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ABSTRACT

A large number of relevant factors in forecasting problems is
one of non-trivial difficulties in several e-business. In order
to relieve this severe problem, the intelligent system: neural
network based on main factors (NNMF) is proposed in this
paper. The aim is to use only main factors, which are found
by using statistical analysis for the forecast. Such a forecast
relates to Boston housing data (BHD) problem. The
comparison between NNMF and the model of neural
network based on all factors is done. The result indicates the
usage of significant reduction of the number of factors still
maintains the accuracy as well as the use of all factors does.
The experiments also denotes a very few bits of the decrease
of accuracy when using the small number of hidden layer in
NNMF.
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1. INTRODUCTION

The forecasting problem is often involved with such several
e-business as forecast pure water demand in a week for an E-
business website [1], predicting the performance of dynamic
e-Commerce systemms on heterogeneous servers [2],
predicting e-commerce consumer expenditure in European
Commission(EC) countries [3], prediction of future facts
enhances the decision making and the fulfillment of e-
baﬁking goals [4]. One of non-trivial difficulties in such
many e-business is a large number of relevant factors
involved with the prediction. In order to relieve this severe
problem, the intelligent system: neural network based on
main factors (NNMF) is proposed in this paper. Such a
proposed method combines the statistical analysis with the
neural network. First, various factors are evaluated by the
 statistical analysis; then the main factors are selected to
construct a neural network model for the forecast. The
forecasting problem applied here refers to Boston housing
data (BHD) [5]. Such a problem relates to predict the
‘median price of owner-occupied homes in Boston. There are

" many factors involved with forecasting such a median price. .

The factors such as crime rate, nitric oxides concentration,
lower status, pupil-teacher ratio, property tax, number of

»

rooms and so on are not independent and conflicted w],
each other. The comparison is made between NNMF and th
model of neural network based on all factors. Th
experiments also concern the number of nodes in the hldde_
layer of neural network.

The rest of the paper is organized as follows: Section.
introduces the principles and algorithm of neural ne
model. Section 3 conducts statistical analysis of the fact
involved with a BHD median price of owner-occup:
homes forecasting problem. Section 4 constructs-
structure of the neural network model based on main facto
Section 5 shows the experiment result. Finally in secnon
some concluding remarks are drawn from this study.
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2. ARCHITECTURE OF NEURAL NETWORK

Neural network have been widely used as a competitive
in  processing multivariable  input-output  hard

implementation because of their leamning capacity, fa
tolerance and ‘model free’ characteristics [6][7]. A ne

network with one hidden layer can be shown in Fig.1
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Fig. 1 Structure of neural network -
The neural network is éctivatcd by L

inputs x, (1), x,(1),* ,x,(t), desired outputs ¥,;{

¢ is time step. -



Calculate the outputs of the neurons:
y; (t) = sigmoid zx,, (H)xw, (1) —9]] (a)
y(t) = linear[Eyj(t)wa(t)—G} (b)
7 '
Sigmoid, linear activation function is employed in the
hidden and output layer as consecutively defined in eq. (a)
-~ and eq. (b) :
b with. where n is the number of inputs of neuron j in the
ad the - hidden layer, m is number of inputs in the output layer, 6 ;
- The- '
sdden refers to neuron weights of hidden layer, 8 refer to neuron
- weight of output layer.
tion 2

Assume that all input values are given in advance the
error value function can be expressed as:

1 r
E= '5 (yd,i - yi)2 ©

i=
where r is the number of hidden neurons

Based on the BP algerithm, the parameter adjustment in
- neural network for backward propagation is shown in eq. (d-
R |
] Calculate the error gradient for the neurons in the output
layer:

0,(t) = (%1~ y,(N]xe(t) @
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Update the weights at the output neurons:
w,;(t+D) =w, (1) +axy (£)xd,(1) (e)

Calculate the error gradient for the neurons in the
hidden layer:

8,(1) = y,()x[1 - y,(DIx8,(D)xw, ()
Update the weights at the hidden neurons:
w,(t+D) =w, (1) +axx,()xd (1)

where 0<Q <1 is a leaning rate.

