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Abstract: This study considered a R&D firm how to select a collaboration model for maximizing its profit, and the model
consisted of R&D, production, and marketing capabilities. R&D capability was the mainly concerned determinant of relative
profitability performance in the industrial market in this study. This research measured R&D capability based on patent
analysis and distinguishes R&D capability levels for firms in the target industry. The R&D levels could be taken as an index
for decision makers as a suggestion to choose a production or business model. This research collected relative patent data of
Aluminum Nitride product, and this case study could facilitate to verify the feasibility of this measurement procedure. The
results provided evidence for the feasibility of measurement, and recognition by the importance of market demand.
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INTRODUCTION

Collaboration played an important role in research and development (R&D) activities, and had spurred research into their effects
on firms’ strategic decisions (Ge and Hu, 2008). Collaboration for R&D firms had outstanding advantages, by which firm can easily
and faster gain skills and technologies, share costs and risks, and control competitive forces (Veugelers, 1998). R&D firms could be
to be more owner-managed and smaller in size (Chang and Garen, 2004). They were usually more expert managed and high
technologies such as, biotechnology or material industries. In addition, universities also could be defined R&D firms in this study
because they were important R&D institutions for technology development. What’s more, university commercialization strategies
were popular in the R&D issues (Breznitz et al., 2008), and university spin-offs could be a kind of collaborations.

Through collaboration relationships, the firms could influence product demand by investing in demand-enhancing efforts. For
example, a collaboration relationship was constructed by two firms. One firm invested in R&D to improve product quality, and the
other firm invested in marketing to develop the market for the product. Here it should be noticed that the cost of the marketing effort
was incurred by one firm that exerts effort but the benefit could improve demand potential which affected both firms (Gurnani et al.,
2007). Similarly, investment in technology by R&D firm could benefit both firms in the industrial market. At the same time, the
firms independently set prices in order to maximize their profits when products were sold to market. For instance, the R&D firm
investing in product technology might prefer to charge a higher wholesale price to the other in collaboration, whereas the other
partner exerting selling effort to develop the market might prefer a higher price in the end-market. Hence, both of them could gain
the most profit for themselves. However, the power to make collaboration decisions was possession of the R&D firm because of its
R&D capability (Wuyts et al., 2004). The R&D firm might make a decision not to collaborate with the other firm, and obtain the
profits from production and marketing. Consequently, R&D capability was the critical decision factor to achieve collaboration for
R&D firm (Wuyts et al., 2004).

R&D technology was one of the critical capabilities that needed to be improved and also could facilitate to enhance operation’s
performance and product quality (Singh, 2008). The R&D technology could reduce operation cost and increase potential demand to
maximize the profit (Banker et al., 1998). Moreover, R&D capability has been suggested as one of the important characteristics that
facilitate to differentiate successful from unsuccessful firms (Singh, 2008). Hence, R&D capability is the source of competitiveness
for a R&D firm. How much level of R&D capability that R&D firm owned is the key issue to affect the decision for collaboration
models. For this purpose, it’s necessary to measure R&D capability well. Based on previous researches, patent analysis was an
effective method to measure the impact of R&D technology and economic on a firm’s performance (Albert et al., 1991; Ahuja, 2000;
Choi et al., 2007). Moreover, patent data could be aggregated to patent information to measure the R&D technology impact on a
firm (Bessen, 2008). Hence, patent data could be used to estimate the R&D capability which would be a decision factor to
collaboration.



COLLABORATION MODEL CONSTRUCTION

This study considered a R&D firm to select one collaboration model for maximizing its profit, and the model constructed by
three capabilities, such as R&D, production, and marketing. In order to analyze this, the model could be designed to represent the
structure of the decision making process between a R&D firm A, selling a product through an independent firm B. There were three
collaboration models for a R&D firm and exhibited in Figure 1.

