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a  b  s  t  r  a  c  t

In  this  paper,  soft computing  is applied  to  estimate  the  contribution  rate  of  science  and  technology  (S&T)
progress  on  economic  growth.  First,  the main  influence  factors  of  economic  growth  are  defined,  consisting
of  capital  assets,  labor  force,  human  capital  and  research  and  development  (R&D),  and  the  human  capital  is
calculated  by  improved  labor-payment  method.  Second,  target  system  is  categorized  by genetic  iterative
self-organizing  data  analysis  technique  algorithm  (GA-ISODATA).  Then,  we set  up  the  I/O  model  by  fuzzy
artificial  neural  network  (FANN),  with  the  capital  assets,  labor  force,  human  capital  and  R&D  as  input
variables,  and  the corresponding  gross  domestic  product  (GDP)  as  the  output,  to extract  several  fuzzy
rules. Last,  from  the  obtained  fuzzy  rules,  we  can  get  the  effect  of influence  factors  on  economic  growth,
and  calculate  the  economic  contribution  rate  of S&T  progress  (ECRST).  Take  Guangdong  province  of  China
as an  example,  the  result  indicates  that: during  the  year 2000–2008,  Guangdong  province  (contains  21
cities)  could  be classified  into  three  clusters  according  to  the  S&T  progress.  The  first  cluster  (High  S&T)
has an  ECRST  of  47.52%,  and  contains  4 cities;  the  second  cluster  (Medium  S&T)  has  an  ECRST  of 42.74%,
and  contains  4  cities;  the  third  cluster  (Low  S&T)  has  an  ECRST  of 39.96%,  and  contains  13  cities;  the
average  ECRST  of  Guangdong  province  is  44.02%.  The  result  is  accordance  with  the  economic  reality  of
Guangdong  province,  and  demonstrates  the validity  of  the  proposed  method.

© 2012  Elsevier  B.V.  All rights  reserved.

1. Introduction

Economic contribution rate of science and technology progress
(ECRST) is defined as the contribution share of science and tech-
nology (S&T) progress, as an influence factor in economic growth.
Many studies have been reported on the contribution rate of S&T
progress on economic growth [1–8], including Solow residual
value, production function method, etc. But, the economy system
is a complex nonlinear system, so the contribution rate of S&T
on economic growth differently, depending on the region under
study, the period selected and the relative technology level. Many
problems of the traditional computing methods remain: (1) it is not
easy to quantify the value of human capital, S&T level, economic
institution and economic structure of a region; (2) the traditional
methods ignore the complexity of target system under study and
the possible incompletion of statistical data; (3) the traditional
methods ignore both the long-term effect and the lagging effect
of S&T on economic growth. Therefore, it is necessary to search
for a new computing method that could not only improve over
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the traditional computing methods but also help to reveal the true
relationship between S&T and economic growth.

Soft computing (SC) [9] is a newly developed computing method
that combines various knowledge and methods to set up an inte-
grated system to solve the complicated actual problems under
complex circumstances. In order to solve complex problems, SC
uses multiple techniques simultaneously in the computation in a
harmonious manner. Generally, soft computing technique consists
of artificial neural networks (ANN) [10,11] for pattern recognition
and self-adjustment to evolving environment, fuzzy systems (FS)
[12,13] for reasoning and decision-making and genetic algorithm
(GA) [14] for the optimization of systems. These three techniques
not only function independently but also effectively integrate
together into the soft computing.

Considering that the real economic system is complex and non-
linear, we introduce soft computing into the field of complex
economic system, to estimate ECRST. The basic idea of soft comput-
ing applied to estimate ECRST is as follows. First, the target system
(countries or regions) is classified in a fuzzy fashion according to
technology progress. Second, we set up the fuzzy mapping relation
from influence factors (capital assets, labor force, human capital
and research and development (R&D) expenditure) to economic
output, and calculate the ECRST in each cluster. Third, we calculate
the average ECRST of the target system.
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The reminder of this paper is organized as follows. In Section 2,
we propose the genetic iterative self-organizing data analysis tech-
nique algorithm (GA-ISODATA), describe the fuzzy artificial neural
network (FANN), and provide the procedure to estimate ECRST
by GA-ISODATA and FANN. Section 3 is case study. We  compute
the ECRST of Guangdong province in China during the period of
2000–2008. Section 4 is conclusions.

2. The method of soft computing to estimate ECRST

2.1. GA-ISODATA algorithm and the optimal clustering number

2.1.1. Fuzzy c-clustering

Definition 1. Given X =
{

X1, X2, . . . , XN

}
⊂ Rn, where Rn denotes

the Euclid n dimensional vector space of real numbers. For ∀j, 1 ≤
j ≤ N, Xj = (xj1, xj2, . . . , xjn)T ∈ Rn, where xjk(k = 1, 2, . . . , n) is the
k-th value of vector Xj(j = 1, 2, . . . , N). Let VT = (V1, V2, . . . , Vc)
(Vi ∈ Rn, i = 1, 2, . . . , c) is the matrix of central vectors of cluster-
ing, the fuzzy c-clustering for X can be expressed by the following
mathematics programming:

min  Jh(U, V, c) =
c∑

i=1

N∑
j=1

�h
ijd

2
ij =

c∑
i=1

N∑
j=1

�h
ij

∥∥Xj − Vi

∥∥2
, 1 ≤ h ≤ ∞(1)

such that

s.t
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i=1

�ij = 1, 1 ≤ j ≤ N

0 ≤ �ij ≤ 1, 1 ≤ i ≤ c; 1 ≤ j ≤ N

0 <

N∑
j=1

�ij < N, 1 ≤ i ≤ c

(2)

where d2
ij

=
∥∥Xj − Vi

∥∥2 = (Xj − V)T(Xj − Vi).
The iterative self-organizing data analysis technique algorithm

