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ABSTRACT
Innovation capability of manufacturing industry is one of the most 
important factors that determine a country’s competitiveness. This 
paper expounds the theoretical and empirical relationship among 
innovation capability (IC), capital enrichment (CE) and total factor 
productivity (TFP) by using the yearly panel data of 28 Chinese 
manufacturing segments from 2011 to 2018. The intermediary 
effect model and threshold model are used for empirical analysis, 
findings suggest that 1) IC not only directly promotes TFP but also 
indirectly through CE, indicating that CE has an intermediary effect 
on the relationship between IC and TFP. 2) The positive effect of CE 
on TFP is influenced by the “double threshold effect” of IC. 
Compared with industries having low IC, this positive effect in 
high IC industries is first enhanced then weakened and later re- 
enhanced. 3) There is a significant difference in IC and CE among 
different manufacturing segments.
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1. Introduction

IC is of great significance for manufacturing industry to raise its competitiveness to serve 
not only the Chinese economy but also contribute to the world's economy as the largest 
exporter in the world. IC is a strategic tool to move towards the high-end of the global 
value chain and an essential way to improve TFP. It is a powerful driving force for 
economic transformation and upgrading. Since the 1978 economic reforms, China’s 
GDP grew from RMB 367.8 billion to RMB 99 trillion in 2018, with an average growth 
rate of 9.5%, making it the largest emerging market economy in the world. 
Manufacturing value-added has steadily ranked first since 2010 and the TFP has 
improved significantly which received extensive attention from the other countries. 
Innovation drives less productive industries out of the market as survival is for the fittest 
only in contemporary fierce competition, and produces high-tech and more productive 
companies as a result (Bloom & Van Reenen, 2007). It promotes industrial development 
and drives innovation-led demand and economic growth (Aghion 2014; Aghion & 
Howitt, 2009; Antonelli, 2003). Brandt, Van Biesebroeck, and Zhang (2012) find that 
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60% of the TFP growth in China’s manufacturing segments is contributed by new 
entrants with innovative ways of doing business, fully demonstrating the positive effect 
of innovation on economic growth.

Seen from the action path, innovation is the recombination of production factors 
(Schumpeter 1912), which can improve the learning process of an organization (Torres, 
Gutierrez, & Dominguez, 2010). Chang and Oxley (2014) and Feder (2018) suggest that 
innovation changes the original production factor combination, leading to reduce the 
unit factor cost by optimizing configuration reflected in profit increments. Innovation 
development causes capital inflow and spatial allocation, which accelerates the realloca-
tion of the labor force and capital elements (Hausmann & Rodrik, 2003; Hsieh and 
Klenow 2009). The promotional effect of the increase in capital on TFP has been 
confirmed in endogenous growth theory (Howitt, 1998). Empirical studies also verify 
the positive correlation between these two variables from different perspectives (Salinas- 
Jimenez et al. 2006; Kose, Prasad, & Terrones, 2009; Chemmanur, Loutskina, & Tian, 
2014; Raymond 2015; Feder, 2018). Naomi (2016) further finds that innovative capital 
plays an important role in the growth of TFP.

However, influenced by financing constraints, factor endowments, market system, and 
other factors (Bernstein, 2015; Brown James & Petersen, 2011; Cornaggia, Mao, Tian, & 
Wolfe, 2015; Qian Xuesong et al. 2018; Su Hang et al. 2017), China’s manufacturing 
industry is in the period of surplus capital consumption. The problem of insufficient 
investment in innovative capital has not been solved effectively. According to the data 
provided by the World Bank, WTO Database, and Chinese National Bureau of Statistics, 
the R&D investment intensity in 2017 was only 1.98%, far below that in South Korea 
(3.67%), Germany (3.36%), Japan (3.05%), United States (2.58%), and other nations with 
powerful manufacturing industries. The positive effect of capital on TFP is seriously 
hindered and resulting in TFP in China at a low level (Hsieh & Klenow Peter, 2009; 
Young, 2003).

Given the background of continuous escalation of China-U.S. trade friction, will 
capital be enriched in the Chinese manufacturing industry? If yes, how do IC and CE 
impact manufacturing TFP? Is the promotional impact of CE on TFP affected by IC? If 
yes, what is its specific form or influencing mechanism? These are some of the research 
questions which we attempt to answer in this study. Based on the panel data from 2011 to 
2018, this paper firstly analyzes the interaction mechanism between IC, CE and TFP then 
use the panel threshold model to explore whether the relationship between CE and TFP is 
affected by the threshold effect of IC. This paper contributes to the existing body of 
knowledge in some ways as follows:

First, contemporary research lacks theoretical background and empirical support on 
the phenomenon of CE. Based on the panel data of 28 Chinese manufacturing segments, 
this paper provides evidence for the existence of CE. It further analyzes the transmission 
mechanism among IC, CE, and TFP, and explores the intermediary effect of CE on the 
relationship between IC and TFP.

Second, the previous studies have ignored the non-linear relationship between CE and 
TFP (differential effect of CE on TFP under different levels of IC). This non-linear 
relationship has an important theoretical and practical significance for maximizing the 
role of CE. This paper uses the panel threshold regression model to estimate the double 
threshold effect of IC on TFP, which obtains more detailed research conclusions.
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Third, further analysis reveals that the average IC and CE levels vary greatly among 
different manufacturing industries. Based on empirical findings, we put forward corre-
sponding suggestions from IC and CE perspective, for theoretical reference and policy- 
making.

2. Literature and hypotheses development

Existing research on the relationship between innovation and economic development is 
mainly divided into two factions, the first is the Neoclassical Economic Growth Theory 
proposed by Solow, and the second is the Theory of Economic Development put forward 
by Schumpeter. Neoclassical Economic Growth Theory assumes that technological pro-
gress is an exogenous variable and independent of factor input, so technological progress 
is the fundamental driving force of economic growth (Solow, 1956). While the Theory of 
Economic Development reveals the influence of innovation on economic development 
for the first time by using innovation theory. Subsequently, the new Schumpeter Growth 
Theory presented by Romer (1986) and Lucas (1988) further demonstrates the promo-
tional effect of innovation on sustained economic growth. They propose that innovation 
is the result of investment in new technology and knowledge that has a fundamental 
impact on economic development as a result (Romer, 1986).

