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ABSTRACT

Digital transformation acts as a stabilizer for corporate production efficiency and a catalyst for sustainable
development. This paper provides digital transformation indicators at the enterprise level based on text analysis
and uses listed companies in China from 2009 to 2021 as the research subject to explore the impact of digital
transformation on the total factor productivity (TFP) and the dynamic mechanism of human-machine collabo-
ration in its transmission process. The findings reveal that (1) digital transformation significantly enhances TFP, a
conclusion that remains valid after considering endogeneity issues and conducting a series of robustness checks,
thereby refuting the productivity paradox associated with digital transformation; (2) furthermore, the enabling
effect of digital transformation on TFP varies significantly across enterprises due to differences in ownership,
factor intensity, asset size, degree of marketization, tax preference, and geographical location; (3) in terms of the
impact mechanism, digital transformation promotes TFP by enabling efficient human-machine collaboration
patterns. This study not only complements research on the influencing factors of microenterprise TFP, providing
empirical evidence for improving enterprise production efficiency, but also offers insights for local governments

to formulate differentiated digital policies.

Introduction

With the continuous innovation and extensive application of digital
technology, the global economy has prospered via the digital economy,
a trend that has become the core driving force for the economy to move
to a higher-quality development stage. China’s 20th Party Congress
Report stressed the need to accelerate the development of the digital
economy and promote the deep integration of the digital and real
economies, to create a grand blueprint of a digital China. In this context,
digital transformation is not only the microlevel support of the rapid
development of the digital economy at the enterprise level but also one
of the high-quality core elements of economic development strategy
architecture. It promotes the deep blending of the digital and real
economies, stimulating TFP growth potential of the micro-enterprise,
which is of great significance. At the same time, as a new develop-
ment pattern emerges, the Chinese economy is faced with a complex
situation of tighter resource endowment constraints, a prominent
bottleneck of production efficiency, the limited value-added space of the
value chain, and increasing environmental pressure. Enterprises are
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generally aware that the previous extensive growth model has had dif-
ficulty meeting the internal requirements of sustainable development. It
is crucial to explore and implement a new development model, by
reshaping the growth system, to seek breakthroughs to meet challenges
and achieve a substantial improvement in TFP.

The digital transformation of enterprises refers to the innovation in
traditional production and operation models and business models in
terms of the production process, transaction models, and operation
management with the help of digital technologies such as data, infor-
mation, and algorithms. The overall aim is to promote enterprises to the
stage of high-quality development (Niu, 2024). However, in the actual
process of promotion, the digital transformation of enterprises faces
multiple challenges, and the transformation pressure in different situa-
tions constitutes significant differences for traditional enterprises. Spe-
cifically, with their abundant capital accumulation and technological
advantages, industry leaders can often smoothly promote digital trans-
formation; in contrast, many small and medium-sized enterprises
(SMEs) are faced with the dual dilemma of insufficient transformation
willingness and limited transformation ability due to practical factors

2444-569X/© 2025 The Authors. Published by Elsevier Espaiia, S.L.U. on behalf of Journal of Innovation & Knowledge. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://orcid.org/0009-0002-7721-2637
https://orcid.org/0009-0002-7721-2637
https://orcid.org/0009-0003-6067-9967
https://orcid.org/0009-0003-6067-9967
mailto:21013021005@stu.hqu.edu.cn
www.sciencedirect.com/science/journal/2444569X
https://www.elsevier.com/locate/jik
https://doi.org/10.1016/j.jik.2025.100736
https://doi.org/10.1016/j.jik.2025.100736
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jik.2025.100736&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

Q. Xiong et al.

such as limitations of scale and a lack of management experience. In
view of this, it is not only of urgent practical significance to deeply
analyze the effect of enterprise digital transformation on productivity,
but it also has important theoretical research value.

Despite the fact that existing research has yielded many valuable
results, there are still many areas to improve, given the complexity of the
mechanisms and the diversity of measures of TFP. On the one hand,
some scholars believe that enterprise digital transformation has an
enabling effect on TFP (Wu et al., 2024); on the other hand, some
scholars believe that resource mismatch and insufficient management
ability may lead to a negative energy effect of digital transformation on
TFP (Ding et al., 2024; Wen et al., 2024). In addition, there is still no
unified standard for the measurement of enterprise digital trans-
formation, and there is a lack of relevant statistical data. Hence, the
relevant research on its economic consequences also lacks the support of
empirical tests to some extent. At the macrolevel, the existing research
mainly adopts the national economic accounting method or the entropy
method to construct the digital economy development index to evaluate
the digital development level of a certain region. At the microlevel, the
mainstream measurement methods include the proportion of digital
intangible assets, ICT-related indicators based on tracking survey data,
and the construction of digital word frequency indicators. Among them,
the first two methods often have difficulties in practice, such as in
obtaining data and weak sample representativeness.

Based on the above background, this work took the panel data of
Chinese listed companies from 2009 to 2023 as a research sample. At the
theoretical and empirical levels, we discuss the driving role of enterprise
digital transformation on TFP, and from the perspective of human-
-machine collaboration, we determine whether it helps to fully release
the enabling effect of digital transformation. Finally, according to the
research, we put forward a path to realize the high-quality development
of enterprises under the application conditions of the new generation of
information technology, in order to provide a valuable reference for
theoretical research and practical exploration in related fields.

Literature review

With the rapid development of the new generation of information
technology, the enterprise business model is gradually moving toward a
new stage of digital and intelligent transformation. In recent years,
governments and academia have increasingly focused on how to effec-
tively tap the potential of the digital transformation of enterprises to
maximize their role in improving TFP and accelerate the transformation
in economic growth drivers. Based on the existing research results, the
related discussion can be summarized in the following terms.

