].

It can be found from the analysis that, H(p) is a concave function,
which increases monotonically with the increase of k. The increase
rate of H(p) decreases when k approaches the maximum. On the
function curve of the entropy shown in Fig. 3, the maximum of
H(p) is the point v; and the corresponding k is also the maximum.
If a chord I is drawn from the starting point v, to the ending point
v7 of the curve, all points on the concave function curve are above
the chord L It can be concluded from the characteristic of concave
function curve that, at the farthest point vy on H(p) from the chord [
(namely, at the inflection point of the curve), the change of kis larger
than that of entropy. It is also at this point that the best balance is
achieved between loss of entropy and moderate interval number. In
this way, the point vg can be used as the best stop point for merging
adjacent intervals.

Apointis arbitrarily selected on the function curve and a vertical
line segment h is created from this point to the chord I. The length
of h is proportional to kmaxH(p) — Hmax(p)(k — 1), then the formula
can be expressed as

h = kmaxH(p) — Hmax(p)(k — 1) (20)

where kmax is the maximum number of intervals, and Hpax(p) is the
corresponding maximum entropy. It is obvious in Fig. 3 that, h at
the point vy is the maximum value. Accordingly, the points vy and
corresponding interval numbers can be obtained.

Based on the above analysis, the pseudo code of the entropy-
based discretization algorithm can be given as below:

Input: data X

Output: discretization value and division points of continuous
attributes in X

For (each continuous attribute) {

For k non-repeated attribute value, calculate the probability py
and entrophy H(py) by formula (19), and save the division points;

Suppose that Symbol=1, ko =k, T\ =0;

While (Symbol) {

Select 2 adjacent intervals and combine to minimize the
difference of the entrophy before and after combination, and reset
the division points, save the entrophy after combination;

Calculate: Ty_1 =koH(py_1) — H(px)(k—1)

If (Hi—1 > Hy)

{Recalculate the interval probability}
else
{Symbol=0, k=k — 1, save the division points}
H
Output the continuous value and division points of continuous
attribute.

6. Experiment simulation

The experiment environments are: Pentium 1V 2.4 GHz CPU, 4GB
DDR RAM, 120GB +7200 RPM hard drive, Windows XP operating
system. In the experiment, all simulations for the algorithms were
implemented in MATLAB programming environment.
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Table 1
Features and calculation formula.

ID Feature Formula Mllustration

1 Random %K 1/3 x RSV +2/3 x %t K;_1 RSV, =100 x (C; — Ln)/(Hy — Ly), C; is the day closing price, L,
and H, are the lowest price and highest price within the cycle
respectively.

2 Random %D 1/3 x %Ki +2(3 x %D¢_1 It is the smoothed moving average line of %K, %K and %D cycle
can be taken as 5 days.

3 W&R 100 x (Hp — Cp)/(Hn — Ln) L, and H, are the lowest price and highest price within the
cycle respectively. G, is the day closing price, and the cycle n
can be taken as 5 days.

4 MTM Ci—Cen C; and C;_, are the day closing price and first n day closing
price respectively, and the cycle n can be taken as 5 days.

5 RSI 100 x XUP,/(XUP, + ¥XDW,) XUP, is the sum of the rising of daily closing price within the
cycle. ¥XDW,, is the absolute value of the sum of the falling of
daily closing price within the cycle, and the cycle n can be
taken as 5 days.

6 BBI (MA3 + MAg + MA;; + MA24)/4 It is the mixed moving average, MA3, MAg, MA1>, MA,4 denote
the moving average within 3, 6, 12, 24 days respectively.

7 5BIAS 100 x (C; — MAs5)/MAs C; is the day closing price. MAs denotes the moving average
within 5 days.

8 10BIAS 100 x (C; — MAj0)/MA1o C; is the day closing price. MA;o denotes the moving average
within 10 days.

9 MB MA; — MAg MA3 and MAg denote the moving average within 3 and 6 days
respectively.

10 PSY 100 x DUP,/n DUP,, denotes the number of rising days within the selected
cycle, and the cycle n can be taken as 10 days.

11 AR 100 x HO,/OL, HO, is the sum of distance from highest price to opening price
within n days. OL, is the sum of distance from opening price to
lowest price within n days.

12 BR 100 x HC,,/CL, HC, is the sum of distance from highest price to closing price
within n days. CL, is the sum of distance from closing price to
lowest price within n days.

