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Abstract  This paper investigates the potential channels through which R&D 
may influence TFP growth using industry-level panel data of China’s large and 
medium-sized industrial enterprises over the period of 2000–2007. Comparing 
with existing literature, we provide a closer look of the relationship between 
R&D and TFP growth by decomposing TFP growth into efficiency change and 
technical change components using Malmquist productivity index and distingui- 
shing between upstream R&D spillovers and downstream R&D spillovers. We 
find TFP grow slightly during 2000–2007, and R&D investment indeed serves as 
an engine of productivity growth just as endogenous growth theories argued, 
which is largely because R&D accelerates technical progress even it also results 
in enlarging technical inefficiency. However, we find a robust negative effect of 
downstream R&D spillovers on TFP growth, the effects of upstream is positive 
but not statistically significant. In addition, we do not find the positive effects of 
human capital on TFP as endogenous growth theories indicated, but find human 
capital severs as “assimilation device” for R&D spillovers both in promoting 
TFP growth and increasing technical efficiency even the effects on technical 
progress is adverse. 
 
Keywords R&D investment, human capital, TFP growth, Malmquist produc- 
tivity index 
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1  Introduction 

China’s economy growth performance has been spectacular for nearly three 
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decades, with annual GDP growth rate averaging over 9%. Like other emerging 
economies in East Asia, China’s economy growth also is regarded as driven by 
factor-accumulation but not productivity-growth, or, the growth is unsustainable. 
Undoubtedly, China’s high growth largely benefits from the contribution of 
inflow FDI and export in manufacturing sectors. However, the low-cost 
advantage which is used to attracting FDI inflow and promoting export seems 
hard to maintain, partially because of the cost rising resulting from continuous 
economy growth and the competition from other developing countries, in which 
the price of complementary factors for production such as land and workers is 
even lower. In order to transform “Made in China” into “Created in China,” 
promoting technology progress and enhancing innovation capacity has been 
treated as a national strategy to promote the further economy growth since 1990s. 

In 1995, the central government adopted a strategy named “revitalizing China 
through science and education.” After that, a series of policies were implemented 
to enhance the innovation abilities and promote technology progress. More 
recently, the State Council of China decided to implement “Medium- and 
Long-term National Plan for Science and Technology Development 2006–2020” 
in 2006. This document mainly includes two priorities: (1) promoting S&T 
development in selected key fields; and (2) enhancing innovation capacity. 
According to this document, the proportion of R&D investments to GDP should 
increase to more than 2.5% over the next fifteen years; the contribution of S&T 
progress to economic growth up to at least 60%, and the dependence on foreign 
technologies to be reduced below 30%. Promoted by these policies, China’s 
R&D expenditure increased dramatically in recent years. In 1995, the national 
R&D expenditure was 34.91 billion yuan, or 0.6% of GDP, however, according 
to the newly issued data from Ministry of Science and Technology of China, the 
total R&D expenditures reached 461.6 billion yuan in 2008, 1.47% of GDP.1  
Now, China is the fourth largest R&D expenditure country in the world. Its R&D 
intensity (R&D/GDP) is still small comparing with developed countries, but 
larger than most of developing countries in the world. This paper aims to 
examine the contribution of R&D expenditure to the productivity growth in 
Chinese manufacturing industries and try to unveil how R&D investments 
influence the TFP change; in addition, the role of human capital is also studied as 
well. 

The relationship between industrial R&D input and productivity growth has 
long been studied from both theoretical and empirical perspectives. According to 
endogenous growth theories, R&D and human capital serve as the two main 
engines that promote technical progress and productivity growth (Romer, 1990; 
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 Source: China S&T Statistics Data Book (1998 and 2009), Published by The Ministry of 
Science and Technology of the People’s Republic of China. 
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Aghion and Howitt, 1998; and Lucas, 1988). However, this question is far from 
being settled. Even though most of the existing empirical studies support the 
notion that domestic R&D is an important determinant of productivity (Coe and 
Moghadam, 1993; Harhoff, 1998), some recent studies argue that TFP-produc- 
tivity is negatively affected by R&D expenditure (Madden and Savage, 2000). 
The different results may be related to the objects which are studied. Most of 
positive effects are found in developed countries, however, for new industrial 
countries or developing countries the results always are uncertain. For example, 
Nadiri and Kim (1996) find R&D capital and technical changes have been major 
contributors of the TFP growth in the US and Japanese manufacturing sector but 
not in the Korean manufacturing sector.  

R&D spillovers within and between industrial sectors, and even across 
different countries, are other potential channels for R&D to influence 
productivity. In fact, in some cases, the “social returns” of R&D investment are 
found extremely high and even exceed the internal return (Berstein, 1988). There 
are a lot of literatures concentrating on this topic, including empirical studies at 
the macroeconomic level across countries (Coe and Helpman, 1995; Keller, 
1998), at the industry level (Keller, 2002), and at the firm level (Hallward et al., 
2002). R&D spillovers between domestic industries are found to be more 
important than spillovers at the international level (Bracoinier et al., 1998; Kelle, 
2002). However, most of existing literatures focus on international R&D 
spillovers through import and FDI after Coe and Helpman’s study in 1995; there 
is few study investigating the effects of domestic R&D investments spillovers 
may impact on the TFP changes. 

