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Abstract

The traditional evaluating methods can not deal with the evaluation problem of innovation sources
in service firms with fuzzy information, authors have constructed fuzzy support vector machine based
on support vector machine and fuzzy chance constrained programming, and applied this new method to
evaluating innovation sources in service firms. In basis of related literature reviewing, authors have
summarized 7 indicators of innovation sources in service firms which are internal R&D, staff quality,
customers, suppliers and so on. By selecting the data of 80 service firms of Zhejiang Province in China
as samples and 60 firms being as training samples, we obtain the model of evaluating innovation
sources of service firms. Simultaneously the other 20 firms being as testing samples, the results show
higher accuracy rate (90%) and lower error rate(average error is 0.038). Therefore fuzzy support
vector machine method for innovation sources in service firms provides a new way in the process of
selecting innovation sources.
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1. Introduction

By 2007, the service sector accounted for over 60 percent of GDP in all OECD countries. In the same
year, the service sector accounted for 40.2 percent of GDP in China”. At this stage, the manufacturing
sectors all over the world are competing fiercely, the industry structure in China shows a new trend that
being from manufacturing type to service type. Innovation is the fundamental driving force of economic
development!¥), it is surprising that innovation in services has not received much attention until recently.
In part this may be because of the traditional tendency to view services as relatively low-tech and
non-innovation when compared with the manufacturing sector, which is bound to affect the understanding
of service innovation. However the intangible nature of service output and the fact that service firms are
less likely to engage in traditional R&D activities than manufacturing sector, does not mean that service
firm are not innovative. Now the consensus in the literature is that service firms do innovate, but in the
form of innovation performance and innovation sources may not do so in quite the same way as
manufacturing®®. Among the literature, Coombs and Miles(2000) propose the synthesis approach®®!
which is an integrative approach and service, organizational and technological innovations should all be
accounted for equally, the present research is in the spirit of synthesis approach. In addition, Tether(2005)
shows that service innovation often depends on “soft technology”, not only relying on internal resources
such as R&D activity and abilities of their workforce ,but on cooperation with outside organizations such
as suppliers, customers, competitors and so on™. The internal and external resources promoting the firms’
innovation can be called innovation sources in literature!®, therefore the firm’s innovation sources will
have important impact on the innovation performance, and how to evaluation and select the firm” current
innovation sources properly is particularly important to the development of the service firms.

Support vector machines (SVMs) proposed by Vapnik, is a novel method for machine learning!®!. Due
to its excellent learning capability, it has become a hot spot of the machine learning field and applied
successfully to many application fields. But as an immature novel technique, it still needs further
improvements. For example, in the evaluation of service innovation sources we need to determine the

© The data is from OECD website and Blue Book of Chinese Academy of Social Sciences in 2007.
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innovation performance, but this innovation performance itself is a fuzzy concept, simply to use “good”
or “bad” to measure is not accurate, we describe the degree of belonging to “good” or “bad” which is
more objective. So fuzzy support vector machine is constructed based on support vector machine and
fuzzy chance constrained programming, and applied this new method to evaluating innovation sources in
service firms in order to provide scientific and objective basis for selecting proper innovation sources.

2. Fuzzy Support Vector Classification

We define a training point which is positive class membership gradel”® or negative class
membership grade as 6" or 6~ (§%,6 €[0.51]) , and we introduce & e[-1 —0.5]U[0.51] for
short, which §* =6, & =-5. Therefore A kind of special triangle fuzzy number is introduced as an
extension of positive class symbol 1 or negative class symbol -1 , when the input of a training point is
positive class membership grade 67(0.5<6" <1) or negative class membership grade
57(0.5< 5 <1), we define the corresponding output as the following triangle fuzzy numbert®%,

2 _ 2
(20 H072 55 20 73042 h5 541
V=)= 057 13542 25° -5-2
(2041 =) -1<5<-05

Given the training set of classification is
S GO AR C A N S RN (RIS @

where X; € R" isanusual input, ¥;(j=1---,1)isa triangle fuzzy number as shown in (1), j=1,--,1 ,

(X, ¥,) are fuzzy positive points (t =1,---, p), (X,V;) are fuzzy negative points (i = p+1,---,1).