In the model 1, Firm A developed R&D capability and firm B invested production and marketing capability. Firm A tried to
improve the product quality and demand potential. Firm B invested production and marketing to reduce production cost and increase
possible demand. At the same time, both firms independently set prices in order to maximize their profits; the firm A may prefer to
charge a higher wholesale price to the firm B, whereas the firm B exerting marketing effort to develop the market may prefer a higher
resale price in the end-mar capability; firm B invested
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Figure 1 Collaboration models
Supposed that there were forth factors to affect the potential demand in this study, and { was the error term on demand with
mean 0 and standard deviation . Thus, the { could be regarded as the other impact factors on demand, and the demand uncertainty
was caused by those unconsidered factors. Here,  did not assume any specification distribution but noted that the lower support
was such that the demand was always non-negative. Because the demand was impossible to be negative in the real world, { would
be contributed to the various demand uncertainty level. Similar demand model had been used in the literature by Gurnani et al.
(2007).
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Consistent with the empirical R&D literature (Trajtenberg, 1990; Dutta et al., 1999; Dutta et al., 2005), the output of R&D
capability could be measured using weighted average with citations. This concept was constructed by the quality of the patent data.
Therefore, this research would apply the averaging method to calculate the estimated value for measuring the relative R&D

capability (RRDC): 0. :the relative R & D capability effort of firmi
w, : the weight to meas:ulwlt]qiel e_ﬁg%t A)l]; M@vgf‘l patent citations by others 3)
w, :the weight to méasure theieffeshpft Mg. of patent
w; :the weight to measure the effect of No.of self — citations

Model Formulation A“ :the number of citation of patents of firmi
, (technology strength

The notations that used An the W&%?Q}Z’W&‘QF%@Z}’VOE %Pgrﬁ’g}‘%ﬁﬂm the Table 1. The following section would indicate the
relation between these dependent variables and R&D capability 6.

Table 1 Notation Table

I1 ,:profits for firm A in model i, i=1, 2,3 w : the wholesale price set by firm A in the
I1,, :profits for firm A in model i, i=1, 2,3 industrial market
o : Market size p : the resale price set in the end-market
v : Measure the impact of marketing capability D : Retail demand
effort on demand e: Market capability effort
A : Measure the impact of R&D capability level
on demand

¢ : unit cost
v : the impact of R&D capability on variable cost
o: standard deviation of demand uncertainty
7 : the impact of marketing cost
¢: the impact of R&D cost
f : facilities cost
0: relative R&D capability effort
Model 1: Developing R&D capability
In this model, firm A’s objective f}l/nction was:
8

Max [11,, = (w)(D) = /7 ] @
Where the cost of R&D capabilify was assumed to be ¢’/ . Assume the variable cost made by operation process was
c(1+v@), where v might be less than or greater than zero. A l(2)wing v to be negative to model the case when the variable
production costs actually decline due to improvement in R&D capability (Banker et al., 1998). Then, firm B’s objective function
was:
Max (1, = (p, -, —c(1+v6))D) - 51, (5)
Where the cost of marketing capability was assume to be 7€ / .
Then, from the first order condition: 2

oll,, 0= p = a+ye + A0, + o + ¢ +c(1+v0) ©6)
Use the exppéésmn of p  from above, the egqéected profit of,the firm B as followed:
E[ll,,]= a+ e + A6, —w, —c(l+v 2,0 7751 7)
Next, find theBoptlmal marketmg dapability level that4maxirized the firm B’s profit:
Flled _p=e o+ 46, — o, —c(1+v0)] ®)
Use the exp@%smn of € fr abbv of the firm B as followed:
@ A0 r ol 7 ) (e s ) & )
Then, the demand function COU{&WGWJI‘I'& g the expressmn %f p1
D (w 77[a+/19 w, — C(1+V )] (10)
Find the ogtlmal wholesale fidiee lEvk! that max@mzed the firm A’s profit:
- 0!+ﬂ(9 —C(1+V91) (11)
Finally, thé}ékpected proﬁt of firm A2ould be rewrite by the expression form above functions:
[@+40, —c(1+v6)] 4 (12)
}7[3&/+3}/e]+3M9,+c(1+v9])]+70292 13)
[ M= —1—[a+0-c(+vO)f - 22 (14)
4@2n-77) 2