Besides R&D, human capital has also been considered as an important engine 
of economic growth (Lucas, 1988), the empirical researches surge up particularly 
after the work of Mankiw, Romer and Weil (1992). Even the effects of human 
capital impact on economic performance are ambiguous;1 the point of view that 
high levels of human capital facilitate technology adoption is widely supported. 
It is argued that human capital accumulation drives growth because it enhances 
the ability to implement existing technology or to create new technologies. 
Griffith et al. (2004) argue human capital facilitates to catch up to the advanced 
technology OECD data; in latest papers, Caselli and Coleman (2006) and 
Bronzini and Piselli (2009) also confirm the result. Furthermore, human capital 
also helps to internalize spillovers from R&D (Almeida and Kogut, 1996; Moen 
                                                        
1 Mankiw et al., (1992), Mason et al., (2007), and Antonio et al., (2009) find human capital 
have a strong effect on economic performance, while Cohen and Soto (2007) find no link. In 
addition, the positive relationship between improvements in human capital accumulation and 
growth is supported by De La Fuente et al. (2006), but Barro and Sala-i-Martin (2004) and 
Pritchett (2001) fail to find such effect. The mixed results may be due to the poor quality of the 
data or missing cross-country differences in educational quality (Hanushek and Kimko, 2000). 
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and Jarle, 2005). 
In this paper, we try to explore the potential channels through which R&D, 

R&D spillovers and human capital may work on TFP growth based on balanced 
panel data of 21 sectors of Chinese large and medium-sized industrial enterprises 
over the period 2000−2007. Basically, we try to extend the existing literature in 
three directions: 

Firstly, instead of using Solow residual as TFP variable, we adapt Malmquist 
productivity index developed by Fare et al. (1994) and Kumar et al. (2002) to 
measure TFP. This method, with the advantage of no need to specify functional 
form or make behavioral assumptions, is commonly used to measure efficiency 
of public or private sectors. However, few studies use it to investigate the 
correlation of R&D investment and TFP change. In addition, TFP growth can be 
decomposed into technical efficiency change (EC) and technical progress (TP) 
components by using DEA method. This decomposition is significant in 
understanding the mechanism that R&D investments influence TFP movement.  

Secondly, we distinguish two directions, downstream and upstream, as 
different channels through which R&D spillovers may be occurred between 
sectors. The existing literature on R&D spillovers always focuses on the 
aggregate effects that a firm’s R&D investment impact on other firm in the same 
industry or other industries. Considering inter-industry R&D spillover, the R&D 
inflow embodied in the purchase of intermediate inputs is emphasized while the 
influence of the innovation of firms to its suppliers of intermediate inputs is 
always ignored, which we called downstream spillover (spillover from customers 
to suppliers).  

Thirdly, human capital was introduced into our empirical model; we try to 
detect R&D and human capital which is more important to China’s TFP growth 
and what kind of role human capital can make in the process of R&D spillovers. 
Actually, Human capital is not only looked as an engine of growth in the theory 
of endogenous growth, but also may serve as “assimilation device” for R&D 
spillovers and even help increasing R&D efficiency or promoting R&D 
spillovers as well (Almeida and Kogut, 1996; Moen and Jarle, 2005). Despite the 
fact that there are studies on these channels through which R&D influence 
productivity, there has been no empirical research that assesses the role of these 
three productivity sources together. If all these factors affect productivity and 
interact with each other, their contributions can be properly measured only within 
a unified framework. 

The remainder of the paper is organized as follows. Section 2 presents the 
theoretical framework, in which the estimation strategy and DEA method are 
discussed. Section 3 presents the explanation of data and the variables used, 
while Section 4 presents our main empirical results. Section 5 concludes.  
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2  Theoretical Framework 

2.1  Model 
 
In order to examine the contribution of R&D to TFP growth, we employ an 
extended Cobb-Douglas production function model which includes the 
knowledge stocks (R&D and human capital). We assume in year t, there are three 
inputs: capital stock (K), employment (L) and intermediate inputs (M), 
respectively, and one output, Yit. The production function model is represented as 
follows: 

3
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where Yit stands for gross output of industry i in year t, which is a combination of 
a technical progress function Ait(·) and a traditional input function Fit(·). 
Furthermore, Fit(· ) is assumed to be homogenous of degree 1 and depends on the 
stock of physical capital (Kit), employment (Lit), and intermediate inputs (Mit). 
Meanwhile, the technical progress function Ait (·) is a function of the R&D stock 
(Rit), R&D spillover (SRit) and human capital (Hit). Define TFP as: 
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Eq. (2) indicates that TFP can be calculated in terms of inputs and output data. 
By taking logarithms of Eq. (2) on both sides, TFP can be expressed in log-form 
as follows: 

ln ln ln lnit h it r it s itTFP H R SRβ β β= + +  (3) 
Eq. (3) shows that TFP in industry i at time t is determined by human capital 

Hit, R&D stock Rit and R&D spillovers from other industries SRit. Unlike most of 
the existing literature, we distinguish the R&D spillovers from upstream 
industries (SRU) and downstream sectors (SRD).2 The first one captures the 
potential effects on customers firms when the suppliers firms R&D increase by 
means of offering new, improved or less costly intermediate inputs. The 
downstream R&D spillover occurs through at least four channels: (1) direct 
knowledge transfer to suppliers; (2) higher requirements for product quality, 
                                                        
2 Griliches (1979) has identified two types of spillover effects. The first type refers to the 
effect of research performed in one industry or country improving technology in other 
industries or country, and may occur without any economic transaction. The second type of 
spillover refers to inputs purchased by one industry or country from another industry or 
country, which embody quality improvements that are not fully appropriated by the selling 
industry. In fact, both the two types of spillover effects are inter-industry and the second type 
is upstream in our paper. Unfortunately, we cannot investigate the intra- industry R&D 
spillover for the absence of firm-level data. 
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which need the firms to increase R&D investment to upgrade their management 
or technology; (3) increase the demand for intermediate input and help the 
suppliers realizing scale economy; (4) in order to become an eligible supplier, 
firms’ productivity may be enhanced through competition effects.3 On the basis 
of the discussion so far, we rewrite Eq. (3) with including upstream and 
downstream R&D spillover and incorporating interaction between human capital 
and R&D investment and R&D spillovers, our estimation equation is given as 
follows: 

1 2 3 4ln ln ln ln lnU D p
it i t it it it it x it itTFP R SR SR H Xα λ β β β β β ε= + + + + + + +  (4) 

where TFP is total factor productivity, Rit is the R&D stock of industry i in year t, 
SRU

i and SRD
i are weighted share of R&D stock in upstream (suppliers) firms and 

downstream (customers) firms, respectively, whereas Hit is the human capital. X p 
is an interaction term that can be viewed an element of the following set of 
cross-products: {H*Rit, H*SRU

it, H*SRD
it}. To avoid multicollinearity in the 

estimations, we include only one interaction tern at one time. β1, β2,  β3, β4 and 
βx  are parameters to be estimated. The term αi and λt are industry specific effect 
and time effect, respectively, and εit is a disturbance term.  
 