The first area comprises the driving factors and measurement eval-
uation of the digital transformation of enterprises. In the context of the
booming development of the digital economy, the related research on
the digital transformation of enterprises shows a significant growth
trend, and the research depth and perspectives show the characteristics
of diversification. In terms of drivers, the existing research can be
roughly divided into two categories: internal factors and external fac-
tors. Internal factors focus on capability drivers at the enterprise level,
covering data resource management, information technology adoption,
organizational structure optimization, employee digital capability
development, the multi-functional background of CEOs, and leadership
characteristics (Wang, 2023; Zhao et al., 2024). The external factors
focus on the guiding role of the policy environment, including direct
financial subsidies, indirect tax incentives, specific support policies for
the digital industry (Ji & Huang, 2024; Zhang et al., 2024). In terms of
measurement evaluation, among the three methods mentioned above,
digital word frequency index construction is increasingly favored. Some
scholars use big data technology to intelligently analyze the occurrence
frequency of keywords closely related to the digital transformation of
enterprises in specific text materials, believing that the level of fre-
quency can reflect the effectiveness of enterprises in digital
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transformation to a certain extent. For example, Hu et al. (2024) started
from the four dimensions of digital technology application, internet
business model innovation, intelligent manufacturing practice, and
modern information system construction, systematically sorted and
summarized the keyword groups closely related to the dimensions, and
then used text analysis technology to count the number of disclosures of
these keywords in the annual financial reports of listed companies,
which was used as important data support for the construction of the
evaluation index of the effectiveness of the digital transformation of
listed enterprises in the manufacturing industry.

The second area comprises TFP and its influencing factors. On the
one hand, TFP, as the core index to measure the quality of modern
economic development, is regarded as the internal driving force of the
high-quality development of enterprises. It not only covers the marginal
output growth from technological progress but also includes the effi-
ciency improvement from the optimization of resource allocation. In
short, TFP refers to the overall efficiency of various input factors into the
final output. On the other hand, the existing literature identifies the
factors influencing the TFP of firms in terms of both external and in-
ternal factors. The former includes factors such as firms’ R&D invest-
ment, the executive compensation gap, the human capital structure, and
resource allocation efficiency (Chen et al., 2024). For example, Yan et al.
(2023) pointed out that R&D investment has an incentive effect on TFP,
but only a moderate R&D investment intensity can have the most sig-
nificant promotion effect on an enterprise’s TFP. The latter includes
factors such as government support, environmental protection policies,
digital infrastructure construction (Lv et al., 2024; Lin & Zhang, 2024).
Wang et al. (2023) showed that the specialization economy formed by
industrial agglomeration can improve technical efficiency and promote
the TFP of enterprises in the communications equipment, computer, and
other electronic equipment industries.

The third area comprises the relevant research on the impact of en-
terprise digital transformation on TFP. As the concept of digital trans-
formation is newer, the judgment on the relationship between digital
transformation and TFP has not been unified. Since the concept of the IT
production paradox was put forward, many studies have focused on how
to effectively explore the potential effectiveness of IT and accurately
control the measurement error in order to solve this paradox. In recent
years, with the booming wave of digital economy, academia has started
to deeply discuss the application of digital value theory in improving
production efficiency. In the specific social and economic background of
China, some research has shown that the digital transformation of en-
terprises can promote the growth of TFP through intellectual property
rights protection, the change in managers’ willingness, the improvement
in the innovation effect, and the optimization of the operation and
management structure (Zhang & Zhang, 2023; Fu & Madni, 2024).
However, the study by Hajli et al. (2015) found that not all companies
undergoing digital transformation benefit from the process, and only a
small number of companies enjoy the economic dividends from the
digital drive.

To summarize, the existing literature has carried out beneficial
studies on digital transformation and TFP, respectively, which provide
ideas, experience, and inspiration for this research; however, there is
still room for further development. Firstly, there is diversity in the
measurement methods for digital transformation, with no unified stan-
dard established, and relevant statistical data are scarce, consequently
limiting the empirical validation in terms of its economic consequences.
Notably, the keyword frequency analysis method based on corporate
annual report texts, leveraging its advantages in data availability and
scalability, has been widely applied to depict the digitalization process
of enterprises (such as the semantic intensity of terms including artificial
intelligence, cloud computing, and big data). However, existing studies
are mostly confined to single industries or short observation windows,
making it difficult to capture the long-term dynamic effects and cross-
industry heterogeneous patterns of digital transformation. For
instance, differences in the pace of digital strategy deployment and
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technology absorption capacity between state-owned enterprises and
private enterprises or the divergence in the adaptability of digital
technologies between capital-intensive and labor-intensive enterprises
may all lead to significant variations in the effectiveness of TFP
improvement. Therefore, the lack of detailed analysis on inter-firm
heterogeneity can also result in biases in understanding the economic
consequences of digital transformation. Secondly, the mechanisms
through which digital transformation influences enterprise TFP remain
unclear. The existing literature predominantly adopts a technology
empowerment perspective, emphasizing that digital transformation
enhances TFP by optimizing resource allocation efficiency (e.g., data-
driven precise decision making), enhancing organizational dynamic
capabilities (e.g., agile innovation), or reducing transaction costs (e.g.,
supply chain collaboration). Nevertheless, such studies often treat dig-
ital transformation as a black box, neglecting the crucial intermediary
role of human-machine collaboration in technology application and
value creation. Digital transformation is not merely a technological
substitution but achieves efficiency leaps through human-machine
complementarity (e.g., the integration of Al-assisted decision making
with human experiential judgment) and human-machine integration (e.
g., the reconstructive matching of intelligent systems with employee
skills). These gaps render current research inadequate in unveiling the
underlying logic driving TFP improvement through digital trans-
formation, particularly in explaining the significant digital productivity
paradox observed among enterprises with similar technological
investments.

Compared with the existing literature, the contributions of this
research are primarily as follows: (1) Based on the core proposition of
technology diffusion—factor reallocation—efficiency leap in endogenous
growth theory, this work constructs an analytical framework for the co-
evolution of enterprise digital transformation and TFP. Furthermore, at
the empirical level, using panel data from Chinese A-share listed com-
panies, this research extracts the frequency of digital transformation
keywords such as artificial intelligence, industrial internet, and block-
chain from corporate annual reports through text mining techniques to
construct a digital transformation index. Additionally, a two-way fixed
effects model and instrumental variable method are employed to miti-
gate endogenous interference. This not only provides a more refined
measurement tool for quantitatively assessing the microeconomic ef-
fects of digital transformation but also offers empirical evidence from
the Chinese context to address the productivity paradox debate sur-
rounding enterprise digital transformation in emerging economies. (2)
The existing literature predominantly focuses on the average effect of
digital transformation on TFP, neglecting the heterogeneous responses
arising from the interaction between firm-level micro attributes and
external environments. This study identifies and analyzes the hetero-
geneous impacts of enterprise digital transformation on TFP based on
differences in firm-level characteristics (ownership type, factor in-
tensity, and asset size) and external macro factors (marketization level,
tax incentives, and geographical location of the enterprise). These
findings provide new theoretical insights into understanding the con-
ditional nature of the enabling effects of digital transformation. (3)
Considering that the emergence of information technology systems
during the process of enterprise digital transformation may replace some
low-skilled workers, along with an urgent need for high-level talent to
manage and operate new equipment and complete non-routine tasks, we
innovatively offer theoretical explanations and empirical data on how
digital transformation affects enterprise TFP from the perspective of
human-machine collaboration. This not only compensates for the
inadequate attention paid by the existing literature to the socio-
technical system attribute of digital transformation but also provides
theoretical guidance for enterprises to unleash digital dividends in the
co-evolution of technology-organization—people. It also offers a
decision-making basis for administrative departments to adopt relevant
measures to address deficiencies.
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Theoretical analysis and research hypotheses

