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Abstract: The understanding of the impact of different government support methods on R&D ef-
ficiency is of great significance for evaluating the performance of innovation policies in various
countries. We selected 31 manufacturing industries in China from 2009 to 2015, used the stochastic
frontier analysis (SFA) method to measure R&D efficiency, and used tobit regression method to
examine the relationship between direct government subsidies and preferential tax policies and
manufacturing R&D efficiency. The results reveal that the overall R&D efficiency of China’s manu-
facturing industry was low, but it has been steadily increasing, and the R&D efficiency of emerging
industries was significantly higher than that of traditional industries. Tax incentives played a stable
and significant role in promoting R&D efficiency in manufacturing. Affected by factors such as the
government’s long-term preference and information asymmetry, direct subsidies had no significant
impact on the current R&D efficiency of the manufacturing industry, and began to play a positive role
after a two-year lag. Based on the above research findings, this paper suggests that progressive pref-
erential tax rates can be designed according to the “base + increment” approach for tax preferential
policies. At the same time, different proportions of tax cuts should be set for enterprises of different
sizes and levels of innovation, and the focus should be on small and medium-sized enterprises and
emerging industries. In terms of direct funding subsidies, the government should not only increase
the support for basic research, but also give more preference to enterprises that receive tax incentives
for research and development, so as to enhance the complementary effect of the two types of subsidy
policies. The marginal contribution of this paper mainly includes three aspects: First, based on the
Chinese situation, the impact of direct government subsidies and tax incentives on the R&D efficiency
of the manufacturing industry is tested. Second, we present the evidence that direct government
funding subsidies “crowd out” enterprise R&D funds. Thirdly, we describe the influence of enterprise
scale, innovation level, ownership, and management ability on R&D efficiency of the manufacturing
industry, and put forward the possible influence mechanism.

Keywords: direct funding subsidy policy; preferential tax policy; manufacturing; R&D efficiency;
innovation policy

1. Introduction

Manufacturing is an important source of a country’s competitiveness. Since its reform
and opening in the 1980s, China’s manufacturing industry has developed rapidly and made
important contributions to its own and global economic development. In 2010, China’s
manufacturing added value accounted for 19.8% of the world’s total, surpassing the United
States for the first time as the world’s largest manufacturing country. In 2021, the added
value of China’s manufacturing industry will account for 30% of the global total, becoming
an important part of the global industrial chain. However, with the rising factor costs, the
cost advantages of labor, land, and other resources are gradually disappearing, and the
profits of China’s manufacturing industry are shrinking to a lower level. In addition to
the constraints of environmental capacity, the traditional development model of China’s
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manufacturing industry is difficult to continue, and transformation and upgrading are
imperative (Guo et al., 2021) [1]. Especially in the context of abnormal intervention in
the global industrial chain, improving the efficiency of independent R&D has become an
important choice for China, and even more so for developing countries around the world,
to enhance their economic independence, autonomy, and competitiveness.

R&D refers to the systematic activities carried out by institutions, enterprises, or
individuals to acquire new knowledge or substantially improve technologies, products,
and services. R&D efficiency is a tool used to measure the transformation relationship
between measurable R&D input and R&D output. When R&D input is the same but output
is high, R&D efficiency is high [2]. For the manufacturing industry, R&D will improve the
technical level of its products or services through the input of personnel, funds, etc. In
the context of innovation resource constraints, improving R&D efficiency is an inevitable
choice to maximize the technical level and promote the transformation and upgrading
of the manufacturing industry. As R&D is a project with high risk and slow return, it
has certain externalities, and the initiative of enterprise investment is insufficient [3]. In
order to solve the market failure, compensate the costs caused by the R&D externalities
of enterprises, and encourage enterprises to increase R&D investment, countries have
generally established a relatively complete R&D support policy system [4].

Based on the existing research, there is no consistent conclusion about the relationship
between government subsidies and R&D efficiency. One view is that when the government
provides subsidies or tax credits for enterprises, enterprises should provide corresponding
supporting inputs, leading to the increase in the whole society’s innovation inputs. As
a result, government subsidies have a “leverage effect” on R&D efficiency [5]. Another
view is that R&D is the market behavior of enterprises, but the government’s “long-term”
investment preference makes government subsidies not conducive to short-term R&D
efficiency improvement [6]. What is worse, if the policy design is unscientific, government
subsidies may even induce enterprises to reduce R&D investment, thereby creating a
“crowding out effect” [7]. Some scholars found that there is no consistent conclusion
about the relationship between government subsidies and R&D efficiency when controlling
certain variables or using different empirical samples [8,9]. China is a large manufacturing
country, and the only country in the world with all the industrial categories announced
by the United Nations. However, due to its low level of technology, it has been locked
in the middle and low ends of the global value chain for a long time [10]. In order
to solve this dilemma and encourage manufacturing enterprises to increase their R&D
investment, the Chinese government has established a policy support system that covers
the whole R&D cycle, focusing on R&D funding support and tax credits. Every year,
a large amount of funds are invested to subsidize the R&D activities of manufacturing
enterprises. According to the data of the National Bureau of Statistics of China, in 2015, the
government subsidized the manufacturing industry with R&D funds of CNY 51.6 billion
and tax incentives of CNY 43.7 billion, while in 2009, the two figures were CNY 20.3 billion
and CNY 14.2 billion, respectively (see Figure 1). The annual average nominal growth
rates reached 16.8% and 20.6%, respectively, far exceeding the average growth rate of
GDP in the same period. At the same time, China’s manufacturing industry is huge.
According to the classification standard of the National Bureau of Statistics of China,
China’s manufacturing industry is divided into 31 industrial categories, with more than
400,000 enterprises, distributed in 31 provinces, autonomous regions, and municipalities.
These industries have different attributes, some are technology-intensive, some are capital-
intensive, and some are labor-intensive. Enterprises with different attributes have different
responses to government R&D support [11]. In addition, development is still very uneven
in different parts of China, and there are differences in the intensity of government support
and policy implementation [12]. Obviously, the existing research conclusions cannot reflect
the actual situation of China’s manufacturing industry. Whether government subsidies and
tax incentives promote or inhibit the R&D efficiency of China’s manufacturing industry is
still a very worthwhile question.
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Figure 1. R&D support from the Chinese government to the manufacturing industry from 2009
to 2015.