Model 2: Developing R&D and operation capabilities

In this model, firm B’s objective also cquld be presented as:

Max [T, = (p, —w,)(D,) — e ) ] (15)
It was easy to see that the profit function was concave in p. Then, from the first order condition:
ﬁ _aty,+A0,+w,+¢
—0=p, 2 2 (16)
Use the élpressmn ofp from above tRe exggzected profit of the firm B as followed:
BT, ] -[2 0 A0 = O (17)
Next, find tlll_f 1])t1ma1 mark%tmg capablht)f’flevethat maximized the firm B’s profit:
e*—L[a+/16’ -w,] (18)

In ofdfer to ensure conca%ty‘éhd that there were no pathological cases of negative marketing capability effort, 277 > 7/ was
the required condition. Hence, (usm% )e 2 from above could get:

« (a+ 6’)77+a)277 ¥ (19)
52
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D.(@,,0,) = 4@;& Ty Q1)
Let g 1 (20~ 4 N2 X (22)
Get g 2@l o)y =Kia+ 10, -0+ (23)
Dy(@,,0,)=K(a+ A6 —w,) += 4 (24)
Then, firm A’s objective function was: 22
Max| 1 = (w, —c(1 +vO0)(D,) — (/’92/—sf 2
I1 LWQ —c(l+ vH)EK(a + 10, 2a)z) + ng 0, sfl (25)
Since firm A both developed R&D and invdsted opelzatlon pability, not only the R&D cost but also variable cost by

production should join into the objective function. The firm A’s profit function was concave if (2(/) K(A-cv)* > 0). Assume that
above condition was valid, then from the first order conditions and noting that E[{]=0, get:

aH“:O:a) a+ 10, +c(1+v86,) (26)
SOIVﬁ@ above function for o add 0, get:

7[17“ e+ 20 +c(l+cO)] @7

=4 ~[a+ A6, —c(1+v6,)] 3 (28)

= J7[3*02’+ e + 3/149 +e(1+vO)]+= al 9 (29)

[HAj'](e )= la ‘-gi-z]/e+lt970(l+v6’)]28 — - ‘/’ —sf (30)

E[IT, 1(6,) = 5o —— 16 31)

Form the’ above Lﬁ{gﬁ%nsct’ﬁe ex‘bected profits could be observed were independent of level of R&D capability level, market
size, and uncertainty in demand. Therefore, changing the value of R&D capability level 0 , market size a, and demand uncertainty
o could affect the value of expect profits. The selection of collaboration models could be changed by the different profits for R&D
firms. Also, the different uncertainty level on demand could affect the decision making by R&D firms.

Also, noted that 61_[7/42, Al < 0, and 2114, , 811, < 0, that was, the Firm A’s and B’s profits were decreasing in increasing
cost of marketing sellingaé’ffort #d in the cost Pbuildilg R&D quality. Observed form E[IT",] and E[I1;, ] that while expected
profits were independent of level of uncertainty in demand, expected firm B’s profits increased in o, but firm A’s was not.

Model 3: Developing R&D, operation, and marketing

In this model, firm A should develop the product by himself and set the only price to end-market. Hence, the firm A’s objective
function was:

2
Max [T , = (P, — (1 +v8,))(D)~ ?? 4 e 4 of ] (32)
It was easy to see that the profit functlon was conicave il ‘W . Then, from the first order condition for w;:
T{ 0= P a+ye, + A0, + o, + ¢ +c(1+v6,) (33)
;=
Then the@o;lemand functjon could be rewri a
D@t }Lél t o, + E {+vg) (34)
Therefore, the expectedzproﬁt could get form above solutloz’sz
E[lT,]=—[a+re, + A0, —c(1+v8,)]’ + U——L———sf (35)
Then, from the firs# order condition for e 8 2 2
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Figure 5 The implementation procedure of the measurement approach