Distinct from computer integrated manufacturing, digital trans-
formation empowers the informatization process of enterprises,
leveraging key technologies such as the Internet of Things (IoT),
cyber-physical systems (CPS), cloud computing, and big data analytics
to achieve synergy in internal research and development (R&D), design,
and supply chain management. This process enhances the exchange and
sharing of data and knowledge elements across enterprise systems.
Specifically, on the one hand, this research builds a theoretical model
based on the existing literature reviews and endogenous growth theory
to investigate the impact mechanism and effects of digital trans-
formation on TFP. On the other hand, it explores the direct impact
pathways of digital transformation on TFP from the perspectives of
production entities (enterprises) and analyzes the indirect dynamic
mechanisms inherent in human-machine collaboration.

Theoretical models

In order to explore the influence of digital transformation on the TFP
of enterprises, this research makes the following assumptions:

First, the final product market is completely competitive and only
produces a single category of products and services.

Second, in the market, n enterprises (in different regions) jointly
produce the final product Y by using capital and labor, and the pro-
duction function of the final product is

y=3v, M
i=1

0 =1, (2

i=1

where Y represents the final product output; Y; represents the input of
products produced by enterprise i; 6; represents the investment share
owned by enterprise i.

Third, if we do not consider the implementation of a digital trans-
formation strategy, the production function of enterprise i is

Yy = Ay LEK 0 3)

Here, Y, Li;, and Kj;, respectively, represent the total output, labor
input, and capital input of i enterprise in t period. Substituting formula
(3) into the formula (1) gives

Y= ﬁ (Ai,tLgtK;;”)Hi. )
i=1

Fourth, the TFP of enterprises can be regarded as the ratio of the total
output to the total input; that is, TFP = Y/X = H; A% Hence, the TFP

it
of enterprises will be determined by the input share and technological
progress level of each enterprise.

Furthermore, this work includes the variable of artificial intelligence
technology in the benchmark model, in order to investigate the impact
of the digital transformation strategy on the TFP of enterprises. Based on
the model framework constructed by Acemoglu and Restrepo (2018),
this research assumes that the intermediate commodity Y; produced by
enterprise i is the sum of various production tasks x, each production
task obeys the Cobb-Douglas production function, and the production
task interval is [N — 1].

Considering that the essence of digital transformation lies in the use
of intelligent equipment to supplement and replace human capital, it
will not be realized automatically. In view of this, this work refers to the
research practice of Yang and Hou (2020), assuming that when enter-
prises perform intelligent tasks, the production of intermediate products
is realized by traditional capital and intelligent capital, while when they
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perform non-intelligent tasks, enterprises can choose to produce only
using labor or implementing a digital transformation strategy. For
convenience, this research divides the task interval into [N—1,I] and [I,
N, which represent the production task interval using digital technology
and the production task interval using labor force, respectively. There-
fore, the production function of each production task x can be expressed
as

|y (0k(x)*dt(x) ™, x € [N—1,1]
Y = {yyﬁboxx)k(x)“labor(x)l*", xe [N ®

where k(x), labor(x), and dt(x) represent the demand for capital, labor,
and digital technology for each production task x, respectively; y4 (x)
and yygor(x) represent the production efficiency under the digital
transformation strategy and the pure labor mode, respectively. y;, (x)
> Yiabor (X). Thus, the production function of enterprise i is

I

Yie = Aie [ 00k(x) ()™ [11apor ()k(x)“labor(x)' )" . (6)

Further, this work substitutes formula (6) into formula (1), and the
production function of the whole market can be obtained as follows:

N-I)0;

Y = [ A% [k de(x)' =] "™ [k(x)"labor(x)' " @
-1
Let p =1— N+ 1 represent the degree of digital transformation of
enterprises, and after excluding the input of production factors, the
formula of the TFP of enterprises can be obtained as follows:

Y 17 s (-pe
TFP = )? = H dt ylabor> . ®
i=1

The derivation of Eq. (8) can be obtained as follows:

JTFP
—>0. 9
P )
Formula (9) shows that the digital transformation of enterprises has a
positive role in promoting TFP, and with the improvement in the degree
of digital transformation, enterprises prefer to use intelligent capital for
production, thus further promoting the rise of TFP.

Journal of Innovation & Knowledge 10 (2025) 100736

Research hypotheses

Direct influence path of digital transformation to empower TFP

With the advancement of the Fourth Industrial Revolution, China’s
economy and society are gradually entering the digital economy era,
where emerging technologies such as artificial intelligence and big data
are replacing traditional production methods to provide impetus to
economic and social operations. As a crucial component of the economy,
enterprises have adopted digital transformation strategies as the
cornerstone for innovating their business models and systems. This
transformation is also the inevitable path to achieving efficient con-
nectivity across the entire industry and value chains. The impact of
digital transformation on enterprises’ TFP is mainly manifested in the
following aspects (the influence path is shown in Fig. 1).

