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Abstract: Innovation is a necessary guarantee for the long-term survival of an enterprise, and
Research and Development (R&D) is the source of enterprise innovation. In the situation where the
government is comprehensively promoting the strategy of manufacturing power and digital China, it
is becoming increasingly important for manufacturing enterprises to stimulate enterprise innovation
through digital transformation. At the same time, the innovation achievements of enterprises are
inseparable from its R&D activities. Therefore, the purpose of this paper is to explore the influence
mechanism of digital transformation on process innovation performance and product innovation
performance of manufacturing enterprises. In this process, this paper puts exploratory R&D capability
and exploitative R&D capability as mediating variables into the above research framework. The
results show that digital transformation directly promotes the process innovation performance and
product innovation performance of manufacturing enterprises. Moreover, the two types of R&D
capabilities play the same mediating role in the process of digital transformation boosting enterprise
innovation performance, but their indirect mechanisms are different. The above conclusions remain
valid after the robustness test. In addition, the heterogeneity test results show that the promotional
effect of digital transformation on the innovation performance of manufacturing enterprises has
sectoral differences. Only the digital transformation of the mechanical equipment manufacturing
sector has a positive effect on two types of innovation performance. In general, the higher the
technology content of an enterprises is, the more obviously the digital transformation affects its
innovation performance. The above findings have contributed to revealing the specific role and
practical significance of Chinese manufacturing enterprises in improving innovation performance
based on digital transformation.

Keywords: digital transformation; innovation performance; R&D capability; parallel mediation
model; manufacturing enterprises

1. Introduction

At present, the revolution in science and technology dominated by digital technology
is accelerating the digital transformation of people’s social life and modes of production.
This provides a prerequisite for promoting China’s economic transformation and the
transformation of new and old kinetic energy. The “White Paper on the Development
of China’s Digital Economy (2021)” issued by the China Academy of Information and
Communications Technology shows that, from 2005 to 2020, the proportion of China’s
digital economy in Gross Domestic Product (GDP) increased from 14.2% to 38.6%. In 2020,
despite the effects of COVID-19, China’s digital economy maintained a growth rate of 9.7%,
which far outclassed the growth rate of nominal GDP in the corresponding year. With the
prominence of the importance of the digital economy, digital transformation has turned
into an essential engine to drive the sustained and steady growth of the national economy.

Scholars have carried out considerable research on enterprise digital transformation
at the micro-level. However, few studies have been carried out on the impact of digital
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transformation on enterprise innovation performance. Existing research on enterprise
digital transformation mainly concentrates on digital transformation and enterprise finan-
cial performance [1,2], digital transformation and enterprise product development [3,4],
digital transformation and enterprise management or decision-making [5,6], and digital
transformation and enterprise supply chains [7–9].

The research on the relationship between enterprise innovation performance and
enterprise dimensions mainly includes: the impact of enterprise performance in the capital
market on enterprise innovation performance [10,11], for example, Fang et al. focused on
the relationship between stock liquidity and corporate innovation, and concluded that
the two are negatively correlated; the impact of enterprise scale and various financial
performance indicators on enterprise innovation performance [12,13], in which Joana and
João proposed that there is a positive correlation between enterprise scale and enterprise
innovation, but when it comes to the process innovation tendency and product innovation
tendency, it shows effect of heterogeneity; the impact of the characteristics of enterprise
management on enterprise innovation performance [14,15], for example, Khan focused
on the relationship between female executives and enterprise innovation, and drew the
conclusion that the proportion of female executives is negatively correlated with enterprise
innovation investment; the impact of the nature of enterprise equity on enterprise inno-
vation performance [16,17], for example, Czarnitzki and Kraft focused on the relationship
between the degree of equity dispersion and enterprise innovation, and concluded that the
higher the degree of equity dispersion, the higher the level of enterprise innovation.

In addition, enterprise innovation is a dynamic process, which involves process inno-
vation and outcome innovation [18]. Process innovation plays a supporting and decisive
role in outcome innovation, and it is the forerunner of outcome innovation. However,
most scholars usually regard innovation as a whole when analyzing enterprise innovation,
without distinguishing the two, or only focus on the outcome innovation represented
by product innovation. They usually ignore the process innovation that can reflect the
long-term development potential of the enterprise [19].

In the few studies on the impact of digital transformation on enterprise innovation
performance, they mainly focus on the direct relationship between them and the influence
of external factors. For example, Luo et al. [20] explored the relationship between digital
transformation and innovation performance through fixed-effect regression, and they
found that digital transformation enhanced the advantages of enterprises in developing key
organizational capabilities. Ferreira et al. [21] discussed the relationship between digital
transformation and innovation performance based on a binary regression model, and found
that digital transformation enhanced the advantages of adapting to uncertain environments.
Marion et al. [22] explored the relationship between digital transformation and enterprise
product innovation performance based on a multiple regression model, and concluded that
digital transformation helps enterprises form modular product development architecture.
Wang et al. [23] and Chen et al. [24], respectively, found that the external competition
intensity faced by enterprises and external market orientation positively moderated the
relationship between digital transformation and enterprise product innovation performance
through structural equation modeling. It can be seen that the above research only considers
the impact of digital transformation on innovation performance from the perspective of
direct impact and external factors, and does not discuss the internal influencing factors
of enterprises.

Therefore, to clarify the impact path of digital transformation on innovation perfor-
mance, this paper focuses on manufacturing enterprises to analyze the direct impact of
digital transformation on manufacturing innovation performance. At the same time, this
paper incorporates Research and development (R&D) capability into the research frame-
work to explore the mediating role of R&D capability. In order to further analyze the role
of different R&D capabilities, this paper divides R&D capability into exploitative R&D
capability and exploratory R&D capability. In addition, from the perspective of innovation
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content, the enterprise innovation performance is classified into process innovation and
product innovation.

Compared with the existing literature, this paper has the following academic contri-
butions. First, in terms of research perspective, this paper takes digital transformation as
the starting point to explore its impact on enterprise innovation, and puts two forms of
enterprise R&D within the framework of digital transformation and enterprise innovation
performance analysis. This broadens the research perspective of enterprise digital transfor-
mation. Second, in terms of research content, this paper takes manufacturing enterprises
as the research object, and uses text analysis as the main data collection method. In the
variable setting, and with the digital transformation as an independent variable, enter-
prise innovation performance as a dependent variable, enterprise R&D as an intermediary
variable, the parallel mediation model is used to analyze the relationship between the
three. Third, in terms of practical significance, this paper confirms the fact that digital
transformation contributes to the innovation and development of enterprises, tests the
heterogeneous intermediary role of exploratory R&D and exploitative R&D in the above
process, and reveals the sectoral differences of digital transformation affecting enterprise
innovation by segmenting manufacturing enterprises.