2.2  Data Envelopment Analysis Methodology 
 
In this paper, we use Malmquist productivity index to estimate TFP growth. This 
approach uses data envelopment analysis (DEA) method to construct a 
piece-wise linear production frontier for each year in the sample. Comparing 
with parametric methods, DEA does not need to specify the production function 
or make behavioral assumption which avoid the potential bias raised by 
assuming production function. 4  Now, DEA is widely used for measuring 
productive efficiency over the last two decades (Chen et al., 2005; Chen et al., 
2009). 

Theoretically, DEA method is fundamentally based on the work of Farrell 
(1957). Farrell proposed the measurement of technical efficiency using 
piece-wise linear technology, while linear programming was used to construct 
the “best practice” frontier technology. Considering a set of input and output, {xi

k, 
yj

k}, in the case of CRS technology and strong disposability of input, the function 
                                                        
3 The spillovers we defined are similar to Beata’s (2004) discussion on FDI spillovers. Firms 
always provide technology assistance to their suppliers in order to raise the quality of their 
products or facilitate innovation, and help suppliers with management training and 
organization of the production process, quality control as well.  
4 The classical productivity estimating method is growth accounting, which decomposes 
growth in output into two parts. One is explained by input changes and the other, known as 
Solow residual, as ‘‘technical change.” In fact, the interpretation of the residual as technical 
change is reasonable only if all countries are producing on their frontier. Johannes (2007) 
provides an excellent survey on productivity estimation. 
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can be expressed as: 

1

, ,
1

, ,
1

( , ) [ ( , , ) :

,  1, , ;

,  1, , ;

0,  1, , ]

t t t t
N

K
t t t
k m k k m

k
K

t t t
k k n k n

k
t
k

L y C S x x

y z y m M

z x x n N

z k K

=

=

=

=

=

=

∑

∑

L

L

L

L

≤

≤

≥

 (5) 

where xt= (x1
t, x2

t, …, xN
t) and yt= (y1

t, y2
t, …, yM

t) denote input vector and output 
vector at time t with i=1, 2, …, N and j=1, 2, …, M, respectively; zk, k=1, 2, …, K 
are intensity variables. 

DEA can be divided into input-orientated, which defines the frontier by 
seeking the maximum possible proportional reduction in input usage keeping 
output levels constant, and output-orientated, which seeks the maximum 
proportional increase in output production with input levels held constant. These 
two kinds of method are the same in the case of constant returns to scale (CRS) 
technology, but different in the case of variable returns to scale (VRS) technology. 
In this paper we consider the input-orientated DEA model under a CRS 
technology. The Farrell input-saving measure of technical efficiency is defined as 
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In order to measure how productivity changes over time, we firstly introduce 
distance functions into our model. According to Fare et al. (1994), distance 
functions are the reciprocals of the technical efficiency measures that we have 
discussed above. Hence, we define the Input Distance Function for an L (y|C, S) 
technology as  

( , ) 1/ ( , , )t t t t t t
i iD y x F y x C S=  (8) 

The Input-Oriented Malmquist productivity index in period t is defined as 
              1 1( , ) / ( , )t t t t t t t

i i iM D x y D x y+ +=   (9) 
This index measures the technical efficiency changes from two periods, t and 

t+1, to the same reference technology from period t. similarly, we can define an 
analogous productivity index using the technology from period t+1 as the 
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benchmark, namely, the period t+1 Malmquist productivity index is defined as 
1 1 1 1 1( , ) / ( , )t t t t t t t

i i iM D x y D x y+ + + + +=  (10) 
According to Fisher (1922), we can get an “ideal” type index by making use of 

the t and t+1 version of Malmquist indices. We take the geometric mean of the t 
and t+1 Malmquist indices to define the Input-Oriented Malmquist productivity 
index as 
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where the first term, EC, is called as efficiency change component of 
productivity change, which shows how much closer (or farther away) a DMU 
gets to the frontier made up by “best practice” firms from period t to t+1. The 
second term, TC, is technical change component which measures how much the 
frontier shifts, and indicates whether the best practice relative to the evaluated 
firm is improving, stagnating, or deteriorating. This decomposition provides 
useful indices for analyzing TFP. In either case the index will take a value greater 
than, equal to, or less than unity can be interpreted as progress, no change and 
regress.  

3  Data and Descriptive Statistics 

3.1  Data 
 
All original data used in this paper are obtained from various years’ China 
Statistical Yearbook and China Statistical Yearbook on Science and Technology. 
In order to keep data consistency, our study is based on sector-level data of 
Chinese large and medium-sized industrial enterprises for the period 1999–2007. 
These enterprises account for a large proportion of China’s output and R&D 
activity. 

TFP growth: The key dependant variable in our model is TFP, which we 
measure by using Malmquist productivity index on one output and three inputs. 
The output of sector j at time t is /j j j

t t tY Y P= , where j
tY  is sector j’s gross 

industrial output; j
tP  is producer price index for manufactured goods. Similarly, 

the real value-added of industry is /j j j
t t ty y P= . We define sector j’s intermediate 

inputs at time t as j j j
t t tM Y y= − . 
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We use annual average employed persons as the variable of employment used 
as input, another input is real capital stock which is calculated as 

2007

1999
2000

/jj j j
t t t

t
K K K p

=
= + Δ∑ , where j

tK is sector j’s annual average balance of net 

value of fixed assets at time t; j
tp  is sector j’s price index for investment in 

fixed assets (PIIFA). There is only aggregate PIIFA of the whole manufacturing 
industries, so we use the following function to calculate sector’s PIIFA： 

,1 ,1 ,2 ,2* *j j j jj
t t t t tp w p w p= +  (12) 

where ,1
j

tp  and ,2
j

tp  are price indices for construction and installation, and 

purchase of equipment and instruments, respectively; while ,1
j

tw  and ,2
j

tw  are the 

ratio of investment in construction and installation, and investment in purchase  
of equipment and instruments to total investment in fixed assets, respectively. 