First, digital transformation takes data elements as the core driving
force, reconstructs the traditional production function through tech-
nology embedding, and breaks the law of diminishing marginal returns
of capital and labor. From a technical perspective, the core of enter-
prises’ digital transformation lies in the deep integration of new-
generation information technology with production and operation ac-
tivities, which reconstructs enterprises’ productive forces and produc-
tion relations, accelerates changes in production methods and enterprise
forms, and thereby realizes new business models. In the context of
imperfect market mechanisms, the misallocation of production factors
such as capital and labor in Chinese enterprises is a significant reason for
their low TFP (Hsieh & Klenow, 2009). However, with the help of
cutting-edge digital technologies such as cloud computing, big data, and
artificial intelligence, enterprises can automate internal procedural
tasks, triggering a series of changes in organizational structure, mar-
keting strategies, production processes, product design, research and
development paradigms, and employment models (Wang & Shao,
2024). These transformations not only stimulate the amplifying effect of
digital technology on the efficiency of existing physical production
factors but also enhance the versatility and shareability of production
factors, laying a solid foundation for creating new shared production
dynamics and improving TFP. For example, according to BYD’s tech-
nical white paper in 2023, BYD collects real-time production line data
through the industrial internet platform and utilizes Al to optimize the
process parameters, thereby increasing the battery production yield
from 90 % to 98 % and directly reducing the factor consumption per unit
output. This process validates the breakthrough of the Solow paradox:

, t

Reconstruct enterprise productivity
and production relationship

Automatic processing of
internal procedural business

Direct influence path— [

transformation

of enterprises

Reduce the cost of
information identification
Alleviating information asymmetry
to improve the efficiency of
enterprise decision-making — N
Construct multi-dimensional
value network ]

Digital _J { Enhance the scale economy effect

— TFP

Achieve accurate matching
between supply and demand

Workers and intelligent systems form a cooperative working

mode with complementary advantages 1

Indirect dynamic mechanism
(Human—machine cooperation)

Promote the digital accumulation and sharing of knowledge

and experience ]

Fig. 1. Mechanism analysis framework.
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the penetration effect of digital technology significantly enhances the
combined efficiency of capital and labor through the exponential
appreciation of data elements. According to the China Intelligent
Manufacturing Development Report (2023), enterprises that have
adopted the industrial internet have experienced an average increase in
production efficiency of 23 % and a reduction in failure rates by 35 %,
confirming the amplifying effect of technological synergy on TFP.
Meanwhile, in every aspect of production and operation, enterprises
convert scattered data into high-value data information through tech-
nical processing, which not only optimizes resource allocation efficiency
in production, sales, and research and development but also effectively
alleviates information asymmetry by opening these data to upstream
and downstream enterprises and users throughout the market, promot-
ing close cooperation and complementary advantages among enter-
prises up and down the industry chain and further enhancing
operational efficiency (Lin & Teng, 2023). In addition, the free flow of
these high-value data in the market also optimizes resource allocation in
the overall market, enabling enterprises to access higher quality pro-
duction factors, thereby achieving a comprehensive efficiency upgrade.
Therefore, by efficiently utilizing data information as a key factor, en-
terprises’ digital transformation successfully achieves the goal of effi-
ciency transformation, exerting a significant positive impact on
promoting the growth of TFP.

Secondly, enterprises’ digital transformation can enhance their
decision-making efficiency by alleviating information asymmetry. The
information here refers to processed data, and data processing plays a
crucial role in converting various soft information into hard data.
Therefore, data processing is key to mitigating information asymmetry.
Enterprises’ digital transformation mitigates information asymmetry
through data processing, mainly reflected in the following two di-
mensions. From the perspective of information identification costs,
digital transformation can break traditional time and space constraints,
effectively reducing information identification costs in markets and
transactions, thus alleviating information asymmetry. For example, ac-
cording to Pdd Holdings Inc (2023) ESG report, big data technology can
capture weak signals that are overlooked by traditional methods
through non-parametric models. Pdd Holdings Inc demand forecasting
model, trained on behavioral data from 600 million users, has reduced
the surplus rate of agricultural products from 12 % to 4 %, demon-
strating the optimization capability of data-driven resource allocation.
From the perspective of information use efficiency, in the process of
digital transformation, enterprises not only innovate business models
but also build a resource-aggregated value network encompassing
products, funds, customers, and information (Chen & Srinivasan, 2024).
This network addresses information asymmetry among stakeholders by
incorporating more decision-making factors, promoting intelligent de-
cision making. Therefore, enterprises’ digital transformation can quan-
tify decision-making results to a certain extent through comprehensive
data analysis, thereby reducing or even eliminating decision makers’
cognitive biases and enhancing decision-making efficiency (Zhang &
Guo, 2022). This mechanism precisely addresses the key factor con-
straining the improvement of enterprises’ TFP — information asym-
metry. In other words, the constraining factors of enterprises’ TFP and
the internal mechanisms through which enterprises’ digital trans-
formation exerts its effects are highly unified. Therefore, enterprises’
digital transformation promotes TFP by enhancing decision-making
efficiency.

Lastly, enterprises’ digital transformation can improve their TFP by
enhancing their economies of scale. Digital transformation prompts the
emergence of digital products with low or even zero marginal costs
within enterprises’ product portfolios (Lyu, 2024). For example, tradi-
tional home appliance manufacturers introduce smart home products,
bundling hardware with software services for sale, allowing consumers
to unlock diverse hardware functionalities by purchasing different levels
of software services. Compared to hardware products, these software
services exhibit typical low marginal cost characteristics. By bundling
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hardware and software products, enterprises help spread fixed costs,
reduce long-term average costs, and thereby achieve economies of scale,
increasing TFP. Furthermore, in traditional transaction models, the
limitations of geographical space lead to natural market segmentation
for both the supply and demand sides. However, digital transformation
enables enterprises to leverage digital technologies such as e-commerce
platforms and mobile payment tools to facilitate transactions that were
previously difficult to achieve, breaking through geographical con-
straints (Zhang et al., 2022). Additionally, digital transformation en-
hances enterprises’ ability to convert information from both supply and
demand sides into data, utilizing big data technology to effectively
integrate and precisely match supply and demand, addressing issues of
coordination and transaction costs, and significantly improving resource
allocation efficiency. Therefore, digital transformation helps enterprises
expand their product sales scale, realize economies of scale, and thereby
enhance TFP.

Based on the above theoretical analysis, this study puts forward the
following hypothesis:

Hypothesis 1. Under otherwise unchanged conditions, digital trans-
formation can exert a significant positive impact on a firm’s TFP through
multiple mechanisms, including technology integration and restructuring,
alleviating information asymmetry to enhance decision-making efficiency
and strengthening economies of scale.

Indirect dynamic mechanism of digital transformation empowering TFP

The groundbreaking development of artificial intelligence technol-
ogy is triggering a structural transformation in production paradigms,
with its core characteristic being the construction of a new production
function that integrates the physical world, digital space, and human
wisdom into a ternary fusion. This process transcends the traditional
logic of automation replacing physical labor, and through a closed-loop
mechanism of task decomposition, capability matching, and co-
evolution, it promotes the transition of human-machine relations from
instrumental use to ecological symbiosis, opening up new avenues for
the growth of enterprises” TFP (Wang et al., 2023b).