The continuous emergence of innovation provides the possibility for technologically 
backward countries or regions to catch up in technology and economic development 
with advanced countries (Heshmati and Kumbhakar 2010; Madsen, Ang, & Banerjee, 
2010). Gancia and Zilibotti (2005) report the key role of technological progress in 
a country’s long-term stable economic growth based on endogenous economic growth 
theory. Griffith, Huergo, Mairesse, and Peters (2006), Comin and Hobijn (2010), and 
Chang and Oxley (2014) point out that innovation promotes productivity growth 
through the optimized combination of production factors. The factor inflow caused by 
innovation improves industry productivity (Collardwexler & Loecker, 2013; Crespi & 
Zuniga, 2012). Meanwhile, some studies find that innovation can narrow the technolo-
gical gap with technology leaders and promote the TFP growth (Li, Loyalka, Rozelle, & 
Wu, 2017; Miyagiwa, Huasheng, & Vandenbussche, 2010; Stollinger, 2013; Tientao 
2016). Kale and Rath (2018) indicate that there is a long-term co-integration relationship 
between innovation and TFP growth and an increase in overall innovation activities 
promotes the growth in TFP. The IC determines an innovation-driven effect on TFP 
(Roper, Du, & Love, 2008). 

H1: IC of Chinese manufacturing industry plays a positive effect on TFP.

The manufacturing industry is a leading force of national innovation, and the impact 
of its IC on TFP cannot be ignored (Kale & Rath, 2018). However, the IC itself is not 
exogenous (Rui 2019). With the improvement in IC, the technology spillover effect and 
value-added become higher and higher. The capital allocation efficiency in fields of high 
value-added, high-tech, and high-branding determined by core technology also becomes 
improved. Given the profit-seeking nature of capital, it makes the highly innovative 
industries attract more capital which further promotes technological progress and 
innovation behavior through capital deepening (Laursen, Masciarelli, & Prencipe, 
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2012). This conforms to the judgment standard of capital allocation efficiency proposed 
by Jeffrey Wurgler (2001) i.e., capital always goes to industries with a higher return on 
investment (ROI) which contributes to TFP growth also.

As new capital flows towards innovative industries only, the increase in capital 
(accumulation) represents the increase in technological innovation in certain cases as 
supported by Blackburn and Cipriani (2005). It means that CE affects TFP indirectly 
through innovation. Some empirical studies demonstrate the positive effect of capital on 
TFP from the perspective of R&D (e.g., Bagherzadeh, 2012; Medda et al. 2014; 
Vithessonthi et al. 2016). Tientao et al. (2016) point out that each 10% increase in 
R&D capital can improve TFP by 0.77%, while others believe that actual improvement 
may be less than that (e.g., Borgo, Goodridge, Haskel, & Pesole, 2013; Goodridge, Haskel, 
& Wallis, 2018).

According to the Insufficient Effective Demand Theory proposed by Keynes, there is 
the law of diminishing marginal utility of capital (Keynes, 1936). Under the premise that 
technical equipment and other conditions remain unchanged, the expected profit rate 
generated by capital investment will continue to decline with the expansion of capital in 
the industry. So the unilateral increase in capital scale may have a limited effect on TFP. 
On the premise that spontaneous innovation cannot be followed up, it is difficult to 
achieve effective economic growth by relying solely on increasing capital investment. 
From the perspective of economics, assuming that there are two economic industries A 
and B, the production function model is as follows. 

Yi ¼ Ki
αi Li

1� αiði ¼ A;BÞ (1) 

Where Y , K and L represents the output, the amount of capital and labor, respectively. α 
is capital intensity.

Assuming that the two industries have the same wage w, and the interest rate r, then 
the per capita capital ki is Ki=Li ¼ ½αi=ð1 � αiÞ�w=r. The output value of the above two 
economic sectors is PAYA and PBYB, respectively. 

PAYA ¼ PAkαA
A ðkBL � KÞ=ðkB � kAÞ (2) 

PBYB ¼ PBkαB
B ðK� kALÞ=ðkB � kAÞ (3) 

Where P is the price. The marginal capital-output of the whole society is as follows. 

@ðPYÞ
@K ¼

@ðPAYAþPBYBÞ

@K

¼
PB αB=ð1� αBÞ�ðw=rÞ½ �

αB � PA αA=ð1� αAÞ�ðw=rÞ½ �
αAf g

kB� kA

(4) 

Assuming that the per capita capital stock is Kt at the t period, and the per capita output is 
Yt� 1 at the t � 1 period. The exogenous technological progress or innovation occurs in t, 
then the capital intensity α of the entire society increases. According to the equation yt ¼

kα
t and gyt ¼ ðk

α
t � yt� 1Þ=yt� 1, the per capita output yt will increase, as will the growth 

rate of TFP. Then the following equation s obtained. 

@gyt

@α
¼

αkα� 1
t

yt� 1
> 0 (5) 
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It means that in industries with high IC, the marginal capital-output increases, which will 
affect the promotion effect of CE on TFP. The faster CE grows α1 > α2, the faster the per 
capita output increases ytαA

¼ kαA
t > ytαB

¼ kαB
t , and the faster the growth rate of TFP 

gyαA
¼ ðytαA � yt� 1Þ=yt� 1 > gyαB

¼ ðytαB � yt� 1Þ=yt� 1. Therefore, the impact of IC on TFP 
is likely to play a role through CE, especially the marginal capital-output. Based on these 
arguments, the following hypothesis is proposed. 

H2: CE plays an intermediary role in the relationship between IC and TFP.