Because of data limitation, we use indices of construction as price indices for 
construction and installation, ,2

j
tp  is producer price index for manufactured 

goods of various sectors. All price indices are adjusted to 1999 = 1. 
R&D stock: There are several R&D terms in China Statistical Yearbook on 

Science and Technology, such as Total Funding for S&T Activities, Intramural 
Expenditures on S&T Activities and Expenditures on Other Technical Activities.5 
With regard to our study, each of the three variables has its own drawbacks. We 
try to use R&D expenditure related closely to innovation or productivity growth, 
the first two R&D terms include the investment on fixed assets and other 
expenditure not closely related to productivity, while the third one omits the 
expenditures on new products which is important to firms’ innovation and TFP 
growth. Taking all these into consideration, we use the sum of Expenditures for 
Technical Renovations, Expenditures for Involvement of Technology, 
Expenditures for Absorb and Digest, Expenditures for Inner Technology, and 
Expenditures on New Products Development as our R&D investment. The real 
stock of R&D investment is computed using the method of perpetual inventory 
and the data on sectors’ flow of annual investment. This method is widely used in 
related literatures (Coe and Helpman, 1995; Xu and Wang, 1999; and Henry et al., 
2009). We use the methodology suggested by Young (1995) to calculate the 
initial R&D stock 0

jR  which is a good choice given the short time span 
available for the investment series. The corresponding equations for calculating 
                                                        
5 The Total Funding for S&T Activities are total expenditure related to S&T Activities; 
Intramural Expenditures on S&T Activities include Service Fees, Raw Material Expenditure, 
Purchase or Construction of Fixed Assets, Expenditures on New Products Development, and 
Other Technical Activities include Expenditure for Technical Renovations, Expenditure for 
Indraught of Technology, Expenditure for Absorb and Digest, and Expenditure for Inner 
Technology. 
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the R&D stock are shown as: 
00 /( )j j jR RD gη= +  (13) 

1(1 ) jj j
t t tR RD Rη −= + −  (14) 

where R refers to annual R&D investment stock of various sectors deflated by 
PIIFA we calculate above, η is the depreciation rate for sector j which we refer to 
the recent study on developing countries by Henry et al. (2009) and set it equal to 
10% for all sectors,6 RD is annual R&D investments and g  

j is the first five-years 
of investment series as representative of the growth prior to the beginning of the 
series for estimation.7 

Two types of R&D spillovers: The upstream R&D spillover, SRU
it, is a proxy 

for R&D investment of the sectors that supply intermediate inputs to sector i. As 
only R&D investment of other sectors are relevant to this study, the R&D 
investment in itself sector is excluded even the products may also be used as 
intermediate inputs for the same sector. So, the formula is: 

, 1

N
U
it ji jt

i j j
SR R

≠ =
= Ω∑  (15) 

where Ωji is the share of inputs purchased by sector i from sector j in total 
outputs of sector j calculated from the 2002 input-output table at the 2-digit level, 
issued by National Bureau of Statistics of China. There are 39 industrial sectors 
in the whole industry according to China Statistical Yearbook, however, only 21 
industrial sectors’ input and output relationships are given in 2002 Input-Output 
table. We merger some sectors in terms of sector classification of input-output 
table, so, only 21sectors are analyzed in this paper. 

Similarly, the downstream R&D spillovers SRD
it can be defined as the 

weighted share of R&D stock of sectors being supplied by sector i: 

, 1,

N
D
it ik kt

i k k
R R

≠ =
= Ω∑  (16) 

where Ωji is the proportion of sector i’s output supplied to sector k as 
intermediate inputs. This proportion also calculated from 2002 Input-Output 
matrix. For the same reason as before, inputs supplied within the same sector are 
excluded. It should be noted that the input and output relationship between 
sectors may change over time. Unfortunately, the input-output matrices for later 
year are unavailable. 
                                                        
6 The depreciation rate is different in previous literature. Coe & Helpman (1995) and 
Branstetter (2001) set the depreciation rate equal to 15%, while Nadiri & Prucha (1996) 
thought it should be 12%. Considering china is a developing country, we think 10% is 
appropriate, which is same to Henry’s et al. (2009) study on developing countries. 
7 The earliest R&D investments we can get begin from 1996, but the inputs and output data 
we used to calculate TFP only available begin from 1999. Hence, g is the average R&D 
investments growth rate over the period of 1996–2000. 
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3.2  Human Capital 
 
Human capital is widely measured as educational attainment with average years 
of schooling for employees (Barro, 1991; Cohen and Soto, 2007; Henry et al., 
2009). Unfortunately, we cannot get the detail educational attainment for workers 
on the sector-level. We use human capital intensity as an alternative method to 
measure human capital because of the limited availability of schooling 
information of sectors. According to China Statistical Yearbook on Science and 
Technology, the personnel engaged in S&T activities can be divided into three 
kinds of people, scientists & engineers, personnel in S&T projects, S&T manager 
and attendant. In this paper, the human capital intensity is measured as the 
proportion of personnel engaged in S&T activities to the whole employees in the 
sector.  
 