As digital transformation accelerates, enterprise operation models
are undergoing profound changes. Smart manufacturing, as the core
driving force, breaks down traditional boundaries between design,
manufacturing, and service by deeply integrating new-generation in-
formation and communication technologies (ICT) with artificial intel-
ligence (AI), promoting the high-level integration of global information
and the deep fusion of the information-manufacturing space. Against
this transformational backdrop, the traditional model of machine sub-
stitution for humans is gradually evolving toward a new paradigm of
human-machine collaboration. This shift not only adapts to the
increasing complexity and specialization of production tasks but also
fosters a novel decision-making and organizational framework, signifi-
cantly enhancing TFP in enterprises. The rise of the human-machine
collaboration model benefits from the widespread application of intel-
ligent systems (such as robots, computers, Al algorithms, and automated
control systems) in enterprises. These systems not only possess powerful
computing and automated execution capabilities but also form close
interactive and collaborative relationships with humans, jointly
addressing the complexity and uncertainty in production and social
tasks. For instance, at the task execution level, digital systems optimize
operational precision in production processes through pattern recogni-
tion. At the innovation generation level, generative Al technology ex-
pands the boundaries of human creativity. This human-machine
collaboration model effectively overcomes the capability trap in tradi-
tional human-computer interaction, enabling enterprises to simulta-
neously enhance operational efficiency and innovation effectiveness. At
different stages of enterprise development, the human-machine
collaboration model also exhibits dynamic evolution characteristics. The
digital transformation of start-ups is mainly manifested in the con-
struction of digital infrastructure capabilities, while the
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human-machine collaboration model focuses on operational-level
standardized process reengineering. The digital transformation of
growth-stage enterprises tends to cultivate digital expansion capabil-
ities, with human-machine collaboration shifting its focus to decision
support for intelligence augmentation. Mature enterprises focus on
reconfiguration capability breakthroughs, and human-machine collab-
oration evolves into the collaborative evolution of the innovation
ecosystem. These phased evolution characteristics validate the core
viewpoint of the Dynamic Capabilities Theory, i.e., enterprises achieve a
spiral enhancement of sensing-capturing-reconfiguring capabilities
through human-machine collaboration, thereby fully leveraging the
role of digital transformation in promoting TFP in enterprises.

Furthermore, within the framework of human-machine collabora-
tion, humans and intelligent systems have formed a collaborative work
model with complementary advantages. Humans’ creativity, emotional
intelligence, complex decision-making capabilities, and comprehensive
application of cross-disciplinary knowledge are fully utilized, while
intelligent systems provide strong support with their efficient and pre-
cise computing and automation capabilities. This model not only
significantly enhances the standardization and efficiency of production
processes but also brings unprecedented flexibility and innovation ca-
pabilities to enterprises. To elaborate, in the human-machine collabo-
ration model, digital systems have constructed a closed-loop
management system of sensing-analysis-adjustment through real-time
data monitoring. For example, when equipment idleness or material
shortages occur on the production line, the system can automatically
dispatch resources to fill the gap, similar to how a traffic navigation
system adjusts routes based on real-time road conditions. This dynamic
adjustment capability enables enterprises to reduce idle resources and
precisely match human resources, equipment, and raw materials to the
most needed links. Therefore, by optimizing resource allocation,
improving production efficiency, and enabling better adaptation to
market changes, enterprises can continuously drive innovation and thus
occupy an advantageous position in the market.

Additionally, according to organizational learning theory, human-
-machine collaboration promotes the digital accumulation and sharing
of knowledge and experience, further enhancing the efficiency of team
collaboration and the scientific nature of decision making. The in-depth
implementation of digital transformation provides strong technical
support and a data foundation for human-machine collaboration,
enabling intelligent systems to more accurately understand human in-
tentions, optimize production processes, and predict and respond to
potential issues. In this environment, enterprises can respond more
quickly to market changes, continuously drive innovation, achieve sig-
nificant improvements in TFP, and lay a solid foundation for sustainable
development.

In summary, digital transformation, by promoting efficient human-
-machine collaboration, has not only driven profound changes in en-
terprise operation models but also opened the door for businesses to
enter a new era of smart manufacturing. In this new era, human-
-machine collaboration will become the norm in enterprise production,
injecting strong momentum into sustainable development. By continu-
ously optimizing resource allocation, improving production efficiency,
and fostering innovation, enterprises will thrive in the market, achieve
significant improvements in TFP, and make greater contributions to
social prosperity and progress.

Based on the above theoretical analysis, this study puts forward the
following hypothesis:

Hypothesis 2. Under otherwise unchanged conditions, human-machine
collaboration is an important dynamic mechanism for digital transformation
to promote the TFP of enterprises.
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Research design and data sources
Variable settings

Explanatory variable: TFP

TFP characterizes the additional productive efficiency that can be
achieved with a given level of factor inputs. The first step in estimating
the TFP of an enterprise is to rationalize the form of the production
function. The Cobb-Douglas production function (C-D function for
short) is more flexible than other production functions such as the Trans-
log function, which helps to avoid the estimation error caused by the
improper setting of the function. In view of this, this work selected the C-
D production function to represent the TFP of enterprises, and its spe-
cific form is expressed as follows:
Yy = AyLIK) 10)

it
where Yj, Ay, L, and K{jt denote the output, TFP, labor input, and capital
input, respectively. By taking the logarithmic transformation of the
above equation, the following linear form is obtained:

Yit = aly + ﬂkit + &t an

Here, yi,lir,ki,and e;denote the output, labor input, capital input, and
the logarithmic form of TFP, respectively. Estimation of this equation
yields the desired estimate of TFP. Meanwhile, this work drew on the
research paradigm of Zhang et al. (2023) and adopted the Lev-
insohn-Petrin method (hereinafter referred to as the LP method) to
measure the TFP of enterprises. The core logic of the method lies in the
selection of intermediate inputs as proxies for non-observable produc-
tivity shocks as a strategic response to the problem of simultaneity bias
that may arise in the estimation process (Levinsohn & Petrin, 2003).
From Eq. (11), the functional form of the firm’s TFP is obtained as

InY; = aoi + arielnLy + 02y InKy + s lnMy, + €. 12)

Here, i and t represent the enterprise and year, respectively; Y stands for
the total operating income; L represents the number of employees in the
enterprise; K represents the net fixed assets of the enterprise; M repre-
sents the input of intermediate goods. This work selected the operating
cost plus various taxes and fees minus (depreciation and amortization
plus employee compensation) for calculation.