(ISODATA) [15] is an iterative operation, which iterates after the

initialization of matrix U0 =
(

�0
ij

)
c×N

for

Vi =
∑N

j=1(�ij)
hXj∑N

j=1(�ij)
h

(i = 1, 2, . . . , c) (3)

and

�ij =
(

c∑
k=1

(
dij

dkj

)2/(h−1)
)−1

(i = 1, 2, . . . , c, j = 1, 2, . . . , N)(4)

It can be demonstrated that the algorithm converges if h > 1 [16].
It is also clear that this algorithm depends on a pre-determined
number of clusters, and therefore is unable to provide the optimal
number of clusters [17].

2.1.2. GA-ISODATA algorithm
Genetic iterative self-organizing data analysis technique algo-

rithm (GA-ISODATA) embeds ISODATA into GA. In other words, it
consists of a GA outer layer and an ISODATA inner layer. ISODATA
conducts the best approximation to realize fuzzy c-partition, while
GA searches for the best number of clustering in the entire space. At
each step GA provides the preset partitioning number for ISODATA,
while the optimal partitioning number depends on the results of
approximation in ISODATA. Both of the methods work together to
realize the best partitioning and produce the number of optimal
clustering according to the following procedure of computation:

(1) Random generation of m-species
→
Ys =

{
Ys

1, Ys
2, . . . , Ys

m

}
, s = 0

(start with s = 0) in a binary system with length l.
(2) Computation of integer Ys

k
(k = 1, 2, . . . , m) corresponding to

individual cs
k

(k = 1, 2, . . . , m).
(3) Random generation of initial partitioning matrix Us(0) =(

�s
ij
(0)
)

cs
k
×N

(i = 1, 2, . . . , cs
k
, j = 1, 2, . . . , N) in Definition

1, with initial step t = 0.
(4) Computation of cluster center matrix Vs

k
(t) (k = 1, 2, . . . , m)

by Eq. (3).
(5) Iterative computation of a new fuzzy matrix Us

cs
k
×N

(t + 1) (k =

1, 2, . . . , m) by Eq. (4).  For preset ε, if max
i,j

∣∣∣�s
ij
(t + 1) − �s

ij
(t)
∣∣∣<

ε (i = 1, 2, . . . , cs
k
, j = 1, 2, . . . , N), let U∗

k
=
(

�s
ij
(t)
)

(k =
1, 2, . . . , m) and compute V∗

k (k = 1, 2, . . . , m) by Eq. (3) and
then go to Step (6). Otherwise return Step (4).

(6) Computation of fitness function G
(

U∗
k
, V∗

k
, ck

)
(k =

1, 2, . . . , m).
(7) Let G (U∗, V∗, c∗) = G

(
U∗

k
, V∗

k
, ck

)
(k = 1, 2, . . . , m), the

binary system string Ys
k

corresponding to c∗ is the best indi-
vidual of the current species. Keep the best individual of
the current species, and perform the GA operation based on
the proportion of fitness degree, the crossover probability
pc ∈ [0, 1], and the variation probability pm ∈ (0,  1), which leads

to a new species; then return
→

Ys+1 =
{

Ys+1
1 , Ys+1

2 , . . . , Ys+1
m

}
to

Step (2) until the GA converges.

2.2. Introduction of fuzzy artificial neural network

2.2.1. Fuzzy system model
A fuzzy system can be expressed by following fuzzy rules:

Ri : if x1 is Ai1 and x2 is Ai2 . . . and xn is Ain then

yi = zi(X) (i = 1, 2, . . . , c) (5)

here X = (x1, x2, . . . , xn) ∈ U1 × U2 × · · · × Un is a linguistic variable
(input vector), while n is the number of linguistic variables. Aij is
the fuzzy set on the universe of discourse of Uj (j = 1, 2, . . . , n),
and Ri (i = 1, 2, . . . , c) represents the i-th rule. yi is the output of
the i-th rule, and yi = zi(x) (i = 1, 2, . . . , c) could be a number or a
linear equation.

If the learning data contain N samples with n inputs and one
output, given ε > 0, in order to make

MSE  = 1
N

N∑
j=1

(oj − yj)
2 < ε (6)

where MSE  is the abbreviation of mean square error, oj (j =
1, 2, . . . , N) is the model output value of the j-th sample, yj (j =
1, 2, . . . , N) the real output value of the j-th sample. Let Aij (i =
1, 2, . . . , c, j = 1, 2, . . . , n) be Gaussian membership function,
yi = zi(x) (i = 1, 2, . . . , c) be linear equations. When Eq. (6) is sat-
isfied, the optimal parameters a = (aij)c×n

, � = (�ij)c×n
and B =

(bij)c×(n+1) could be obtained. a and � are the parameter matrices
of the rule premise (the ‘if’ part). B is the parameter matrix of the
rule consequent (the ‘then’ part). c is the optimal number of cluster
from GA-ISODATA. Given input X = (x1, x2, . . . , xn), the output of
fuzzy model could be expressed as follows [18]:

y =
∑c

i=1zi

[∏n
j=1uij(xj)

]
∑c

i=1

∏n
j=1uij(xj)

(7)
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