Under the confidence level A(0 < A <1), fuzzy linearly separability problem of the fuzzy training
set as shown in (2), can be transformed to fuzzy chance constrained programming with decision
variable (w,b,)" :

1
min> | wil , 3)
stPos{y;((w-x;)+b)>L> 4, j=1-,1

Where Pos{-} is a feasibility estimate of the fuzzy event{.

The certain equivalence programming common programming equivalent to(3) of the fuzzy chance
[11].

constrained programming (3) is the quadratic programming*—:
min1 | w])?
wh 2 )
St(@-A)rs +Ar,)((w-x)+b)>1t=1---,p
((1_/1)“1 +/1ri2)((W' Xi) +b) >1i= p"‘l;"',l

(4)

The duality programming of quadratic programming (9) is quadratic programming with decision
variable (B,a)" :

p |

r;]in%(A+ZB+ D)-Q B+ D @)

o t=1

i=p+1l

®)

StY (- A)ty  An)+ Y (@ A, + A8) =0

i=p+1
B =0t=L1---,p
@ >0,i=p+L-,
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Where (B,a)" is decision variable, A:izp:ﬂﬂs((l—ﬂ)rw+/1q2)((l—/1)r +Ar,) (X - X))
t=1 s=1
p |
B=> > S (A=A + ) (L= +6,)(% - %)
t=1i= p+1
D= le Za,aq((l Ay + A6, (A= Ay + A1) (X - X,) 7

=B B) €Rly a=(a,, o) eR"
Programming (5) is a convex quadratic programming. After getting its optimal solution
(B &) =(B -+ By, @ p,-a")", we can get the certain optimal classification hyperplane®:

(W -x)+b"=0,xeR", (6)
where

w = Zp:ﬂt*((l_ﬂ)rw +/A“’t2)xt + leai*((l_l)ru +ﬂri2)xi ’

t=1 i=p+1

b = (- )ry; +4r,,) ~ (Zﬂt (Q=A)rg +Ar, ) (X - %) + Za (Q=2)r +45,)(% - X))

i=p+1
se{s|B. >0},
or

b = (A A)rg +Arg,) - (Zﬂt (= 2)rg + A8, ) (X %g) + Za (@=A)r, +45,)(%; %))

i=p+1
qe{dla, >0}
Through g(x)=(w"-x)+b" we obtain a fuzzy optimal classification function 2

,(u),.0<u<g’(),

1’ u> (p;l(l)v (7)
—-¢ (U),p () <u<0,

-Lu<g™(Q),

o=0()=

where u=g(x), ¢,(U) are regression functions (monotonous increasing function on u) obtained

from the &—support vector regression®®. And & —support vector regression is constructed by the
following method:

(i) Build up the Construct training set of the regression problem
{(9(x). 1), (9(x;),6,)}- ®)

(if) Use (8) as training set , and select appropriate & >0, penalty parameter C > 0,choose a linear
kernel as the kernel function ,thus to construct & — support vector regression.
Similarly, ¢_(u) is a regression function (monotonous decreasing function on u) obtained from the
& —support vector regression which is constructed with the same method.

From the above discussion, we can achieve the following algorithm:
(i) Given a fuzzy training set (2),and select an appropriate confidence level 1(c <1<1), C>0anda
kernel function K(x, x") ,then construct quadratic programming:
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mm (AK+ZB +D,) - (Zﬂ[ Za)

i=p+1

s.t.Z/z((l—/l)r +AL) + Z o, (L-A)r, +Ar,)=0 ©

i=p+1
0<B <Ct=1--,p
0<q <C,i=p+1--,l,

where A =33 4B, (L Aty + A )AL Ay + A0)K (X, X,)

t=1 s=1
|

B =Y 3 A (@ A + A0 )= 2 + 20K (6, %)
Dy = ZI: le oo, (L= A + A ) (L= A)ry, + An,)K (X, X,) *

i=p+lg=p+l

B=(BB,) eRYs a=(a,, ) €R ™ (B,a) isadecision variable.