Core explanatory variable: digital transformation

How to accurately measure the degree of enterprise digital trans-
formation is a challenge. At present, academics have not yet reached a
consensus on the quantitative standard of enterprise digital trans-
formation, resulting in a diversity of measurement methods. Some
scholars tend to select specific indicators such as the application of en-
terprise resource planning (ERP), the scale of information technology
investment, the proportion of telecommunication expenses to informa-
tion assets, and the proportion of enterprise information technology
personnel as the basis for measurement. For example, Liu (2020)
quantified the level of the digital transformation of an enterprise based
on the proportion of hardware and software investment in an enter-
prise’s digital investment to its total net assets. Although these in-
dicators are intuitive and easy to obtain, they reveal more about the
informational level of an enterprise and cannot fully capture the
complexity and depth of digital transformation. In recent years, some
scholars have conducted keyword frequency statistics on annual reports
of listed companies through text analysis technology and then con-
structed enterprise digital transformation indexes. Given that the annual
reports of listed companies are both summarizing and forward-looking,
their lexical utilization can map out the strategic orientation and future
planning of enterprises. Therefore, it is not only theoretically reasonable
but also highly feasible to quantify the degree of digital transformation
from the frequency of enterprise digital transformation-related terms in
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annual reports. However, it should be noted that the digital trans-
formation index constructed by this method still has a drawback, i.e., the
forward-looking information in the annual reports may reflect the en-
terprises’ expected planning or preliminary investment in digital
transformation rather than the actual effectiveness of digital trans-
formation. This research argues that although the above methodology
has some measurement error in measuring the extent of a company’s
digital transformation, it can be regarded as a systematic error, given
that such problems are likely to be prevalent in the annual reports of
most companies. Under this premise, the digital transformation indices
are still comparable across companies and years. For the purpose of this
work, it can be assumed that such errors do not have a fundamental
impact on the results.

Based on this, this work followed the research framework of Wang
and Zhong (2024) and adopted the word frequency statistics method to
construct the digital transformation index of enterprises, with the
following specific steps. First, we systematically summarized and screen
out the keywords related to digital transformation and used the
policy-oriented documents and authoritative research reports on digital
transformation at the national level as the blueprints, such as the Digital
Empowerment of Small and Medium-sized Enterprises Special Action
Plan issued by the General Office of the Ministry of Industry and In-
formation Technology, as a basis to further enrich and improve the
thesaurus of enterprise digital transformation features. The thesaurus
was constructed from the underlying digital technology level (covering
four major fields: big data technology, cloud computing technology,
blockchain technology, and artificial intelligence technology) and the
digital technology application level (encompassing the two dimensions
of internet business models and intelligent business scenarios) (see
Fig. 2). Second, we used Python crawler technology to organize the
annual reports of Chinese listed companies between 2009 and 2023, to
analyze the text of the annual reports (stored in textual format) with the
help of the Jieba Chinese word segmentation tool, and to implement
word frequency statistics. Finally, based on the segmentation results, we
accurately counted the frequency of the keywords related to digital
transformation in the annual reports of the companies and obtained the
total digital word frequency by adding up the word frequency of each
keyword. It is worth noting that, in view of the significant right-skewed

1 Big data technology

) Cloud computing
technology

3 Blockchain
technology

intelligent financial contract.
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distribution of such data, this research referred to the processing method
of Gao et al. (2023) and performed the logarithmic transformation of the
total digitized word frequency after adding 1, to generate a more robust
and comprehensive indicator reflecting the status of the digital trans-
formation of enterprises.

Mechanism variable: human-machine cooperation (MC)

The degree of human-machine cooperation can fully reflect the
proficiency of enterprise workers in the operation of intelligent ma-
chinery and equipment and judge whether enterprises can empower
production links and improve production efficiency through the
powerful computing and data processing capabilities of machines, to
achieve an increase in TFP. In view of this, this work referred to the
research practice of Guo et al. (2024) and used the coordination model
to measure the level of human—computer cooperation. Specifically, first,
to fully capture the robot aspect of human-machine collaboration in
enterprises, this work followed the research approach of Qi et al. (2024)
by considering the penetration rate of industrial robots in various Chi-
nese cities as a proxy for smart manufacturing, thereby indirectly
reflecting the degree of digitalization and intelligence in the external
environment. To further reflect the actual application of machinery and
equipment by enterprises, this study utilized the AI dictionary con-
structed by Yao et al. (2024) as a preset proper noun dictionary and
incorporated it into the *Jieba’ word segmentation module to count the
number of Al-related terms in the annual reports of listed companies.
The natural logarithm of the number of AI keywords plus one was then
used as the enterprise Al index (AI). The Al dictionary was generated
primarily based on the list of Al-related terms provided by Chen and
Zhang (2024), the AI Industry Chain Overview of the Science and
Technology Innovation Board published by Ping An Securities and other
industry research reports, as well as the Al lexicon provided by the
World Intellectual Property Organization (WIPO). A total of 73 terms
such as artificial intelligence, machine learning, and Internet of Things
were manually selected. After that, through two rounds of back-to-back
evaluation by experts, scholars, and enterprise CIOs, ambiguous words,
such as the contextual distinction between information and intelligence,
were eliminated, and new words, such as artificial intelligence, were
supplemented to ensure the scientificity of the keyword screening. The

Big data, data mining, text mining, mixed reality, data visualization, virtual reality, augmented reality,
heterogeneous data, credit investigation.

Cloud computing, Internet of Things, EB storage, stream computing, graph computing, memory computing,
multi-party secure computing, brain like computing, green computing, cognitive computing, converged
architecture, billion-level concurrency, cyber-physical systems.

Blockchain, digital currency, alliance chain, decentralization, distributed computing, consensus mechanism,

Artificial intelligence, business intelligence, authentication, voice recognition, face recognition, biometric

4 Artificial intelligence
technology

5 Digital technology

application

technology, intelligent robot, machine learning, deep learning, image understanding, semantic search, natural
language processing, automatic driving, intelligent data analysis, investment decision-making assistant system.