Based on the above analysis, the questions to be discussed in this paper are as follows:
Does the large-scale government subsidy investment promote or inhibit the R&D efficiency
of China’s manufacturing industry? What is the effect of different subsidy methods on R&D
efficiency of Chinese manufacturing industry? How do these policies differ in the Chinese
context compared to what has been found in academic studies? How should policies
be improved to better play the positive role of government support in manufacturing
R&D efficiency?

Compared with the existing research, the marginal contributions of this paper include
the following: First, based on the Chinese scenario, it verifies the impact of government
direct funding subsidies and tax incentives on the R&D efficiency of heterogeneous man-
ufacturing enterprises. Second, it verifies the evidence that government direct subsidy
“squeezes out” R&D funds of enterprises, and reveals that direct subsidy has no significant
impact on manufacturing R&D efficiency in the current period, and it starts to play a
positive role after a two-year delay. Third, based on the comparison of regression results, it
is demonstrated that enterprise scale and innovation level have a stable positive impact on
manufacturing R&D efficiency. Enterprise ownership and management ability only have
a positive effect when enterprises are given direct government subsidies alone, and the
reason is mainly related to information asymmetry between the government and enter-
prises. These findings can provide theoretical reference for governments to optimize R&D
funding policies.

The subsequent structure of this paper is as follows: the second section is a literature
review; the third section outlines the methods, variables, and data used; the fourth section
presents the empirical results; the fifth section is a discussion of our findings; and the sixth
section comprises our conclusions and policy recommendations.

2. Literature Review

R&D is a knowledge production activity with output uncertainty and obvious exter-
nality, which leads to private investment in R&D often being lower than the optimal level
of social investment [13]. Therefore, government support is one of the important ways
to reduce R&D externalities and compensate enterprises for R&D risks. From the way of
government support, it can be divided into two categories: direct fund subsidy policy and
tax preferential policy. According to the existing studies, most scholars believe that tax pref-
erences are post-subsidy, which can effectively avoid the impact of information asymmetry,
and therefore encourage enterprises to increase R&D investment. For example, Falk [14]
estimated the relationship between the tax preference and corporate R&D expenditure in
OECD countries through the systematic GMM model. The results show that tax preference
had a significant and positive impact on corporate R&D spending regardless of the estima-
tion technique used. Negassi and Sattin [15] conducted an empirical study on the data of
many countries (the United States, Canada, the United Kingdom, Australia, etc.) through
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the method of multiple regression and found that tax preferential policies have a very
important role in promoting research and development. As for direct fund subsidies, due
to the information asymmetry between the government and enterprises, it is impossible to
effectively formulate scientific evaluation indicators for the allocation of subsidy funds, nor
can it effectively supervise whether enterprises use subsidy funds for R&D, so it does not
necessarily promote the efficiency of enterprise R&D. Buravleva et al. [16] studied China’s
lithium ion battery enterprises, and found that because enterprises have more patent output,
it is easier for them to obtain direct funding subsidies from the government. However, after
obtaining government subsidies, the enterprise’s performance did not change. Therefore,
they suggested that the government should use indicators other than patent output when
assessing whether to grant subsidies to a business, as companies may use this to apply
for more government subsidies rather than research and development. Moreover, because
enterprises have relevant measurement basis for the scale of R&D investment in a certain
period, after obtaining government subsidies, enterprises will not increase the current R&D
investment, resulting in the so-called “incentive effect”, and/or even induce enterprises to
reduce the current R&D investment, resulting in the so-called “crowding out effect” [17,18].
However, many scholars have come to the opposite conclusion. They have found that
direct government funding subsidies can stimulate private investment in R&D more than
post-subsidy tax incentives. Liu et al. [19] examined the impact of two types of government
R&D subsidies on innovation using the data of Chinese listed enterprises from 2010 to
2016. It was found that prior funding has a better impact on innovation performance by
stimulating private R&D investment than post award. Moreover, Wu et al. [20] found that
government subsidies not only help enterprises improve their R&D efficiency, but also help
enterprises obtain venture capital, thus increasing the level of long-term R&D investment.