(i) Solve quadratic programming(9), get optimal solution (8",a")" =B, B, apﬂ, L)'

(iii) Select the positive component g < (0,C) of ", ora* e(0,C) of o, then compute

b™ = (A-)r, +/1rsz)—(zp:ﬁ:((l—/1)ﬂs + Ao ) K (X %) + Za (Q=A)ry +An, ) K (X, X))

i=p+l

or b*=((1—/1)rqi+/1rqz)—(zp:ﬂf((l—/1)ﬁ3 + A, )K (X, Xg) + za (@~ 2)r, + A )K (%, %)) -

i=p+1
(iv) Construct function :

900 =3 B (A=D1, + K K) + Y o (A= A+ AT )K (5., -

i=p+1
(v) Consider {(g(x,),6,),(9(%,), 5,0} ad {(g(X;1)~8 )+ (9(x,),~6,)} as training set
respectively, construct & — support vector regression (select appropriate ¢ > 0, penalty parameter C >0,
choose a linear kernel as the kernel function), then obtain regression functions ¢, (u) ande_(u) .
(vi) Construct fuzzy optimal classification function (7).
Note: In the optimal solution (5,-,8,,a ,--,/)" in quadratic programming (9) only some

B and «, are not zero, the corresponding inputs of fuzzy training points are fuzzy support vectors,
the other inputs are non-fuzzy support vectors. Only fuzzy support vectors can work in the fuzzy
optimal classification function, but non-fuzzy support vectors do not. So g(X) in fuzzy optimal
classification function (7) is
900 =( 2, BIA-Ars+ 106 - X)+ D o[- )k, +A6,1(% -X)) +b"»

(FSV)* (FSV)~
where (FSV)" is the set including all fuzzy support vectors in the fuzzy positive points, and (FSV)~
is the set including all fuzzy support vectors in the fuzzy negative points.

3. Fuzzy Support Vector Machine Method for Evaluating Innovation Sources in
Service Firms

3.1 Identifying Indicators

NO matter manufacturing or service, much research on R&D and its role on innovation has been
conducted ™31, Previous research has shown that firms which conduct internal R&D activity are
better able to use externally information ™!, have better absorptive capacity relevant when the addition
of external linkages for innovation will be discussed. In addition, the educational level of employees is

190



Journal of Convergence Information Technology
Volume 5, Number 7, September 2010

an important factor, having qualified workforce is suggested to aid in firm’s innovation efforts .

Innovation cannot be regarded purely as an internal matter as firms’ external linkages may also play
an important role ™. The external linkages may help by stimulating creativity, reducing risk,
accelerating or upgrading the quality of the innovation made ™. In a comparison of the innovation
process of manufacturing and service firms, Tether (2005) finds that while manufacturers are more
likely to innovate through internal R&D and collaborations with universities and research institutes,
service firms are more likely to make use of collaborations with customers, suppliers and so on!l,
Leiponen (2005) finds support for this view. In a survey of Finnish service firms, she finds that external
sourcing of knowledge, especially from customers and competitors, positively affected both the
probability and extent of innovation.

We select strategic alliances, suppliers, customers, external consultants and competitor as external
innovation sources of service firms. Each of these has to some extent received attention in the
academic literature.

A firm’s participation in strategic alliances has been a widely researched topic. Strategic alliances
include activities such as R&D partnerships, collaborative manufacturing and co-marketing
arrangements. The most common rationales offered for corporate partnering and external collaboration
involve some combination of risk sharing, obtaining access to new markets and technologies, speeding
products to market and pooling complementary skills™®?°. Additionally, firms use external relations,
such as collaborations, as a temporary mechanism to compensate for capabilities a firm has not
mastered™. Linnarsson and Werr (2004) find some of challenges of radical innovation could be
reduced by engaging in alliances for innovationf?.

Suppliers and their role in the value-added chain regarding innovation is also an important topic,
particularly so due to the close relationship existing between firm and supplier. The relationship allows for
both formal and informal interaction, possibly a hotbed for originating innovative ideas and suggestions® *°!,

Existing customers can be an excellent source of information to service firms. Customer’s
involvement in a firm’s innovation process, either formal or informal, has been the subject of
considerable research® ** 1, with a general consensus that, where it exists, such input is generally
favorable to service innovation.

With respect to the role of consultancy firms, it is suggested that the development of client
-consultancy relations requires to be viewed as an interactive process, with both partners playing an
equally important role. Where this is the case, the use of consultancy firms has been shown to be
another positive source for innovation®?, especially where firm is considering moving into completely
new areas of service.

