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Abstract: In order to catch up with the technological frontier, firms in developing 
countries are trying to acquire technological advancement through internal R&D effort 
as well as through external sourcing activities. This process requires firms to set up 
effective strategies to catalyze the speed of their learning and catching-up. This study 
uses the complementarity approach to investigate the intricate relationship between in-
house R&D and external technological sourcing. Our empirical evidence exhibits the 
existence of complementarity between these two innovation strategies in large and high-
tech Chinese manufacturing firms. The results also highlight the critical role of in-house 
R&D in the firm performance and as a precondition for achieving positive return of 
external sourcing. 
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1, Introduction  

In order to catch up with the technological frontier, firms in developing countries have been striving 

hard to promote technological advancement through internal R&D efforts (MAKE). MAKE includes 

R&D done through in-house development and cooperative with others; as well as through external 

technology sourcing (BUY). BUY involves in purchasing, transferring or licensing new technologies 

from either domestic or international market. For firm in developing countries, establishing an efficient 

innovation stagey will not only accelerate the catching-up to the technological frontier, but also 

contribute to economic development.  

In China, the central government has established a series of policy incentives to encourage firm to carry 

on in-house R&D activities, and these policies have greatly increased China’s indigenous innovative 

capability to develop, utilize technology and also to assimilate, improve upon technology transferred 

from advanced economies (Lu and Lazonick, 2001). However, given shortcomings inherited from the 

pre-reform planned economic mechanism, the efficiency of innovation of the manufacturing sector as a 

whole is severely constrained. With great emphasis on ‘indigenous innovation’1, do Chinese firms still 

need external technological sourcing? Is there a synergy effect between internal and external innovation 

sourcing? The goal of this research is to answer these above questions and, furthermore, provide an 

empirical framework to investigate the effective innovation input strategies for Chinese manufacturing 

firms.  

The modelling is based on the notion of complementarity, which corresponds to the mathematical 

notion of supermodularity. The novelty of this study is to control for the unobserved heterogeneity and 

ensuring endogeneity by using a panel dataset. Additionally, the complementarity will be estimated in 

terms of level of innovation inputs by employing the continuous variables. This property enables us to 

analyze the return of doing MAKE and BUY in a more efficient and broad way. The data applied in the 

empirical analysis is from the World Bank Investment Climate Surveys (ICS)2, China in year 2003. 

The result exhibits the evidence of complementarity between in-house R&D and external technology 

sourcing across high-tech and large Chinese manufacturing firms. In this case, in-house R&D accelerates 

the assimilation of external know-how while external sources catalyze the performance of in-house 

innovation activities. Meanwhile, the empirical evidence shows the existence of substitubility between 

MAKE and BUY in small manufacturing firms. It suggests that small size firms should separate internal 

and external sourcing rather than adopt them simultaneously. However the substitubility disappear when 

firm size increases. The results also highlight that in-house R&D plays a crucial role in firm performance 

and it is also a precondition for achieving positive return of external sourcing.  

                                                        
1 The notation used for “develop the capability of  conducting R&D or create innovation internally” 
2 For more information and the methodology of  the survey, please see http://www.worldbank.org 
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The next section will introduce the background of complementarity in innovation studies. Section 3 

defines the notation of complementarity and also reviews the methodologies used in the existing 

literature for testing the synergy effect. The country profile and data will be presented in section 4 while 

the specification of the model used in empirical analysis is explained in section 5. Section 6 interprets 

empirical results. Section 7 concludes.  

 

2 Background 

2.1 Complementarity between MAKE and BUY in innovation studies 

The notion of complementarity is commonly referred in standard price theory, where, for example, two 

goods are complements if raising the price of one of them lowers the consumption of the other. So far, 

it has been extended to analyze complex economic phenomena, organizational structures and 

government policies.  

A growing number of empirical studies have estimated the complementarity versus substitubility among 

innovation sourcing strategies. Arora and Gambardella (1990) analyze the external linkage of the large 

firms in bio-technology industry using data for a sample of large US, European, and Japanese chemical 

and pharmaceutical producers. Their results suggest that there exist complementarity between external 

connections and internal innovation activities in large biotechnology firms. They also found that four 

types of external strategies are positively correlated even after controlling for firm characteristics 

pointing out their mutual complementarity. Veugelers (1997) finds that external sourcing strategy 

stimulates internal research activities. It seems that external knowledge sources leverage the innovative 

productivity of in-house R&D. Mohnen and Roller (2005) use the Community Innovation Survey (CIS) 

data to test the complementarity between different obstacles faced by firms. Their results show that lack 

of internal human capital is complementary to all the other obstacles in almost all industries. Cassiman 

and Veugelers (2006) using the Belgium manufacturing data find evidence of synergy effects between 

internal R&D and external knowledge acquisition. Their results suggest that in-house making and 

external buying are complementary innovation activities, but the degree of complementarity is sensitive 

to the importance of universities and research centers as an information source for the innovation 

process. 

2.2 Something more than R&D? 

Cooper (1989) pointed out that most firms in developing countries are attempting to reach the 

technological frontier rather than creating products and processes that are new to the market. It would 

be a limited view of innovation theories if one only concerned with the initial introduction of products 

or processes. The catch-up phase is crucial too in any firm where innovation appears because the 

expectation of the catch-up speed has substantial influence on the behaviour of innovative firms.  



  5 

Several empirical studies have demonstrated the vital role of external sourcing in the learning and 

catching-up process. The Sappho study II (Rothwell et al., 1974) showed that firms with successful 

innovation make more use of outside technology and scientific advises, developing better internal and 

external communication networks. The finding of Freeman (1991) also highlighted the vital importance 

of external information networks and of collaboration with users during the development of new 

products and processes innovation. Rigby and Zook (2002) used the notion “open-market innovation” 

to argue the benefit of exploring external sources such as licensing, joint ventures, and strategic alliances 

to gain competitive advantages. In the case study, they presented the evidence of synergy between 

internal and external information sourcing in some of the fastest growing and most profitable industries. 

Meanwhile, it does not mean that R&D is not important for firms in developing economies. The basic 

two function of R&D should not be ignored. First, R&D activity is a central component of the 

technological innovation activities of firms and as the most important intangible innovation expenditure 

(Evangelista et al., 1997). It is not only directly responsible for the financial returns of innovation, but 

also a critical way of accumulating firms’ technological capability. Second, the accumulation of doing 

own R&D can ultimately improve firms’ technological capability. During the learning and catch-up 

process, firms are required to have a certain level of technological capability to facilitate the assimilation 

of new technologies. Cohen and Levinthal (1989) introduced the notion of “absorptive capacity” to 

emphasize the importance of a stock internal knowledge which can effectively detect and absorb 

external know-how. Cooper (1989) mentioned that failure of learning processes in developing countries 

is in fact quite common because firms in developing countries that receive technology via external 

sources are quite often unconcerned about how to develop and appropriate their internal capability.  

The limitation of extant research on technological sourcing strategies is that most studies have been 

based on advanced economies, which leaves the generalizability of their findings to other 

economies an open question. Due to the unique cultural characteristics of China, the MAKE 

and BUY phenomenon may not be systematically explained by theories largely embedded in the 

West. In addition, as an emerging economies, during its transition to market economies, China 

experienced unprecedented changes in its social, legal, and economic institutions, which in turn 

raise serious theoretical challenges to western practices (Zhou, Yim and Tse, 2005). To fill these 

research gaps, we will investigate the interplay relationship between internal and external 

innovation activities using Chinese manufacturing firm level data. 