The arrangement below is as follows. The Section 2 theoretically deduces the rela-
tionship among digital transformation, R&D capability, and innovation performance. It
also puts forward the corresponding hypothesis of this paper. The Section 3 describes the
parallel mediation model structure, related variables, and data sources. The Section 4 shows
the process and results of empirical research. The Section 5 summarizes the conclusions
found from the results and gives corresponding policy recommendations.

2. Theoretical Review and Research Hypotheses
2.1. Digital Transformation and Enterprise Innovation Performance

Digital transformation is a process of dynamic transformation. The process aims to
introduce digital technology into enterprise to drive operational and business model change
while optimizing production and management. Based on digital technology, a large amount
of information input is conducive to the exchange and sharing of information, knowledge,
and resources among subjects. This provides more possibilities for enterprise innovation
activities. For one thing, the redesign, integration, and upgrading of the production
process by digital technology can modularize the original production process. This brings
high utilization and high efficiency production processes to enterprises so as to optimize
business processes and promote enterprise process innovation. For another thing, the
information platform based on digital technology relieves the information asymmetry
between enterprises and departments. It stimulates the creativity of enterprise product
development and accelerates product iteration, thereby promoting the product innovation
of enterprises.

With regard to the research on digitization and enterprise process innovation per-
formance, scholars have discovered that manufacturing enterprises can strengthen the
automation of data acquisition and data processing by using digital technology. It can
also optimize production processes and methods, thereby accelerating production process
innovation and reducing the production cost of enterprises. For example, Herzog et al. [25]
believed that the intelligent sensor technology to be integrated with production planning
and control systems of enterprises can optimize the process flow of enterprises, bring high-
quality production chains to enterprises, and reduce the production cost of enterprises.
Hakanen and Rajala [26] found that IOT material intelligence with digital features can
effectively track objects and items with specific attributes. This finding makes it possible to
introduce artificial intelligence technology into enterprise production processes, and bring
intelligent production lines to enterprises. Fu et al. [27] believe that digital transformation
has prompted enterprises to actively adopt sensors and wireless technologies to trap all
kinds of data in the production process. These production data will be uploaded to intelli-
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gent devices for analysis to guide production. Therefore, this will bring more advanced
production processes to enterprises.

Regarding research on digitization and enterprise product innovation performance,
scholars considered that digital technology mainly promotes information collection, in-
formation mining, information utilization, and information sharing in the product design
departments of enterprises. This improves the output of enterprise product innovation
and enables enterprises to obtain new benefit. For example, Anandhi [28] and Chen [24]
believe that, through digital transformation, enterprise innovation activities are no longer
restricted by geographical space. It improves the efficiency of technical information sharing
of product design teams, which helps to promote enterprise product innovation perfor-
mance. He et al. [29] pointed out that under the background of digital transformation,
enterprises that introduce relevant digital technologies can fully tap into the needs of
consumers, obtain more complete user portraits, and encourage enterprises to produce
new products that are richer and more in line with user needs. Li et al. [30] and Charlie
et al. [31] believe that digital technologies led by digital transformation can help product
designers improve their knowledge acquisition ability, expand the breadth of knowledge
acquisition, enhance the exploration knowledge association rate, and increase product
innovation output. On account of the aforementioned viewpoints, this paper puts forward
the following two hypotheses:

Hypothesis 1 (H1a). Digital transformation has a positive effect on the process innovation
performance of manufacturing enterprises.

Hypothesis 1 (H1b). Digital transformation has a positive effect on the product innovation
performance of manufacturing enterprises.

2.2. Digital Transformation and R&D Capability

In order to achieve digital transformation, enterprises put some digital resources
into the R&D process. Since digital technology has the characteristics of information
mining, multi-dimensional transformation, and low cost, it has a great impact on the
R&D capability of enterprises. When looking at the relevant research, enterprise R&D
can be classified into exploratory R&D and exploitative R&D. Exploratory R&D generally
includes developing new knowledge or replacing existing content in an enterprise’s R&D
department [32–34], and usually requires enterprises to constantly learn new knowledge,
carry out new experiments, develop new products, and design new marketing models [35].
Therefore, exploratory R&D often entails high risk, high input, low return, and low output
in the short term, which is related to the high autonomy behavior and long-term input of
enterprises [36]. On the flip side, exploitative R&D refers to further learning according
to existing knowledge, that is, to utilize and redevelop existing knowledge [37,38]. In
contrast to exploratory R&D, exploitative R&D requires enterprises to pay more attention
to excavating the knowledge and capabilities that the current enterprise already have, and
through this requirement, to improve their decision-making mechanisms so as to maximize
their profits. Therefore, exploitative R&D is often accompanied by low risk, stable returns,
better control, and higher efficiency, which can bring better results to enterprises in the
short term [39].

The impact mechanism of enterprise digital transformation on two types of R&D is
different. For exploratory R&D capability, scholars believe that digital technology can
improve the ability of enterprises to explore new knowledge for creative R&D mainly
through efficient knowledge acquisition, deeper knowledge interpretation, and multi-
dimensional external knowledge transformation [22,40]. As for the exploitative R&D
capability, digital technology mainly conducts incremental learning on existing knowledge
by strengthening the internal refinement of knowledge. It also encourages enterprises
to dig deeper into the internal relationship between knowledge, and greatly improve
enterprises’ R&D capability based on existing knowledge in a short time [41]. Although
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digital transformation can promote two types of R&D capabilities in different ways, in the
previous term of digital transformation, enterprises make different resource investments in
the two types of R&D capabilities. Owing to the characteristics of great efficiency and low
cost of exploitative activities, enterprise managers are more inclined to improve corporate
profits through exploitative R&D capabilities. Robert [42] believes that in the previous
term of enterprise digital transformation, enterprise managers have a tendency to use
digital tools to improve enterprise performance in the short term. This tendency requires
managers to promote the ability of exploitative R&D to achieve good digital transformation
results in the short term. Similarly, Xiao [43] believes that learning existing knowledge
and skills has the advantages of a short cycle and low cost, which helps enterprises to
improve their R&D capabilities in the short term. At the moment, there are few digital
suppliers with independent manufacturing capabilities in China. In the reality of high
transformation costs, most manufacturing enterprises are still unable to afford huge digital
transformation costs. Therefore, compared with the financial industry and retail industry,
most manufacturing enterprises in China have a low level of digitalization and still remain
in the previous term of digital transformation. Based on the above, this paper puts forward
the following hypotheses:

Hypothesis 2 (H2a). Digital transformation inhibits the exploratory R&D capability of manufac-
turing enterprises.