Closely monitoring the competition is an obvious tactic for many firms, and can be an important
source of idea for new and improved products. For example, Hipp (2002) found a positive effect in
knowledge-intensive business services which utilize competitors as an external innovation source, and
Leiponen (2005) found that completely new services are most often introduced by firms that engage in
external knowledge sourcing particularly from customers and competitors.

According to the content above, the establishment of indicators of evaluating the innovation sources
of service firm is completed (Table 1).

Table 1. Indicators of evaluating the innovation sources of service firm

Objective Indicator X Quantitative of Indicator
To internal R&D X, percentage of R&D fund in firm’s sales
select quality of workforce X, percentage of employees with at least a bachelor’s degree

_ Proper strategic alliance X, taking value(0-1)
Innovation supplier X, taking value(0-1)
sources customer X, taking value(0-1)
consultancy firm X taking value(0-1)
competitor X taking value(0-1)

Note: The data above is collected from the questionnaires which were mailed to service firms of Zhejiang
Province in China in 2009. We select 80 in the usable obtained questionnaires which are mainly from technology
service (32 percent), business service (20 percent), culture service (8 percent) and other service (40 percent). The
quantitative of indicators of external innovation sources is taken value (0-1) according to frequency which firms
contact with external resources, where 1 is the highest score.
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3.2 Selecting Training Points

Of the 80 selected questionnaires, we select 60 firms before Number 60 (including Number60) as
training samples, and the other 20 as testing samples (Table 2).

Table 2 Descriptive statistics of service firms of Zhejiang Province in China
Positive class

Firm X, X, X, X, X Xe Xy membership
grade &°

1 0.023 0.43 075 082 093 065 0.70 0.91
2 0.021 0.49 069 076 09 068 0.78 0.83
3 0.011 0.41 052 079 092 042 0.62 0.69
4 0.031 0.73 053 083 09 068 081 1.00
5 0.019 0.42 049 083 08 056 071 0.88
6 0.016 0.31 043 082 089 031 0.79 0.73
7 0.034 0.48 042 072 069 058 081 0.75
8 0.027 0.38 045 068 066 056 0.79 0.68
9 0.029 0.39 049 070 068 061 0.79 0.7
10 0.018 0.35 052 079 083 033 0.65 0.67
11 0.015 0.31 051 073 078 032 061 0.64
12 0.025 0.49 061 081 083 059 082 0.95
13 0.026 0.46 058 077 077 0.60 081 0.93
14 0.009 0.21 048 070 076 032 0.6 0.61
15 0.01 0.23 049 072 079 046 058 0.63
16 0.022 0.4 073 079 089 064 0.68 0.88
17 0.020 0.46 0.67 073 086 067 0.76 0.8
18 0.018 0.36 0.7 075 085 056 059 0.78
19 0.016 0.42 0.64 069 082 059 0.67 0.70
20 0.006 0.34 047 072 084 033 051 0.56
21 0.026 0.66 048 076 087 059 0.70 0.87
22 0.014 0.35 044 076 077 047 0.60 0.75
23 0.011 0.24 038 075 081 022 0.68 0.60
24 0.029 0.41 037 065 061 049 0.70 0.62
25 0.022 0.31 040 061 058 047 0.68 0.55
26 0.013 0.28 047 072 075 024 054 0.54
27 0.010 0.24 046 066 070 0.23 0.5 0.53
28 0.020 0.42 056 074 075 050 071 0.82
29 0.021 0.39 053 070 069 051 0.70 0.80
30 0.005 0.16 044 065 071 037 047 0.52
31 0.017 0.33 068 072 081 055 057 0.75
32 0.015 0.39 062 066 078 058 0.65 0.67
33 0.012 0.31 063 067 076 052 0.0 0.67
34 0.010 0.37 057 061 073 055 058 0.59
35 0.020 0.61 041 068 078 055 0.61 0.76
36 0.008 0.30 037 068 068 043 051 0.64
37 0.014 0.37 049 066 066 046 0.62 0.71
38 0.015 0.34 0.46 0.62 0.6 047 061 0.69
39 0.009 0.28 061 064 072 051 048 0.64
40 0.009 0.34 055 058 069 054 056 0.56