 

3 Definition of complementarity  

3.1 Definition  
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A pair of economic activities is complementary if (1) adopting one dose not preclude adopting the other 

and (2) whenever it is possible to implement each activity separately, the sum of the benefits to do just 

one or the other is no greater than the benefit of doing both together. An equivalent understanding of 

the second condition is: the incremental return to implementing any one of the activities is greater if the 

other has already been implemented. Based on the theorem, if each pair of activities in a group is 

complementary, then implementing any subset of the activities raises the incremental return to 

implementing the remaining ones (Topkis 1978). The study of complementarity among activities was 

first introduced in economics by Vives (1990) and then further developed by Milgrom and Robert (1990, 

1995).  

Definition: suppose there are two technological acquisition practices MAKE and BUY and Z is a vector 

of exogenous variables. The objective function f(MAKE, BUY, Z) is supermodular if the following 

inequality holds for all values of the other arguments of f: 

f (1, 1; Z) - f (1, 0; Z) > f(0,1;Z) - f (0, 0; Z)                                                                                         (1a) 

Supermodularity (1a): MAKE and BUY are complementary. If MAKE and BUY are discrete variables, 

the presence of one strategy (MAKE) increases the marginal return of adopting the other strategy (BUY) 

when other exogenous effects are controlled. If MAKE and BUY are continuous variable, this inequality 

restriction implies that the incremental effect of one practice on the objective function increases 

conditional on increasing another practice (Milgrom and Robert, 1990).   

€ 

∂ 2 f (rb,rm ,Z)
∂rb∂rm

> 0   ; where 

€ 

rb  is BUY and 

€ 

rm  is MAKE                                                                       (1b) 

Submodularity (1b): MAKE and BUY are substitute if the inverse inequality hold.  

 

3.2 Testing complementarity: Correlation approach (CORR) 

If the presence of one practice raises the marginal effect on another practice, then the joint adoption of 

the two practices should be encouraged. Therefore, the decision of choosing two practices 

simultaneously may be taken as the first evidence in favour of existing complementarity. This co-

movement of two practices is indexed by the positive correlation (negative if substitutes) between pair 

wise practices. 

The CORR approach tests whether the correlation among practices is positive, conditional on 

observable. Athey and Stern (1998) defined it as "reduced-form test exploiting exclusion restrictions". In 

our case, suppose function f(rb, rm| Z) is supermodular in rb and rm, where rb denotes BUY and rm 

denotes MAKE. Then the optimal choice of innovation strategies - rb and rm - is monotone non-

decreasing (monotone non-increasing if substitute) in Z.  
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Two important points should be noted here. First, without taking into account Z - the observed 

characteristics of firms - the simple unconditional correlations between the technological strategy 

adoptions could be biased (Athey and Stern, 1998). An intuitive way of dealing with this drawback is to 

test the correlation between practices conditionally on observed characteristics that affect the adoption 

decision. Estimation of complementarity can be finalized by testing the correlation between residuals of 

two adoption functions in a bivariate (multivariate if there are more than two practices) analysis. A 

number of empirical studies referenced on complementarity use this approach as auxiliary evidence3. 

Second, even after controlling for the observed characteristics of firms, the CORR approach only 

measures the association between practices. It just indicates a complementarity in adopting practices 

rather without there being a  maximization problem with respect to a certain objective function. If those 

decision functions practices are derived under maximization of a specific function, let’s say production 

function, then the association between those economic practices can be interpreted as complementarity 

regarding to output/productivity. In that case, an additional assumption has to be made: firms always 

make the optimal choices. This assumption is somehow unrealistic. Furthermore, the correlation 

coefficient estimated from bivariate or multivariate analysis gives the association rather than direct 

causality relations between dependent variables. Hence, without stating an objective function to estimate 

the joint return of strategies but merely measuring the conditional correlation, the results can only be 

interpreted as the preliminary evidence.  

 

3.3 Productivity approach (PROD) 

Another popular approach applied to investigate complementarity is to directly estimate the parameter 

of the interacting term in the production function. This approach is straightforward and enables us to 

directly test the partial effect of non-exclusive combinations of activities. It has been explicitly 

demonstrated in several empirical studies (Cassiman and Veugelers, 2006; Mohnen and Roller, 2003; 

Belderbos et al., 2006)  

PROD Approach: observe the existence of complementarity directly by regressing objective function on 

non-exclusive combinations of innovation activities. The log form of augmented Cobb-Douglas 

production function can be rewritten as below  

€ 

ln y = β0 + βkki + β l li + βbrbi + βmrmi + βbmrbirmi + χzi + ei                                                                           (2) 

                                                        
3 For example: Arora and Gambardella (1990) introduce a formal analysis of  (CORR) as a test for complementarity. Brickley 
(1995) explicitly uses (CORR) as a test for the comparative static predictions of  Holmstrom and Milgrom (1994) in the 
context of  franchising contract provisions. Lokshin, Belderbos and Carree (2004) use a multivariate mode to test the 
complementarity between four types of  R&D cooperation . 
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We follow the convention that lower case letters denote logs. yit is output of firm i in period t, kit and lit 

represent the physical capital and labour capital4 input. rb (MAKE) and rm (BUY) are the internal and 

external innovation inputs. Coefficient 

€ 

β k, 

€ 

β l, 

€ 

β b, 

€ 

β m, are the marginal returns to lny respectively for 

kit, lit, rb and rm. z is a vector of exogenous variables involved in the production process and 

€ 

χ  is the 

coefficients vector that needs to be estimated. It should be noted that the coefficient 

€ 

β m captures the 

non-exclusive partial effects of MAKE; 

€ 

β b is the non-exclusive returns of BUY; and 

€ 

β bm tells the 

partial returns of doing both together; 

€ 

β 0 is the intercept. With the continuous technological inputs, we 

can derive the marginal returns for the each exclusive strategies as follow:   

€ 

∂f
∂r00

= β0
∗ = β0 + βkki + β l li + χzi

∂f
∂rb0

= β0
∗ + βb

∂f
∂r0m

= β0
∗ + βm

∂f
∂rbm

= β0
∗ + βb + βm + βbm

                                                                                                              (3) 

r00 denotes firms choosing neither MAKE nor BUY. rb0 means choosing only BUY. rm0 means choosing 

only MAKE. rmb is choosing both. According to (1a), the condition for the production function (2) to be 

supermodular is 

€ 

∂f
∂rbm

−
∂f
∂rb0

>
∂f
∂r0m

−
∂f
∂r00

                                                                                                                         (4) 

insert (3) into (4), the condition can be re-written as 

€ 

(β0 + βb + βm + βbm ) − (β0 + βb ) > (β0 + βm ) −β0 ⇒βbm > 0                                                       (5) 

The above inequality condition implies that the marginal returns to either make or buy will no longer be 

constant if the synergy between MAKE and BUY appears (showes as 

€ 

β bm ≠ 0). Three components 

consist in the marginal return now: the constant term 

€ 

βb , the complementarity coefficient 

€ 

βbm  and the 

level of the other input. The marginal returns to BUY and MAKE now should be expressed as 

€ 

∂f
∂rb

= βb + βbmrm

∂f
∂rm

= βm + βbmrb
                                                                                                                                (6) 

                                                        
4 Details of  generating these inputs and output are elaborated in section 4.  
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Athey and Stern (1998) explained that the OLS regression on the above function might deliver a biased 

result in estimating complementarity coefficient. They argued that the existence of firms’ unobserved 

heterogeneity might have substantial influence on the estimation. It is also implies the endogeneity bias if 

the unobserved factors are correlated with the input variables. In order to correct this bias, Cassiman 

and Veugelers (2006) have tried to adopt the instrumental variables method. In the end, if the synergy 

disappears after introducing the instrument in the Two Stage Least Square (2SLS) estimation, they argue 

that the instruments might be the source of complementarity. The shortcoming of this method lies in 

finding good instruments.  In our case, although the input prices that each firm faces in adopting 

innovation practises are observed by the econometrician, other factors affecting the return to those 

practises are mostly unobserved. In short, the PROD approach will somehow suffer from biases if one 

ignores the existence of unobserved heterogeneity across firms or simply assumes there is no existence 

of unobserved heterogeneity among firms.  