Hypothesis 2 (H2b). Digital transformation promotes the exploitative R&D capability of manu-
facturing enterprises.

2.3. The Mediating Effect of R&D Capability

R&D capability is a key factor affecting enterprise innovation performance [44,45].
Based on the existing literature, it has been found that exploratory R&D capability and
exploitative R&D capability have diverse influence on enterprise innovation performance.
For one thing, from the perspective of limited resources, Levinthal and March [46] found
that while enterprises put substantial resources into exploitative R&D to ensure the current
competitive advantage, they also need to put more resources into exploratory R&D to
ensure the future competitive advantage of enterprises. However, due to the constraints
of resource allocation, it is difficult for enterprises to take into account both exploratory
R&D and exploitative R&D. On the other hand, from the perspective of the interaction
between two mechanisms, Kane [47] believes that the continuous learning of existing
knowledge will lead to the homogenization of the knowledge in the R&D department
of the enterprise, and this will lead to stagnation over time. Therefore, in the context of
digital transformation, the effect of enterprise exploitative R&D capabilities on enterprise
innovation performance is manifested in the improvement of short-term innovation results
and the reduction of long-term innovation results. Although the impact of exploratory
R&D capability on the innovation results of enterprises is not ideal in the short term, in
the long run, the continuous introduction of fresh knowledge and internal transformation
of enterprises is conducive to breaking the knowledge development stagnation zone of
R&D using existing knowledge and to finally achieving the improvement of innovation
results. It is obvious that exploratory R&D capability helps enterprises gain a competitive
advantage in the long term, while exploitative R&D capability can stimulate enterprises to
achieve peak performance in the short term. However, since enterprises cannot carry out
only one form of R&D activity, how to balance exploratory R&D capability and exploitative
R&D capability has become a common problem faced by enterprises in the early stages of
digital transformation.

Smith and Lewis [48] found that in the process of enterprise digital transformation, the
unbalanced growth of R&D capabilities led to the emergence of the digital paradox, which
is manifested in the fact that the investment of enterprises in the field of digital technology
has no positive impact on the growth of enterprise performance [49]. Specific to digital
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transformation and enterprise innovation performance, it has been shown that enterprise
digital transformation will cause a drop in enterprise innovation performance instead
of an increase [50]. Since the digital paradox was proposed, it has attracted extensive
attention and follow-up research in the academic community. This paper proposes, on
the one hand, in the early digital transformation, that enterprise managers will face the
pressure of digital transformation. They are more inclined to adopt exploitative R&D to
accelerate transformation, so they invest few resources in exploratory innovation. However,
due to the long time frame and uncertainty involved in the transformation of exploratory
R&D into enterprise innovation performance, it will lead to the failure of enterprises
in improving their innovation performance through exploratory R&D in the short term.
Therefore, the enterprises’ R&D tendencies avoid the high risk of exploratory R&D, which
is beneficial to the improvement of enterprise innovation performance. On the other hand,
due to the importance that enterprises attach to the exploitative R&D capability and its
tendency to bring easier success in the short term, enterprises can improve their innovation
performance through exploitative R&D in the short term. With the gradual deepening
of the digital transformation, the results of exploitative R&D will stagnate. If enterprises
do not immediately adjust the resource input of the two types of R&D, they will face
the problem of the digital paradox. According to the above viewpoints, the following
hypothesis are made:

Hypothesis 3 (H3a). Exploratory R&D capability plays a mediating role in the process of digital
transformation affecting the process innovation performance and product innovation performance of
manufacturing enterprises.

Hypothesis 3 (H3b). The mediating effect of exploratory R&D capability is embodied in that it
will reduce two kinds of innovation performance of manufacturing enterprises.

Hypothesis 4 (H4a). Exploitative R&D capability plays a mediating role in the process of digital
transformation affecting the process innovation performance and product innovation performance of
manufacturing enterprises.

Hypothesis 4 (H4b). The mediating effect of exploitative R&D capability is embodied in that it
will promote two innovation performances of manufacturing enterprises.

3. Research Design Variable Description
3.1. Model Design

Based on the parallel mediation model of two mediating variables, this study mainly
examines: (1) the direct impact of digital transformation on the process innovation perfor-
mance and product innovation performance of manufacturing enterprises; (2) the direct
impact of digital transformation on the exploratory and exploitative R&D capabilities of
manufacturing enterprises; and (3) the mediating effect of exploratory R&D capability
and exploitative R&D capability in the process of digital transformation influencing the
process innovation performance and product innovation performance of manufacturing
enterprises. Using the research methods of references Xie et al. [51] and Braun et al. [52],
the theoretical model of this study is shown in Figure 1.

The corresponding regression equations are as follows:

(1) The direct impact of digital transformation on process innovation performance and
product innovation performance:

Proc = a1 × Dig + c1i × zi + e1, {i = 1 . . . 7} (1)

Prod = a2 × Dig + c2i × zi + e2, {i = 1 . . . 7} (2)
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(2) The direct impact of digital transformation on exploratory R&D capability and ex-
ploitative R&D capability:

Explor = a3 × Digital + c3i × zi + e3, {i = 1 . . . 7} (3)

Exploi = a4 × Digital + c4i × zi + e4, {i = 1 . . . 7} (4)

(3) The mediating effect of exploratory R&D capability and exploitative R&D capability:

Proc = b1 × Explor + b2 × Exploi + d× Dig + c5i × zi + e5, {i = 1 . . . 7} (5)

Prod = b3 × Explor + b4 × Exploi + d× Dig + c6i × zi + e5, {i = 1 . . . 7} (6)
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Among them, “Explor”, “Exploi”, “Dig”, “Prod”, and “Proc”, respectively, repre-
sent the exploratory R&D capability, exploitative R&D capability, digital transformation
of manufacturing enterprises, product innovation performance, and process innovation
performance. zi indicates a round of control variables.

When conducting the mediation effect test based on the bootstrap sampling method,
a3 ∗ b1\3, a4 ∗ b2\4, a3 ∗ b1\3 + a4 ∗ b2\4, respectively, represent the mediating effect of ex-
ploratory R&D capability, the mediating effect of exploitative R&D capability, and the total
mediating effect of the two types of capabilities. d, d + a3 ∗ b1\3 + a4 ∗ b2\4, respectively,
represent the direct effect of digital transformation on enterprise innovation performance
and the total effect of digital transformation on enterprise innovation performance through
intermediary variables. The parallel mediation effect test can be classified into three steps:
the first step tests the significance of the coefficient when the mediating variable is used as
the outcome variable; the second step uses the bootstrap method to test whether the individ-
ual mediating effect and the total mediating effect a3 ∗ b1\3, a4 ∗ b2\4, a3 ∗ b1\3 + a4 ∗ b2\4
are significant; the third step uses the process macro developed by Hayes to test whether
the total effect d + a3 ∗ b1\3 + a4 ∗ b2\4 is significant.