There are significant differences in size, technology usage, technological change, 
industrial policy, factor market, and other factors among various industries (Aghion, 
Dewatripont, Du, Harrison Ann, & Legros, 2015; Banerjee et al. 2005; Restuccia et al. 
2008). The IC level is also different among different industries, and CE may have varying 
levels of effects on TFP.

From the above discussion, it can be found that the impact of CE on TFP is 
constrained by IC. Once the innovation activities are interrupted, the organization will 
suffer heavy losses due to excessive adjustment costs (Booth, Ntantamis, & Zhou, 2015; 
Seybert, 2010), which will go against the TFP growth. Therefore, it is necessary to 
strengthen the matching increase between innovation and capital by increasing innova-
tion investment and capital allocation efficiency to promote the transfer of production 
factors to high-profit industries (Kong, Mi, & Gao, 2015). In this way, the overall 
productivity tends to rise and total income expands (Kirchner, 2016; Sulistyo & 
Siyamtinah, 2016; Yu, Zhang, & Sun, 2019).

For manufacturing industries with low levels of IC, the CE space is compressed which 
is likely to cause repeated divestment or capital outflow. The decrease in capital allocation 
efficiency may result in the low development trap of TFP (Brandt et al., 2012). More 
seriously, it may result in the hollow development of the whole industry and create an 
imbalance in the economic structure. Considering the effect of CE on TFP (Brandt et al., 
2012; Hsieh & Klenow Peter, 2009; Vollrath, 2009), the decrease in capital allocation 
efficiency will have a negative effect on TFP.

On the other hand, for industries with higher levels of IC, capital investment behavior 
is more active which is conducive to absorbing more capital into the industry, promoting 
the inflow of capital and its spatial allocation. It has a significant positive effect on 
utilization efficiency and reallocation of labor, technology, and other elements. Under 
the premise of high IC, CE greatly reduces factor distortion, which is crucial to TFP 
growth (Bartelsman 2013; Boedo & Mukoyama, 2012; Zhu, 2012). The benign interaction 
between IC and CE can improve the allocation efficiency of capital and return on invested 
capital. This means that compared with industries having low IC, industries with high IC 
can obtain more capital investment, higher capital allocation efficiency, and return rate. 
Coupled with the national policy guidance and support for such industries, this is 
a decisive factor of TFP (Ruttan & Hayami, 1984), which further stimulates the produc-
tion, dissemination, diffusion, and application of scientific and technological knowledge 
(Fagerberg & Srholec, 2008; Niosi & Richard, 2008). Therefore, higher IC is conducive to 
giving full play to advantageous effects of CE and achieving a high level of TFP. Based on 
these arguments, this paper proposes the following research hypothesis 
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H3: The positive effect of CE on TFP is influenced by the threshold effect of IC.

3. Research design

3.1. Basic model construction

According to the definition proposed by Baron and Kenny (1986) and MacKinnon and 
Fairchild (2009), the basic premise of intermediary effect is that the explanatory variable 
is significantly correlated with the explained variable. Meanwhile, hypothesis 1 suggests 
that IC has a positive effect on TFP. So the relationship between IC and TFP is firstly 
discussed. Based on the theoretical analysis above, the following basic model is 
constructed. 

TFPit ¼ α0 þ α1 ln innovit þ Controlsþ εit (6) 

Where TFP is the total factor productivity, α0 is the constant term, α1 is the slope term, 
ln innovit is the innovation capability of ith manufacturing industry at the time t, Controls 
is the control variables, and εit represents the stochastic disturbance term.

Referring to Imbriani, Pittiglio, and Reganati (2010), Ozturk (2015), Brandt and Thun 
(2016), the control variables include 1) R&D density, measured by the ratio of R&D 
expenditure to total industry output; 2) fixed asset value ratio, measured by the ratio of 
total industry output to average annual fixed assets; 3) human capital, measured by the 
ratio of number of R&D staff to the average number of employees; 4) degree of openness, 
measured by the ratio of total exports to total industry output. 

H1 and H2 imply that the IC of manufacturing industry can significantly increase TFP 
and plays this role through CE. To investigate this mechanism, the CE is first included in 
the regression equation, as shown in equation 7. Then, IC is introduced to construct 
a new regression equation, as shown in equation 8. To examine its channel effect, the 
interaction term of IC and CE (lninnov*lncapital) is introduced to check whether IC 
affects TFP through CE, as shown in equation 9. The centralization method is used to 
avoid multicollinearity issues possibly caused by introducing the interaction term (Dalal 
& Zickar, 2012).

TFPit ¼ β0 þ β1 ln capitalit þ Controlsþ εit (7) 

TFPit ¼ γ0 þ γ1 ln innovit þ γ2 ln capitalit þ Controlsþ εit (8) 

TFPit ¼ μ0 þ μ1 ln innovit þ μ2 ln capitalit þ μ3 ln innovit � ln capitalit þ Controlsþ εit

(9) 
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3.2. Intermediary effect model

According to the theoretical analysis above, it can be found that CE may play an 
intermediary effect on the relationship between IC and TFP. Then, CE can be seen as 
an intermediary variable and the following model is constructed by adapting from the 
intermediary effect test method proposed by Baron and Kenny (1986), Sobel (1987), and 
Wen, Zhang, Hou, and Liu (2004). 

ln capitalit ¼ λ0 þ λ1 ln innovit þ Controlsþ εit (10) 

Where α1 in model (6) is the total effect of IC on TFP, γ1 in model (8) is the direct effect 
of IC on TFP, λ1γ2 is the intermediary effect and its relative value is the ratio of the 
intermediary effect to the total effect. To test the significance of the intermediary effect, 
“Sobel statistics” is used for calculation. The critical probability of Sobel statistics can be 
judged by the critical value table proposed by MacKinnon, Lockwood, Hoffman Jeanne, 
West Stephen, and Sheets (2002). 