 

4 The empirical model 

4.1 model for estimate behavior complementarity (ASSOCIATION approach) 

Instead of using bivariate analysis to testing the correlation coefficient, we are trying to direct 

estimate the partial effects of MAKE and BUY to each other by putting them in a simultaneous 

equation system. Because both variables are in the continuous form, the causality of levels of 

inputs and their determinants can be expressed as 

€ 

rbi = δmrmi + γ bWb +ηbi                                                                                                           (2a) 

€ 

rmi = δbrbi + γwWm +ηmi                                                                                                           (2b) 

rb (MAKE) and rm (BUY) are the innovation inputs. Coefficient 

€ 

δm  and 

€ 

δb  are the marginal 

return to BUY and MAKE respectively for rm and rb. W is a vector of exogenous variables which 

determine the input level of MAKE and BUY. And 

€ 

γ  is the coefficients vector need to be 

estimated. 

€ 

η contains the residuals and measurement errors. By estimating these two equation 

jointly, the marginal effect of MAKE to the level of BUY can be tested, the same for BUY to 

MAKE. If both 

€ 

δm  and 

€ 

δb  are positive and statistically significant, then the association between 

the level of investing in internal and external sourcing is confirmed.  It is again a behavior co-

movement instead of complementarity in terms of a specific objective. If firms are all assumed 

to make their optimal choice, then we can conclude that MAKE and BUY are complement. The 

results will also be suggestive rather than conclusive due to the unobserved determinants in the 

error term.  
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4.2 model for PROD approach 

In this part, we are going to introduce the empirical approach which enables us to control for 

the unobserved heterogeneity and generate more rigorous results. Firms carry on several types of 

investment, such as capital, labor, innovation and intermediate inputs. The investment decisions 

are made with the goal of maximizing the expected productivity5. Here, the unobserved factors 

also enter the production function. Continuing from equation (2), we will have 

€ 

ln(yit / l) = β0 + βk (kiy / lit ) + (βl + βk −1)lit + βbrbit + βmrmit + βbmrbitrmit + χzit + eit
eit =ω i + εit

                                     (7) 

€ 

E[ω i] = E[εit ] = E[ω iεit ] = 0;E[εitε jt ] = 0,i ≠ j                                                                                    (8) 

Here the disturbance term has two orthogonal components: the individual effects, 

€ 

ω i  and the 

idiosyncratic shocks, 

€ 

εit . ωi and εit are two terms that are unobservable but the difference 

between these two is critical. The εit is intended to represent unpredictable measurement errors 

or shocks to production that are not observed by firms either. This term is presumably not 

correlated with the explanatory variables in equation (7). Contrary, ωi denotes time-invariant 

factors which might correlated with explanatory variables. For example, ωi might be factors like 

the organizational efficiency, managerial ability of a firm, or firm characteristics which do not 

change over time period.  

The problem here is that input variables, especially the capital flows kit, innovation related inputs 

rb and rm - may be correlated with the ωi, so they are assumed to be endogenous. εit is not a 

concern in that regard.  If the intermediate input is included in the model, it is also assumed to 

be endogenous. The endogeneity of input practices makes OLS fail to generate consistent 

estimators. Empirically, three most commonly used solutions to this endogeneity problem are 

fixed effects, GMM estimation techniques and proxy approach. The proxy approach was 

originally discussed by Olley and Pakes (1996). They use investment as a proxy for these 

unobserved shock ωi.  This approach was further developed by Levinsohn and Petrin (2003); 

Ackerberg, Caves and Frazer (2006). In this paper, we will only discuss the detail of the fixed 

effects and the GMM approach, for details please see their paper.  

4.1 Fixed effects 

                                                        
5 We calculate the labor productivity by using total sales divide total employees.   
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Fixed effects estimation is a traditional approach to cope with the endogeneity problem. Under 

the assumption that the unobserved heterogeneity ωi is invariant over time, one can use either 

mean differencing, first differencing, or least squares dummy variables estimation to consistently 

estimate the production function by differencing ωi out. For example, mean differencing can be 

written as, 

                            (9) 

Subscript im denotes the mean values of this input variable. Given the assumption that ωi is 

constant over time, the unobserved heterogeneity will be subtracted from the equation and we 

can get, 

€ 

Δyit = βbΔrbit + βmΔrmit + βbmΔrbmit + βkΔkit + β lΔlit + Δεit                                                        (10) 

εit is assumed to be orthogonal with input choices across time. After dropping ωi out. OLS will 

be valid to generate consistent results. While fixed effects approaches are fairly straightforward 

and have been applied considerably in empirical studies, they have not been recognized as the 

most efficient way of solving the endogeneity problems in production function either. An 

important potential problem is that fixed effect estimators are more likely to generate worse 

estimates than other approaches when there is a measurement error in inputs variable. Especially 

when serially correlation exists in inputs, this approach can generate higher biases than OLS 

(Griliches and Hausman, 1986). In addition, fixed effects estimate often generates unreasonably 

low estimators of input capital coefficient (Ackerberg, 2006). Also, Hoch (1962) finds estimates 

of return to scale around 0.6, which is an unrealistically low number.  

4.2 GMM (General Method of Moment) 

The instrumental variables approach relies on finding appropriate instruments- wit - which are 

correlated with the endogenous explanatory variables but uncorrelated with the production 

function errors - eit.  

€ 

E[wit xit ] ≠ 0 ;

€ 

E[witeit ] = 0                                                                                                         (11)                                                         

where kit lit ribt rimt ∈ xit.  

In this framework, which distinguishes between explanatory variables and instruments while 

allowing the two groups to overlap, the estimation problem is to choose coefficients on the 

explanatory variables so that the moments of the errors with the instruments are zero. If there 

exact as many instruments as endogenous variables, two stage least square (2SLS) can be applied. 
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If there are more instruments (moments conditions) than the endogenous variables 

(overidentification), the challenge in estimating equation (7) is to create a system with more 

equations than variables by force the corresponding vector of empirical moments - 

€ 

E[witeit ] - 

to zero. Since the moment conditions can not be satisfied all at once, the problem now is try to 

minimize the magnitude of the moments vector. The efficiency of a GMM estimator depends 

on the choice of a positive semi-defined weighting matrix that minimizes the magnitude of 

€ 

E[witeit ]. Considering the possible high variance or covariance among moments, the weighting 

matrix should in effect weight moments in inverse proportion to their variances and covariances 

(Hanse, 1982; Holt-Eakin, Newey, and Rosen, 1988).  

Difference GMM (Holt-Eakin, Newey, and Rosen, 1988; Arellano and Bond; 1991): first 

differencing the equation (7) removes the unobserved individual effect ωi, thus eliminating a 

potential source of omitted variable bias in estimation. Then it instruments the differenced 

variables that are not strictly exogenous with all their available lags in levels.  

€ 

E[xi,t−1Δεit ] = 0                                                                                                                       (12) 

However, lagged levels are poor instruments for its differences if the variables are close to 

random walk (Arellano and Bover, 1995). In this case, one should consider the augmented 

version: system GMM. 

System GMM (Arellano and Bover, 1995): instead of transforming the repressors to remove the 

individual effects ωi. One can also transform the instruments to make them exogenous to the 

fixed effects.  Specifically, variables, which are not strictly exogenous, are instrumented with lags 

of their own first difference.  