Some scholars have come to different conclusions. Some scholars believe that the
both policies are effective. For example, Tang et al. [21] studied panel data of 242 cities in
China, and found that government subsidies and tax preferences can promote enterprise
innovation by easing enterprise financing constraints, improving employee creativity, and
ensuring efficient operation of enterprises, especially government subsidies, which are
more effective than tax preferences in stimulating enterprise technological innovation.
Xie et al. [22] reported that government subsidies are pre-subsidies, which can help re-
duce the risk of R&D investment of enterprise, but the flexibility of fund use is relatively
low. The tax preference is post-support, and the flexible use of funds helps to ease the
financial tension of enterprises. Some scholars believe that both policies are invalid. For
example, based on the analysis or 36 industrial sectors in China, Xiao & Lin [6] found that
the government’s direct funding subsidies and tax preferences are not conducive to the
improvement of technological innovation efficiency. Wan et al. [23], based on the analysis of
the high-tech industry in 30 regions in China, found that the tax preferential policies have
an obvious “crowding out effect” on the R&D efficiency. Other scholars believe that the
effects of the two policies are different according to different situations. Petrin [24], based
on the survey data of the European Union, OECD countries, and Taiwan, China, from 1960
to 2017, verified the impact of government support on enterprise R&D and innovation.
The results generally tend to indicate that the government support and enterprise R&D
expenditure are complementary, but this will differ with enterprise scale and tax system.
Chang et al. [25] found that at the 10% significance level, government subsidies and tax
incentives have a significant U-shaped impact on the R&D efficiency of green enterprises.
Ghazinoory [26] found that only the enterprises that regularly obtain tax preferences are
enterprises that really carry out effective R&D, and enterprises that occasionally apply for
R&D tax preferences may be enterprises that invest in R&D for different reasons, such as
reducing enterprise tax burden, rather than the ones that really carry out innovation.

From the above studies, it can be seen that, on the one hand, the existing literature
presents different or even opposite conclusions based on data from different countries. On
the other hand, the existing studies mostly discuss the relationship between government
support and enterprise R&D input, and the fact that R&D input to R&D output is also
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related to factors such as the quality of factors and management ability of a country.
Especially for China, a country with manufacturing as the main body but innovation policy
still in their infancy, it is difficult to judge whether China’s current innovation policies
are conducive to promoting the efficiency of manufacturing R&D efficiency based on
existing research.

3. Methods, Variables, and Data
3.1. Methods

(1) SFA model

At present, there are mainly two types of methods to measure R&D efficiency; one
is a non-parametric method and the other is a parametric method. The non-parametric
method is represented by data envelopment analysis (DEA), and the parametric method
is represented by the stochastic frontier approach (SFA). DEA adopts the mathematical
programming method, which does not need to establish a strict functional relationship
between variables. It has advantages in measuring the efficiency of multiple inputs and
multiple outputs. However, DEA also has disadvantages because it has a set boundary, and
does not consider the existence of measurement errors. On the other hand, SFA adopts the
econometric method to estimate the frontier production function, which relies on the ran-
domness assumption of the data and has a more solid economic theoretical basis. Therefore,
SFA has advantages in the processing of measurement errors and statistical interference,
and has a stronger estimation capacity than DEA method [27]; therefore, it is also widely
used by scholars in the field of efficiency evaluation. For example, Diaz & Sanchez [28]
used the SFA method to analyze the technical efficiency of small and medium-sized manu-
facturing enterprises in China; Jin & Kim [29] used the SFA method to analyze the energy
efficiency of 21 emerging countries; Haider & Mishra [30] used the SFA method to estimate
the energy efficiency of Indian steel companies.

According to the research of Kumbhakard et al. [31], this article uses the following
production function:

Yit = AKα
itL

β
it exp(vit − µit) (1)

where Yit represents R&D output; Kit and Lit represent R&D capital investment and R&D
manpower input; i and t represent industry and time; α and β represent the output elasticity
of the corresponding variable, respectively; (νit − µit) is a compound error term; νit is the
effect of observation error and other random factors (random disturbance effect), which is
subject to distribution N(0, σ2

v ); uit = ui − η(t− T) indicates the technical inefficiency effect,
representing the gap between the producer’s actual output and the theoretical maximum
output. The greater the degree of inefficiency, the lower the level of technical efficiency.
In this expression, ui is a non-negative random variable used to measure the degree of
technical inefficiency, assuming it is subject to N+(µ, σ2

u), where η is an estimated parameter
that reflects the changing trend of technical inefficiency. In actual estimation, if the estimated
value of η is significantly greater than zero, it indicates that the technical inefficiency
decreases with time; if the estimated value of η is significantly less than zero, it indicates that
the technical inefficiency increases with time. At the same time, since uit indicates technical
inefficiency, technical efficiency is defined as TEit = exp(−uit) = exp(−ui + η(t − T)); the
larger the value, the higher the technical efficiency.