3.2. Variable Description

(1) Explanatory variable: Digital transformation degree of digital transformation of man-
ufacturing enterprises. The annual report of an enterprise is an essential presentation
of the enterprise’s development progress and strategic orientation. Therefore, this
paper selects the frequency of keywords for digital transformation in annual reports
of listed companies as the measurement index of this variable. Based on the research
of Wu [53] and other scholars, the word frequency counting method identifies the
keywords of the text of the annual report of enterprises from the 80 subdivision
indicators in five aspects of artificial intelligence technology (artificial intelligence,
machine learning, image understanding . . . ), blockchain technology (digital currency,
smart contracts, distributed computing . . . ), cloud computing technology (memory
computing, cloud computing, stream computing . . . ), big data technology (big data,
data mining, text mining . . . ), and digital technology application (mobile internet,
industrial internet, mobile payment . . . ). Subsequently, the proxy indicators related
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to the digital transformation of enterprises are obtained by accumulating the word
frequency of these keywords.

(2) Intermediary variables: Exploratory R&D capability and exploitative R&D capability
of manufacturing enterprises. Using Ning [54] for reference, this study selects the
proportion of exploratory R&D patents and exploitative R&D patents in all patents
of enterprises as the measurement indicators of the two types of R&D capabilities.
According to the proposal of Sørensen and Stuart [55], Benner and Tushman [56], and
Custodio et al. [57], whether a patent is an exploratory patent or an exploitative patent
is mainly defined by the degree to which the patent uses existing knowledge or new
knowledge. If more than 60% of the IPC4 classification numbers cited by a patent are
different from the IPC4 classification numbers of existing company patents, it can be
considered that the patent uses at least 60% of the new knowledge, and the patent
is identified as an exploratory patent. If more than 60% of the IPC4 classification
numbers cited by a patent are the same as the IPC4 classification numbers of existing
company patents, it can be considered that the patent uses at least 60% of the existing
knowledge, and the patent is considered to be an exploitative patent. Therefore, this
study uses 60% of new knowledge as the critical value of exploratory R&D patents
and exploitative R&D patents to obtain the measurement indicators of two types of
R&D capabilities of each enterprise.

(3) Explained variables. The explained variables in this study are the process innova-
tion performance and product innovation performance of manufacturing enterprises.
Considering that most scholars measure the innovation performance of enterprises
by using the number of patent applications [58–60], this study selects the number
of process innovation patents and product innovation patents of enterprises as the
measurement indicators of the two types of innovation performance. Bena and
Simintzi [61] proposed the measurement standard for enterprise process innovation
patents and product innovation patents. Therefore, this paper mainly distinguishes
process patents and product patents according to the patent name, which is based
on the standardized language format used by enterprises when applying for patent
names. For example, process innovation patents are usually described as “a method
of . . . ” or “a process of . . . ”. In March 2013, Shenzhen Municipal Engineering
Corporation of Shenzhen, China applied for a patent entitled “method for determina-
tion of coarse aggregate interstitial ratio”; in April 2019, Hunan Zhongke Shinzoom
Technology Co., Ltd. of Changsha, China applied for a patent named “an elastic
carbon material coating structure and coating process”. These are examples of typical
process innovation patents. Compared with process innovation patents, the language
formats used for the names of product innovation patents have the performance of
variable language formats and a lower degree of standardization. Generally, on the
basis of fixed language formats such as “a kind of . . . equipment” or “a kind of . . .
device”, the name or attribute of the product will be directly used as the patent name.
In October 2017, Shenzhen Municipal Engineering Corporation of Shenzhen, China
applied for a patent named “a hammer-type gravel equipment”; in April 2021, Anhui
Guoxing biochemistry Co., Ltd. of Maanshan, China applied for a patent entitled “a
treatment device for acetaldehyde containing wastewater”; in March 2018, Shenzhen
Skyworth Digital technology Co., Ltd. of Shenzhen, China applied for a patent named
“a lighting control device and set-top box”, which are all typical examples of product
innovation patents. Since process innovation patents are easier to judge than product
innovation patents, this study first extracts the process innovation patents of Chinese
manufacturing enterprises from the text information of Chinese invention and utility
model patents, according to the method proposed by Bena and Molina [62]. After
that, the remaining invention and utility model patents after extraction are taken as
the product innovation patents of the enterprise.

(4) Control variables. Referring to the practices of Chi et al. [63], the control variables
chosen in this study include ownership concentration, chair–CEO duality, ownership
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type, debt–asset ratio, stock turnover ratio, audit opinion, and executive gender. The
definitions of relevant variables are shown in Table 1.

Table 1. Variable definitions.

Variable Type Variable Name Variable Symbol Variable Definition

Explanatory variable Digital transformation Dig

The natural logarithm of word frequency count
of keywords related to digital transformation
in the annual report of the enterprise in the

current year

Mediating variable

Exploratory R&D Capability Explor
The proportion of patents that use at least 60%
new knowledge in all patents applied for by

the enterprise this year

Exploitative R&D Capabilities Exploi
The proportion of patents that use at least 60%
existing knowledge in the patents applied for

by the enterprise this year

Explained variable

Process innovation Proc
The natural logarithm of the total number of
process innovation patent applications of the

enterprise in the current year

Product Innovation Prod
The natural logarithm of the total number of
product innovation patent applications of the

enterprise in the current year

Control variable

Ownership concentration OC Shareholding ratio of the largest shareholder of
the enterprise in the current year

Chair–CEO duality Dual
It is 1 when the chairman and general manager

of the company are concurrently held;
otherwise, it is 0

Ownership type OW
The nature of the enterprise’s equity, i.e.,

state-owned enterprise, private enterprise,
foreign investment, or other

Debt–asset ratio DAR Total liabilities at the end of the period/total
assets at the end of the period

Stock turnover ratio TR The average daily turnover rate of tradable
shares of the enterprise in the current year

Audit opinion Audit It is 0 when the audit department issues the
standard without reservation; otherwise, it is 1

Executive gender Gender The proportion of men in the
enterprise’s management

3.3. Data Source

This study selects A-share manufacturing enterprises in the Shanghai and Shenzhen
stock markets as the research samples to explore the impact of digital transformation
of manufacturing enterprises on enterprise innovation performance. Referring to the
description of the division of the development stages of China’s digital economy in the
article “Review and Prospect of China’s Digital Economy Development” on people.com
(accessed on 16 August 2018), which points out that after the quantity of mobile netizens in
the whole society became large-scale in 2013, China’s digital economy has entered a new
phase of rapid development. Therefore, this study selects 2013–2020 as the time interval
of the research sample. The subdivided text indicators, enterprise patent text information,
and various control variables of enterprise digital transformation come from the CSMAR
database, and the two types of enterprise R&D capability indicators are mainly from the
WinGo financial data platform. In terms of data screening, the collected index data were
matched according to the securities code of listed companies and the year in which they
are located. Then we eliminated the missing values of the sample data, and deleted the
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enterprise data with the total number of years less than four years, so as to achieve the
purpose of data cleaning. Finally, 4009 enterprise-level data points were retained. The
specific descriptive statistics are revealed in Table 2.