First, the case company was selected from the target industry. The case firm’s patent manager or R&D manager could be invited
to perform the evaluation, regard as the decision makers (DM) which could provide the relative importance for each patent data
criteria. The decision makers could provide the evidence and numerical judgments to evaluate the likelihood and consequences of
each patent data criteria. Second, the decision makers defined their linguistic variables and corresponding triangular fuzzy numbers.
The DM’s definition of linguistic variables and corresponding triangular fuzzy numbers in a graph could be exhibited in Figure 2 and
Figure 3. Third, the decision makers used linguistic variables to evaluate the three patent data relative importance on relative R&D
capability. The linguistic variables contained five levels which were very high, high, medium, low, and very low. The decision
makers should decide the linguistic variables for the three patent data criteria according to their experience and knowhow for the
target industry. Fourth, the decision makers decided upon the confidence levels. The confidence level decided the range of the fuzzy



numbers which were evaluated by linguistic variables. The high value of confidence level meant that the decision makers had more
confidence for the determined linguistic value. Fifth, because this was the first time they were using this approach, the managers
decided to simplify the arithmetical process of FWA by using confidence level a = 0.5 to calculate the weighted scores of those
criteria. As an example, we had Manager evaluate chemistry industry for the Aluminum Nitride product. The evaluation results of the
feasibility factors and their corresponding importance rates, presented in linguistic values, were [very high, high, high] for the patent
data criteria [Citations, patent counts, self-citation], respectively. The linguistic values could be replaced with triangular fuzzy
numbers according to the Manager’s definition of linguistic variables and triangular fuzzy numbers. After the computational
procedure of FWA, the weights for the patent data criteria were [0.9375, 0.75, 0.5] which could be obtained. Sixth, the decision
makers decided the optimism levels that were used to transfer fuzzy numbers into crisp numbers. The weighted average method could
be used to aggregate the evaluated weights and patent data to relative R&D capability (RRDC). Finally, the different case companies
from different industries all could apply the step 1 to step 6 for the relative R&D capabilities of different industries. The case study
could help to examine the application of the measurement for different industries.

Model ComparisorLs and Case Analysis

How the R&D| firm’s profit and price changed could be illustrated with R&D relative capability using the following
simulation example. The parameter setting was exhibited in Table 2.
Table 2 Parameters setting

Control|variable Parameters simulation setting
o : Market size 100
Y : Meagure the impact of marketing capability 0.9

effort on demand
A : Measure the impact of R&D capability level 2
on d¢mand
¢ : unit ¢ost — 7
v : the i1
o: stand| 12000 =
n:the in
y:the in|
s . firm 8000
f : facil
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model 2. The medium D’B/E/E,E’D smaller than model 1.

The high level meant
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Figure 6 Effect of R&D capability effort on expected profit (RRDC = 0~50)

This research would apply decision trees to construct decision rules and predict the feasible options. A decision tree was a
well-known tool to model and to evaluate a decision process which consisted of an alternating sequence of actions and uncertain
consequences (Lootsma, 1997; Reyck et al., 2008). Decision trees analysis was one of the different approaches to build a
classification model. Focusing on the data provided, decision trees produced a model of tree-shaped structure using inductive
reasoning. To classify all input data, each node of the tree was a distinguish equation. The equation would focus on a certain variable
and determine whether the imported data was greater than, equal to, or less than a certain value. Each node of such could classify the
imported data into different category afterwards (Chien et al., 2005). Decision tree was a common method that provided both
classification and predictive functions simultaneously. With a sequence of questions and rules, data was classified to predict the
feasible the value of each options. Featuring the use of similar models to predict similar outcomes, the decision tree theory was very
suitable for conducting plan selection and data analysis explanations for decision making (Chang and Chen, 2009). The decision tree
of this case was exhibited Figure 4-7.