Sobel ¼ λ̂1γ̂2=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

λ̂1
2
S2

γ2
þ γ̂2

2S2
λ1

r

(11) 

Where Sobel is the standard error of λ̂1γ̂2, λ̂1 is the estimator of λ1, γ̂2 is the estimator of 
γ2, Sλ1 and Sγ2 

represents the standard error of λ1 and γ1, respectively.

3.3. Panel threshold model

According to hypothesis 3 and the analysis above, the influence of CE on TFP is likely to 
be affected by the threshold effect of IC. It refers to the phenomenon that when one 
economic parameter reaches a certain value, another economic parameter suddenly shifts 
to other forms of development, i.e., structural mutation. Referring to Hansen (1999) and 
Wang (2015), this paper takes IC as a threshold variable and estimates the panel thresh-
old model, which overcomes the bias of subjectively setting the structural mutation point. 
It can capture the structural mutation that may occur and evaluate the nonlinear 
relationship between CE and TFP accurately. The single threshold model is as follows. 

TFPit ¼ β0 þ β1 ln innovit þ β2 ln capitalit�Iðln innovit � η1Þ

þβ3 ln capitalit�Iðlninnovit � η1Þ þ Controlsþ εit
(12) 

Since there may be multiple threshold values for IC, the above model is extended to build 
the following multi-threshold panel model as shown in equation 13. 

TFPit ¼ β0 þ β1 ln innovit þ β2 ln capitalit�Iðln innovit � η1Þ

þβ3 ln capitalit�Iðη1 � ln innovit � η2Þ þ . . . . . .

þβnþ1 ln capitalit�Iðηn� 1 � ln innovit � ηnÞ

þβnþ2 ln capitalit�Iðln innovit � ηnÞ þ Controlsþ εit

(13) 

Where η is the unknown threshold value, I (·) is the indicator index, its value is 1 if it 
satisfies the condition in parentheses, otherwise 0.
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3.4. Data and variables

3.4.1. Sample and data
Due to the unbalanced regional economy and the existence of industry monopoly 
protection, such as the tobacco industry, the petroleum processing, coking, and nuclear 
fuel processing industry, there is a significant difference in the CE levels and innovation 
capabilities of different manufacturing segments. Therefore, this paper adopts the indus-
try-level data for empirical analysis. Consistent with the 2012 industry classification 
standard of the China Securities Regulatory Commission (CSRC), the manufacturing is 
divided into 31 segments.

To ensure the consistency of the statistical caliber, the automobile manufacturing 
industry, and the railways, shipbuilding, aerospace, and other transportation equipment 
manufacturing industries are unified into the transportation equipment manufacturing 
industry. The rubber products industry and the plastic products industry are unified into 
the rubber and plastic products industry. Waste resource comprehensive utilization 
industry, metal products, and machinery and equipment repair industry are eliminated. 
Finally, 28 manufacturing industry segments are included. The sample period ranges 
from 2011 to 2018 and missing values are calculated (included) by linear interpolation.

All data are from the National Bureau of Statistics, the China Statistical Yearbook, the 
China Science and Technology Statistical Yearbook, and the China Industrial Economic 
Statistical Yearbook.

3.4.2. Innovation capability
The formation of IC is a result of the combination of multiple factors about which 
research literature is abundantly available (Croitoru, 2017; Jones, 2019; Martin, 1986). 
Adapted from Guan (2003), Connie (2014), Schoenherr and Swink (2015), and Tang, 
Xiang, and Li (2019), this study calculates IC with innovation resource input, innovation 
implementation capability, and innovation output by combining with characteristics of 
manufacturing industry, influencing factors and its management process. The integra-
tion of these complementary capabilities promotes the transformation of innovation into 
competitive advantages, and the evaluation index system is shown in Table 1.

First, innovation activities require a large and stable amount of capital and personnel 
resources (Brown James & Petersen, 2011; Zhang, Zhao, & Lyles, 2018). Traditional 
innovation research regards formal R&D as the main measure of innovation, ignoring 
diversified innovation activities that are based on non-R&D. The third European innova-
tion survey (CIS-3) found that about half of the corporate innovations during 1998–2000 
were based on non-R&D, and the Innobarometer survey for EU countries also reached 
similar conclusions (Arundel, Catalina, & Minna, 2008). This paper includes not only 
R&D but also other diversified non-R&D aspects of innovation to calculate IC.

The second part of IC measurement includes the capacity of innovation implementa-
tion capability. Referring to Nunes, Serrasqueiro, & Leitão (2012), the R&D capacity and 
production & marketing capacity is selected. Kamboj & Rahman 2017 emphasize the 
importance of marketing capacity to IC, which is used to identify market gaps to be filled 
with new offerings by technology introduction, digestion, and absorption, etc., and 
achieve innovative commercial value.
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The third part of IC measurement includes patent and non-patent indicators of 
innovation output. Some scholars believe that patents may represent strategic innovation 
behavior (Hall et al. 2012) which reflects the supportive government policies (Li & Zheng, 
2016). Another study calls patents as a compromised proxy (Roper & Hewitt-Dundas, 
2015). Given the imperfect market mechanism in China, industry development is 
susceptible to government intervention and national policies (De Vries, Bekkers, & 
Tummers, 2016). That is why we include measures of output innovation other than 
patents also to calculate IC, which reflects the ability of IC to transform into market- 
oriented products that bring profits to enterprises (Adams, Bessant, & Phelps, 2006).

Since the measurement units of different indexes are not the same, the entropy 
method is used to determine the normalized distribution function values.