Internet business model: industrial internet, mobile internet, mobile internet, B2B, B2C, C2B, C2C, 020,
Fintech, NFC payment, third-party payment, mobile payment, e-commerce, internet finance, internet medical
care, financial technology, open banking, quantitative finance, digital finance, digital marketing, and network
connection.

Intelligent business scenarios: unmanned retail, smart agriculture, smart wear, smart grid, intelligent
environmental protection, intelligent transportation, smart home, intelligent energy, intelligent customer
service, intelligent investment, intelligent travel, intelligent medical care and intelligent marketing.

Fig. 2. The word spectrum of characteristic words in digital transformation.
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contents of the dictionary are shown in Table 1. Second, the levels of
smart manufacturing, Al, and enterprise human capital were standard-
ized to the [0,1] interval. Subsequently, the level of human-machine
collaboration was calculated according to formulas (13) to (15). The
calculation formulas are as follows:

MC=\VUxV (13)
U=3 IM*HC*AI/(IM+HC+AI) 14)
V:%*IM+%*HC+%*AI. (15)

Here, U represents the coupling degree; V stands for the comprehensive
coordination index. The parameter values are all set to 1/3, indicating
that intelligent manufacturing, artificial intelligence, and human capital
are equally important.

Control variables

In order to mitigate, as much as possible, the problem of omitting
important variables, which may bias the causal inference of the model,
we selected the following control variables, based on the research per-
spectives of the existing literature: the management expense ratio;
percentage of independent directors; two positions in one; proportion of
shareholding of the top five shareholders; return on net assets; cash flow
ratio; asset-liability ratio; enterprise size; age of the enterprise listing;
management ownership percentage. The descriptive statistics and con-
struction methods of the variables selected in the paper are shown in
Table 2.

Modeling

In order to identify the relationship between digital transformation
on firms’ TFP, this work constructed the following panel model:

TFP_LP; = ay + a1 DCG;; + Z/ijControlsj + Industry + Year + &, ae)
Jj

Table 1
Artificial intelligence dictionary.

Words contained in the
dictionary

Artificial Intelligence (AI); Al Products; Al Chips; Machine
Translation; Machine Learning; Computer Vision;
Human-Computer Interaction; Deep Learning; Neural
Networks; Biometrics; Image Recognition; Data Mining;
Feature Recognition; Speech Synthesis; Speech
Recognition; Knowledge Graph; Smart Banking;
Intelligent Insurance; Human-Machine Collaboration;
Intelligent Regulation; Intelligent Education; Intelligent
Customer Service; Smart Retail; Smart Agriculture;
Intelligent Investment Advisory; Augmented Reality;
Virtual Reality; Intelligent Healthcare; Smart Speaker;
Intelligent Voice; Smart Government Services;
Autonomous Driving; Intelligent Transportation;
Convolutional Neural Networks; Voiceprint Recognition;
Feature Extraction; Self-Driving; Smart Home; Question
Answering System; Facial Recognition; Business
Intelligence; Smart Finance; Recurrent Neural Networks;
Reinforcement Learning; Intelligent Agent; Smart Elderly
Care; Big Data Marketing; Big Data Risk Control; Big Data
Analysis; Big Data Processing; Support Vector Machines;
Long Short-Term Memory; Robotic Process Automation;
Natural Language Processing; Distributed Computing;
Knowledge Representation; Intelligent Chips; Wearable
Devices; Big Data Management; Smart Sensors; Pattern
Recognition; Edge Computing; Big Data Platform;
Intelligent Computing; Intelligent Search; Internet of
Things; Cloud Computing; Augmented Intelligence; Voice
Interaction; Intelligent Environmental Protection;
Human-Machine Dialogue; Deep Neural Networks; Big
Data Operations
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where TFP_LP denotes the TFP of enterprise measured using the LP
method; DCG denotes the degree of digital transformation of the firm;
Controls represents all control variables; Industry and Year represent the
industry and year fixed effects, respectively; a;and f; denote the con-
stant term and the regression coefficient to be calculated by fitting,
respectively; ¢; is the random error term.

In addition, in order to verify whether human—computer collabora-
tion has a mediating effect in the mechanism of digital transformation
affecting the TFP of enterprises, this work drew on the research method
of Wen and Ye (2014) and constructed the following set of regression
equations.

TFP_LP; = y + 6DCG; + Z vControls; + Industry + Year + €; a7z
MC;; =y, + 6.DCGy + Z vy Controls;; + Industry + Year + 7 (18)

TFP_LP; = y, + {,MCj: + 02DCGy + Z vaControls; + Industry + Year
+ O
19

In the above system of equations, the effect of digital transformation
on the TFP of enterprises is tested by model (17), and if the coefficient 8
is significant, then the effect of digital transformation on human-
—machine collaboration is tested by model (18). If the coefficient 6; is
significant, then model (19) is used to test the effect on the TFP of en-
terprises after adding both mediating and explanatory variables. If the
coefficients ¢, and 0, both pass the significance test, then it indicates
that there is a partial mediating effect. If the coefficient ¢, is significant,
but 6, is not significant, then it indicates the presence of a full mediation
effect. Otherwise, the mediation effect does not hold. Finally, the Sobel
test and 500 Bootstrap sampling test were used to more accurately
reflect the results of the mediation effect to enhance the robustness and
reliability of the study.

Data sources

In view of the limitations of data availability, this study selected the
data of Chinese listed companies during the period from 2009 to 2021 as
the initial research sample set and conducted a series of rigorous data
preprocessing steps to ensure the validity and reliability of the samples.
The specific processing procedures were as follows: (1) we deleted the
samples of firms with peculiarities in ST (special treatment) and *ST (de-
listing risk warning), as well as those with peculiarities in financial data;
(2) we excluded the samples of firms that conducted IPO (initial public
offerings) during the study period; (3) we deleted the samples of firms
with missing key variables and only retained the samples that had no
missing data for more than five consecutive years; (4) in order to control
the possible bias of outliers on the estimation results, we implemented
the upper and lower 1 % bilateral shrinking tail treatment for all
continuous variables, and after screening, we obtained a total of 24,342
valid sample observations. The firm-level data mainly came from
authoritative databases such as CSMAR (China Securities Market Ac-
counting Research Database), WIND (Wanderlust Information), and
CNRDS (China Research Data Service Platform). The data on annual
reports of enterprises were obtained from the official websites of the
Juchao Information Network, the ShenZhen Stock Exchange, and the
Shanghai Stock Exchange.