In the Aluminum Nitride case of the decision tree, when relative R&D capability was lower than 12.343, the model 1 was most
feasible. Figure 4-8 and Table 4-6 were histogram of each RRDC level counts and Accumulated table of RRDC separately. It could
be observed that RRDC of 73.6% companies were lower than 12.343. Hence, if the company’s RRDC was the top 26.4% in the




b Value3<Vaule2 I
Model 1
0.4038<=R&D<12.343 1858.5<Valuel
,O i 2 » Value2 <Value3 Medel 1

Aluminum Nitride industry, Modells Ay with model 1 could increase
its R&D capability until th 280512343 e ompany could switch from
model 1 or model 2 to mody ' Valuel<Value3 npanies had low RRDC and
the highest RRDC firm had Model 2 > Value2<Valuel Model 3 evealed that few companies
owned the most technolog ModellS 3047.8 < Value 3 increasing R&D capability
quickly to improve the R&l

Figure 7 Decision tree for model selections
Sensitivity Analysis

Sensitivity analysis investigated how the decision value might change given a change in the problem parameter setting. The
result of the changed might cause different decision making outcome. This research would investigate the impacts of the parameters
value changed for final price and R&D firm’s profits. The investigated parameters of this research were exhibited same as Table 1,
and the 6 was 51. To conduct sensitivity analysis, we first simply change the value of one parameter and fix all others and see the
effects on the final price, and the expected profit for each model. The value of the parameter would be changed by the range {-50%,
-30%, -10%, +10%, +20%, +50%}. If the range of the value was too wide, the original value would lose its sense. If the range of the
value was too narrow, the difference of the numerical analysis would be hard to distinguish. Hence, this research would adopt the
range {£50%} to implement the sensitivity analysis. Following sections would present sensitivity analysis for each model. The
results of above sensitivity analysis could be concluded in Table 3.

Table 3 The results of sensitivity analysis

Model 1
Profit
Price

Model 2

Profit
Price
Model 3

Profit
Price

The results of sensitivity for the three models were the consistent. It could be observed from those charts that the expected
profits increased when the values of a, v, A, ¢, v and o increased, but decreased as the n, y, and f increased. Moreover, the model 2
was more highly sensitive than the other two models because the model 2 had the highest sensitivity to change in parameter a, A, c,
v, y, 6, and f. Therefore, the profit the model 2 could be considered the one which was more easily to be affected by possible
factors. In a reasonable decision process, the model 2 could be a plan with highly risk comparative to the other models.

For the requirement to conduct a robust sensitivity analysis which posit the need for an analysis more comprehensive than the
static case that only changed a single parameter with others being constant, as discussed above. Therefore, the experimental design
techniques proposed by Taguchi would be implemented in the following analysis (Taguchi, 1987) . Based on the Taguchi method,
experimental designs could be conduct for three models. It consisted of the nine control factors: Market size, the impact of
marketing capability effort on demand, the impact of R&D capability level on demand, unit cost, the impact of R&D capability on
variable cost, standard deviation of demand uncertainty, the impact of marketing cost, the impact of R&D cost, and facilities cost. A
L, 2° orthogonal table was selected for assigning the control variables, in which levels 1 and 2 represent +10% and -10% of the
value of initial parameter setting, respectively. Based on the SN ratio proposed by Taguchi, which was used to measure the quality
characteristic that deviated from the desired value, we derived the optimal conditions. The SN ratio calculated by the following
equation was used to estimate the quality variation (Taguchi, 1987): ,

SN=—1010g(—;yi2) (38)

Where y, was the performance response for the ith setting?ofithe parameter combination, n was the number of samples of
the performance response corresponding to the number of design parameter combinations. Because the expected profit the larger
more better, in this case the larger the SN ratio the better(Taguchi, 1987).

Table 4 Design and experimental results
NO. Ay A ¢ v o n y f 11, 11, 11,
1 1 1 1 1 1 1 1 1 1]35382 2232.01 8830.6