First, assuming that there are m evaluation indicators, n number of manufacturing 
segments, and the original matrix is A ¼ ðaijÞm�n then R ¼ ðrijÞm�n is obtained after 
normalization. 

rij ¼
aij � minðaijÞ

maxðaijÞ � minðaijÞ
(14) 

Second, the entropy value of the ith index is determined according to the following 
equation. 

hi ¼ � k
Xn

j¼1
¼ fij ln fij (15) 

fij ¼ rij=
Xn

j¼1
rij (16) 

Table 1. Evaluation index system of IC of manufacturing industry.
First class index Second class index Third class index

Innovation Resource 
Input(IRI)

Human Resource Input Number of R&D Personnel 
R&D Personnel Full-Time Equivalent 
Average Number of Employees

Financial Resource Input R&D Expenditure 
Investment Intensity of R&D Expenditure 
Funding for New Product Development 
The ratio of Fixed Assets Equipment

Innovation Implementation 
capability

R&D Capacity Number of R&D Institutions 
Number of R&D Projects 
Number of New Products

Production & Marketing 
Capacity

Marketing Expense 
Expenditure of Technology Introduction 
Expenditure of Digestion and Absorption 
Expenditure of Purchasing Domestic Technology 
Expenditure on Technical Renovation

Innovation Output Patent Output Number of Patent Applications 
Number of Invention Patent Applications Proportion of 

Utility Model Patents 
Number of Patent Applications /R&D Personnel

Non-patent Output Main operating revenue 
Revenue of New Products 
Total Exports of New Products 
Total Profit
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Where fij ¼ rij=
Pj¼1

n
¼ 1rij and k ¼ 1= ln n. When fij is 0, fij ln fij is 0. Then, the entropy 

weight of the ith index is calculated according to the following equation. 

wi ¼
1 � hi

m �
Pm

i¼1
hi
ð0 � wi � 1;

Xm

i¼1
wi ¼ 1Þ (17) 

The entropy weights of innovation resource input, innovation implementation capabil-
ity, and innovation output are 0.191, 0.313, and 0.496, respectively. The IC is obtained by 
the following equation. 

IC ¼ 0:191Innovation Resource Inputþ 0:313Innovation Implementation
capability þ 0:496Innovation Output (18) 

3.4.3. Capital enrichment
The annual average capital distribution of 28 manufacturing segments in 2011–2018 is 
shown in Figure 1.

As evident from Figure 1, when the total capital of the industry is selected as 
a benchmark, the capital in the chemical raw materials and products manufacturing 
industry, the communication equipment, computer, and other electronic equipment 
manufacturing, the transportation equipment industries are far above the industry 
median. On the other hand, if the capital owned by a single enterprise is taken as 
a benchmark, the capital in the tobacco industry, petroleum processing, coking, nuclear 
fuel processing industry, and the ferrous metal smelting and rolling processing industry 
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Figure 1. Average capital distribution of 28 manufacturing segments in 2011–2018.
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is much higher than the industry median. Taken “the capital occupied by the industrial 
value-added of 100 million yuan” as a benchmark, the capital in the papermaking and 
paper products industry, the pharmaceutical manufacturing industry, and the rubber and 
plastic products industry is much higher than the median.

Further analysis reveals that the above-mentioned industries possess one or more of 
the following characteristics: high-profit margins, knowledge or technology-intensive, 
national policy support, and resource-based national monopoly industry. Take the 
tobacco industry as an example, it is a special industry with a state monopoly and its 
profit rate is higher. The profit-seeking nature of capital should result in continuous 
capital accumulation in this industry. However, from the perspective of the other two 
benchmarks, the total capital of the industry and the capital occupied by the industrial 
value-added of 100 million yuan are RMB 104,645.70 million and RMB 1.72 million, 
respectively. Both are below the industry median. It shows that the amount of capital and 
the number of enterprises vary greatly in different industries and the profit-seeking 
nature of capital may lead to an imbalance in the capital flows.

Therefore, the phenomenon of CE exists which is the result of capital inflows in an 
industry. Based on the Neoclassical Economic Theory and Factor Endowment Theory, 
capital flow is affected by factor input and marginal factor output. Assuming that a closed 
country economy consists of two industries A and B, and it is a developed and fully 
competitive capital market. The output level of A is YA, and the labor and capital 
endowments are LA and KA, respectively. The output level of B is YB, and the labor 
and capital endowments are LB and KB, respectively. Meanwhile, LA > LB. Given the 
profit-seeking nature of capital, it always flows to industries with higher ROI. When other 
conditions are the same, the main determinant of the marginal capital-output lies in its 
abundance. Then, the marginal capital-output PA in the industry A is lower than PB in the 
industry B. As a result, capital flows to B from A, causing the convergence of prices of 
homogeneous production factors. Finally, the balanced capital allocation in A and B is 
formed to achieve the Pareto optimal. Figure 2 describes how CE has been 
operationalized.

The most intuitive manifestation is the increase of total capital amount, based on 
different sources of capital (state capital, collective capital, corporate capital, individuals, 
Hong Kong, Macao, and Taiwan capital and foreign capital). This paper defines the above 
total capital as the CE level.

Figure 2. The process of how CE has been operationalized.  
Note: t represents the time change, and the scale of capital flow in period ta is greater than in period tb.
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3.4.4. TFP
This paper uses the C-D (Cob-Douglas) production function to measure TFP (Giannetti, 
Liao, & Yu, 2015; Karthik et al. 2015) and uses the DEA method to calculate it. The 
output index Yit represents the total industrial output value of the ith industry in period t. 
Due to a lack of data, we use “industrial sales output” for estimation purposes. The labor 
input index Lit represents the average number of employees and Kit is the capital input 
index estimated by the internationally accepted perpetual inventory method, which is 
only capital in the production process. The calculation equation is as follows: 

Kit ¼ 1� σitð Þ�Kit� 1 þ Iit (19) 

Ki2011 ¼ Ii2011= σi2011 þ rið Þ (20) 

Where σ is the capital depreciation rate in the t period of the ith industry, I is the 
investment in fixed assets which is converted based on the unchanged price in 2011. The 
Kohli method is used to estimate the capital stock in the initial year as shown in equation 
(20). Moreover, r is the real growth rate of fixed asset investment at a fixed price. As there 
are significant differences in the capital during different years, the capital depreciation 
rate is also changing. This study calculates the capital depreciation rate of different 
industries to improve the accuracy and authenticity of the results.