3.3  Summary Statistics 
 
After adjusting according to the Input-Output table in 2002, our balanced panel 
on large and medium-sized industrial enterprises contains 21 sectors covering the 
period 2000−2007. A key component of our analysis is measuring the TFP 
growth using Malmquist productivity index. We first estimate the TFP change 
and its components of all the 21 sectors with Malmquist index over the sample 
period. The average changes in TFP, efficiency and technology progress are 
presented in columns (1), (2) and (3) of Table 1. The total average Malmquist 
index, Mi, is 1.002 indicating TFP growth rate is 0.2% per year. The 
decompounds of Mi show that TFP growth mainly owes to technical progress 
(TP) which grows at 3.4% per year, while technical efficiency (TC) even 
deteriorates at the rate of 3.1% each year over the sample period. This result that 
positive TFP growth is mostly attributed to technical progress while the technical 
efficiency growth is negative is consistent with the findings in Liu and Liu 
(1996), Kong et al. (1999) and Zheng et al. (2003). In fact, the positive TP 
growth and negative TC growth appeared after 2002, since then, TP grow 
continually while the TC keep deteriorating. As discussed in Section 2, the 
technical change refers to as a “frontier shift” effect, while technical efficiency 
change is a “catching-up” effect. This result shows China’s firms in favor of 
developing or purchasing advance technology which may help them to get the 
leading status in the industry while ignoring to improve the efficiency of existing 
technology. The upper part of the 3 columns show the growth rate varies across 
the sectors, but positive TP growth happened in most sectors while the majorities 
suffer the efficiency decrease over the period 2000−2007. Interestingly, the 
extent of TC deterioration has decreased while the growth rate of TP also has 
decreased as well, which probably indicate more firms realize the importance of 
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technical efficiency and spend more R&D resources on improving it. 

Table 1  Selected Descriptive Statistics by Sector and by Year, 2000–2007 
Sectors (2-digit code) Mi EC TC H RO RU RD 

Mining and washing of coal 0.875 0.939 0.979 0.026 0.242 0.090 0.107 
Petroleum & natural gas 0.885 0.875 1.014 0.069 0.008 0.027 0.097 
Mining of metal ores 0.875 0.878 1.010 0.021 0.173 0.162 0.082 
Non-metal ores 0.945 0.985 0.980 0.020 0.165 0.104 0.086 
Foods & tobacco 0.991 0.934 1.061 0.028 0.037 0.091 0.093 
Manufacture of textile 0.995 0.944 1.055 0.022 0.024 0.090 0.089 
Apparel, leather, feather products 1.036 0.964 1.078 0.011 0.082 0.105 0.053 
Timbers & furniture 1.000 0.960 1.041 0.016 0.203 0.107 0.099 
Paper, printing 1.000 0.971 1.031 0.023 0.116 0.093 0.098 
Petroleum, coking and nucleus fuel 1.110 0.989 1.123 0.046 0.008 0.117 0.062 
Chemical products 0.994 0.954 1.046 0.051 0.092 0.115 0.071 
Non-metallic mineral products 0.990 0.979 1.018 0.029 0.045 0.153 0.094 
Processing of metals 1.040 1.005 1.035 0.058 0.168 0.104 0.067 
Metal products 1.020 0.953 1.070 0.035 0.163 0.116 0.154 
General & purpose machinery 1.015 0.961 1.056 0.079 0.055 0.144 0.151 
Transport equipment 1.074 1.003 1.069 0.090 0.193 0.106 0.119 
Electrical machinery and equipment 1.053 0.980 1.074 0.072 0.162 0.136 0.136 
Communication, computer 1.124 1.000 1.124 0.085 0.243 0.095 0.112 
Measuring instrument, machinery for 

cultural and office work 
1.080 1.008 1.074 0.074 0.175 0.106 0.149 

Electric power and heat power 1.053 1.031 1.018 0.029 0.049 0.117 0.099 
Production and distribution of water 0.933 0.981 0.978 0.016 0.086 0.108 0.077 
Year     

2000 1.03  1.04 0.98 0.048 0.066 0.074 0.074 
2001  0.99  1 0.99 0.049 0.085 0.088 0.087 
2002 1  0.97 1.03 0.050 0.106 0.105 0.106 
2003 1  0.99 1.01 0.045 0.113 0.123 0.120 
2004  0.99  0.95 1.04 0.041 0.139 0.151 0.145 
2005 1.01  0.91 1.12 0.045 0.123 0.134 0.128 
2006 1  0.93 1.08 0.044 0.111 0.114 0.108 
2007 1  0.97 1.03 0.050 0.119 0.119 0.114 

Total average 1.002  0.969 1.034 0.047 0.108 0.114 0.110 

Note: This table presents the average statistics of the main indicators in China’s manufacturing 
industries. Mi, EC and TC are Malmquist productivity index and its decomposes, efficiency 
change and technical change; H is the human capital variable, defined as ratio of the personnel 
engaged in S&T activities to the employment; RO, RU, and RD are the average growth rate of 
own R&D stock, up-stream R&D stock, and down-stream R&D stock, respectively. 

 
The average ratio of the personnel engaged in S&T activities to the 
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employment, or the human capital variable in this paper, is 0.047, but differs 
largely across sectors. The human capital of Transport Equipment industry is 
highest in our sample which is over 8 times more than the Apparel, Leather, 
Feather products industry, in which the personnel engaged in S&T activities only 
accounts for 1.1% of total employment. The time trend shows the human capital 
fluctuates over time but increased in recent years. 

Lastly, the columns (5), (6) and (7) of Table 1 are the average growth rate of 
own, upstream and downstream R&D stock, respectively. The average growth 
rate of own R&D stock is 10.8 percent per year, while the average growth rate of 
upstream and downstream are 11.4% and 11%, respectively. These figures 
suggest that the indirect R&D growth rate is slightly larger than own R&D.  

The upper part of columns (5), (6) and (7) shows there is a wide discrepancy in 
the growth rate of own R&D growth rate, ranging from less than 1 percent in 
extraction of petroleum and natural gas, and processing of petroleum, coking, 
processing of nucleus fuel, to more than 20 percent per year in mining and 
washing of coal, and manufacture of communication, computer, other electronic 
equipment. The discrepancy in growth rate of upstream and downstream R&D 
are smaller than the own R&D growth, the former range from 2.7% in extraction 
of petroleum and natural gas to 16.2 percent in mining of metal ores industry; 
while the latter range from 5.3% in apparel, leather, feather products, to 15.4% in 
metal products.  