The types of the production function usually include the constant elasticity of substi-
tution (CES), the Cobb–Douglas (CD), and transcendental logarithmic (known as translog)
production functions. Both the CES and CD production functions assume that the out-
put elasticity is fixed and technically neutral. The transcendental logarithmic production
function is more flexible in form, not only considering the substitution effect and interac-
tion between the input factors, but also considering the impact of time changes, which
can effectively avoid the deviation caused by the function of the wrong setting of the
function. Therefore, this paper chooses the stochastic frontier analysis (SFA) of transcen-
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dental logarithmic production functions, which was implemented through the software
Frontier 4.1.

(2) Tobit model

Since the value of R&D efficiency of China’s manufacturing industry measured by
the SFA method is continuous in the interval [0, 1], in this case, the estimation result of
ordinary least squares (OLS) is biased and inconsistent. To avoid the bias caused by OLS
estimation, the restricted dependent variable model, namely the tobit model, is often used
for regression. The basic structure of the tobit model is as follows:

Yit =


0, Y∗

it ≺ 0
Y∗

it , 0 ≺ Y∗
it ≺ 0

1, Y∗
it � 0

(2)

among which,
Y∗

it = βXit + ε (3)

where ε ∼ N(0, σ2); β is the regression parameter vector; Xit is the independent variable
vector; Y∗

it is the dependent variable vector; Yit is the efficiency value vector.
The purpose of this article is to study the impact of government direct subsidies and

tax incentives on China’s manufacturing R&D efficiency. According to China’s relevant
policies, direct subsidies are mainly provided in the form of scientific research projects
or funding subsidies, and tax incentives are provided in the form of tax credits. The two
are relatively independent support systems, and enterprises may benefit from both policy
preferences or one policy. By combining the literature and based on Equations (2) and (3),
this paper constructs the following logistic regression model according to the work of
Kumbhakard et al. [31].

Model I: The effect of government prior support on China’s manufacturing R&D efficiency.

EFit = α + β1LnGov + β2LnPeo + β3LnFund + δLnZ + ε (4)

Model II: The impact of government subsequent support on China’s manufacturing
R&D efficiency.

EFit = α + β1LnTax + β2LnPeo + β3LnFund + δLnZ + ε (5)

Model III: The impact of government prior support and government subsequent
support on China’s manufacturing R&D efficiency.

EFit = α + β1LnGov + β2LnTax + β3LnPeo + β4LnFund + δLnZ + ε (6)

Among them, in Formulas (4)–(6), Z represents the control variables, including en-
terprise scale (Sca), ownership (Own), innovation level (Inn), and management capac-
ity (Manag).

3.2. Variables

(1) SFA efficiency measurement variables

Referring to the common practice of scholars [32], the input variables were used to
select the full-time equivalent of R&D personnel and R&D internal expenditures of China’s
manufacturing enterprises. Since R&D is an activity focusing on knowledge production,
the number of invention patent applications was selected as the output variable.

(2) Panel Tobit model variables

According to the research design, the explained variable is the R&D efficiency of
China’s manufacturing enterprises measured by the SFA model from 2009 to 2015. The
explanatory variables are the government’s R&D direct subsidies and tax incentives. The
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government’s direct subsidies were measured using the “Funds for Science and Technology
Activities from the Government in R&D Expenses” in the China Science and Technology
Statistical Yearbook. According to China’s tax policy, enterprises can make pre-tax deductions
based on 175% of the R&D expenses invested. Therefore, the tax incentives are measured
by the “R&D expenses plus deduction allowance” in the China Science and Technology
Statistical Yearbook.

At the same time, in order to control the impact of other variables on the R&D effi-
ciency of the enterprise, according to the literature review, this paper incorporates indi-
cators, namely, enterprise ownership [33], innovation level [34], enterprise scale [35], and
management capability [6], as control variables into the regression model. Among them,
the indicators of enterprise ownership, enterprise scale, and enterprise management capa-
bility are constructed according to Bai [36] and Xiao & Lin [6]. Regarding the innovation
level, Li & Tan [37] believe that R&D capital, human capital, social capital, and learning
mechanism are the key factors that determine an enterprise’s absorbing capacities based
on extensive literature research. R&D activities themselves are a combination of R&D
capital, human capital, and learning mechanisms. Therefore, it is reasonable to believe that
companies with R&D activities have better knowledge absorbing capabilities than those
without. In order to avoid the result that the magnitude difference of similar variables is
too large to affect the results, in line with the construction logic of the two indicators of
“enterprise scale” and “ownership”, this article uses the ratio of “enterprises with R&D
activities” in the China Science and Technology Statistical Yearbook to “number of enterprises
at the end of the year” of the industry (Table 1).

Table 1. Definitions and calculation methods of various variables.

Type Name Symbol Measure

The explained variable R&D efficiency of China’s
manufacturing enterprises EF SFA Model

The explanatory variables

Government’s R&D
direct subsidies Gov

“Funds for Science and Technology Activities from
the Government in R&D Expenses” in the China

Science and Technology Statistical Yearbook.