€ 

E[Δxitω i] = 0                                                                                                                                       

(13) 

This expression defines that 

€ 

E[Δxi,t−1ω i] is time-invariant. The assumption needed is that these 

differences are uncorrelated with the unobserved individual effects. If this condition holds, then 

€ 

Δxi,t−1 will be a feasbile instrument for the variables in levels because since 

€ 

E[Δxi,t−1eit ] = E[Δxi,t−1ω i]+ E[xi,t−1εit ]− E[xi,t−2εit ] = 0 + 0 − 0                                                (14) 

If x is endogenous, 

€ 

Δxi,t−1 is a valid instrument since 

€ 

Δxi,t−1 = xi,t−1 − xi,t−2 should not be 

correlated with εit. The system GMM stacks the orthogonality conditions (12) and (13.) 
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The difference and system GMM estimators are designed for panel analysis. They allow 

controlling for the presence of individual effects, correlated with explanatory variables and for 

heteroskedasticity and autocorrelation in the moment condition.  Accordingly, the system GMM 

estimator usually increases efficiency so that we choose to adopt it in the empirical analysis. 

However, one should be careful of using too many instruments since it can produce standard 

errors that are downward biased when the number of instruments is large (Arellano and Bover, 

1995).  

 

5 Country profile and data 

5.1 Country profile 

The economy of China is the second largest in the world, after the United States with a nominal 

GDP of $8.8 trillion (2009) when measured on a purchasing power parity (PPP) basis. China has 

had the fastest growing major economy for the past 30 years with an average annual GDP 

growth rate over 10%. Around 8% of the total manufacturing output in the world comes from 

China and it ranks the third worldwide in industrial output6. The extraordinary performance of 

Chinese economy makes it a very interesting topic to analyze the innovation behavior and the 

contribution of innovation activities to the performance of manufacturing firms in China. Other 

than merely testing the partial return of internal and external innovation sourcing strategies, we 

also would like to investigate if there is synergy between them in the contribution to productivity 

growth.  

In-house R&D 

The economic and enterprise reforms over the last 20 years have significantly improved the 

development, diffusion and implementation of technological innovation in Chinese firms (Guan 

and Ma, 2003). A major thrust has been the attempt to encourage manufacturing firms to 

undertake R&D. The central government has created incentives and provided supports to firms 

to establish R&D departments, and these units have increased dramatically, from 7000 in1987 to 

over 24,000 by 1998(china science and technology statistics,1992, 1998). These changes have 

greatly improved China’s indigenous innovative capability to develop and utilize technology (Lu 

and Lazonick,2001).  

                                                        
6 Statistic resource is from Wikipedia. Detail information please check: 
http://en.wikipedia.org/wiki/Economy_of_the_People%27s_Republic_of_China 
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However, the innovation investment and performance of the Chinese manufacturing sector is 

still weak. By the year of 2005, less than 1% of all Chinese companies applied for a patent and 

only around 2,000 domestic enterprises, 0.03% of the total, owned their own IPR despite the 

fact that some Chinese firms in the high-technology sector have successfully emerged on the 

international market (China Daily, 2005).  

External sourcing 

Evidence has shown that industrial technology development in most developing countries 

means the ability to become more efficient and competitive in the use of external technologies 

(Najmabadi and Lall, 1995). Western technology has become an effective vehicle to modernize 

Chinese industrial production, especially since the late 1970s when the economic reform and 

opening up policies were first implemented. Chen and Sun (2000) have shown that Chinese 

industrial enterprises have enlarged the scope of technology imported since the mid 1990s 

because more and more local companies and factories have purchased technology directly on 

their own initiative. Lemoine and Unal-Kesenci (2004) discussed assembly trade and 

technological transfer of China and found that these outward-oriented and highly competitive 

industries, which are based on imported technology and foreign affiliates, seem to have had a 

limited impact on local production and the diffusion of technology across domestic industry. By 

now, these studies only look at the returns of external technological sourcing separately without 

investigating in the possible mutual interaction. In this study, we try to exploit this synergy and 

locate the most effective innovation sourcing.   

 

5.2 Data and descriptive statistics 

The data used in our empirical analysis are from the World Bank Investment Climate Surveys 

(ICS)7. The China 2003 dataset is used in our empirical analysis. The survey is conducted in 24 

industrial cities and provides us a wide range of information about the economic environment 

and economic activities of firms. After cleaning the data, 941 firms are left across 18 cities and 

10 industries in manufacturing from year 2000 to 20028. Several aspects regarding firms’ 

innovation activity are covered in the survey, such as the general information referring to firms’ 

innovative input strategies, innovation outputs, and R&D activity. It also contains the three 
                                                        
7 For more information and the methodology of  the survey, please see http://www.worldbank.org 
8 Firms with no information on innovation or financial outcomes are dropped. Service sector is not included. Firms 
with long-term employees more than 5000 are dropped (2% of  total sample). We only keep firms with productivity 
growth in the range of  -0.7 to 2 (2% of  observation dropped out). 
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years information regarding to some important variables such as annual sales, employees. It 

accommodates us to construct a short panel and conduct more comprehensive econometric 

analysis.  

The survey contains two main questions with respect to firms innovation input strategies. Firms 

were asked to give the annual expenditure of in-house R&D. The definition of R&D spending 

in ICS refers to the relevant capital, labor and design cost associated with research and 

development. It also includes the cost of contractual and cooperative R&D activities with other 

firms, research institutes and universities. This expenditure is defined as MAKE in our study. 

Another sourcing strategy of innovation activity for firm is buying or importing technology 

directly from external channels, from both domestic and international market. It is defined as 

BUY. Table 1 gives the definition and summaries of variables used in our empirical analysis. 

Insert Table 1 here  

Dependent variables included in the ASSOCIATION approach are the two sourcing strategies - 

MAKE and BUY, coded in continuous term. The explanatory variable vectors are composited 

of two categories of explanatory variables that might determine the input levels of MAKE and 

BUY.  

The first category captures the firm specifics. Lag of productivity indicates the capability of 

production. With more productive in previous period, firms are more likely to have qualified 

capital stock and human infrastructure to engage in various innovation activities. We expect a 

positive sign in the estimated coefficient. Another included variable in this category is SOEs, 

which indicates firms with full state ownership.  Company ownership is a crucial variable in 

innovation performance in the case of China, as it affects their motivation to innovate and the 

continuity of their business strategy. State-owned enterprises (SOEs) are usually characterized by 

redundant workers and inefficient management. They do not look very far into the future and 

are not very motivated to undertake innovation since the local government takes full 

responsibility for their production and profit. For this reason, we expect SOEs to have a  

negative effects on the innovation strategies.  

The second category represents the innovation specific variables. In the MAKE equation, three 

variables are included. R&D PERSON represents the in-house technological capacity of a firm. 

With higher level of R&D human capital stock, firms are more likely to be more active in 

engaging in-house innovation activities. Dummy variables R&D_PRIs and 

R&D_UNIVERSITY are equal to 1 if firms have any R&D cooperation or contract with public 
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research institutes and universities. These two variables index the basic research capability of 

firms. Cassiman and Veugelers (2006) showed that firms with intense connections with 

universities or research institutes are more active in engaging in R&D. In China, this cooperation 

created a situation in which Chinese enterprises typically contracted out their R&D for 

innovation purposes. From the policy part, the Chinese government has strongly encouraged 

Public Research Institutes (PRIs) and universities to create more effective links with industry 

since the 1980s. In 2004, about one-third of large and medium-sized companies’ R&D spending 

went to universities and PRIs as contracted R&D (The China statistic books, 2006). 

 In the BUY equation, one-year lag of new product sales and R&D_firms are used. As one of 

the important indicator for innovation output, percentage of new product in total sales measures 

a general technological capability of a firm. A positive sign in estimated coefficient is expected. 