(g)

3. DATA SOURCE AND STATISTICAL ANALYSIS
3.1. Data Source

The data of samples used in this study refers to Boston
Housing Data (BHD). The data relates to the housing values
in suburbs of Boston which is maintained at Carnegie
Mellon University. The factors, which affect BHD median
price of owner-occupied home problem, such as per capita
crime rate by town, proportion of residential land zoned for
lots over 25,000 sq.ft., proportion of non-retail business
acres per town, Charles River dummy variable, nitric oxides
concentration, average number of rooms per dwelliﬂg, tax,
pupil-teacher ratio by town and so on. 10 samples out of 506
samples is selected to show in this study.
All the data is summarized and shown in Table 1.

Table 1. 10 Samples out of 506 samples data selected

| MEDV

Index 1 2 3 4 | 5 6 7 8 9 10 |
CRIM | 0.02731 | 0.02729 | 0.03237 | 0.06905 | 0.02985 | 0.08829 | 0.14455 | 0.21124 | 0.17004 | 0.22489
ZIN 0 0 0 0 0 12.5 12.5 12.5 12.5 12.5
INDUS 7.07 707 2.18 2.18 2.18 787 | 787 | 187 7.87 7.87
CHAS 0 0 0 0 0 0 | o 0 0 0
NOX 0.469 | 0469 | 0.458 | 0458 | 0458 | 0.524 | 0524 | 0.524 | 0.524 | 0.524
RM 6421 | 7.185 | 6998 | 7.147 | 643 | 6012 | 6172 | 5631 | 6004 | 6377
AGE 789 | 611 45.8 54.2 58.7 66.6 96.1 100 85.9 94.3
DIS 49671 | 49671 | 6.0622 | 6.0622 | 60622 | 5.5605 | 5.9505 | 6.0821 | 6.5921 | 6.3467
. RAD 2 2 3 3 3 5 5 5. 5 5
| TAX 242 242 222 222 222 311 311 311 311 311
PTRATIO | 1738 17.8 18.7 187 |. 187 15.2 152 15.2 15.2 15.2
B 396.9 | 392.83 | 394.63 | 3969 | 394.12 | 3956 | 3969 -| 386.63. | 386.71 | 392.52
LSTAT 9.14 4.03 2.94 5.33 5.21 1243 | 19.15 | 29.93 17.1 | 20.45
21.6 34.7 33.4 362 | 287 | 229 271 | 165 .| 189 15
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3.2. Statistical Analysis

Note from Table 1 that there 13 attributes in the sample data,
which are independent  variables and denoted by X1,
X2,..., X13 respectively. On the other hand, there is 6nly
one dependent variable that is the median price of owner-
occupied homes of the boston housing data, denoted by y.

254

To select the main attributes from 13 aﬁributes, a data 7
pretreatment is done by means of statistical analysis in thjg .
study. The results obtained from SPSS indicate that there
exist strong relations among 13 attributes, which can be =
shown by the Table2 and Table3 and component plot m
rotated space in fig 2.

" Table 2. Factors analysis [

Toftal %-of Variance Cumulative % Toftal % of Variance Cumulative % -

1 6.127 47.130 4713018 398 3.047| 92 954 ~
2 ' 1.433 11.025 58.185(9 277 2.134 55.084 B
3 1.243 9. 559 87.713|10 220 1.654 $6.778| I~
4 ~.858 6.557| 7431011 188 1.4 88.208 ~
5 .835 5.422 80.732 |12 1589 1.302 5o:511 B
6 857 5.057) 85.765 12 054 489 100.000 B
7 .535 4118 89.907 7 [

Table 3. Rotated Component Matrix ¢

Component
1 2 3
X1 148 744 168
X2 .T73 002 252
X3 1 - 455 208
X4 321 . -.087 -539
X5 764 | AT2 013
X6 -329 001 -763
X7 813 279 056
X8 -.845, ~312 021
X9 296 850 157
X10 368 815 210
X11 180) 297 833
X12 -112 -.857| - -037
X13 542 351 517