Table 2. Descriptive statistics.

Type Variable Symbol Variable Name Mean Sd Min Max

Explanatory variable Dig Digital transformation 13.14 23.41 1 388

Mediating variable Explor Exploratory R&D capability 0.23 0.39 0 1
Exploi Exploitative R&D capability 0.58 0.40 0 1

Explained variable Proc Process innovation 33.95 196.21 0 4458
Prod Product Innovation 69.46 342.88 0 9588

Control variable

OC Ownership concentration 0.35 0.15 0.03 0.89
Dual Chair–CEO duality 0.34 0.47 0 1
DAR Ownership type 0.41 0.20 0.01 3.17
TR Debt–asset ratio 6.72 5.66 0.00038 43.08

Audit Stock turnover ratio 0.02 0.13 0 1
Gender Audit opinion 0.81 0.11 0.36 1

4. Empirical Analysis
4.1. Results of Regression Analysis

In order to verify the relationship between digital transformation, the two types of
R&D capabilities, and the innovation performance of manufacturing enterprises, this study
examines the direct impact of digital transformation on the innovation performance of
manufacturing enterprises, the direct impact of digital transformation on the two types
of R&D capabilities of manufacturing enterprises, and the intermediary effect of the two
types of R&D capabilities. The specific examination results are shown in Table 3. Among
them, model (1) and model (2) use process innovation performance and product innovation
performance as explained variables, mainly to test the direct impact of digital transfor-
mation on two types of innovation performance of manufacturing enterprises; model (3)
and model (4) take the mediating variable exploratory R&D capability and exploitative
R&D capability as the outcome variables to test the impact of digital transformation on
the two types of R&D capability of manufacturing enterprises, which is the premise of the
mediating effect test [51,52]; while model (5) and model (6) add mediating variables to the
explanatory variables, and test the mediating effect of the two types of R&D capabilities
with process innovation and product innovation as explained variables.

The results show the following: (1) The digital transformation of enterprises has a pos-
itive effect on both process innovation performance and product innovation performance,
indicating that the digital transformation of manufacturing enterprises will improve the
two types of innovation performance of enterprises. Hypotheses H1a and H1b are thus
verified. (2) The digital transformation of manufacturing enterprises has a negative effect
on the exploratory R&D capability of manufacturing enterprises, which indicates that the
digital transformation of Chinese manufacturing enterprises at this stage will reduce the
exploratory R&D capability of enterprises. Upon further investigation, it was found that
digital transformation has a positive impact on the exploitative R&D capability of enter-
prises, indicating that the digital transformation of manufacturing enterprises stimulates
enterprises to develop their exploitative R&D capability. Hypotheses H2a and H2b are
thus verified. (3) The digital transformation of manufacturing enterprises had a significant
indigenous impact on both R&D capabilities of enterprises, so it meets the preconditions
for the analysis of a parallel mediating effect. After adding the explanatory variable of
digital transformation, we found that the exploratory R&D capability of enterprises has
a negative impact on both process innovation performance and product innovation per-
formance, which indicates that the impact of China’s manufacturing enterprises’ digital
transformation strategy on enterprise innovation performance through exploratory R&D
capability is still in the negative stage. (4) After adding the explanatory variable of digital
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transformation, it was found that an enterprise’s exploitative R&D capability positively
affects the enterprise’s process innovation performance and product innovation perfor-
mance, which indicates that the manufacturing enterprise’s digital transformation improves
the enterprise’s process innovation performance and product innovation performance by
developing the enterprise’s exploitative R&D capability.

Table 3. Results of the regression analysis.

(1) (2) (3) (4) (5) (6)

Proc Prod Explor Exploit Proc Prod

Dig 0.103 *** 0.050 ** −0.047 *** 0.050 *** 0.095 *** 0.048 **
(5.01) (2.37) (−6.63) (6.85) (4.77) (2.31)

OC −1.146 *** −0.738 * 0.905 *** −0.824 *** −1.192 *** −0.932 **
(−3.00) (−1.93) (7.01) (−6.15) (−3.18) (−2.48)

DAR 0.309 * 0.360 ** −0.185 *** 0.173 *** 0.290 * 0.352 **
(1.85) (2.12) (−3.19) (2.87) (1.79) (2.12)

Dual 0.019 0.028 −0.032 0.010 0.0004 0.008
(0.32) (0.45) (−1.58) (0.44) (0.01) (0.14)

Gender −0.248 0.380 0.378 *** −0.302 *** −0.295 0.293
(−0.81) (1.21) (3.53) (−2.72) (−0.99) (0.96)

Audit −0.390 *** 0.081 −0.034 0.043 −0.388 *** 0.094
(−3.10) (0.59) (−0.76) (0.94) (−3.19) (0.71)

TR −0.007 ** −0.010 *** 0.003 ** −0.002 * −0.008 ** −0.011 ***
(−1.96) (−2.74) (2.15) (−1.74) (−2.30) (−3.15)

Explor −0.164 *** −0.175 ***
(−12.00) (−12.24)

Exploi 0.270 *** 0.122 **
(5.26) (2.37)

Cons 2.443 *** 2.743 *** −0.210 1.085 *** 2.209 *** 2.683 ***
(5.76) (6.28) (−1.43) (7.11) (5.32) (6.26)

N 3624 3760 3963 3963 3624 3760
t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.

4.2. Indirect Mediation Effect Test Based on the Bootstrap Sampling Method

This study adopted the bootstrap sampling method to test the indirect intermediary
effect of exploratory R&D capability and exploitative R&D capability. The number of
repeated samples was set to 5000 times. The analysis results are shown in Table 4.