This variable is excluded in the MAKE equation to avoid the collinearity problem. R&D_firms 

indexes the network of firms. This network will subsequently benefit firm’s information source 

of new technology and hence correlated with the level of external souring.  

In the production function, the dependent variable in the objective function is PRODCTIVITY. 

It is measured by sales per employee, in natural logarithmic terms. The standard explanatory 

variables used in the production function are CAPITAL and LABOR. Besides the standard 

explanatory variables, CAPACITY and MATERIAL are also included. Innovation input MAKE, 

BUY and the interaction term will appear in the production function as endogenous variables 

because we assume that they have the same property as physical capital input. Additionally, we 

also control for several exogenous variables to capture firms’ competitiveness and technological 

capability. Based on the data availability, SOEs, COOPERATION and INTERNETSALES are 

included in this category. IT has become as an important indicator for the production 

infrastructure of firms. We expect the effect to be positive. Two extra variables are included in 

the system GMM estimation exclusively as instruments. EDU_MANAGER and 

ASSOCIATION which are assumed to be correlated with the endogenous input variables but 

uncorrelated with the error term. Lastly, we also control the industry, year and city specifics by 

using industry, year and city dummies in both approaches.  

Table 2 and table 3 gives the descriptive statistics of variables across industries and cities. In 

general, high technology industries  (Electronic and pharmaceutical) and big cities (for example, 

Chongqing, Shenzhen and Hangzhou) are more productive and more likely to engage in 

innovation activities, for both MAKE and BUY. Compared to all the firms in sample, SOEs are 

less productive. 
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Insert table 2 and table 3 here 

In general, innovation output by Chinese companies is relatively poor comparing with advanced 

economies. Their innovation capability is most often focused on incremental innovation and 

their capacity for radical innovation is small (OECD 2007). It is presented in table 2 that 

approximate by 39 percent of firms claimed to have products innovation and 23 percent have 

process innovation under the period of review. It should be noted that the new technologies or 

products from innovation activities in developing countries are not conventionally defined as 

new to the market, it might be only new to the firm. Table 4 shows the summary of 

technological variables across industries.  

Insert table 4 here 

The second last line of table 4 shows us the innovation performance of SOEs in the data. In 

general, SOEs have relatively bigger scale in capital and labor. SOEs are more dynamic in both 

internal and external innovation activities. Both MAKE and BUY intensities (in terms of total 

sales) are higher than the average level for the whole sample. However, if we look at the 

innovation outputs, such as product innovation, process innovation, patents granted and new 

product sales, are all below the average level. It reflects the inefficient innovation system and 

management mechanism inside SOEs.  

It has been postulated that it is in new and dynamic industries that companies in developing 

countries can most readily catch up (Gerschenkron, 1962). The ICT industry is relatively new, 

having entered its boom stage in the 1990s, and China has been catching up very rapidly. As is 

showed in table 4, electronic equipments, auto & auto parts and biotech have more spending on 

conducting innovations both internally and externally compared to traditional industries, such as 

chemicals, garment & leather, food processing and transportation equipments, where the 

expenditure on innovation is smaller and hence the narrowing of the gap between Chinese and 

leading world companies is much slower. Across all Chinese industries, R&D intensities are 

considerably lower than those of their counterparts in OECD countries (OECD 2007). 

Patenting is a relatively new practice in Chinese companies. Most companies compete in low-

end markets and have low R&D inputs. While Chinese companies hold design and utility 

patents, they have few invention patents. In 1998, companies in the manufacturing and mining 

industries had only a total of 182 invention patents. However, in recent years, they have changed 

their strategy and undertaken much more invention patenting activity. From 2000 to 2002, the 

total patent granted in Chinese manufacture firms increased by 30 percent (Figure 1).  In 
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accordance with above findings, the high-tech industries, especially the electronic and 

pharmaceutical industries, are more dynamic in patent invention (Figure 2). In terms of another 

innovation output indicator, the percentage of new product sales, there was a general increasing 

from 2000 to 2002 across all industries except for transportation equipment (Figure 3).  

Insert figure 1, figure 2 and figure 3 here 

 

6. Empirical results 

In this section we will present an econometrical analysis of how innovation strategies affect 

firms’ performance. The results will give us a clear picture of the role of in-house MAKE and 

external BUY in the innovation process for Chinese manufacturing firms. Importantly, we 

would like to highlight the impact of in-house R&D on productivity growth and also see 

whether there is complementarity between internal and external sourcing. The results will be 

exhibited by firm size – small, medium and large; and technology type – high technology 

industries and low technology industries. 

6.1 ASSOCIATION approach 

Before estimating firms’ production function, we first look at the determinants of firms’ decision 

on input levels of both MAKE and BUY and test the complementarity by estimating partial 

effect of one input to another.  

Insert table 5 here 

Table 5 presents the results from the joint estimation of simultaneous equation system (2a) and 

(2b). The results are based on the pooled sample of three years and classified into different 

groups. Here, we only highlight some important findings. The MAKE and BUY variables are 

expressed in levels. The coefficients results are the estimated partial effects with respect to 

vector of characteristics. As we expected, firms with more R&D personnel tend to be more 

dynamic in in-house innovation activities. Cooperation with university as an indicator of basic 

technological capability is significant in the equation of MAKE, but only in the group of small 

and high-tech firms while the cooperation with PRIs increases the level of input in doing 

MAKE for small and low-tech firms. Past productivity a measure of production general 

capability of production is only positively related with MAKE in high-tech firms. For the BUY 

equation, past new product innovation is positively correlated with level of input in BUY across 
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all firms. SOEs seem to be reluctant to engage in external sourcing as shown by the negative 

coefficients.  

Turning to the primary purpose of the analysis. It dose confirm the existence of 

complementarity except for small firms. Across all firms, the estimated coefficients for MAKE 

in BUY are all significantly positive.  This result suggests that the level of acquiring external 

sourcing is depending on how much in-house R&D is carry on. It also reflects and consistent 

with the theory of absorptive capacity – firms need certain level of in-house technological 

capability to discover and assimilate external know-how.  The estimated coefficient for BUY in 

the MAKE equation is also significant but not for small firms. These results suggest the idea of 

a positive association between doing MAKE and BUY. Regarding this finding, we can conclude 

at this stage that, except for the small firms, there might exist complementarity between MAKE 

and BUY in Chinese manufacturing firms. However, this complementairty could be biased due 

to unobserved determinants that are not available from the dataset or unobserved by economist.  

 

6.2 PROD approach 

Table 6 presents us the results of the production approach by using fixed effects and system 

GMM method. Like in some other empirical studies (Hoch, 1962; Ackerberg, 2006), fixed effect 

does not perform well in our result, none of the groups find significant effects for either internal 

and external innovation inputs.  The capital input is also insignificant and there are decreasing 

returns to scale.  The fixed effects might carry too much 

Insert table 6 here 

Table 7 gives the results of the production approach using system GMM.  We use two-step 

system GMM with robust standard errors reported9. As showing in the results table, the 

traditional input variable capital has the expected sign. The elasticities of physical capital and 

materials increase with firm size. At the same time, the high-tech industries have higher 

elasticities compare to the low-tech industries. Except for the low-tech industries, there are no 

significant deviations from constant returns to scale. As expected, SOEs are less productive 

compare to other firms except for small and medium size firms. The coefficients of SOEs are 

negative and significant in large firms and in both high-tech and low-tech firms.  
                                                        
9 The two-step system GMM performed in stata by using the code xtabond2 will automatically correct the standard 
errors. It is generally more efficient in the situation where error terms showed with heterosdasticity and autocorrelation 
(Roodman, 2006).  
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Insert table 7 here 