4. Empirical analysis

4.1. Descriptive statistics

Before the empirical analysis, descriptive statistics are calculated on the main variables 
and the results are shown in Table 2.

Figure 3 shows the scatter plot of IC and TFP, CE and TFP, and IC and CE, 
respectively. It is evident that all three variables have a positive correlation with each 
other which is consistent with the main idea of our paper. However, what is the 
transmission mechanism among IC, CE, and TFP? Whether there is any threshold effect? 
These questions still need to be answered.

Table 2. Descriptive statistical results of main variables.
Variable Name Observations Mean Std Min Max

lninnov innovation capability 224 9.373 2.033 6.742 17.307
lncapital capital enrichment 224 8.165 0.943 5.912 9.785
TFP total factor productivity 224 0.273 0.149 0.110 1.000
rd R&D density 224 0.008 0.010 0.000 0.126
cap fixed asset value ratio 224 0.236 0.123 0.086 1.406
hum human capital density 224 0.038 0.031 0.001 0.256
open degree of openness 224 0.143 0.371 0.004 5.033
lnexp export delivery capacity 224 7.458 1.329 3.434 10.838
lnsize industry size 224 1.153 2.026 0.168 11.772
prof industry profitability rate 224 0.068 0.024 0.002 0.147
con industry concentration 224 1.351 0.737 0.096 6.342
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4.2. Transmission mechanism analysis

The above scatter-plots show that the correlation between the main variables is consistent 
with the hypotheses proposed above. However, H1 and H2 state that the IC not only 
directly affects TFP but also affects TFP indirectly through CE which is influenced by the 
threshold effect of IC. Therefore, this paper further explores the transmission mechanism 
among IC, CE, and TFP and the threshold effect by using panel data of the Chinese 
manufacturing industry. Firstly, it analyzes the transmission mechanism and introduces 
the interaction term between IC and CE. Secondly, it tests the intermediary effect of CE. 
Thirdly, it tests the form of a panel threshold model to determine the threshold number 
of IC and adopts the fixed-effect model to estimate its threshold effect. The centralized 
treatment method is used to reduce possible collinearity problems.

The Model (1) in Table 3 shows the direct influence of IC on TFP after controlling 
other variables that may affect it. The result shows that the IC and TFP are significantly 
positively correlated at 1%, indicating that the stronger the IC the higher will be the 
contribution to TFP. The Model (2) presents the impact of CE on TFP. There is 
a significant positive correlation between these two variables at 1%. It explains that the 
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Figure 3. Scatter plot between main variables.
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higher the level of CE the stronger the promotional effect on TFP will be which is 
consistent with previous research findings (Salinas-Jiménez et al., 2006). The CE has 
indeed brought an important impetus to economic growth.

This study emphasizes on the transmission mechanism of IC affecting TFP through 
CE. If it is right, in the regression model where TFP is used as an explained variable, if the 
CE is removed, the effect of IC on TFP should remain significant. After introducing CE, 
as shown in the Model (3), the significance level of IC drops from 1% to 5%, verifying the 
mechanism that IC affects TFP through CE. By further introducing the interaction term 
of lninnov*lncapital, as shown in the Model (4), the regression coefficient of IC becomes 
significantly negative and the coefficient of the interaction term significantly positive. 
Actually, the model changes from linear to nonlinear after introducing the interaction 
term. So the relationship between CE and TFP cannot be directly judged based on the 
coefficient, because it no longer has a clear economic significance. At this time, the 
marginal effect should be considered. Since IC is significantly negative and the interac-
tion term is significantly positive, it suggests that IC can regulate the marginal impact of 
CE on TFP. With the decline of IC, the promotional effect of CE on TFP becomes weak 
and insignificant.

For further analysis and verification of H2, this paper examines the intermediary effect 
of CE on the relationship between IC and TFP. In the Model (5), the coefficient of IC is 
positive and significant at 1%, demonstrating that the IC has greatly enhanced the level of 
CE. Additionally, the coefficients of IC and CE on TFP are both positive and significant at 
5% showing that the CE indeed has an intermediary effect on the relationship between IC 
and TFP which is consistent with our H2. The Z value in the Sobel test is 2.5559 and 
significant at 1%, indicating that the intermediary effect of CE is significant. The 
proportion of the intermediary effect in the total effect is 49.49%, showing that CE 
plays an extremely important intermediary role in the influence of IC on TFP and it is 
manifested as the transmission mechanism of IC→CE→TFP. It once again proves the 
validity of H2.

Table 3. Basic regression results of variables.

Variable

Model (1) Model (2) Model (3) Model (4) Model (5)

TFP TFP TFP TFP lncapital

lninnov 0.0070*** 
(0.0014)

0.0035** 
(0.0014)

−0.0390*** 
(0.0116)

0.0340*** 
(0.0054)

lncapital 0.0957*** 
(0.0314)

0.0866** 
(0.0320)

0.0436 
(0.0284)

lninnov*lncapital 0.0051*** 
(0.0014)

rd −1.6733 
(1.8867)

−1.5628 
(1.3134)

−1.6867 
(1.4316)

−1.7738 
(1.5068)

0.1546 
(6.2179)

cap −0.4217*** 
(0.0839)

−0.3762*** 
(0.0976)

−0.3857*** 
(0.0989)

−0.3854*** 
(0.0997)

−0.4157 
(0.4604)

hum −0.0592 
(0.2630)

0.0293 
(0.1930)

0.0048 
(0.1946)

0.0487 
(0.1894)

−0.7384 
(1.8951)

open 0.044 
(0.0448)

0.0343 
(0.0359)

0.0407 
(0.0379)

0.0455 
(0.0395)

0.0377 
(0.1823)

constant 0.3171*** 
(0.0184)

−0.4122 
(0.2615)

−0.3680 
(0.2616)

−0.0186 
(0.2254)

7.9110*** 
(0.1235)

Observations 224 224 224 224 224
R-squared 0.4936 0.5608 0.5688 0.5884 0.1491

Note: Robust standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01.
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4.3. Threshold model test

To explore whether the impact of CE on TFP is influenced by the threshold effect of IC, 
the panel threshold model test is used. Taking IC as the threshold variable, the residual is 
obtained by model estimation and then IC corresponding to the minimum sum of 
squared residuals is the threshold value. When IC exceeds this special value, the relation-
ship between CE on TFP will be changed.