13 MV (Vi+Vao+...+Vy)n Vi, Vo, ..., V, denote the daily trading volume within a given
cycle, the cycle n can be taken as 5 days.

14 TAPI Va[Ca Vy is the day trading volume. C, is the day closing price.

15 VR 100 x XVUP,/XV, ¥ VUP,, is the sum of rising daily trading volume within the

cycle, XV, is the total volume within the cycle, and the cycle n
can be taken as 5 days.

6.1. Selection of experimental data

To verify the performance of the method, all experi-
mental data used is from 5 famous stock market indices
(www.resset.cn), namely, SSE Composite Index (China), CSI
300 Index (China), All Ordinaries Index (Australian), Nikkei
225 Index (Japan) and Dow Jones Index (USA). The orig-
inal data are in the range of: (1) 04/10/2009-06/24/2014
from SSE Composite Index; (2) 02/09/2009-04/02/2014 from
CSI 300 Index; (3) 04/21/2009-03/26/2014 from All Ordinaries
Index; (4) 03/15/2009-05/24/2014 from Nikkei 225 Index; (5)
10/22/2009-07/18/2014 from Dow Jones Index. The original data
include the opening price, the closing price, the high price, the
low price, and transaction volume. To facilitate the modeling and
test, the original data need to be pre-transformed into 15 features
through calculation formula in advance, as shown in Table 1. The
statistics of 15 features for SSE Composite Index are shown in
Table 2. These 15 features are used as the inputs of the predic-
tion model. The output of the prediction model is the stock price
trend T, which can be defined by the percent yield R, namely, Drop:
R € (—o0, —0.5%], Stability: R € (—0.5%, 0.5%) and Rise: R € [0.5%,
00). R can be calculated by

Re = (Pt = Pr_1)/Pr_y x 100% (21)

where P; is the series of stock price.

In addition, the different features (attributes) usually have dif-
ferent value ranges, which may affect the prediction results. The
normalization method needs to be used to standardize the sample

Table 2

Statistics of 15 features for SSE Composite Index.
ID Feature Maximum Minimum Average Standard

deviation

1 Random %K 97.201 5.816 52.334 24.021
2 Random %D 93.160 9.308 52.302 20.733
3 W&R 100.000 0.000 47.620 33419
4 MTM 318.570 —339.320 3.003 49.335
5 RSI 100.000 0.000 49.915 28.773
6 BBI 2081.753 376.727 1087.394 415.682
7 5BIAS 29.020 -16.731 0.102 3.172
8 10BIAS 53.285 -21.516 0.246 5.144
9 MB 128.827 —108.958 1.119 17.939
10 PSY 90.000 10.000 51.117 16.286
11 AR 473.016 10.875 96.524 56.412
12 BR 378.016 12.213 103.406 54.956
13 MV 363.553 1.393 44.394 42.289
14 TAPI 30,422.995 213.594 4493.407 3567.456
15 VR 100.000 0.000 50.232 23.172

data before modeling. The value a of the attribute A can be mapped
into the normalization interval (L, H) through the formula

a — Amin

ad=L+H-L) (22)

max — Amin

where ain, Gmax are the minimum and maximum of the attribute
A, respectively. Here, the normalization interval is uniform and set
as (—0.5,0.5).

6.2. Evaluation index of model performance

To accurately evaluate the performance of the prediction model
for stock price trend, reasonable evaluation indices need to be
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Table 3
Initial decision table for decreasing input dimension of WNN.
Sample ID X1 X3 X3 X4 X5 .. X15 T
1 34.121 11.435 22.374 -11.027 32175 15.142 1
2 15.460 50.127 5.166 —-80.179 12.040 26.750
3 54.029 19.232 43.185 215.156 60.137 31.082 2
500 76.258 34.812 9.454 47.550 53.022 40.531 3
selected in advance. Through the analysis and study on relevant lit- Table 4
eratures. seven evaluation indices are included: Root Mean Square Discretized decision table for decreasing input dimension of WNN.
Error (RMSE), Mean Absolute Difference (MAD), Mean Absolute Per- Sample ID X1 X2 X3 X4 X5 X1s5 T
centage Error (MAPE), Directional Symmetry (DS), Correct Uptrend 1 3 1 1 5 3 2 1
(CP), Correct Downtrend (CD) and Training Time (TT). RMSE, MAD, 2 1 5 1 3 1 3 3
MAPE are used to measure the error between actual values and pre- 3 5 2 2 8 6 3 2
dicted values. DS, CP, CD are used to measure the accuracy of the
prediction. DS is a statistical measure of model performance in pre- 500 5 3 | 5 5 e 4 5

dicting the direction of stock price change in percentage form. CP
is the correct rate of rising trend prediction for stock price change.
CD is the correct rate of dropping trend prediction for stock price
change. The formulas of the six evaluation indices are:

(23)
1 n
MAD = EZ'P" ~ T (24)
i=1
I~ P —T,
_ i— 1 %
MAPE = nZ| 1 100% (25)
i=1
. 1 (Pi—P_1)XT;-Ti1)=0
DS = @Zdi, di = oo (26)
n = 0 Other
100
CP= ?Zdi’ d; =
i=1
1 (T;-Ti_q) > 0and(P; — P;i_1)(T; - Tj_1) =0
(27)
0 Other
100 —
D= EZdi, di =
i=1
1 (T;-Ti_1)<O0and(P; - P;_1)(T; —T;_1) <0
(28)
0 Other

where T is the actual value, P the predicted value, n the number of
samples, n; the number of the samples with rising trend and n, the
number of the samples with dropping trend.

6.3. Experimental scheme

6.3.1. Numerical Example A

The modeling steps of 2RS-WNN are demonstrated for stock
price trend and the effects of different training set sizes on the per-
formance of 2RS-WNN model are analyzed. Firstly, 100, 300, 500,
600, 800, 1000 samples are randomly selected from the original
data of SSE Composite Index to constitute the training sets. At the
same time, the samples of 20% size of the training set are randomly
selected from the remaining data to construct the corresponding

test set. Then, based on 10-fold cross validation, 2RS-WNN predic-
tion model is established for each training set and is then tested.

6.3.2. Numerical Example B

2RS-WNN is compared with BP-NN, RBF-NN, ANFIS-NN, SVM,
WNN, RS-WNN to validate its superiority in stock price trend pre-
diction. 500 samples are firstly randomly selected from the original
data of the above-mentioned 5 stock market indices to construct
the training set with 500 samples and the test set with 100 samples.
Then, the prediction model based on BP-NN, RBF-NN, ANFIS-NN,
WNN, RS-WNN, 2RS-WNN are trained using 10-fold cross valida-
tion and tested for stock price trend. Finally, performances of the
models are compared to verify the use of 2RS-WNN in stock price
trend prediction. In the experiment, except 2RS-WNN, the number
of hidden layer nodes of BP-NN, RBF-NN, ANFIS-NN, WNN, RS-WNN
can be determined by Exhaustive Attack Method (EAM). It should
be mentioned that, since the simple SVM can only deal with two-
classification problem, the multi-classification problem need to be
divided into several two-classification problems. Here, the stock
price trend prediction is a three-classification problem, including
Drop, Stability and Rise. Hence, the problem needs to train 3 two-
classification SVMs to obtain the final prediction result.

6.4. Model demonstration and result analysis

6.4.1. Numerical Example A

To demonstrate the modeling steps of 2RS-WNN, an example
for SSE Composite Index is given on the basis of the training set
with 500 samples and the test set with 100 samples. Parameter
settings: wj;, Wy, m;, 1n; can be initialized as the random number in
[-0.5, 0.5], and the maximum number of training can be taken as
500. The specific modeling steps are as follows:

1. For the training sample set, the feature xq, xa, ..., X15 of stock
price trend can be taken as the condition attributes, the stock
price trend T as the decision attribute, so as to construct the initial
decision table for decreasing input dimension of WNN, as shown
in Table 3.

2. The data in Table 3 is automatically discretized by introduced
entropy-based algorithm, obtaining the discretized decision
table as shown in Table 4. Then, RS is used to reduce redundant
condition attributes in the discretized decision table.