The major focus of the analysis is the sourcing strategy for Chinese manufacturing firms. The 

estimator of MAKE is significantly positive in small, medium and low-tech firms while the BUY 

coefficient does not appear significant except for the negative effects in large firms. The results 

of Hansen tests indicate that there is no overidentification in the instruments. The in-house 

R&D seems contribute more to productivity growth in small and low-tech firms since the 

magnitude of the coefficient is higher, 0.133 and 0.1 respectively. However, the elasticity is no 

longer constant if the interaction between MAKE and BUY is significant, which indicates the 

presence of synergies. The complementarity coefficients measured by the variable MAKE&BUY 

shows different patterns across size and industry types.  In small firms with employees less than 

100, we find substitubility between internal and external sourcing. The sign of MAKE&BUY is 

negative and significant at 10 percent level. However, the substitubility disappears when we look 

at other group. Instead, in the large firms with more than 300 employees, we find that MAKE 

and BUY are complements. The same conclusion can be drawn for the high-tech firms. Hence, 

we conclude that large or high-tech firms who choose to adopt in-house making and external-

buying strategies together will have higher productivity than firms choosing to adopt them 

separately. In contrast, in small firms, involving both MAKE and BUY simultaneously will 

frustrate the productivity performance. This might due to the fact that small firms, especially in 

the set up process, can only afford to adopt MAKE due to limited financial resources and the 

high transaction cost of acquiring external sourcing. Next, we will present the elasticity of 

MAKE and BUY in table 8 by considering the synergy between them. 

Insert table 8 here 

The mean values of elasticity of MAKE (BUY) to productivity are calculated by using estimated 

coefficient of MAKE (BUY) plus the mean value of BUY (MAKE) in each group multiplied by 

the complementarity coefficient only if this coefficient is significant in the system GMM 

estimation. At the mean level, we can see that in-house MAKE has a positive impact on firm 

productivity while external BUY shows a negative effect.  By looking at the magnitude of those 

coefficients, R&D seems to be more important for small firms and its contribution to 

productivity decreases as firm size becomes bigger. However, when the complementary effect 

appears, the return of MAKE (BUY) will also depend on the level of BUY (MAKE) – the case 

of large and high-tech firms. It is shown by graph 4 and graph 5.  

Insert graph 4 and graph 5 here 
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The slope of the dash lines in graph 4 and graph 5 is equal to the estimated complementarity 

coefficients for large and high-tech firms in table 7. It is clearly shown that the levels of return to 

one strategy are influenced by the level of the other.  Let’s take the case of large firms, when 

firms take only MAKE, the coefficient will be constant as we can see from the first part of the 

solid line. It starts increasing when there are expenditures in BUY. The more input in BUY firm 

takes, the higher returns of doing MAKE gets. The same conclusion can be drawn for BUY. At 

the beginning the return of BUY is always constant and negative until at the quantile where 

MAKE is positive, and the return of BUY becomes positive when the level of in-house R&D 

reaches a certain level, approximately the level of 80 percentile of large firms from the graph. 

This interesting finding implies that effectively acquiring external sourcing strategy will always 

need a certain level of in-house technological capability. Without the ability to absorb, assimilate 

external technology, the external sourcing will be useless. On the other hand, in-house MAKE 

will generate a positive return even without external sourcing while the level of return on 

MAKE rise with the increased spending on BUY.  

Insert table 9 here 

The same synergy can be found for high-tech industries. The only difference is that the turning 

point to positive return to BUY lies in at higher percentile of the group, about 95. Table 9 shows 

the elasticity of MAKE and BUY for large and high-tech firms at the percentile of 50,75 and 95. 

The elasticity to BUY becomes positive at the 95 percentile in both group. It should be noted 

that this level dose not necessarily mean a relative higher magnitude of R&D input compare to 

the large size group.  

 

7 Conclusion 

The firm level analysis in this paper is an attempt to explore the impacts of internal and external 

technology sourcing on firm’s productivity performance and investigate the possibility of 

complementarity existing between in-house R&D and external sourcing strategies with special reference 

to Chinese manufacturing firms. The empirical results verify the hypotheses of complementarity 

between internal and external innovation sourcing strategies in the large and high-tech firms.  

Two methods have been adopted for testing the complementarity. ASSOCIATION approach presents a 

preliminary and suggestive result by testing the partial effect of one strategy on the other in a 

simultaneous equation system. The result implies the a positive association between MAKE and BUY 

except for small firms. The shortcoming of this method lies in the fact that it only suggests the 
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association of two strategies instead of synergy in terms of a specific objective function, so the policy 

implication is limited. However, if firms are assumed to make their optimal choice level of inputs, then 

doing both MAKE and BUY is encouraged. 

The PROD approach is used to embed the innovation sourcing strategies in the optimization of an 

objective function. It enables us to test the complementarity by estimating the partial returns of each 

strategy and their interaction term. Considering the unobserved heterogeneity and endogeneity problem 

like other OLS estimation, we employ the system GMM method in order to generate more rigorous 

results. The finding highlights the internal R&D activity in the Chinese manufacturing firms as one of 

the key contributor to firms’ productivity performance.  In the group of small size firms, substitutive 

effect between MAKE and BUY was found. This substitution suggests separating internal and external 

innovation activities rather than adopting simultaneously.  

However, the results confirmed the complementarity between in-house R&D and external sourcing 

strategies among big size and high-tech firms. This synergy implies that government innovation policies 

should target on both stimulating both in-house R&D activity and external technology sourcing in large 

and high-tech firms.  In this case, the level of R&D input is a precondition to achieve positive returns of 

external sourcing while the increasing level of external sourcing can increase the efficiency of in-house 

R&D. It also highlights the two important function of R&D - directly improving firm performance and 

also helping firms to accumulate their technological capability. Therefore, despite the need for acquiring 

and transferring new technologies from outside, it would be crucial for large and high-tech Chinese 

firms to stress the indigenous innovation capabilities first so as it can catalyze the adoption process and 

also to raise their effective performance.  

Due to the shortage of data, our analysis has its limits. More robust analyses can be carried on with 

availability of longer panel to better control for unobserved heterogeneity problem. The study of 

complementarity can also be extended to more than two strategies.  
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Table 1 Definition of variables 

 

Variable  Definition 
ASSOSI
ATION PROD 

PRODUCTIVITY 
Total sales (1000 RMB) by total number of long term permanent 
workers, in logs  √ 

MAKE intensity 
 
 

Expenditures on firm’ s R&D and related activities, including 
contracted R&D  (1000 RMB), divided by number of long term 
permanent workers, in logs √  

BUY intensity 
 

Expenditures on acquiring technology externally (1000 RMB), 
divided by number of long term permanent workers, in logs √  

Explanatory Variables    
Capital 
 
 

Net book value of total assets (including Property, Plant and 
Equipment, 1000 RMB) by number of long term permanent 
workers, in logs √ √ 

Labor Number of long term permanent workers, in logs  √ 
Materials 
 

Expenditure in intermediate inputs (1000 RMB): including materials 
and energy cost, in logs  √ 

Innovation strategy 
variable    
MAKE 
 

Continuous variable, expenditures on firm’ s R&D and related 
activities, including contracted R&D  (1000 RMB), in logs  √ 

BUY 
 

Continuous variable, expenditures on acquiring technology 
externally (1000 RMB), in logs  √ 

MAKE & BUY Continuous variable, the product of MAKE and BUY  √ 

Control variables     
Capacity Percentage of utilization of firm in the production process  √ 
SOEs Dummy variable equal to 1 if a firm has fully owned by state   √ 
Cooperation 
 

Dummy variable equal to 1 if a firm has any cooperation in 
innovation activities with PRIs, universities or other firms.   √ 