The trends over time in growth rate of own, upstream and downstream R&D is 
relatively stable over time. In general, the three types of R&D stock share the 
similar trend, which growth rate increased continually from 2000 to 2004, and 
rose again after a downward trend from 2004 to 2006. 

4  Estimation Results 

In this paper, we take Malmqusit index growth and its components, technology 
efficiency change and technical change as TFP variables. All the three variables 
are treated as dependent variables in our regression model, respectively. 

Before examining the channels through which R&D may affect TFP growth, 
some econometric issues are addressed. Firstly, we consider two-way fixed 
effects and random effects. It is well known that fixed effects model allows the 
constant to vary across industry or year, while random effects model allows the 
error term to vary in two directions. The selection of the model used on 
cross-section and period is based on the redundant fixed effects likelihood test 
and Hausman test.8 Secondly, Studies show that using non-stationary variables 
                                                        
8 For more detail discussion on panel data, please refer to Wooldridge (2002) and Baltagi 
(2008). 
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for estimation would come to dummy regression, resulting in ineffectiveness of 
the test. Therefore, a test for stationary of variables is necessary for a credible 
regression. Recent literature suggests that panel-based unit root tests have higher 
power than unit root tests based on individual time series. In our analysis, two 
different panel unit root tests: Levin, Lin, Chu test (Levin et al., 2002) and Fisher 
—PP test (Maddala et al., 1999) are used to test the stationary of the regression 
residue, the former assumes there is a common unit root process, while the latter 
allows for individual unit root processes. If both of the tests reject the null 
hypothesis significantly, we consider the regression reside is stable and the 
regression is appropriate; otherwise the results is doubtable because of potential 
dummy regression. 
 
4.1  Determinants of TFP Growth 
 
Table 2 presents the estimation when the TFP growth or Malmquist index is 
dependent variable. We start with a benchmark model in which R&D stock and 
human capital are included as well as the two types of R&D spillovers, also the 
upstream R&D stock and downstream R&D stock, but no interaction terms  

Table 2  Impact of R&D on TFP Growth (Dependent Variable: ln Mi)  

Variables Model 1 Model 2 Mode 3 Mode 4 
C 0.46(0.59) –0.58(0.78) –0.42(1.70) 0.57(2.31) 
Ln(LRD) 0.02(0.01) ** 0.12(0.05) ** 0.02(0.01) ** 0.02(0.01) ** 
Ln(RD) –0.07(0.02) *** –0.07(0.02) *** –0.005(0.12) –0.07(0.02) *** 
Ln(RU) 0.02(0.03) 0.004(0.03) 0.02(0.03) 0.02(0.14) 
Ln(H) 0.03(0.03) –0.37(0.20) * –0.23(0.47) 0.07(0.72) 
Ln(H)*Ln(LRD)  0.03(0.01) **   
Ln(H)*Ln(RD)   0.02(0.03)  
Ln(H)*Ln(RU)    –0.003(0.05) 
Obs 168 168 168 168 
R2 0.28 0.30 0.28 0.28 
DW 1.96 1.95 1.95 1.97 
F-statistic 5.52# 5.52# 5.03# 4.95# 
Huasman 3.61 3.46 4.26 6.17 
LR 4.9# 4.88# 4.88# 4.90# 
Model selection RE, FE RE, FE RE, FE RE, FE 
LLC –6.61# –6.53# –6.48# –6.61# 
PP-Fisher 68.71# 76.04# 69.68# 68.55# 

Note: (1) Sample period is 2000–2007, 21 sectors (balanced panel); (2) Standard errors in 
parentheses; ***, ** and * denote statistical significance at 1%, 5% and 10% level, 
respectively; (3) # denotes statistical significance at 1% level. 
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are added. First of all, the test results show that the Huasman test statistics are 
insignificant mean the null hypothesis that there is no misspecification (or the 
random effects exist) at period section is accepted, while all LR test are 
significant at 1% level, showing all these models strongly reject the null that the 
fixed effects are redundant at cross-section. Therefore, cross-section random 
effects and period fixed effects are appropriate for all the four models. 
Meanwhile, both LLC and Fisher-PP strongly reject the null hypothesis indicate 
that the regression resides are stable whether in the case of common unit root 
process or individual unit root process. 

According to the results reported in Table 2, all the coefficients on the sector’s 
own R&D stock are positive and statistically significant, indicating Chinese 
manufacturing enterprises’ TFPs are mainly driven by their own R&D 
investments. The TFP elasticity ranges from 0.02 to 0.12, which is consistent 
with many existing literatures even the proxy of R&D and measurement of TFP 
are different from this paper. Park (2005) examines the TFP elasticity of domestic 
manufacturing R&D on 14 OECD economies and three East Asia     
economies—Korea, Singapore, and Taiwan of China, finding the elasticity is 
about 0.047 to 0.057. Marios’s (2003) study on the US manufacturing industry 
data shows the contribution of R&D productivity growth ranges from 0.08 to 
0.22. More recently, O’Mahony and Mvecchi’s (2009) study on five developed 
countries (US, UK, Japan, France and Germany) finds the contribution to TFP 
growth rate is about 0.036, while Yasuyuki et al. (2008) regard the elasticity is 
about 0.28 using OLS estimator, and about 0.9 using estimator based on Japanese 
multinational enterprises. 