Tax incentives Tax “R&D expenses plus deduction allowance” in the
China Science and Technology Statistical Yearbook.

Personnel Peo “R&D personnel” in the China Science and
Technology Statistical Yearbook.

Internal expenditures Fund “R&D internal expenditures” in the China Science
and Technology Statistical Yearbook.

Control variables

Enterprise scale Sca
“Main business income” divides “number of
enterprises” in the manufacturing industry of
China Science and Technology Statistical Yearbook.

Enterprise ownership Own

“State-Owned and State-Holding Enterprises Sales
Income” divides “manufacturing industry sales
income” in the manufacturing industry of China

Science and Technology Statistical Yearbook.

Innovation level Inn
“Enterprises with R&D activities” divides

“number of enterprises at the end of the year” in
the China Science and Technology Statistical Yearbook.

Management capability Manag

“Science and Technology staff” minus “Scientists
and Engineers” then divides “Science and
Technology staff” in the China Science and

Technology Statistical Yearbook.
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3.3. Data

The variable data involved in this paper are all from the China Statistical Yearbook of
Science and Technology. This statistical resource is a large reference book compiled by the
National Bureau of Statistics of China to comprehensively, systematically, and continuously
record the annual development of science and technology. It is one of the most authoritative
data sources in China. Statistical yearbooks are generally published annually, and are used
to publish comprehensive data for the previous year. The data used in this paper are for
2009 to 2015, and the corresponding data are from the Science and Technology Statistical
Yearbook for 2010 to 2016. In terms of data distribution, in 2011, the Chinese government
revised on the basis of the 2002 edition of the national economic industry classification
standards (GB/T4754-2002). In order to maintain the same industry classification during the
research period, this paper removes the “rubber products industry” and “plastic products
industry” from 2009 to 2011 and the “rubber and plastic products industry” from 2012
to 2015, and merged the two categories of “automotive equipment manufacturing” and
“railroad, aviation, and other transportation equipment manufacturing” from 2012 to 2015,
corresponding to the “transportation equipment manufacturing industry” from 2009 to
2011. Consequently, there are 28 industry categories in total. Considering the relative
stability of manufacturing operation and the status of China’s manufacturing industry in
the world, the conclusions of this study are still valuable for governments around the world
to improve their policies to support manufacturing R&D.

4. Results
4.1. China’s Manufacturing R&D Efficiency

Based on the industry data of China’s manufacturing industry from 2009 to 2015,
Various parameters can be obtained by estimating the empirical model using the maximum
likelihood method.According to Equation (1), the R&D efficiency of China’s manufacturing
industry is shown in Table 2. The results show that during the study period, the overall
R&D efficiency of China’s manufacturing industry has been steadily increasing, and that the
average R&D efficiency has increased from 0.261 to 0.423, with an average annual increase
of 8.3%. In terms of industries, the top three industries with the highest average R&D
efficiency are communications, computer, and other electronic equipment manufacturing;
electrical machinery and equipment manufacturing; and pharmaceutical manufacturing.
The bottom three industries are tobacco manufacturing; beverage manufacturing; and
leather, fur, feather (down) products manufacturing. It can be concluded that the R&D
efficiency of traditional manufacturing industries based on resource processing is generally
low, while the R&D efficiency of high-tech industries represented by information technology
and pharmaceutical manufacturing is generally higher.

Table 2. The R&D efficiency of China’s manufacturing from 2009 to 2015.

No. Industry 2009 2010 2011 2012 2013 2014 2015 Average Standard
Deviation

1 Agricultural by
products processing 0.209 0.236 0.264 0.293 0.323 0.352 0.382 0.294 0.058

2 Food 0.292 0.321 0.351 0.380 0.410 0.440 0.469 0.380 0.059

3 Beverage 0.101 0.121 0.142 0.166 0.191 0.217 0.244 0.169 0.048

4 Tobacco 0.366 0.396 0.426 0.455 0.483 0.512 0.539 0.454 0.058

5 Textile 0.153 0.177 0.202 0.229 0.257 0.285 0.315 0.231 0.054

6 Textile garments
and hats 0.117 0.138 0.161 0.186 0.212 0.239 0.267 0.188 0.050

7 Leather, fur,
feather products 0.109 0.129 0.151 0.175 0.201 0.228 0.256 0.178 0.049
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Table 2. Cont.