R&D_PRIs 
 

Dummy variable with the value 1 if a firm has any R&D 
cooperation with public research institutes √  

R&D_ universities 
 

Dummy variable with the value 1 if a firm has any R&D 
cooperation with universities √  

R&D_firms 
 

Dummy variable with the value 1 if a firm has any R&D 
cooperation with other firms like partner firms and competitors √  

Association Dummy variable equal to 1 if a firm is member of a business group  Instrument 
Edu-manager 
 

Dummy variable equal to 1 if a firm’s executive manager hold a 
master or higher degree   Instrument 

New product sales Percentage of sales from new product by total sales.    
Year dummies Year dummies for 2000, 2001 or 2002 √  
Industry dummies 10 industry dummies. See table 2 √ √ 
City  18 city dummies. See table 3 √ √ 
Category variable    
Size 
 
 

Based on the criteria from Chinese Bureau of statistics and number 
of observations in our sample. Small firms (labor < 100); medium 
firms (100 ≤ labor < 300) and large firms (labor ≥ 300) √ √ 

Hight-tech/ Low-tech 
 

Classification based on the criteria provided by ‘ministry of science 
and Technology of China’  √ √ 
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Table 2 Descriptive statistics across industries and size 

 

Units: in accordace with table 1 
Currency: 1000 RMB 

  

 

industry N. obs Productivity Capital Material Labor MAKE BUY 
MAKE & 

BUY SOE Cooperation Capacity 
Internet 

sales 

Auto & auto parts 225 3.863 3.095 3.061 5.068 1.221 0.283 1.669 0.107 0.130 75.334 2.097 

Biotech products 102 5.219 4.160 4.225 5.380 4.124 1.553 12.986 0.206 0.444 73.755 3.844 

Chemical products 162 4.286 3.791 3.401 4.997 2.671 1.021 6.351 0.253 0.335 68.725 2.476 

Electronic 
equipment 31 4.625 3.911 3.265 5.037 2.967 1.569 11.645 0.065 0.312 68.369 4.893 

Electronic parts 236 4.566 4.081 3.801 5.474 3.172 1.446 11.076 0.225 0.290 70.530 1.589 

Food processing 36 4.419 3.567 3.457 5.000 1.805 0.779 4.609 0.306 0.398 63.019 1.428 

Garment & leather 39 4.540 4.380 3.345 5.015 1.282 0.887 6.175 0.359 0.239 71.417 0.966 

Household 
electronics 12 4.529 4.059 3.335 4.743 3.402 1.882 13.160 0.250 0.417 72.166 0.278 

Metallurgical 
products 86 3.655 3.604 2.622 4.852 1.300 0.495 2.775 0.279 0.236 63.222 0.569 

Transportation 
equipment 12 3.098 2.675 2.115 4.354 1.601 0.635 5.201 0.167 0.056 56.806 0.000 

             

Small firms 334 3.975 3.317 3.119 3.734 0.906 0.246 1.180 0.123 0.183 66.179 1.740 

Medium firms 286 4.422 3.629 3.574 5.140 2.130 0.955 5.985 0.119 0.275 72.121 2.148 

Large firms 321 4.568 4.247 3.585 6.640 4.186 1.736 13.906 0.374 0.364 73.768 2.297 

             

SOE firms 195 4.057 10.174  5.908 2.881 1.023 7.635 1.000 0.344 65.180 0.521 

              

Total 941 4.313 3.729 3.416 5.153 2.397 0.970 6.981 0.207 0.273 70.574 2.054 
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Table 3 Descriptive statistics across cities 

 Units: in accordace with table 1 
 Currency: 1000 RMB 

city N. obs Productivity Capital Material Labor MAKE BUY 
MAKE 
& BUY SOE 

Cooper
ation Capacity 

Internet 
sales 

             

Benxi 35 3.191 3.109 2.083 4.626 0.532 0.180 1.223 0.143 0.190 53.619 0.571 

Changchun 66 4.713 4.395 3.777 5.204 2.823 1.341 8.722 0.242 0.449 72.341 1.213 

Changsha 63 4.406 3.648 3.354 5.163 2.432 0.952 6.998 0.254 0.270 69.189 4.000 

Chongqing 78 4.612 4.186 3.766 5.874 4.653 2.290 17.719 0.218 0.423 69.523 1.775 

Dalian 36 4.769 4.514 3.827 5.572 2.684 0.904 5.323 0.167 0.306 72.908 2.073 

Guiyang 29 4.116 3.764 3.392 4.841 2.086 0.927 7.224 0.345 0.161 68.762 3.448 

Haerbin 56 3.737 3.275 2.642 4.599 1.127 0.278 1.597 0.125 0.238 64.470 1.185 

Hangzhou 49 5.752 4.686 4.732 5.992 4.945 2.113 16.288 0.102 0.395 84.290 5.462 

Jiangmen 35 4.527 3.529 3.534 5.544 2.650 1.148 8.594 0.086 0.257 78.464 1.505 

Kunming 74 4.107 3.844 3.202 4.699 1.005 0.317 1.879 0.270 0.158 69.438 0.306 

Lanzhou 58 3.381 3.414 2.380 4.801 1.044 0.255 1.257 0.328 0.161 66.871 0.422 

Nanchang 65 4.081 3.373 3.388 5.280 1.914 0.793 5.150 0.308 0.303 67.916 3.422 

Nanning 35 3.926 2.982 3.106 4.827 1.980 0.754 5.133 0.257 0.210 69.416 0.248 

Shenzhen 31 5.426 4.255 4.516 6.307 3.968 2.196 19.722 0.129 0.215 87.909 7.539 

Wenzhou 37 4.716 3.784 3.807 5.299 2.516 1.077 6.986 0.027 0.324 79.721 3.673 

Wuhan 63 4.623 3.995 3.788 5.349 2.925 0.973 7.061 0.270 0.270 73.599 0.630 

Xian 56 4.037 3.245 3.290 4.937 2.860 0.903 5.258 0.250 0.304 67.197 1.006 

Zhengzhou 75 3.940 3.123 3.205 4.404 1.200 0.329 2.707 0.080 0.164 65.810 1.832 

             

Total 941 4.313 3.729 3.416 5.153 2.397 0.970 6.981 0.207 0.273 70.574 2.054 
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 Table 4 Descriptive statistics of technological variables across industry and size 

 

 
Product innovation: dummy variable is a firm has product innovation under the period of 2000 to 2002 
Process innovation: dummy variable is a firm has process innovation under the period of 2000 to 2002 
Note: MAKE intensity: the amount of expenditure on R&D divided by the total sales 
BUY intensity: the expenditure on acquiring technology externally divided by the total sales 
New product sales: Percentage of sales which generated by new products 

 

 

Industry 
Products 

innovation 
Process 

innovation 
MAKE  

intensity 
BUY 

intensity Patent 

New 
product 

sales 
R&D 

person Edu_manager Association 

Auto & auto parts 0.200 0.124 0.008 0.000 0.099 9.174 0.012 0.049 0.516 

Biotech products 0.578 0.402 0.023 0.004 0.572 22.024 0.124 0.206 0.569 

Chemical products 0.438 0.265 0.027 0.003 0.558 13.431 0.064 0.068 0.765 

Electronic equipment 0.581 0.484 0.036 0.017 1.237 19.593 0.042 0.097 0.677 

Electronic parts 0.504 0.250 0.011 0.002 0.436 18.701 0.055 0.093 0.542 

Food processing 0.389 0.222 0.019 0.003 0.287 11.788 0.014 0.111 0.667 

Garment & leather 0.282 0.128 0.017 0.017 0.171 4.431 0.016 0.128 0.667 

Household electronics 0.500 0.250 0.020 0.006 0.222 8.240 0.052 0.083 0.500 

Metallurgical products 0.279 0.151 0.009 0.001 0.264 10.450 0.017 0.047 0.535 

Transportation 
equipment 0.091 0.000 0.002 0.001 0.000 0.286 0.354 0.091 0.273 

          