Considering inter-industry R&D spillovers, the results show the downstream 
R&D bears a negative sign and statistically significant in three regressions, while 
R&D from upstream industries is positive but no statistical significance. One 
potential explain for this negative downstream R&D spillover is firms are in 
favor of developing or purchasing top technology to get the technical advantage 
while ignoring to enhance the existing technology, which is indicated in high 
technology progress but low efficiency change as Table 1 showed. If the 
suppliers firms cannot catch the technical progress, the customers firms may 
search for other sources to get inputs. So, more R&D invested indicates higher 
productivity for the customers firms and larger technical gap between customers 
and suppliers, and the negative spillovers exist with the gap get larger and larger. 
This also can explain the insignificant effects of upstream R&D spillovers.  

The human capital variable is insignificant positive, furthermore, when we 
control for the interaction between R&D and downward R&D spillovers, human 
capital even impacts negatively on TFP growth. The result that human capital  
cannot explain TFP confirms findings by Islam (1995), Hamilton et al. (1998), 
but inconsistent with Ballot et al. (2001), Barrio-Castro et al. (2002), and 



552 Liqun Zhou, Liangke Xia  

Bronzini and Piselli (2009), all these studies find out human capital has strong 
positive impact on productivity. De La Fuente et al. (2001) think the 
contradictory results can be partly explained by the poor quality of the data. 

Furthermore, to test for possible complementarities of human capital and R&D 
variables in terms of increase TFP, we incorporate the interaction term between 
human capital and every R&D variable into the estimation. In a related study on 
the sources of productivity growth at the aggregate level, Wolf (2000) tests the 
interaction effects between human capital, measured by schooling and R&D 
investment in OECD countries, but no significant effects are found. However, in 
our analysis, we find robust evidence for the complementarity of human capital 
and own R&D; both other two interaction terms are insignificant. This evidence 
suggests that human capital serves to enhance its own industry’s R&D return, but 
does not help to promote the R&D spillover either from customers industries or 
suppliers industries.  

 
4.2  Determinants of Efficiency Change 
 
Next, we consider the effects R&D investment impacts on efficiency change. 
According to Table 3, both Huasman test and LR test are statistically significant 
in columns 1, 3 and 4, which suggest both cross-section and period fixed effects. 
Similarly, for model 2, the cross-section random and period fixed effects are 
appropriate. Meanwhile, the two different panel unit root tests, LLC and 
PP-Fisher are strong significant indicate that there is no dummy regression 
existing and the estimations are creditable. 

The results in Table 3 show that the coefficients of upstream R&D stock are 
statistically significant positive in columns 1 and 4, the other two coefficients 
also are positive but insignificant, while upstream R&D spillovers are 
insignificant. This result indicates the R&D investment of supplier industry has 
positive effects on improving the technical efficiency of customer industry by 
means of providing high quality or cheaper intermediate inputs. On the other 
hand, spillovers from customer industries are not helpful for efficiency 
improvement. The coefficients of own R&D stock turn to statistically significant 
negative in models 1, 3 and 4; meanwhile, the coefficients of human capital are 
also statistically significant negative in models 2 and 3. These results suggest that 
the more R&D invested in the own industry, the lower the technical efficiency 
become. The technical efficiency at t+1, capturing changes in relative efficiency 
from time t to t+1, that is, whether production is getting closer (positive) or 
farther (negative) from the frontier. This component is often used to capture 
diffusion of technology. The results in Table 3 show that the deterioration of 
China’s large and medium-sized industrial enterprises’ technical efficiency 
mainly induced by over investment on R&D investment and human capital, 



How R&D Investments Influence TFP Growth  553 

 

ignoring to enhance the absorptive ability on current technology. 

Table 3  Impact of R&D on Efficiency Change (Dependent variable: ln(EC)) 
Variables Mode 1 Mode 2 Mode 3 Mode 4 

C –6.00(2.16) *** –1.09(0.66) * –8.71(2.61) *** –5.00(3.24) 
Ln(LRD) –0.23(0.08) *** 0.09(0.04) ** –0.20(0.08) ** –0.25(0.1) *** 
Ln(RD) 0.12(0.14) –0.04(0.02) ** 0.49(0.25) ** 0.13(0.14) 
Ln(RU) 0.47(0.17) *** 0.02(0.03) 0.24(0.21) 0.42(0.21) * * 
Ln(H) –0.05(0.06) –0.33(0.17) ** –1.74(0.94) * 0.51(1.34) 
Ln(H)*Ln(LRD)  0.02(0.01) **   
Ln(H)*Ln(RD)   0.11(0.06) *  
Ln(H)*Ln(RU)    –0.03(0.08) 
Obs 168 168 168 168 
R2 0.41 0.31 0.42 0.41 
DW 2.05 1.72 2.05 2.03 
F-statistic 3.05# 5.59# 3.10# 2.94# 
Huasman 14.74# 5.95 17.75# 12.25# 
LR 6.91# 6.71# 7.92# 6.85# 
Model selection FE, FE RE, FE FE, FE FE, FE 
LLC –10.37# –4.05# –3.49# –7.63# 
PP-Fisher 157.29# 122.38# 139.3# 157.05# 

Note: (1) Sample period is 2000−2007, 21 sectors (balanced panel); (2) Standard errors in 
parentheses; ***, ** and * denote statistical significance at 1%, 5% and 10% level, 
respectively; (3) # denotes statistical significance at 1% level. 

 
In addition, we find robust evidence for the complementarity of human capital 

and own R&D and downstream R&D spillover, but no significant effect on 
upstream R&D. The results indicate human capital serve as an assimilation 
device in own R&D investment and the spillovers from customer industries 
which is significantly positive to the technical efficiency, even the over 
investment in human capital imposes a negative effect on it. 

 
4.3  Determinants of Technical Change 
 
In Table 4, we present estimation where the technical change is employed as 
dependent variable. The Huasman test and LR statistic indicate that in model 4, 
the cross-section random and period fixed effects are appropriate, while in other 
three models, both cross and period section are fixed effects. Similarly, that both 
LLC and PP-Fisher test strongly reject the panel unit root suggests that the 
estimation is credible without dummy regression. 