The results in Table 4 shows that the direct effect and total effect of digital transforma-
tion on the two types of innovation performance of manufacturing enterprises are positive.
This result further proves that the digital transformation of manufacturing enterprises in
China directly promotes the innovation performance of enterprises. In addition, the total
effect of digital transformation on the two types of innovation performance of enterprises
is greater than the direct effect, which manifests that the two types of R&D capabilities of
enterprises do not have a masking effect on the path of the impact of digital transformation
on the innovation performance of enterprises. Digital transformation has a positive indirect
impact on enterprises through both types of R&D capabilities. The total indirect effects of
the digital transformation of manufacturing enterprises on enterprise process innovation
performance and product innovation performance are 0.0152 and 0.0103, respectively, and
the upper and lower bounds of the bootstrap 95% confidence interval do not contain 0.
Therefore, the original hypothesis that the total indirect effect is 0 is refused, manifesting
that the total indirect effects of the two types of R&D capabilities as intermediary variables
on enterprise innovation performance are significant. This study further examines the
indirect mediating effect of exploratory R&D and exploitative R&D between the digital
transformation of manufacturing enterprises and the two types of innovation performance
of enterprises. The indirect effects of exploitative R&D capability on enterprise digital
transformation in terms of enterprise process innovation performance and product inno-
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vation performance are 0.009 and 0.005, respectively, and the bootstrap 95% confidence
interval does not include 0, indicating that the mediating effect of exploitative R&D capa-
bility on enterprise digital transformation, enterprise process innovation performance, and
product innovation performance is significant. Therefore, hypotheses H3a and H3b are
verified. Similarly, the indirect effects of exploratory R&D capability in terms of enterprise
process innovation performance and product innovation performance are 0.023 and 0.02,
respectively, and the bootstrap 95% confidence interval does not include 0, indicating
that exploratory R&D capability plays a significant intermediary effect between enterprise
digital transformation, enterprise process innovation performance, and product innovation
performance. Therefore, hypotheses H4a and H4b are verified.

Table 4. Test results of the mediating effect.

Type of Effect Effect Value Boot Standard Error
Boot CI

Upper Limit Lower Limit

Process innovation

Direct effect 0.189 0.014 0.161 0.217

Indirect effect (Digital
transformation→Exploratory
R&D→Process innovation)

0.034 0.007 0.020 0.048

Indirect effect (Digital
transformation→Exploitative

R&D→Process innovation)
0.015 0.004 0.006 0.023

Total indirect effect 0.048 0.009 0.031 0.066

Total effect 0.237 0.017 0.204 0.270

Product Innovation

Direct effect 0.119 0.016 0.087 0.151

Indirect effect (Digital
transformation→Exploratory
R&D→Product Innovation)

0.030 0.006 0.018 0.043

Indirect effect (Digital
transformation→Exploitative
R&D→Product Innovation)

0.009 0.003 0.005 0.014

Total indirect effect 0.040 0.007 0.030 0.053

Total effect 0.159 0.018 0.124 0.193

4.3. Sectoral Heterogeneity Analysis

In order to examine the sectoral discrepancies in the innovation performance of
enterprises driven by digital transformation and the sectoral differences in the intermediary
role of R&D capabilities, consulting the study of Chen et al. [64], the samples are divided
into the textile manufacturing sector, the resource processing sector, and the machinery
and equipment manufacturing sector, according to sectoral characteristics, to test the
impact of sectoral characteristics on the innovation performance of enterprises assisted
by digital transformation. Tables 5 and 6 show the regression results. The upper part of
the table reports the benchmark regression results, among which models (1)–(6) report the
benchmark regression results of digital transformation on process innovation performance
and product innovation performance in three sectors, and models (7)–(12) report Benchmark
regression results after adding mediator variables. The lower part of the table shows the
results of the mediation test of the two types of R&D capability.



Sustainability 2022, 14, 10939 13 of 20

Table 5. Heterogeneity test of digital transformation on process innovation performance.

Textile Manufacturing Sector Resource Processing Sector Machinery and Equipment
Manufacturing Sector

(1) (7) (2) (8) (3) (9)

Dig 0.009 −0.018 0.145 *** 0.118 *** 0.092 *** 0.089 ***
(0.14) (−0.27) (3.21) (2.67) (3.60) (3.58)

Explor −0.1381 ** −0.1956 *** −0.161 ***
(−2.55) (−6.10) (−10.06)

Exploi 0.4501 *** 0.2604 ** 0.231 ***
(3.33) (2.29) (3.62)

Cons 1.411 2.222 *** 3.399 *** 2.222 *** 2.410 *** 2.222 ***
(1.09) (4.30) (2.91) (4.30) (4.56) (4.30)

Control variable Yes Yes Yes Yes Yes Yes

Direct effect - 0.134 0.222
(0.064, 0.203) (0.192, 0.253)

Indirect effect
(Dig→Explor→Proc) - 0.023 0.007

(0.0039, 0.042) (0.003, 0.010)
Indirect effect

(Dig→Exploi→Proc) - 0.056 0.019

(0.019, 0.093) (0.002, 0.036)
Total effect - 0.212 0.248

(0.134, 0.29) (0.213, 0.283)

N 398 398 896 896 2612 2612

t statistics in parentheses; ** p < 0.05, *** p < 0.01; bootstrap confidence intervals in parentheses.

Table 6. Heterogeneity test of digital transformation on product innovation performance.

Textile Manufacturing Sector Resource Processing Sector Machinery and Equipment
Manufacturing Sector

(4) (10) (5) (11) (6) (12)

Dig 0.050 0.049 0.054 0.047 0.050 ** 0.048 **
(0.56) (0.54) (0.94) (0.84) (2.08) (2.05)

Exploi 0.102 −0.166 0.175 ***
(0.58) (−1.18) (2.96)

Explor −0.120 −0.185 *** −0.176 ***
(−1.65) (−4.86) (−11.07)

Cons 2.930 *** 2.656 ** 2.026 2.428 * 2.720 *** 2.605 ***
(2.76) (2.44) (1.41) (1.72) (5.43) (5.33)

Control variable Yes Yes Yes Yes Yes Yes

Direct effect - - 0.036
(0.005, 0.067)

Indirect effect
(Dig→Explor→Prod) - - 0.002

(0.0006, 0.005)
Indirect effect

(Dig→Exploi→Prod) - - 0.238

(0.010, 0.037)
Total effect - - 0.062

(0.028, 0.095)

N 403 403 814 814 2828 2828

t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01; bootstrap confidence intervals in parentheses.