SNR
70.0962




2 1 1 1 1 1 2 2 2 2]17141 389.70 6998.4 56.3541
301 1 2 2 2 1 1 1 2/|64444 4793.87 12219.5 76.0619
4 1 2 1 2 2 1 2 2 1/[4965 3152.80 11202.7 73.0169
5 1 2 2 1 2 2 1 2 1/]89704 6015.01 14626.9 78.2642
6 1 2 2 2 1 2 2 1 2]|72420 5165.54 12429.1 76.7766
7 2 1 2 2 1 1 2 2 1]54006 4161.33 13094.2 74.8649
8 2 1 2 1 2 2 2 1 1]65713 5329.86 13708.6 76.7311
9 2 1 1 2 2 2 1 2 2/|353566 3709.72 12414.8 74.2020
10 2 2 2 1 1 1 1 2 2]107443 7339.08 16846.8 79.8925
m 2 2 1 2 1 2 1 1 1]97817 6859.06 15036.7 79.1926
12 2 2 1 1 2 1 2 1 2]73406 5254.51 13266.9 76.9566
Rank 3 | 2 7 6 9 4 5 8

Based on the SN ratio, the optimal conditions for the three models were the NO. 10. Furthermore, Table 4 was response table
for SN ratios which revealed that y has a greater effect on the expected profit. It implied if the effect of marketing on demand
increased the expected profit would increase more obviously than other parameters. Therefore, if the company wanted to increase
its profit, how to increase demand by marketing was the most efficient. Moreover, the results of three models all presented same
ranks of parameters. The rank 2 factor was A which measured the R&D capability effect on demand. The rank 3 factor was o which
measure the market size. It could be observed that those three factors all relate about market demand. Therefore, the market
demand was a critical issue relative increase profit (Day, 1994). Obviously, the demand factors selected the high level because they
had right proportion with profits. The cost factors selected the low level because they had inverse proportion with profits. There
was a finding that demands uncertainty ¢ was low level. It revealed that low demands uncertainty could be an ideal environment
situation (Kotler and Keller, 2006).

CONCLUSION REMARK

This research mainly accomplished two tasks: R&D capability measurement, and collaboration models constructing and
selection. This research distinguished R&D capability levels for firms in the target industry through measuring R&D capability by
patent analysis. The output of the measurement could be taken as an index for decision makers to choose a production or business
model. This similarly concept also performed in the previous literatures (Dutta et al., 2005; Storto, 2006; Ma and Lee, 2008). They
collected economical data to compare the critical capabilities’ importance and the profit performance. This research investigated
the R&D capability with patent data specifically. This research collected relative patent data of Aluminum Nitride product, and
those empirical data could facilitate to verify the feasibility of this measurement. The results provided evidence for the feasibility
of implementation in the case study, and recognition by the importance of market demand.

There are four research limitations which can deserve further attentions to future researches. The first one is FWA method
application and which can be substituted for other methods to improve the effectiveness of weights setting. The second one is
model construction and which can join more factors to improve the feasibility of collaboration models. The third one is R&D
capability measurement. We might apply other indexes to improve the nature drawback of patent data. The fourth one is cases
verification. More empirical cases can provide more evidences to verify the feasibility of this approach.

REFERENCES:

Ahuja, G. (2000). The duality of collaboration: Inducements and opportunities in the formation of interfirm linkages. Strategic
Management Journal 21(3): 317-343.

Albert, M. B., D. Avery and F. Narin (1991). Direct validation of citation counts as indicators of industrially important patents.
Research Policy 20(3): 251-259.

Banker, R. D., I. Khosla and K. K. Sinha (1998). Quality and competition. Management Science 44(9): 1179-1192.
Bessen, J. (2008). The value of U.S. patents by owner and patent characteristics. Research Policy 37(932-945).

Breitzman, A., P. Thomas and M. Cheney (2002). Technological powerhouse or diluted competence: techniques for assessing
mergers via patent analysis. R&D Management 32(1): 1-10.



Breznitz, S. M., R. P. O'Shea and T. J. Allen (2008). University commercialization Strategies in the Development of Regional
Bioclusters. The Journal of Product Innovation Management 25: 129-142.

Chang, C.-L. and C.-H. Chen (2009). Applying decision tree and neural network to increase quality of dermatologic diagnosis.
Expert Systems with Applications 36: 4035-4041.

Chang, K. and J. Garen (2004). Residual Income Claimancy, Monitoring, and the R&D Firm: Theory with Application to Biotechs.
MANAGERIAL AND DECISION ECONOMICS 25: 489-507.