The results in Table 4 show the channels that R&D influence technical change 
differs from technical efficiency. All the coefficient of own R&D in the four 
models are positive and statistically significant, while the R&D spillover, both 
downstream and upstream, are robust negative in several models. The TC 
elasticity with respect to own R&D ranges from 0.01 to 0.18, which is larger than 
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TFP elasticity in Table 2, indicating the R&D invested in the own industry 
substantially accelerate the technical progress, while the indirect R&D going 
against it. The results in columns (1), (2) and (4) show that the elasticity of TC 
with respect to weighted upstream R&D stock is larger than that with respect to 
the downstream R&D, implying the R&D spillover from suppliers is more 
harmful to technical progress than R&D spillover from customers industries. 
Meanwhile, the human capital also serves as an important determinant of 
technical progress, and even more important than own R&D investment. As 
Table 4 presented, the TC elasticity with respect to human capital ranges from 
0.06 to 1.53, except the case of model 2 in which the coefficient has no 
significance.  

Table 4  Impact of R&D on Technical Change (Dependent Variable: ln (TC))  
Variables Mode 1 Mode 2 Mode 3 Mode 4 

C 3.82(1.24) ** 3.67(1.32) *** 5.69(1.50) *** 5.59(1.46)*** 
Ln(LRD) 0.16(0.05) *** 0.18(0.08) ** 0.14(0.05) *** 0.01(0.006) * 
Ln(RD) –0.12(0.08) –0.12(0.08) –0.38(0.14) *** –0.05(0.01) *** 
Ln(RU) –0.25(0.1) *** –0.26(0.10) ** –0.09(0.12) –0.31(0.09) *** 
Ln(H) 0.06(0.04) * –0.03(0.27) 1.23(0.54) ** 1.53(0.45) *** 
Ln(H)*Ln(LRD)  0.006(0.02)   
Ln(H)*Ln(RD)   –0.07(0.03) **  
Ln(H)*Ln(RU)    –0.09(0.03) *** 
Obs 168 168 168 168 
R2 0.48 0.48 0.50 0.34 
DW 1.84 1.80 1.78 1.75 
F-statistic 4.01# 3.86# 4.14# 6.53# 
Huasman 14.02# 14.05# 13.47# 6.89 
LR 6.70# 6.57# 7.14# 6.71# 
Model selection FE, FE FE, FE FE, FE RE, FE 
LLC –6.42# –8.5# –4.44# –8.72# 
PP-Fisher 255.44# 261.64# 253.36# 263.64# 

Note: (1) Sample period is 2000-07, 21 sectors (balanced panel); (2) Standard errors in parentheses; 
***, ** and * denote statistical significance at 1%, 5% and 10% level, respectively; (3) # 
denotes statistical significance at 1% level. 

 
Although there is a robust direct role of human capital, we fail to find the 

evidence that human capital may facilitate the own R&D efficiency or R&D 
spillovers. On the contrary, as showed in columns (3) and (4) in Table 4, the 
coefficient of the interaction term of human capital and weighted upstream and 
downstream R&D are negative, statistically significant, which means higher 
human capital leads to lower R&D spillover both from downstream and upstream 
industries.  

5  Conclusion 

This paper investigated the impact of direct R&D investment as well as indirect 
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R&D on industries’ TFP growth using the sector-level panel data for China’s 
large- and medium-sized enterprises over the period 2000–2007. Basically, we 
extend our understanding of the effects of R&D investment on TFP growth in 
several ways.  

First, TFP growth is decomposed into technical efficiency change (catching up 
effects, EC) and technical change (frontier shifts, TC) components. We find the 
slightly positive TFP growth in China’s large- and medium-sized industrial 
enterprises since 2000, the average TFP growth rate is 0.4 percent per year. The 
TFP growth mainly comes from the contribution of technical progress, while 
technical efficiency even deteriorated since 2000. This result is consistent with 
many related studies, most of which confirm the TFP growth is only contributed 
by technical change while the efficiency even deteriorated, whether on 
sector-level data or region-level data in China. This decomposition is also helpful 
in extending our understanding of the relationship between R&D and TFP 
growth. Our results confirm that R&D investment serves as an engine of TFP 
growth in China’s large- and medium-sized enterprises, as endogenous growth 
theories argue. However, at least in China’s case, the positive effects of R&D 
investment rose because it substantially promoted the technical progress; 
however, R&D investment also resulted in technical efficiency deterioration.  

Second, distinguishing between upstream R&D spillovers (weighted R&D 
stock of suppliers) and downstream R&D spillovers (weighted R&D stock of 
customers), we find downward R&D spillovers do harm to TFP growth, while 
the effects of upward R&D spillovers are positive but no statistical significant. 
Furthermore, upstream R&D spillovers are positively related to technical 
efficiency improving but negatively related to technical progress; the effects of 
downstream R&D spillovers on efficiency are ambiguous while the effects on 
technical progress are negative. Above all, we do not find both of the two types 
of R&D spillovers impact robust effects on the TFP growth. 

Third, the human capital does not serve as an engine of TFP growth as 
endogenous growth theories indicate. The human capital indeed serves as an 
engine of technical progress, but also results in technical efficiency deteriorating. 
Furthermore, we find some evidence that human capital acts as “assimilation 
device” for R&D spillovers both in promoting TFP growth and increasing 
technical efficiency, meanwhile, negative evidence are also found with respect to 
technical progress.  

Based on these results, we conclude that the continually expenditure on R&D 
investment indeed promotes TFP growth in China’s large- and medium-sized 
industrial enterprises but this positive effect is weaken by enlarging technical 
inefficiency. The reason can be explained that the firms with strong innovation 
ability, more R&D expenditures and human capital accumulation, tend to buy or 
develop new and advanced technology while paying less effort to increase 
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efficiency of the current technology. The more advanced the technology is, the 
larger the efficiency gap exists. In light of this point, China has great potential to 
promote TFP growth by means of spending more R&D resources on improving 
the technical efficiency. 
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