3. Through RS attribute reduction, the feature x3, X4, X, Xg, X9, X12,
X14 are redundant, and the feature xq, X, X5, X7, X10, X11, X13, X15
are taken as the input of WNN (8 input layer nodes); the output
of WNN is the stock price trend T (only one output node); the
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Table 5
Initial decision table for optimal WNN structure.
Sample ID hy hy hs hy hs .. hyo s
1 0.1438 0.2105 0.7021 0.02706 0.0001 0.0201 0.2132
2 0.0300 —0.6870 -0.1548 -0.0196 0.0045 0.7048 0.0207
3 0.0214 0.2032 0.0023 -0.1564 0.2047 —0.0502 0.0325
500 0.1764 0.2459 0.1505 -0.2428 0.0210 0.0510 0.1401
Table 6 N ) the larger the training sample set size is, the richer the patterns
Discretized decision table for optimal WNN structure. are in the training samples. This can improve 2RS-WNN training
Sample ID hy hy hs hy hs . hio s effect for good prediction. However, the improvement of DS index
1 2 5 9 5 1 4 2 is not significant when the number of training samples is 500 or
2 1 6 3 5 1 13 1 more. DS value corresponding to the training set with 500, 600,
3 1 2 4 4 5 1 800, 1000 samples are 65.74%, 65.96%, 66.15% and 66.32%, respec-
: tively. Considering the balance between prediction accuracy and
500 5 5 6 4 P e 5 3 training time, it is more appropriate to select 500 training samples
. for model performance comparison.
In addition, with the increase of training sample size, after
Features the deletion of redundant features through RS pre-processing, the

Output layer node

Input layer node Hidden layer node

Fig. 4. WNN structure pruned for stock price trend prediction.

number of hidden layer nodes can be preliminarily taken as 10
by Eq. (18).

4. WNN prediction model is trained by BP algorithm with adaptive
learning rate, and the output hy, hy, . . ., h1g of hidden layer nodes
and the squared output error s of output layer node (only an
output node) are recorded for each sample, so as to construct
the initial decision table for optimal WNN structure, as shown in
Table 5.

5. The entropy-based discretization algorithm is used to process
the data in Table 5, obtaining the discretized data as shown in
Table 6. Then, RS attribute reduction is conducted to the dis-
cretized data.

6. It can be known from the reduction result that, the redundant
hidden node 4, 7, 8, 10, so the corresponding connection weights
need to be pruned. The pruned WNN structure contains the hid-
den nodes 1, 2, 3, 5, 6, 9, and the prediction model is obtained
for SSE Composite Index by the training, as shown in Fig. 4.

According to above demonstration steps, the prediction results
and performance comparison of 2RS-WNN model based on differ-
ent training sets are given in Table 7 for stock price trend of SSE
Composite Index.

It can be seen from Table 7 that, for stock price trend of SSE Com-
posite Index, with the increase of the training set size, RMSE, MAD,
MAPE, DS predicted by 2RS-WNN model are improved in different
degrees. This indicates that, while the number of training samples
is insufficient, the patterns contained in training samples can-
not ensure a satisfactory 2RS-WNN prediction model, with some
improvement room for prediction performance. On the contrary,

reduced feature set is basically composed of 1, 2,5,7,10,11, 12,13,
15. On this basis, the number of WNN hidden layer nodes reduced
by RS is generally controlled within 8. It is not difficult to under-
stand that, through RS pre-processing, the input dimension of WNN
is reduced, meanwhile the redundant hidden layer nodes and the
corresponding connection weights are pruned by RS. The structure
of WNN model is greatly simplified under the premise of ensuring
prediction accuracy.

6.4.2. Numerical Example B

The performance comparison of different models is shown in
Table 8 on the basis of 500 training samples for 5 stock market
indices. These models are established by BP-NN, RBF-NN, ANFIS-
NN, SVM, WNN, RS-WNN and 2RS-WNN.

It can be found from Table 8 that, compared with 3 neural
networks (BP-NN, RBF-NN, ANFIS-NN), SVM and 3 WNNs (WNN,
RS-WNN, 2RS-WNN) generally have superiorities in training time,
prediction error and prediction accuracy. This is consistent with the
conclusions from theoretical analysis. In other words, the located
wavelet function is taken as the activation function of hidden layer
in WNN, instead of Sigmoid function in conventional neural net-
works. The time-frequency window of wavelet function can be
adjusted adaptively. This makes WNN a great advantage over con-
ventional neural networks for nonstationary nonlinear problems
like stock price trend prediction.

For SVM and 3 WNNs, the prediction accuracy of SVM is better
than that of WNN, but less than that of RS-WNN and 2RS-WNN. It is
not difficult to understand that, although SVM has more excellent
classification ability than WNN, it cannot extract features like RS to
reduce the prediction error caused by the system itself. In addition,
the training time of SVM is more than that of 2RS-WNN.