No. Industry 2009 2010 2011 2012 2013 2014 2015 Average Standard
Deviation

8
Wood, bamboo,

vine, palm,
grass processing

0.322 0.352 0.382 0.411 0.441 0.470 0.498 0.411 0.059

9 Furniture 0.261 0.289 0.319 0.348 0.378 0.408 0.437 0.348 0.059

10 Paper and paper
products 0.127 0.149 0.173 0.199 0.225 0.253 0.281 0.201 0.052

11 Prints and record
media copies 0.210 0.238 0.266 0.294 0.324 0.353 0.383 0.295 0.058

12 Educational and
sports goods 0.308 0.337 0.367 0.397 0.426 0.455 0.484 0.396 0.059

13 Oil and nuclear fuel
processing, coking 0.111 0.132 0.154 0.179 0.204 0.231 0.259 0.181 0.049

14
Raw chemical
materials and

chemical products
0.286 0.315 0.345 0.374 0.404 0.433 0.463 0.374 0.059

15 Pharmaceutical 0.414 0.443 0.472 0.500 0.528 0.555 0.581 0.499 0.056

16 Chemical fiber 0.116 0.137 0.160 0.184 0.210 0.237 0.266 0.187 0.050

17 Non-metallic
minerals 0.320 0.350 0.379 0.409 0.438 0.467 0.496 0.409 0.059

18 Ferrous metal
smelting and rolling 0.115 0.136 0.159 0.183 0.209 0.236 0.264 0.186 0.050

19 Non-ferrous metal
smelting and rolling 0.166 0.191 0.217 0.244 0.273 0.302 0.331 0.246 0.055

20 Metal products 0.261 0.290 0.319 0.349 0.379 0.408 0.438 0.349 0.059

21 General machinery 0.277 0.306 0.335 0.365 0.395 0.424 0.454 0.365 0.059

22 Special equipment 0.369 0.399 0.428 0.457 0.486 0.514 0.541 0.456 0.058

23 Transportation
equipment 0.183 0.209 0.236 0.264 0.293 0.322 0.352 0.266 0.056

24 Electrical machinery
and equipment 0.439 0.468 0.497 0.524 0.551 0.577 0.603 0.523 0.054

25
Communication,
computer, and

electrical devices
0.797 0.811 0.824 0.837 0.848 0.859 0.869 0.835 0.024

26

Parameter
optimization
and cultural,

OA equipment

0.411 0.440 0.469 0.497 0.525 0.552 0.578 0.496 0.056

27 Handicrafts
and others 0.262 0.290 0.320 0.349 0.379 0.409 0.438 0.349 0.059

28 Waste materials and
resources recycle 0.197 0.223 0.251 0.279 0.308 0.338 0.368 0.281 0.057

29 Average 0.261 0.286 0.313 0.340 0.368 0.396 0.423 0.341 0.054

30 Max 0.797 0.811 0.824 0.837 0.848 0.859 0.869 —— ——

31 Min 0.101 0.121 0.142 0.166 0.191 0.217 0.244 —— ——

32 Medium 0.261 0.290 0.319 0.349 0.378 0.408 0.437 —— ——
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4.2. The Impact of Government Support on the R&D Efficiency of China’s Manufacturing Industry

According to the research purpose, this article uses software Stata 12.0 to carry out
regression operations on Equations (4)–(6). The main results are reported as follows
(see Table 3).

Table 3. Regression results.

Type Name Model I Model II Model III

The explained variable EF EF EF

The explanatory variables

LnTax 0.014 ***
(3.157)

0.014 ***
(3.131)

LnGov 0.035
(0.362)

0.002
(0.338)

LnPeo 0.009
(0.583)

−0.110 ***
(−7.663)

−0.112 ***
(−7.319)

LnFund −0.001
(−0.064)

0.148 ***
(10.794)

0.149 ***
(10.806)

Control variables

LnSca 0.076 ***
(4.233)

−0.039 ***
(−4.320)

−0.039 ***
(−4.251)

LnOwn −0.031 ***
(−4.033)

−0.007
(−0.957)

−0.008
(−0.992)

LnInn 0.120 ***
(11.253)

0.048 ***
(5.393)

0.048 ***
(5.369)

LnManag 0.077 **
(2.464)

−0.042
(−1.158)

−0.044
(−1.196)

LnGov(t-2) 0.009 ***
(3.052)

Constants α
−0.379 **
(−2.107)

−0.340 **
(−2.240)

−0.352 **
(−2.261)

sigma_u 0.123 ***
(6.905)

0.140 ***
(7.422)

0.141 ***
(7.415)

sigma_e 0.014 ***
(14.661)

0.023 ***
(18.317)

0.023 ***
(18.314)

N 1372 1372 1568

Z statistics are in parentheses; ** p < 0.05, *** p < 0.01.

(1) The impact of direct subsidies on manufacturing R&D efficiency

In Model I, the coefficient of the government’s direct subsidy variable (Gov) is positive
but not significant, indicating that it has an insignificant positive effect on the R&D efficiency
of China’s manufacturing industry. After a two-year lag, however, the variable (Gov (t-2))
starts to exerts a significant effect (see Model I in Table 3). This shows that the government’s
direct subsidies have a greater impact on the long-term R&D efficiency of the manufacturing
industry than the current period. In terms of other explanatory variables, personnel input
has an insignificant positive effect, and funding input has an insignificant negative effect. As
for control variables, enterprise scale, innovation level and management capabilities all have
a positive impact, while the ownership structure has a negative impact on manufacturing
R&D efficiency.

(2) The impact of tax incentives on manufacturing R&D efficiency

In Model II, the coefficient of the tax incentive variable (Tax) is positive (see Model II
in Table 3), indicating that it has a significant positive effect on China’s manufacturing R&D
efficiency. What is different from Model I, however, is that this time, personnel input has a
negative impact, while funding input has a positive impact. In terms of control variables,
the enterprise scale and innovation level have a positive effect on the R&D efficiency of
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the manufacturing industry, while the impact of the ownership structure and management
capabilities of the enterprise is not significant.