This paper utilizes single, double, and triple-threshold tests to determine the number 
of thresholds and the form of panel threshold model following recent literature (Wang, 
2015). The results of the F statistic, P-values, and critical values are shown in Table 4. The 
P-value of the single-threshold under “self-sampling” is 0.0000, and the threshold value is 
10.8720 which is significant at 1%. The P-value of the double-threshold under “self- 
sampling” is 0.0467, and the threshold values are 10.8827 and 10.9135, significant at 5%. 
The triple-threshold model does not pass the significance test, indicating that the IC has 
a double-threshold effect. On this basis, the Likelihood-Ratio (LR) method is used to 
describe the confidence interval graph as shown in Figure 4.

4.4. Threshold model analysis

The above results show that the effect of CE on TFP is influenced by the double threshold 
effect of IC which partially supports H3. The panel threshold regression model is used for 
further analysis and the results as shown in the Model (6), Table 5. CE has a significant 

Table 4. Threshold estimation results.

Threshold type Threshold value F-value P-value

Critical value

10% 5% 1%

Single-Threshold 10.8720 46.14*** 0.0000 17.9276 23.6842 33.0353
Double-Threshold 10.8827 

10.9135
58.57** 0.0467 33.2759 54.7882 86.6837

Triple-Threshold 14.3240 8.07 0.2233 14.1339 31.4130 52.9349

Note: Both the P-values and the critical values are obtained by repeated sampling for 300 times with “bootstrap” method. 
*p < 0.1, **p < 0.05, ***p < 0.01.

Figure 4. Double threshold estimation graph.
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positive impact on TFP and is influenced by the double-threshold effect of IC. After 
performing the t-test on regression coefficients, the P-value is 0.0463, indicating that the 
effect of CE on TFP is significantly different when the IC is at different thresholds.

When the IC is less than the single-threshold value of 10.8720, the coefficient of CE is 
0.0731 which has a significant positive effect on improving TFP. When the IC is greater 
than or equal to 10.8720 but less than the double-threshold value of 10.8827, the 
coefficient of CE increases to 0.1152. When the IC is greater than or equal to 10.8827 
but is less than the triple-threshold value of 10.9135, the coefficient of CE drops to 0.0740. 
As the value of IC passes the triple threshold value of 10.9135, the coefficient of CE 
increases again. All of the coefficients before and after the threshold values are significant 
at 1%. Therefore, the promotional effect of CE on TFP changes with the threshold effect 
of IC. They are not simply the linear relationship but are in the segmentation function 
relationship with the interval of IC. The trend can be divided into three stages: first 
enhanced then weakened and later re-enhanced again.

In the first stage, when IC is at a low level (IC < 10.8720), the capital allocation 
efficiency is low and the R&D input in high value-added or high-tech areas is insufficient. 
In this stage, the innovation behavior is simply technology imitation rather than self- 
innovation. So the TFP is at a low level and the promotional effect of capital on TFP is 
limited. With the improvement of industrial IC, after crossing a certain threshold, the 
return on investment improves which brings potential economic benefits. Together with 
the profit-seeking nature of capital, it affects the capital allocation efficiency and attracts 
more capital to form CE. The effect of CE on TFP changes qualitatively and positively. 
Therefore, compared with industries with low levels of IC, the promotional effect of CE 
on TFP in high-IC-industries is stronger.

In the second stage, the IC reaches the interval of (10.8827, 10.9135). The scale of CE 
continues to expand but with the diminishing marginal utility that hinders the promo-
tion of TFP. In this stage, the effect of CE on TFP is weaker than in the previous stage. It 
also reveals that this phase is a screening process for the development of industries. 

Table 5. Panel threshold regression results.
Variable Model (6) Model (7) Model (8)

lninnov 0.0014(0.0046) 0.0044(0.0043) 0.0006(0.0046)
lncapital 
(lninnov<Threshold Value 1)

0.0731***(0.0131) 0.0408***(0.0123) 0.0720***(0.0166)

lncapital 
(Threshold Value 1≤ lninnov<Threshold Value 2)

0.1152***(0.0133) 0.0325***(0.0122) 0.1145***(0.0166)

lncapital 
(Threshold Value 2≤ lninnov<Threshold Value 3)

0.0740***(0.0139) 0.0306**(0.0122) 0.0734***(0.0170)

lncapital 
(lninnov≥Threshold Value 3)

0.0793***(0.0141) 0.0279**(0.0121) 0.0787***(0.0171)

rd −0.6683(0.6193) −3.3793***(1.0801) −0.4008(0.6367)
cap −0.4273***(0.0537) −0.3622***(0.0391) −0.4244***(0.0535)
hum −0.0772(0.1529) −0.0795(0.0996) −0.0486(0.1563)
open 0.0471**(0.0215) 0.0917***(0.0247) 0.0400**(0.0220)
exp −0.0024(0.0200)
prof 0.0495(0.3874)
con 0.0092**(0.0044)
constant −0.2383**(0.1030) 0.0789(0.0819) −0.2231(0.1215)
Observations 224 224 224
R-squared 0.7463 0.8501 0.7538

Note: Robust standard errors in brackets; *p < 0.1, **p < 0.05, ***p < 0.01.
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Though the capital scale is increasing, it cannot be well used for blind expansion; the CE 
will result in inefficient capital allocation which is an important factor for TFP (Hsieh & 
Klenow Peter, 2009). Therefore, compared with industries with low IC, the positive effect 
of CE on TFP is gradually weakened in high IC industries.