In 3 WNNs, RS-WNN model has advantages over WNN model
on the overall performance. DS of RS-WNN models correspond-
ing to SSE Composite Index, CSI 300 Index, All Ordinaries Index,
Nikkei 225 Index and Dow Jones Index are 64.01%, 66.24%, 65.80%,
65.41% and 66.12%, respectively, which improve by 3.78%, 5.73%,
3.45%, 3.59% and 2.67% in contrast with simple WNN model. This
shows that, through RS attribute reduction, the redundant fea-
tures of stock price trend are reduced. This can greatly eliminate
multiple correlations between the features (indices) and decrease
the input dimensions of WNN, making the WNN training more
direct and effective without the interference of redundant features.
It is also shown that, compared with the improvement of model
performance, the negative impacts of information loss caused by
entropy-based discretization process are very small.
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Table 7
Prediction results and performance comparison of 2RS-WNN model based on different training sets for stock price trend of SSE Composite Index.
Samples numbers Features reduced by RS Model structure TT (s) RMSE MAD MAPE DS%
100 1,2,5,11,13 5-3-1 0.5 97.05 84.11 2.54 60.36
300 1,2,5,7,11,13,15 7-6-1 1.1 83.62 46.35 1.97 63.83
500 1,2,57,10,11,13,15 8-6-1 1.7 68.50 27.18 1.35 65.74
600 1,2,57,11,12,15 7-5-1 38 55.67 24.52 1.32 65.96
800 1,2,5,7,10,11,12,13,15 9-8-1 4.9 50.01 24.19 1.28 66.15
1000 1,2,4,5,10,11,12,13,15 9-7-1 6.2 48.24 23.05 1.17 66.32
Table 8
Performance comparison of different models for 5 stock market indices.
Data set Algorithm Model structure TT (s) RMSE MAD MAPE DS% CP% CD%
SSE Composite Index BP-NN 15-12-1 14.3 216.2 192.5 4.4 59.8 61.6 58.4
(China) RBF-NN 15-7-1 9.7 175.7 141.8 33 61.1 59.2 62.8
ANFIS-NN 15-8-1 124 153.2 137.7 35 61.6 62.1 58.5
SVM 3-SVM 3.6 126.5 114.6 2.6 62.4 63.3 62.8
WNN 15-8-1 5.5 135.4 125.2 3.2 60.2 62.2 58.4
RS-WNN 8-7-1 4.2 107.6 92.1 2.0 64.0 63.5 65.8
2RS-WNN 8-5-1 1.7 98.5 77.2 1.8 65.8 66.7 65.9
CSI 300 Index (China) BP-NN 15-10-1 13.8 167.4 133.2 5.9 58.5 57.1 60.3
RBF-NN 15-7-1 7.5 148.1 124.0 53 59.1 60.2 58.4
ANFIS-NN 15-6-1 114 142.3 1171 3.5 59.9 57.1 60.1
SVM 3-SVM 35 106.2 79.4 2.8 62.6 63.9 62.4
WNN 15-8-1 4.6 115.1 75.2 29 60.5 62.7 59.8
RS-WNN 7-9-1 4.1 97.2 59.0 2.7 66.2 65.5 66.8
2RS-WNN 7-5-1 1.8 84.3 45.1 1.8 66.4 67.3 66.2
All Ordinaries Index BP-NN 15-14-1 16.2 239.1 207.8 4.0 60.7 63.8 579
(Australian) RBF-NN 15-9-1 9.5 180.2 145.1 3.3 61.9 60.9 61.4
ANFIS-NN 15-10-1 12.0 165.3 1224 4.0 61.3 61.2 63.4
SVM 3-SVM 4.2 114.1 97.2 1.8 64.5 62.7 65.7
WNN 15-6-1 6.4 127.9 105.1 2.0 62.4 61.5 64.0
RS-WNN 6-8-1 5.7 106.9 84.8 13 65.8 64.3 66.5
2RS-WNN 6-3-1 2.1 97.6 70.2 1.2 65.9 64.3 67.4
Nikkei 225 Index BP-NN 15-17-1 28.5 293.4 228.5 8.3 57.3 59.7 58.7
(Japan) RBF-NN 15-12-1 16.7 248.5 185.4 6.8 59.1 60.2 58.4
ANFIS-NN 15-11-1 20.3 202.7 157.1 7.6 574 58.3 62.5
SVM 3-SVM 7.6 139.1 114.3 4.6 64.3 65.7 66.3
WNN 15-12-1 12.1 165.4 148.4 7.0 61.8 64.3 64.3
RS-WNN 9-12-1 10.4 125.3 102.9 4.0 65.4 65.9 66.9
2RS-WNN 9-8-1 5.5 114.6 87.3 3.0 65.5 66.2 67.5
Dow Jones Index (USA) BP-NN 15-12-1 215 188.2 195.7 4.8 60.9 58.7 61.8
RBF-NN 15-14-1 12.0 152.2 170.3 4.3 63.7 62.5 62.1
ANFIS-NN 15-9-1 16.4 165.7 192.1 4.4 61.0 59.6 63.1
SVM 3-SVM 5.5 123.6 1354 2.0 65.2 64.3 65.5
WNN 15-10-1 9.3 133.8 145.2 3.8 63.4 62.8 63.2
RS-WNN 7-10-1 7.7 116.52 127.6 1.6 66.1 65.3 66.4
2RS-WNN 7-7-1 4.1 105.33 112.4 13 66.8 66.4 67.8