(3) The impact of government’s direct subsidies and tax incentives on manufacturing
R&D efficiency

In Model III, the government’s direct subsidy (Gov) has an insignificant positive effect,
while the tax incentive variable (Tax) has a significant positive effect. In terms of other
explanatory variables, personnel input has a negative effect, while funding input has a
positive effect. As for control variables, the enterprise scale and innovation level play
a positive role in improving manufacturing R&D efficiency, while the influence of the
ownership structure and management capacities of the enterprise is not significant.

5. Discussion

The government’s direct subsidies and tax incentives are innovation policies commonly
used in countries around the world. From the point of time when innovation is involved,
direct subsidies are prior support policies, and tax incentives are subsequent support
policies. According to the research results of this paper, since the subsequent support
policy can minimize the level of information asymmetry between the government and
the enterprise, it has a stable and significant promotion effect on encouraging enterprises
to increase R&D investment, thus improving the R&D efficiency of enterprises, which is
consistent with the conclusions of Negassi and Sattin [15], and other studies. The following
three issues, however, need to be discussed with regard to prior support policies and other
influencing factors:

(1) The effectiveness of the government’s direct subsidy policies. Regarding prior
support policies, existing research indicates that from the perspective of maximizing social
benefits, the government generally tends to support R&D projects with spillover effects
and long-term value [38], and incorporates long-term preferences into the selection criteria
of funded projects. Therefore, prior support policies are not conducive to promoting the
current R&D efficiency of enterprises, which has been confirmed by the regression results
in this paper. However, existing studies have not provided further “long-term” evidence
for prior support policies, and the conclusion that the government’s direct subsidy lags
behind by two years in the regression results of this article undoubtedly provides further
evidence for this argument.

(2) The existence of the “crowding out effect” of government’s direct subsidies. Many
authors believe that there is a “crowding out effect” in government’s direct subsidies [39],
but the explanation for the possible causes has not been well illustrated yet. According
to the results of this paper, when the government’s direct subsidies are given separately
(Model I), the coefficients of expenditure input indicators in the explanatory variables are
negative and not significant, while when only tax incentives are given (Model II), or both
government’s direct subsidies and tax incentives are given (Model III), the coefficients
of expenditure input indicators are all positive. This shows that there might indeed be a
“crowding out effect” in direct subsidies. One possible reason is that, on the one hand, the
government is far from the technological frontier and cannot effectively monitor the use of
funds granted to enterprises, thus enterprises may divert R&D funds for other purposes,
resulting in a “decrease” in investment in R&D funds; on the other hand, as a means of
coping with market competition, companies will have reasonable R&D expenditure input
expectations. After obtaining government’s subsidies, the company will transfer some of
the originally planned R&D funds for other uses, thereby objectively leading to a “crowding
out effect”.

(3) The influence mechanism of enterprise ownership and management ability. A
previous study found that the effect of government support is affected by enterprise
ownership and management capacity (Xiao & Lin, 2014), but did not further elaborate
on its possible influencing mechanism. In the regression results of this paper, when
the enterprise enjoys the government’s direct subsidy alone, the management ability is
significantly positively correlated, while the ownership structure is significantly negatively
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correlated. This may be because after the enterprise’s direct subsidy, due to information
asymmetry, it is difficult for the government to regulate the use of subsidy funds. At this
time, enterprises with strong management ability are more likely to strictly implement
the purpose of government funding. When the proportion of state-owned enterprises is
higher, that is, the contribution of state-owned enterprises to R&D innovation efficiency is
negative, which is consistent with the conclusion of Xiao et al. [6].

6. Conclusions and Policy Implications

This article uses the relevant data of China’s manufacturing industry from 2009 to 2015
to study the impact of government’s direct subsidies and tax incentives on R&D efficiency,
and draws the following conclusions:

(1) The R&D efficiency of China’s manufacturing industry is generally on the rise, and
the R&D efficiency of emerging industries is significantly higher than that of traditional
industries. During the study period, despite the overall low R&D efficiency of China’s
manufacturing industry, the trend has been steadily improving, with an average annual
growth rate of 8.3%. In terms of industries, the gap in R&D efficiency between industries is
relatively large. Emerging industries such as communication equipment manufacturing,
electrical machinery manufacturing, and pharmaceutical manufacturing have significantly
higher R&D efficiencies than traditional manufacturing industries such as tobacco manufac-
turing, food manufacturing, fur and textiles manufacturing, and petroleum processing and
manufacturing. The R&D efficiency of communications equipment manufacturing industry
is four times that of the tobacco manufacturing industry in China. On one hand, this shows
the current imbalance in the development of China’s manufacturing industry. On the
other hand, it also indirectly shows that the Chinese government’s policies to support the
innovation and development of emerging industries are effective.