Chien, C. F., I. Wang and L. F. Chen (2005). Using data mining to improve the quality of human resource management of operators
in semiconductor manufactures. Journal of Quality 12(1): 9-28.

Choi, C., S. Kim and Y. Park (2007). A patent-based cross impact analysis for quantitative estimation of technological impact: The
case of information and communication technology. Technological Forecasting & Social Change 74: 1296-1314.

Day, G. S. (1994). The Capabilities of Market-Driven Organizations. Journal of Marketing 58: 37-52.

Dutta, S., O. Narasimhan and S. Rajiv (1999). Success in High-Technology Markets: Is Marketing Capability Critical? Marketing
Science 18(4): 547-568.

Dutta, S., O. Narasimhan and S. Rajiv (2005). Conceptualizing and measuring capabilities: Methodology and empirical application.
Strategic Management Journal 26: 277-285.

Ge, Z. and Q. Hu (2008). Collaboration in R&D activities: Firm-specific decisions. European Jouranl of Operational Research 185:
864-883.

Gurnani, H., M. Erkoc and Y. Luo (2007). Impact of product pricing and timing of investment decisions on supply chain
co-opetition. European Jouranl of Operational Research 180: 228-248.

Houng, J. Y., H. F. Hsu, Y. H. Liu and J. Y. Wu (2003). Applying the Taguchi robust design to the optimization of the asymmetric
reduction of ethyl 4-chloro acetoacetate by bakers’ yeast. Journal of Biotechnology 100: 239-250.

Huang, Z., H. Chen, Z.-K. Chen and M. C. Roco (2004). International nanotechnology development in 2003: Country, institution,
and technology field analysis based on USPTO patent database. Journal of Nanoparticle Research 6: 325-354.

Huang, Z., H. Chen, A. Yip, G. Ng, F. Guo, Z.-K. Chen and M. C. Roco (2003). Longitudinal patent analysis for nanoscale science
and engineering: Country, institution and technology field. Journal of Nanoparticle Research 5: 333-363.

Jayachandran, S., K. Hewett and P. Kaufman (2004). Customer Response Capability in a Sense-and-Respond Era: The Role of
Customer Knowledge Process. Journal of the Academy of Marketing Science 32(3): 219-233.

Karki, M. M. S. (1997). Patent Citation Analysis: A Policy Analysis Tool. World Patent Injormation 19(4): 269-272.

Kotler, P. and K. L. Keller (2006). Marketing management (12th ed.). NJ, Pearson Prentice Hall.

Krasnikov, A. and S. Jayachandran (2008). The Relative Impact of Marketing, Research-and-Development, and Operations
Capabilities on Firm Performance. Journal of Marketing 72: 1-11.

Lootsma, F. A. (1997). Multicriteria decision analysis in a decision tree. European Journal of Operational Research 101: 442-451.

Ma, Z. and Y. Lee (2008). Patent application and technological collaboration in inventive activities: 1980-2005. technovation 28:
379-390.

Ofek, E. and M. Sarvary (2003). R&D, Marketing, and the Success of Next-Generation Production. Marketing Science 22(3):
355-370.



Reyck, B. D., Z. Degraeve and R. Vandenborre (2008). Project options valuation with net present value and decision tree analysis.
European Journal of Operational Research 184: 341-355.

Storto, C. 1. (2006). A method based on patent analysis for the investigation of technological innovation strategies: The European
medical protheses industry. Technovation 26: 932-942.

Taguchi, G. (1987). System of experimental design. Engineering Methods to Optimize Quality and Minimize Costs. NY, Kraus
International.

Trajtenberg, M. (1990). A Penny for Your Quotes: Patent Citations and the Value of Innovations? RAND Journal of Economics 21:
172-189.

Veugelers, R. (1998). Collaboration in R&D: An assessment of theoretical and empirical findings. De economist 146(3): 419-443.

Wauyts, S., S. Dutta and S. Stremersch (2004). Portfolios of Interfirm Agreements in Technology-Intensive Markets: Consequences
for Innovation and Profitability. Journal of Marketing 68: 88-100.