For 2RS-WNN model, its DS corresponding to SSE Composite
Index, CSI 300 Index, All Ordinaries Index, Nikkei 225 Index and
Dow Jones Index are 65.75%, 66.37%, 65.97%, 65.52% and 66.75%,
respectively, and only improve by 0.74%, 0.13%, 0.17%, 0.11% and
0.63% compared with RS-WNN model. However, TT save 2.55s,2.3 s,
3.65,4.9sand 3.6 s, respectively. This shows that, using RS to reduce
the hidden layer nodes on the basis of RS-WNN, can essentially
optimize the network structure of WNN. It can greatly shorten the
training time with accuracy improvement, which will promote the
actual application of the proposed method. The obtained predic-
tion results can also accurately reflect the overall trend of the stock
market.

7. Discussions on incremental learning

To improve the practicality, the incremental learning way of
the proposed method needs to be discussed. It can be realized by
adjusting the parameters of WNN after the determination of net-
work structure. In order to ensure that the parameter adjustment of
each incremental learning is not too large, the range of parameter

adjustment need to be setin advance in the learning algorithm. (The
range of parameter value and the range of parameter adjustment
is not a concept. The range of parameter adjustment is generally
less than the range of parameter values.) This can ensure that the
known knowledge is not destroyed in the network and the new
knowledge is gradually being learned. In addition, the range of
parameter adjustment can also effectively overcome the shortcom-
ings such as over-fitting and falling into local minimum. To adjust
the parameters is actually to maintain a balance between the exist-
ing knowledge of the classifier and the new knowledge contained
in the samples. If the existing knowledge of the classifier is more
concerned, it should learn slowly; if the new knowledge is more
important, it should learn quickly. For the incremental learning of
BP algorithm, it can be seen as fast learning if the multiple iterations
are made for a new sample, and slow learning if only an iteration or
without iteration. In general, the fast learning uses the new knowl-
edge to quickly update the network parameters, which may cause
instability in network performance. Therefore, only when the old
knowledge is already out of date or the network needs to quickly
learn new knowledge to adapt to the changes of sample distribu-
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tion, is the fast learning used. In addition, some details also need
more in-depth discussion on future work.

8. Conclusion

Stock market is an important part of the economic system. The
process of stock price evolution is decided by many economic indi-
viduals and economic factors working together, resulting in great
uncertainty, and bringing difficulties to stock price trend predic-
tion. For this reason, an integrated prediction method based on
RS and WNN is proposed. RS has an excellent attribute reduction
capability. WNN is good at nonlinear system modeling. Combin-
ing them, the proposed method can decrease the input dimension
and optimize the structure for WNN modeling. This can reduce
the calculation complexity with the improvement of stock price
trend prediction. Simulations show that, the proposed prediction
method reduces the network size, simplifies the network structure,
and improves the training time and prediction accuracy. Thereby,
it provides an effective solution to the prediction of stock price
trend. It is believed that, with further research, through selecting
more reasonable indices, the prediction accuracy can be further
improved for stock price trend. In addition, WNN is used to predict
the trend of stock price, but the application of typical three-layer
network structure with single hidden layer is mainly studied. If it
is extended to WNN structure with a number of hidden layers, its
performance for stock price trend prediction will be the next focus
of the study.
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