Extraction Method: Prindpél Component Analysis. '
Rotation Method: Varimax with Kaiser
Normalization.

a. Rotation convergedin Siterations.
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Fig 2. Component plot in rotated space

1t is clearly seen from Fig. 2 that the 13 attributes are:
divided into 3 groups based on their relativities: group
includes X2, X8, X11, X12, X13; group 2 includes X1;
X10; and group 3 includes X3, X4, X5, X6, X7. Finally;
main indices are confirmed as: X6, X8 and X9 as a rest
statistical analysis. ' -

4. MODEL STRUCTURE OF NEURAL NETWO,
BASED ON MAIN FACTOR (NNMF)



data
.- 4.1. Data Pretreatment
--this
there : o . .
@ be . After statistical analysis, the data information can be

summarized in Table 4.

Table 4. Data information of BHD forecasting problem

Index 1 2 3 4 5“
RM | 6421 | 7185 | 6998 | 7.147 | 643 |

DIS | 49671 | 49671 | 6.0622 | 60622 | 6.0622

_RAD | 2 2 3 -3 3
MEDV | 216 | 347 | 334 | 362 | 287 |

: Flndex_ 6 7 | 8 | 9 10

RM | 6012 6.1&4 5631 | 6004 | 6377
DIS | 5.5605 | 5.9505 | 6.0821 | 65921 | 6.3467

RAD | 5 5 5 5 5

MEDV | 229 27.1 16.5 18.9 15

Since there exist big differences among the data values,
a normalized procedure is selected and used to improve the
efficiency of NNMF model in this study, which yields the
results shown in Table 5. .

Table 5. Normalized data information

Index Ql | xx | x3
1 05084 | 0 | 0
2 | 1 [ o | o
3| 08797 | 06739 | 03333
4 09755 | 06739 | 03333
5 05142 | 0.6739 | 03333
s 02452 | 0362 1
F 7 03481 | 0.6052 1
8 0 0.6862 1
9 0.24 1 1
10 | 04801 | 0.849 1
2 Structure of NNMF

b The neural network based on main factor determined by
statistical classified into 4 models: NN13:13 with represents
£ neural network 13 inputs and 13 hidden layer, NN13:3 13
inputs and 3 hidden layer, NNMF3:13 3 inputs and 13
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hidden layer and NNMF3:3 refers to 3 inputs and 3 hidden
layer as shown in figure 3 — 6 respectively.

Input Layer

Hidderi Layer

Fig 3. The structure of NN13:13

Input Layer

Fig 4. The structure of NN13:3

Hiddentayer

 Fig 5. The structure of NNMF3:13
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Fig 6. The structure of NNMF3:3
5. RESEULTS ANALYSIS

The forecasting performance of NN13:13 NNI13:3
NNMF3:13 NNMF3:3 are illustrated as follows:

Table 6. Experiment results of 4 models

Testing Error|Std. Error|Performance '
NN13:13 0.058545 0.02817 | 99.941455
NN13:3 0.061786 | 0.020477 99.§38214
NNMF3:13| 0.057913 0.023519 | 99.942087
NNMF3:3 0.063803 | 0.024253 | 99.936197

The result indicates the usage of significant reduction of
the number of factors still maintains the accuracy as well as

the use of all factors does. The experiment denotes a very -

few bits of accuracy decrease: 0.003243% when reducing
number of nodes in NN; and The accuracy decrease:
0.005893%when reducing number of nodes in NNMF. The
performances of the 4 models are very close to each other.

6. CONCLUDING REMARKS

One of non-trivial difficulties in forecasting problem in a
large number of e-business refers to a vast amount of
involved factors. By using statistical method, the few
number of main factors is extracted from the whole several
numbers of factor. The results of this paper point that the
usage of significant reduction of the number of factors with
the small number of nodes in hidden layer could maintain
the accuracy as well as the use of all factors with the large
number of nodes in hidden layer. However, the results still
depends much on how good the initial status of neural
network is. In future works, such deficiency of initial state in
neural network should be made less tedious than ever.
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