According to the results of the benchmark regression, the digital transformation of the
textile manufacturing sector has not had a positive effect on the innovation performance
of enterprises. The digital transformation of the resource processing sector has effectively
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improved the process innovation performance of enterprises, but has not had an effect
on the product innovation performance of enterprises. The digital transformation of
machinery and equipment manufacturing enterprises has had a positive effect on the
process innovation performance and product innovation performance of the enterprise
in the meantime. This shows that there are sectoral discrepancies in the role of digital
transformation in promoting the innovation performance of manufacturing enterprises.
In general, the digital transformation of high-tech manufacturing has a more obvious
role in promoting the innovation performance of enterprises. From the results of the
mediation effect test, under the premise of satisfying the conditions for the analysis of
the parallel mediation effect, the indirect effects of enterprise digital transformation on
the process innovation performance and product innovation performance of enterprises
through exploratory R&D capabilities and exploitative R&D capabilities are both positive,
and the bootstrap confidence interval does not contain zero. Therefore, for enterprises
where digital transformation can play an effective role, there is no sectoral discrepancies
in the direction in which digital transformation affects the innovation performance of
enterprises through the mediating variable of R&D capability. However, the direct effect
and total effect of the digital transformation of machinery and equipment manufacturing
enterprises on the innovation performance of enterprises are greater than those of textile
manufacturing enterprises and resource processing enterprises. Therefore, it can be inferred
that the digital transformation of high-tech manufacturing sectors plays a greater role
in promotion of the innovation performance of these enterprises, and that the digital
transformation of high-tech manufacturing enterprises directly improve their product
output. The effect of optimizing the production process is more obvious.

4.4. Robustness Test

Firstly, this study removes outliers that may affect the results, and then re-estimates
the results. Then, we consider re-estimating the maximum and minimum values of digital
transformation and the two types of innovation performance. Second, drawing on the
method of Song, since the digital transformation degree of the information and communica-
tion industry is significantly higher than that of other manufacturing industries, excluding
the computer communication and other electronic manufacturing industries, the results of
the two types of robustness test methods are shown in Table 7.

Table 7. Robustness test for eliminating outliers.

(1) (2)

Proc Prod Proc Prod Proc Prod Proc Prod

Dig 0.102 *** 0.060 *** 0.094 *** 0.059 *** 0.103 *** 0.047 * 0.098 *** 0.046 *
(5.04) (2.95) (4.76) (2.92) (4.27) (1.91) (4.17) (1.90)

Explor −0.166 *** −0.173 *** −0.165 *** −0.166 ***
(−12.28) (−12.19) (−9.92) (−9.40)

Exploit 0.279 *** 0.144 *** 0.288 *** 0.197 ***
(5.51) (2.84) (4.81) (3.29)

Cons 2.364 *** 2.363 *** 2.119 *** 2.226 *** 2.379 *** 2.467 *** 2.185 *** 2.387 ***
(5.59) (5.58) (5.14) (5.38) (4.20) (4.04) (3.95) (4.00)

Control variable Yes Yes Yes Yes Yes Yes Yes Yes

N 4048 4195 4048 4195 2661 2777 2661 2777

t statistics in parentheses; * p < 0.1, *** p < 0.01.

The regression results show that after removing outliers, the result that digital trans-
formation affects the innovation performance of manufacturing enterprises through R&D
capabilities is still significant, which manifests that the model and regression results in
this study are robust and that the conclusions revealed by the regression results are highly
persuasive and reliable. However, the model may also have endogeneity, which may
lead to “pseudo regression” and other problems. Therefore, this study selects the digital
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transformation with a lag of one phase as an instrumental variable to carry out a two-stage
least squares regression (2SLS). The following Table 8 shows the regression results. The
results show that the instrumental variables do not have weak tools and over-identification
problems, and the instrumental variable regression results are in good agreement with the
benchmark regression results, further indicating that the regression model and results in
this paper have high robustness.

Table 8. Robustness test of the instrumental variable method.

(1) (2) (4) (3) (5) (6)

Proc Prod Explor Exploi Proc Prod

Dig 0.256 *** 0.674 ** −0.086 *** 0.103 *** 0.293 *** 0.791 ***
(2.58) (2.57) (−2.83) (3.10) (2.95) (2.75)

Explor −0.140 *** −0.183 ***
(−8.46) (−10.35)

Exploi 0.142 * −0.109
(1.79) (−0.99)

Control variable Yes Yes Yes Yes Yes Yes

LM statistic p-value 0.000 0.000 0.000 0.000 0.000 0.000
Cragg-Donald Wald 144.11 23.27 165.81 150.54 138.40 20.81

F statistic 16.38 16.38 16.38 16.38 16.38 16.38

N 1909 3699 2084 2084 1909 3699

t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01; F statistic refers to the critical value at the level of 10%
for Stock–Yogo weak recognition.

5. Conclusions and Implications
5.1. Results of Regression Analysis

Using the data of A-share listed manufacturing enterprises in the Shanghai and
Shenzhen stock exchanges from 2013 to 2020, this paper investigates the relationship
between digital transformation and the R&D capability and innovation performance of
manufacturing enterprises, and draws the following conclusions:

The digital transformation of manufacturing enterprises directly improves the process
innovation performance and product innovation performance of enterprises. For one thing,
digital transformation promotes the modularization, automation, and intelligence of the
production process in the production department of enterprises, and brings high-efficiency
production processes and methods to the production department of the enterprises [65].
For another thing, digital transformation promotes the flow of information in the product
design department, expands the breadth of information sources, and expands the depth
of information mining so as to stimulate the creativity of new product development of
enterprises [24,66]. This paper provides empirical evidence for the positive impact of
digital transformation on the process innovation performance and product innovation of
manufacturing enterprises, which means that the deep integration of digital technology
and enterprise manufacturing will accelerate enterprises’ innovative production processes
and improve the output of innovative products.

The digital transformation of manufacturing enterprises inhibits the exploratory R&D
capability of enterprises and promotes the exploitative R&D capability of enterprises. In
the process of digital transformation of manufacturing enterprises, the introduction of
digital technology is conducive to improving the efficiency of internal transformation of
the external knowledge obtained by enterprises. It also helps enterprises with the in-depth
refining of internal stock knowledge [22,40,41]. However, from the empirical results of this
paper, it can be concluded that manufacturing enterprises prefer to adopt digital technology
to improve the exploitative R&D capability. This shows that the managers of manufacturing
enterprises in China are more inclined to adopt the decision-making direction of digital
transformation to promote the exploitative R&D capability.
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Exploratory R&D capabilities and exploitative R&D capabilities play an intermedi-
ary role in the process of digital transformation affecting enterprise process innovation
performance. This role is embodied in that digital transformation promotes the perfor-
mance of enterprise process innovation through both exploratory R&D and exploitative
R&D. Although the results of the mediating effects of the two types of R&D capabilities on
process innovation performance are consistent, the mechanisms of the two are different.
This paper believes that the current management of China’s manufacturing enterprises are
generally facing the pressure of digital transformation. This makes enterprises focus on the
development of exploitative R&D capabilities that can bring more benefit to enterprises
in the short term [42], which will lead to a decline in input in exploratory R&D activi-
ties. For one thing, the digital transformation strengthens the production department’s
in-depth excavation of the existing production processes and methods of the enterprise,
and encourages the enterprise to gain more exploitative R&D activities to stimulate the
enterprise to obtain more process innovative results in the short term. For another thing,
due to the high-risk and short-term low-return nature of exploratory R&D, the pressure of
digital transformation actually helps enterprises avoid the risk of exploratory R&D, which
makes a positive contribution to the process innovation performance of enterprises from
another perspective.