Negative class

X, X, X, X, X, Xe  Xs membership

grade ¢~

41 0.011 0.23 041 068 061 021 053 0.57
42 0.010 0.19 038 051 058 021 0.39 0.64
43 0.014 0.22 034 043 041 042 048 0.58
44 0.004 0.1 016 021 023 012 0.22 1.00
45 0.008 0.22 043 064 070 022 048 0.53
46 0.004 0.14 043 063 068 023 045 0.52
47 0006 029 04 064 075 029 042 0.55
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48 0.005 0.19 031 067 072 018 0.59 0.51
49 0.023 0.36 030 057 052 045 061 0.53
50 0.016 0.26 033 053 049 043 059 0.56
51 0.018 0.27 037 055 051 048 059 0.54
52 0.005 0.20 039 063 064 018 043 0.59
53 0.007 0.23 040 064 066 020 045 0.57
54 0.002 0.17 036 056 061 018 0.39 0.61
55 0.004 0.19 039 058 061 019 041 0.60
56 0.004 0.09 036 055 059 019 0.36 0.63
57 0.005 0.11 037 057 062 033 0.38 0.61
58 0.016 0.22 032 045 040 036 049 0.66
59 0.003 0.15 034 053 053 006 0.33 0.71
60 0.005 0.18 035 054 055 008 0.35 0.69

Positive class

X, X, X, X X Xeo Xy membership

grade &

61 0.020 0.42 055 071 071 050 0.68 0.76
62 0.021 0.39 052 067 065 051 0.67 0.74
63 0.015 0.33 0.67 069 077 055 054 0.69
64 0.015 0.39 061 063 074 058 0.62 0.61
65 0.029 0.36 044 064 061 057 0.77 0.65
66 0.016 0.29 046 072 074 027 061 0.60
67 0.018 0.32 047 073 076 029 0.63 0.62
68 0.043 0.56 043 08 081 027 0.77 0.98
69 0.015 0.28 046 067 071 028 059 0.59
70 0.025 0.46 056 075 076 055 0.80 0.90
71 0.026 0.43 053 071 070 056 0.79 0.88
72 0.010 0.20 044 066 072 042 056 0.58

Negative class

X, X, X, X, X, X X membership

grade ¢~

73 0.011 0.25 045 068 069 022 049 0.54
74 0.013 0.28 046 069 071 024 051 0.52
75 0.008 0.22 042 061 066 022 045 0.56
76 0.010 0.24 045 063 066 023 047 0.55
7 0.009 0.12 032 051 054 023 0.32 0.65
78 0.011 0.16 043 062 067 037 044 0.58
79 0.017 0.35 041 042 059 042 057 0.57
80 0.009 0.15 033 044 049 028 044 0.64

Note: @The data above is collected from the questionnaires, membership grades represent the innovation performance
of service firms, which is taken value (0.5-1) according to the situation of service, organizational and technological
innovations by experts, where 1 is the highest score. @ 5" represents positive class membership grade (Innovation
performance is good), & represents negative class membership grade (Innovation performance is poor).

3.3 Defining Fuzzy Training Set

S ={0: ¥1)r -1 (Xagr Vo) Xz ¥ar)s -1 (Koo Yo )}

Where x, =(0.023,0.43,0.75,0.82,0.93,0.65,0.70)" 5 «veeevveeeenne ,

X4 = (0.009,0.34,0.55,0.58,0.69,0.54,0.56)" ;

X, =(0.011,0.23,0.41,0.68,0.61,0.21,0.53)" 5 ..eeevviiiiinin ,

Xeo = (0.005,0.18,0.35,0.54,0.55,0.08,0.35)" ;

¥,=(0.62,0.82,1.02) » .eevvriiiiinnnnn v ¥, =(-1.450.12,1.69) »

Vi =(-1.65-0.14,137)» .ocooeriiinnnnnn » Yoo =(-1.28,-0.38,0.52) .

¥;(ji=1.---,60) are triangle fuzzy number into which the membership grades in Table 2 are converted

by (1).
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3.4 Training and Testing

Use S as fuzzy training set, under the algorithm (fuzzy support vector machine), the fuzzy training
points are trained on (choose Gauss kernel as the kernel function K(x,X") =exp(=||x=X'|* /&%),
penalty parameterC =10, confidence level 1=0.95). With the help of MATLAB, fuzzy support

vectors are obtained: ;
Xpg = (0.013,0.28,0.47,0.72,0.75,0.24,0.54) ,

(0.01,0.24,0.46,0.66,0.7,0.23,0.5)" .
(0.005,0.16,0.44,0.65,0.71,0.37,0.47) .
(

(

0.01,0.37,0.57,0.61,0.73,0.55,0.58) .
0.004,0.14,0.43,0.63,0.68,0.23,0.45)".