Small firms 0.225 0.159 0.011 0.002 0.095 0.090 0.408 0.045 0.386 

Medium firms 0.399 0.206 0.024 0.005 0.293 0.136 0.992 0.077 0.615 

Large firms 0.561 0.324 0.012 0.002 0.747 0.195 2.325 0.143 0.773 

           

SOE firms 0.513 0.318 0.024 0.002 0.431 0.169 0.052 0.118 0.744 

           

Total 0.392 0.230 0.015 0.003 0.377 13.985 0.046 0.088 0.588 
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Table 5 Simultaneous equation system of MAKE and BUY (continuous): pooled three years 2000-

2002  

 Variables Small Medium Large High-tech Low-tech 
MAKE      
BUY 0.821 0.724*** 0.739*** 0.624*** 1.029*** 
 0.546 0.171 0.275 0.208 0.253 
Productivity( Lag) 0.073 0.106 0.186 0.118** -0.030 
 0.064 0.073 0.120 0.056 0.098 
SOE -0.385 0.159 0.139 -0.175 0.278 
 0.316 0.281 0.247 0.248 0.334 
R&D personnel 0.730*** 0.885*** 0.702*** 0.786*** 0.669*** 
 0.158 0.109 0.106 0.053 0.074 
R&D_university 1.048** 0.206 0.172 0.681*** 0.318 
 0.198 0.245 0.207 0.206 0.230 
R&D_PRIs 0.691** 0.311 0.159 -0.022 0.540*** 
 0.302 0.257 0.291 0.221 0.210 
BUY      
MAKE 0.230*** 0.333*** 0.296*** 0.182*** 0.082 
 0.046 0.049 0.065 0.045 0.070 
Productivity( Lag) 0.045 0.066 0.068 0.044 0.219*** 
 0.033 0.061 0.107 0.056 0.066 
New products (Lag) 0.053* 0.223*** 0.208*** 0.163*** 0.213*** 
 0.030 0.051 0.071 0.043 0.064 
SOE -0.339*** -0.626*** -0.154 -0.791*** -1.108*** 
 0.131 0.225 0.241 0.168 0.176 
R&D_firms 0.107 0.094 0.317 0.181 0.233 
 0.126 0.167 0.206 0.162 0.193 
R-sq      
lnmake1 0.526 0.612 0.529 0.562 0.434 

lnbuy1 0.306 0.461 0.322 0.242 0.241 
Note: industry dummies, year dummies and city dummies are included. 
*** P – value 0.001, ** P – value 0.05, * P – value 0.01 
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Table 6 Fixed effect estimation in Productivity 

Variables Small  Medium  Large  High-tech Low-tech 
Productivity      
      
Capital 0.018 -0.012 0.069** 0.023 0.022 
 0.026 0.024 0.029 0.023 0.018 
Material 0.337*** 0.317*** 0.227*** 0.277*** 0.355*** 
 0.019 0.021 0.019 0.014 0.017 
Labor -0.233*** -0.236*** -0.347*** -0.226*** -0.300*** 
 0.060 0.059 0.054 0.043 0.039 
MAKE 0.000 0.011 -0.001 0.004 0.008 
 0.019 0.013 0.009 0.009 0.009 
BUY 0.029 0.019 -0.003 0.030 0.002 
 0.033 0.031 0.025 0.022 0.018 
MAKE & BUY -0.002 -0.001 0.001 -0.001 0.000 
 0.006 0.004 0.003 0.003 0.002 
Capacity -0.051*** -0.059*** 0.108*** 0.003*** -0.004*** 
 0.058 0.047 0.048 0.040 0.033 
Cooperation 0.004 0.005 0.000** 0.006** 0.003 
 0.004 0.002 0.003 0.002 0.002 
Internet sales -0.128 0.086** 0.053 0.058 0.076 
 0.021 0.021 0.019 0.015 0.013 
_cons -0.064*** 0.104*** 0.143*** 0.119*** 0.122*** 
  0.020 0.023 0.021 0.017 0.014 
      
sigma_u 0.896 0.933 0.976 1.054 1.195 
sigma_e 0.244 0.240 0.235 0.253 0.220 
rho 0.931 0.938 0.945 0.946 0.967 
F test  u_i=0:      19.170 19.140 24.390 18.620 52.640 
 Prob > F 0.000 0.000 0.000 0.000 0.000 

*** P – value 0.001, ** P – value 0.05, * P – value 0.01 
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Table 7 System GMM estimation. Dependent variable: sales per person (in logs) 

Variable Small  Medium  Large  High-tech Low-tech 
Productivity      
      
Capital 0.097 0.147*** 0.286* 0.228*** 0.173** 
 0.064 0.049 0.096 0.105 0.089 
Material 0.512*** 0.482*** 0.310*** 0.339*** 0.387*** 
 0.063 0.046 0.060 0.075 0.079 
Labor 0.019 0.039 -0.008 0.034 -0.120*** 
 0.052 0.073 0.048 0.042 0.045 
MAKE 0.133*** 0.061*** 0.016 0.011 0.100*** 
 0.034 0.020 0.020 0.029 0.037 
BUY -0.011 -0.002 -0.103** -0.087 -0.044 
 0.021 0.046 0.043 0.053 0.085 
MAKE & BUY -0.010** -0.003 0.014*** 0.012** 0.005 
 0.005 0.005 0.005 0.007 0.011 
SOE -0.056 -0.131 -0.386*** -0.275*** -0.268** 
 0.141 0.114 0.095 0.109 0.124 
Capacity 0.003 0.005* 0.016*** 0.014*** 0.003 
 0.002 0.003 0.003 0.004 0.004 
Cooperation 0.029 0.013 0.074 0.067 0.055 
 0.070 0.056 0.062 0.058 0.078 
Internet sales -0.005*** 0.003 0.000 -0.002 0.001 
 0.002 0.003 0.004 0.002 0.004 
_cons 1.883*** 1.327*** 0.544 1.138** 2.188*** 
  0.393 0.455 0.653 0.487 0.508 
      
AR(1): z =  -1.650* -0.670 -0.150 -2.280** -1.540 
Pr > z  0.099 0.503 0.885 0.022 0.125 
Hansen test  
chi2(26) 32.590 16.660 33.630 28.420 24.190 
 Prob > chi2  0.174 0.919 0.145 0.338 0.565 

     Note: industry dummies, year dummies and city dummies are included 
     *** P – value 0.001, ** P – value 0.05, * P – value 0.01 
 

Table 8 Elasticity of MAKE and BUY: mean value of each group 

Variables  Small Medium Large High-tech Low-tech 

MAKE  0.131 0.061 0.038 0.036 0.100 

BUY -0.020 -0.002 -0.046 -0.052 -0.044 

Table 9 Elasticity of MAKE and BUY at different percentile 

  MAKE   BUY   
Percentile Large firms High-tech firms Large firms High-tech firms 
50 0.016 0.011 -0.035 -0.087 
75 0.059 0.011 -0.016 -0.022 
95 0.125 0.108 0.008 0.016 



  32 

Figure 1 Patent granted in Chinese manufacturing firms from 2000-2002 

 

Figure 2 Patent granted in Chinese manufacturing firms, cross industries.  
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Figure 3 Percentage of new product sales in total sales, cross industries from year 2000-2002 
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Figure 4 Elasticity of MAKE and BUY in productivity: Large size firms 

                

 

 

Figure 5, Elasticity of MAKE and BUY in productivity: High-tech firms 

          

 

 