(2) Tax preferences can effectively promote the efficiency of R&D in China’s manufac-
turing industry, and direct subsidies have no significant effect on the current R&D efficiency.
From the perspective of regression results, tax preferences have always played a significant
role in promoting the R&D efficiency of China’s manufacturing industry, whether it is a
separate tax preference given to enterprises or a combination of direct government funding
subsidies. This is mainly due to the fact that the post funding method effectively eliminates
the information asymmetry between the government and enterprises on the one hand, and
prevents enterprises from misappropriating funds for other purposes. On the other hand,
the scale of tax preferences is positively related to the scale of enterprise R&D investment.
The more enterprises invest, the more tax preferences they can obtain. Therefore, the scale
of tax preferences directly reflects the scale of enterprises’ R&D investment. Under the
premise of a certain technological and economic paradigm, high R&D investment may
bring high R&D output, and the efficiency of enterprise R&D will be improved. However,
when the direct government subsidies are given to enterprise separately, although it has a
promoting effect in the current period, it is not significant. When it is delayed for two years,
it starts to show a significant positive role, indicating that the direct government subsidies
are not conducive to the improvement of the current R&D efficiency, but will play a positive
role in the long-term R&D efficiency. The main reason for this is that the direct fund
subsidies belong to prior investment, and there will be a certain time delay from subsidy
to R&D output. At the same time, there is also a certain relationship with the long-term
preference of the government, because the government tends to subsidize those enterprises
in the forefront of the industry, and these enterprises have strong uncertainty and greater
risk in their development. High subsidies may not lead to high output in the current period,
but may have a positive impact on later research and development production.

(3) The influence of enterprise scale, innovation level, ownership structure, and man-
agement ability on R&D efficiency is related to the form of government support. According
to the regression results, no matter the support method adopted by the government, enter-
prise scale and innovation level have a significant positive impact on the R&D efficiency of
China’s manufacturing industry. The reason for this is consistent with the existing research
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conclusions, that is, the larger the enterprise scale, the stronger the input capacity. The
higher the level of innovation, the stronger the absorption capacity. However, the man-
agement ability was positively correlated only when the government gives direct financial
fund subsidies to enterprises, and the ownership structure was significantly negatively
correlated, while in the rest of the subsidy programs, the two are not significant. The reason
for this is mainly related to the timing of government subsidies. Due to the information
asymmetry between the government and enterprises, it is difficult to regulate the use of
funds in advance subsidies. Enterprises with strong management ability are more likely
to use subsidies according to the requirements of the government. The higher the pro-
portion of state-owned enterprises, the higher the degree of technical inefficiency, which
is consistent with the conclusion of Xiao et al. (2014). For ex post subsidies or ex post
combined subsidies, the “information gap” between the government and the enterprise will
be filled to the maximum extent, and the government subsidy funds will be mainly used
for enterprise research and development, thus the two variables of management ability and
ownership are not significant.

Based on the above findings, this study puts forward the following policy implications:
(1) The government should further clarify the basic research attributes of direct subsi-

dies. At present, almost all prefecture-level and above-level governments and functional
departments in China have set up various R&D funding support projects, covering a wide
range of fields such as basic research, applied research, and experimental development.
However, from the empirical results, government’s direct subsidies are not conducive
to improving the R&D efficiency of enterprises in the current period, and even cause a
“crowding out effect”. Based on this, the government should reposition the scope of its
R&D funding support, and clearly define it as a basic research field with spillover effects
and long-term technological progress, so that it can focus on funding for the improvement
of the basic research level.

(2) The government should further optimize preferential taxation support policies
for R&D. High investment in R&D funds is an important basis for obtaining high R&D
efficiency. How to encourage enterprises to increase R&D investment through policies has
always been a concern of the government. From the empirical results, tax incentives have
a stable and significant role in promoting the R&D efficiency of China’s manufacturing
industry. According to the current tax incentive policies for R&D in China, enterprises
are allowed to deduct pre-tax according to 175% of the investment in R&D. Inclusive tax
incentives may induce companies to inflate R&D expenses and take tax breaks, thereby
weakening the incentive effect of the policy. Therefore, the current policy should be further
optimized. First, the progressive preferential tax rate should be designed according to the
“base + increment” method. Second, different tax reduction ratios should be set according to
enterprises of different scales and innovation levels. Overall, they should be tilted towards
SMEs and emerging industries, so as to maximize the incentive effect of tax incentives
on corporate R&D investment. Third, the government’s direct subsidies should be tilted
toward companies that receive tax incentives to obtain the complementary effect between
these two.

Of course, there are still areas for improvement in this article. First, in the efficiency
calculation, although the number of invention patent applications is an output indicator
widely used by scholars, not all R&D of enterprises is embodied in the form of invention
patents, especially in some traditional manufacturing enterprises, the R&D results of which
may be represented in the form of new products. Therefore, the selection of the number of
invention patent applications in this article will undoubtedly lead to the underestimation
of the R&D efficiency of the manufacturing industry, which may have an impact on the
regression results. Second, although macro data help to discover the effect of government’s
support policies on the industry as a whole, due to the lack of micro data support, the
universality of the conclusion needs to be further verified, especially for China’s large
manufacturing industry.
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