Exploratory R&D capability and exploitative R&D capability also play an intermediary
role in the process of digital transformation affecting the product innovation performance
of enterprises. Since the direction of empirical results of this intermediary role is the same
as that of process innovation performance, this paper argues that the digital transformation
of enterprises impacts on the production department and product design department
of enterprises by changing their exploitative R&D capabilities, while exploratory R&D
capabilities remain consistent.

The above conclusions are discussed from the perspective of direct effect and indirect
effect, respectively. Further comparing the two, this paper finds that the total indirect
effect of digital transformation on the two types of innovation performance of enterprises
through enterprise R&D is much smaller than the direct effect of digital transformation
on the two types of innovation performance of enterprises. This indicates that digital
transformation mainly directly affects the production department and product design
department of enterprises. The digital transformation of Chinese manufacturing enterprises
is still insufficient to drive enterprise innovation by innovating the R&D capabilities of
enterprise R&D departments.

The impact of digital transformation of manufacturing enterprises on enterprise inno-
vation performance has sectoral differences. The difference is embodied by the fact that the
digital transformation of the machinery and equipment manufacturing sector will promote
both process innovation performance and product innovation performance; the digital
transformation of the resource processing sector can only promote process innovation
performance, but has no impact on product innovation performance; while the digital
transformation of the light textile manufacturing sector had no impact on both process
innovation performance and product innovation performance. Generally speaking, with
the increase of manufacturing technology complexity, the driving effect of digital trans-
formation on enterprise innovation performance is more obvious. However, there is no
sectoral difference in R&D capability in the development of digital transformation-driven
enterprise innovation performance. This paper provides empirical evidence for the hetero-
geneity of digital transformation affecting innovation performance and the homogeneity
of the mediating role of R&D capabilities. This means that enterprises with more com-
plex manufacturing technology often have higher requirements for capital, talents, and
enterprise scale [67]. Therefore, manufacturing enterprises with higher technical content
can better bear the risk of failure of digital transformation by virtue of strong capital and
talent advantages [68], and can invest more in digital transformation. At the same time,
the more complex the manufacturing technology means the more complex the production
process, the more diversified the products, and the faster the iteration speed [69]. Therefore,
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the effect of digital transformation on enterprise innovation performance is transmitted
faster and the effect is further amplified. On the contrary, enterprises with low technical
content tend to have low profit and cannot afford the high cost of digital transformation
due to the low added value of products. Therefore, the digital transformation of such
enterprises is slow [70,71]. At the same time, manufacturing enterprises with low techni-
cal content tend to have simple production processes and single products. The effect of
digital transformation on innovation performance is less obvious than that of high-tech
manufacturing enterprises.

5.2. Management Implications and Policy Recommendations

In the era of the digital economy, digital transformation has gradually become the key
engine of enterprise R&D and innovation. How to use digital transformation to empower
enterprises to innovate and gain competitive advantages is becoming an important issue
for enterprises. The research conclusions of this paper provide four implications for the
management practice and policy support of manufacturing enterprises in China:

(1) Manufacturing enterprises should continue to promote the digital transformation
strategy. On the one hand, enterprises should focus on the in-depth integration of
digital technology and enterprise manufacturing, especially processes and techniques.
Enterprises can use digital technology to collect production data in real time, and
strengthen data analysis and value mining. They can also rely on digital technol-
ogy to achieve accurate demand prediction, equipment remote monitoring, energy
consumption management, and finely manage production processes. On the other
hand, enterprises should increase the construction and investment of the digital
platform. Enterprises should further construct digital platforms on the basis of the
current informatization construction achievements, and introduce emerging digital
technologies such as artificial intelligence, big data, and cloud computing to upgrade
enterprise information systems. Improving the efficiency of enterprise information
collection, information mining, and information sharing will be conducive to the
output of new products.

(2) R&D is the source of enterprises innovation. Chinese manufacturing enterprises
should accelerate the deep integration of digital technology and the R&D department,
reform and enlarge the R&D capability of enterprises through digital transformation,
and adjust the R&D mode of the R&D department to make it more compatible with
the digital transformation strategy. This paper suggests that the digital transformation
of China’s manufacturing enterprises at this stage should concentrate on improving
the exploitative R&D capability of enterprises. Enterprises need to know the advan-
tages and disadvantages of their production processes, the market positioning of the
products they produce, and their current growth stage. Although digital technology
can accelerate the transformation and upgrading of manufacturing enterprises, it
cannot be denied that the cost of digital transformation is expensive. Enterprises
should fully utilize the existing digital infrastructure and steadily advance through
exploitative R&D on the basis of the current level of enterprise digitalization.

(3) Enterprises should aim for balanced investment in R&D to avoid sinking into the
digital paradox. Practical experience shows that the digital transformation of enter-
prises is a long-term and onerous task, and failures in the transformation process
are inevitable [70,71]. Therefore, while taking the improvement of exploitative R&D
capability as the key focus in the initial stage of digital transformation, manufactur-
ing enterprises should also focus on continuously accumulating experience in the
practice of exploratory R&D activities. Enterprises should use digital technology to
expand their R&D advantages in basic research and industrial generic technology,
and help enterprises achieve technological breakthroughs in key areas. This not only
establishes a long-term competitive advantage for enterprises, but also makes an
important contribution to China’s in-depth implementation of innovation-driven
development strategy.
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(4) The government should formulate differentiated policies that are suitable for different
types of manufacturing enterprises to carry out digital transformation. The empirical
results of this paper show that high-tech manufacturing enterprises have the ability
to carry out digital transformation independently, and such enterprises are often the
biggest beneficiaries of digital transformation. Therefore, such enterprises should
be mainly subsidized secretly, that is, the government needs to issue more precise
policies to guide them to further deepen the digital transformation and avoid the
waste of enterprise resources. On the other hand, for enterprises with low technology
content, the road to digital transformation is often more difficult. Therefore, for such
enterprises, both explicit and implicit subsidies should be applied. The government
not only needs to give them more powerful and looser policy support, but also needs
to directly grant special subsidies for digital transformation to enterprises that meet
the conditions.
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