X, = (0.005,0.19,0.31,0.67,0.72,0.18,0.59)
X, = (0.023,0.36,0.3,0.57,0.52,0.45,0.61)" .
X, = (0.016,0.26,0.33,0.53,0.49,0.43,0.59)"

Xy
X30
X34
Xs6

Then use the data of X - X, (Number 61-80) in Table 2 as inputs of testing, the testing results are
obtained through MATLAB:

5(9()(61)) =074, 5(9()(62)) =072, é‘((.31()(63))20-71’ é‘((.31()(64))20-63’ §(g(X55)) =0.65,
5(9()(66)) =062, 5(9()(67)) =051, é‘(g(xss)) =1.00, é‘(g(xsg)) =0.60- 5(9()(70)) =095,
5(9()(71)) =091, 5(9()(72)) =055 5(9()(73)) =-0.59, 5(g(X74)) =-0.55, 5(9()(75)) =-0.61,
5(9()(76)) =-0.57> 5(9()(77)) =-0.71, 5(9()(78)) =-0.62, 5(g(X79)) =-0.53, 5(9()(80)) =-0.52.

3.5 Evaluating the testing results

Each testing result 5 is compared with the original result & .

The testing results are listed: 0.74, 0.72, 0.71, 0.63, 0.65, 0.62, 0.51, 1.00, 0.60, 0.95, 0.91,
0.55; -0.59, -0.55, -0.61, -0.57, -0.71, -0.62, -0.53, -0.52. Accordingto 6" =6,6 =-0J, the original
results (membership grade 6*, &) are written as : 0.76, 0.74, 0.69, 0.61, 0.65, 0.60, 0.62, 0.98,
0.59, 0.90, 0.88, 0.58; -0.54, -0.52, -0.56, -0.55, -0.65, -0.58, -0.57, -0.64. Compare the two
sets of data, calculate the testing errors | 5-6 | of every testing point.

Here we take two approaches to evaluate:

(i) Define a real number ¢(0<&<1).

For every testing point, if the testing error | 5-6 |< &, the testing of the testing point is considered
correct; And otherwise, the testing is considered wrong. And the testing accuracy is percentage of
quantity of correct testing points accounted for the total number.

Here we definee =0.1, and evaluate the testing results of 20 testing points. Of the 20 testing
number, it is clear that |3 — 0 |> ¢ for Number 7 and Number 20, so the testing is considered wrong;
For other 18 testing points, | 5-6 |< &, and the testing is considered correct. So the testing accuracy is
90 percent.

Generally in the evaluation of testing results in fuzzy support vector machine, define0 < ¢ <1, and
the smaller & is, the more stringent is the evaluation criteria. And otherwise, the broader is the
evaluation criteria. ¢ =0.1 shows this evaluation criteria more stringent. In the criteria the testing
accuracy which is 90 percent shows good effect.

(ii) Add each testing error |(§—5| together, then obtain a total error(positive real number). Total

error divided by the total number of testing points is average error. And it is clear that the smaller
average error is, the more accurate is the testing. Otherwise, the rougher is the testing. We hope that the
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average error is as small as possible. Through calculating the total error of 20 testing points is 0.76, and
average error is 0.038.

According to the knowledge of fuzzy math®*2, if the difference of membership grades of two
points belonging to one category is 0.038, then the membership grades have little difference. In this
section the average error of testing points being 0.038 shows good effect.

4. Conclusion

Authors have constructed fuzzy support vector machine based on support vector machine and fuzzy
chance constrained programming, and applied this new method to evaluating innovation sources in
service firms. In basis of related literature reviewing, authors have summarized 7 indicators of
innovation sources in service firms which are internal R&D, staff quality, customers, suppliers and so
on. The training and testing samples are selected, the testing results show higher accuracy rate (90%)
and lower error rate (average error is 0.038). Therefore fuzzy support vector machine method for
innovation sources in service firms provides a new way in the process of selecting innovation sources.
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