In the third stage, when the IC is more than 10.9135, the industry may enter 
a relatively stable stage in its life cycle. By giving full play to the capital advantage, 
technological advantage, enterprise-scale advantage, or production capacity advantage, 
the capital will be invested in projects with the high-profit rates which will further 
enhance the positive effect of CE on TFP.

4.5. Robustness test

To check the robustness of the threshold model results, the following methods are used 
here.

4.5.1. Shifting mean values
Considering the fact that the data fluctuates greatly every year, this paper proceeds it 
three times and re-estimates the panel threshold model. The results are shown in the 
Model (7) of Table 5. After adding CE, the positive effect of IC on TFP becomes 
insignificant, which proving once again that IC affects TFP through CE. At the same 
time, there is a significant positive correlation between CE and TFP which is affected by 
the double-threshold effect of IC.

4.5.2. Adding more control variables
Earlier this paper uses R&D density, fixed asset value ratio, human capital and degree of 
openness as control variables, now it adds others including the total amount of export 
delivery, industry scale, and industry concentration into the model to check for the omitted 
variable bias (Hou Xiaohui 2011; Yu Donghua et al. 2019). The results are shown in the 
Model (8) of Table 5. The regression coefficient of IC is negative now but not significant. The 
transmission mechanism of IC still exists, and the acceleration effect of CE on TFP is 
significant at the 1% level before and after the double-threshold of IC. The effect is first 
enhanced, then weakened, and later re-enhanced again consistent with the above regression 
model.

4.5.3. Considering the endogeneity problems
The above research results show that IC not only directly promotes TFP but also 
indirectly through CE. Considering the possible endogeneity problems related to the 
regressions performed before, this paper adopts the instrumental variable method for re- 
estimation. The system GMM model is finally selected.

Referring to Wintoki, Linck, and Netter (2012), the explanatory variable should be lagged 
by two periods to meet the exogenous requirements of instrumental variables. The results 
are shown in the Table 6. It can be found that the coefficients of IC on TFP and CE are both 
positive and significant at 1%, shown in the Model (9) and Model (10). The coefficient of IC 
on TFP drops to 0.0023 and significant at 5% after including CE in the same model. The 
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Z value in the Sobel test is significant at 1%, and the proportion of the intermediary effect in 
the total effect is 84.15%, indicating that the intermediary effect of CE on the relationship 
between IC and TFP still exists after controlling the endogeneity problems.

4.6. Further analysis

To systematically analyze IC and CE levels of 28 manufacturing segments, the average 
values of these variables during 2011–2018 are shown in Figure 5.

From IC perspective, the industries with strong innovation abilities are mostly the 
technology-intensive industries including the communication equipment, computer, and 
other electronic equipment manufacturing industry (11.72), the electrical machinery and 
equipment manufacturing industry (11.20), the transportation equipment manufactur-
ing industry (11.16), the general equipment manufacturing industry (10.69), the chemical 
raw materials and products manufacturing industry (10.63), the special equipment 

Table 6. Regression results of the system GMM model.

Variable

Model (9) Model (10) Model (11)

TFP lncapital TFP

lninnov 0.0272***(0.0027) 0.1344***(0.0152) 0.0023**(0.0011)
lncapital 0.1703***(0.0032)
Controls Yes Yes Yes
Observations 224 224 224
AR(1) −15.31*** −13.04*** 2.85***
AR(2) 0.29 0.15 1.55
Sargan 604.44 571.95 682.20
Sobel Test Z = 2.7225, the P value is 0.0000

Intermediary Effect/Total Effect = 84.15%

Note: Robust standard errors in parentheses; *p < 0.1, **p < 0.05, ***p < 0.01; AR(1) and AR(2) are the p-values of the first- 
order and second-order disturbance term, respectively.
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Figure 5. Average values of IC, CE, and TFP of 28 manufacturing segments in 2011–2018.
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manufacturing industry (10.61), and the pharmaceutical manufacturing industry (10.18). 
The IC levels in the tobacco industry, the handcrafts, and other manufacturing indus-
tries, and the wood processing and wood, bamboo, rattan, and palm grass products 
industry are at the lowest, having values of 7.48, 7.86 and 7.99, respectively.

The levels of CE are higher in industries with strong innovation abilities including the 
chemical raw materials and products manufacturing industry (9.56), the communication 
equipment, computer, and other electronic equipment manufacturing (9.44), the transporta-
tion equipment manufacturing industry (9.37), and the electrical machinery and equipment 
manufacturing industry (9.26). Whereas the handcrafts and other manufacturing industry 
(6.19), the furniture manufacturing industry (6.95), the tobacco industry (6.95) exhibit low 
levels of CE. In industries with high levels of IC and CE, TFP is also at higher levels.

5. Conclusions

This study explores how IC and CE interact to affect TFP in Chinese manufacturing 
segments. We find that innovation capability exhibits a double-threshold effect on the 
relationship between CE and TFP.

First, IC not only promotes TFP directly but also plays a role through CE indirectly. So 
the CE has an intermediary effect on the relationship between IC and TFP, which 
accounts for 49.49% of the total effect.

Second, CE has a significant positive effect on TFP, which is affected by the double 
threshold effect of IC. The single-threshold value is 10.8720, and the double-threshold 
values are 10.8827 and 10.9135, respectively, significant at the 1% level. The promotion 
effect of CE on TFP in industries with high levels of IC is first enhanced, then weakened, 
and later re-enhanced again.

Third, IC and CE levels in industries of the communication equipment, computer, and 
other electronic equipment manufacturing industry, the electrical machinery and equip-
ment manufacturing industry, the transportation equipment manufacturing industry, 
the general equipment manufacturing industry, and the chemical raw materials and 
products manufacturing industry are at a higher-end as compared to the furniture 
manufacturing industry, the tobacco industry, and the handcrafts and other manufactur-
ing industry. These results are robust to the shifting mean values, adding more control 
variables, and lagging explained variables.
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