Analysis of empirical results
Multicollinearity test
In the in-depth investigation of the effective mechanism of digital

transformation affecting the TFP of enterprises, we selected more con-
trol variables in order to obtain more accurate and less biased estimates.
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Table 2
Variable construction and descriptive statistics.
Variables Abbreviation  Construction method Obs Mean Std. Min Max
Dev.
Total factor productivity TFP_LP Calculate via LP method 24,342  8.346 1.068 4.403 13.11
Digital transformation DCG Calculate via text analysis method 24,342  1.382 1.425 0 5.037
Management fee rate Mfee Proportion of management expenses in annual operating income 24,342 0.0932 0.127 —0.111 11.34
Proportion of independent Lndep Proportion of independent directors in the size of the board of 24,342  37.56 5.625 0 80
directors directors
Combination of two jobs Dual Concurrent appointment of the chairman and general manager 24,342  0.267 0.442 0 1

(concurrent appointment is 1; otherwise, it is 0)

The shareholding ratio of the top Top5

five shareholders share capital

The proportion of shares held by the top five shareholders in the total

24,342 0.532 0.152 0.0298 0.992

Rate of return on common Roe Average balance of net profit/owner’s equity 24,342  0.0565  0.484 —67.50 2.379
stockholders’ equity
Ratio of cash flow Cashflow The proportion of net cash flow from operating activities in total 24,342  0.0467  0.0746 —0.744 0.876
assets
Asset-liability ratio Ar The ratio of total liabilities to total assets at the end of the period 24,342 0.429 0.206 0.00708  1.262
Enterprise scale Size Logarithmization of total assets of enterprises 24,342 3.098 0.0582 2.746 3.355
Enterprise listing age Lnage Logarithmization of current year—year of establishment +1 24,342 1.351 0.0952 0.527 1.641
Management shareholding ratio Mshare The proportion of management shareholding in total share capital 24,342 1293 19.39 0 89.99

In order to avoid the potential problem of multicollinearity, which in-
terferes with the statistical significance of the variables and the reli-
ability of the parameter estimation, we carried out a multicollinearity
test, and the test results are shown in Table 3. The largest variance
inflation factor (VIF) for the enterprise scale (Size) of 1.610, the second
largest variance inflation factor for the asset-liability ratio (Ar) of 1.510,
the average variance inflation factor of 1.190, and the rest of the vari-
ables of the VIF were not more than the critical criterion of 10; thus, it
can be concluded that the econometric model constructed in this study
does not have the problem of multicollinearity, which provides a reli-
able premise for the subsequent regression analysis.

Analysis of benchmark regression results

After the Hausman test, the p-values all rejected the original hy-
pothesis at the 1 % significance level. In view of this, we adopted the
panel fixed effects model as the benchmark model for the subsequent
empirical tests and strictly controlled the year fixed effects and industry
fixed effects in the regression process to ensure the accuracy of the
analytical results. For model robustness considerations, we still report
the estimation results of the RE model and the POLS model, which are
detailed in Table 4.

As can be seen from column (1) of Table 4, the estimated coefficient
of digital transformation affecting the TFP of enterprises was 0.0264 and
passed the 1 % significance test when all control variables were
included. This indicates that digital transformation has a significant role
in promoting the TFP of enterprises. The RE model and POLS model
regression results did not produce significant changes, and the only
difference was in the size of the coefficient; hypothesis 1 can be initially
confirmed. The reason for this is that digital transformation can deeply
empower the enterprise’s R&D and design, raw material procurement,

Table 3

Multiple collinearity test results.
Variable VIF 1/VIF
Size 1.610 0.620
Ar 1.510 0.663
Mshare 1.300 0.769
Top5 1.160 0.866
Dual 1.110 0.904
Lnage 1.110 0.905
DCG 1.080 0.926
Mfee 1.080 0.927
Cashflow 1.080 0.928
Roe 1.030 0.968
Lndep 1.020 0.976

Mean VIF 1.190

Table 4
Benchmark regression result.

Variables FE RE
DCG 0.0264*** 0.0327
[5.0762] [7.2510] [18.0318]
Mfee —1.0534%** —1.0811%** —1.5817%**
[-3.4977] [-2.9911] [-3.0113]
Indep —0.0002 —0.0003 —0.0023***
[-0.1657] [-0.3068] [-3.5111]
Dual —0.0133 —0.0144 —0.0247%**
[-1.0810] [-1.3186] [-3.2267]
Top5 0.1476** 0.1816*** 0.2524%**
[2.0844] [3.1728] [7.0821]
Roe 0.0320 0.0358 0.0684
[1.1340] [1.1691] [1.5232]
Cashflow 0.6711%*** 0.6833*** 0.7931%**
[9.8066] [9.7367] [8.7357]
Ar 0.2204%*** 0.3016%** 0.5650%**
[4.5223] [6.9369] [13.0077]
Size 11.4007%*** 12.0246*** 12.6861***
[30.6785] [42.0841] [63.8583]
Lnage 0.4289+* 0.2583*** 0.1281%***
[2.4092] [2.6617] [2.9361]
Mshare 0.0002 0.0000 0.0000
[0.3211] [0.0733] [0.1809]
_cons —27.8213%*** —29.6697*** —31.6328%**
[-23.7554] [-32.0910] [—45.3471]
Fixed year effect Control Control Control
Industry fixed effect Control Control Control
Observed value 24,342 24,342 24,342
R? 0.5928 0.5886 0.7572

Note: ***, ** * represent significance levels at 1 %, 5 %, and 10 %, respectively;
t-values adjusted for heteroskedasticity, and robust standard errors are in pa-
rentheses. Same below.

product manufacturing and sales of finished products, real-time man-
agement, and monitoring of the product’s whole life cycle process,
significantly shorten the product production cycle, and reduce the
defective rate, thus enhancing the efficiency of factor utilization. At the
same time, digital transformation can profoundly affect and even
reshape the overall management process of the enterprise, which helps
to eliminate the boundaries and barriers between various departments
within the enterprise and realize the real-time and transparent organi-
zation management and production management process. Through this
transformation, enterprises can significantly improve the efficiency of
information transfer and processing efficiency and thus effectively
reduce management, transportation, information transfer, and other
operating costs. This series of positive effects on the production man-
agement system promotes the formation of an efficient production mode
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and ultimately promotes the enterprise’s TFP.

Robustness tests

The aforementioned benchmark regression results confirm that dig-
ital transformation significantly contributes to firms’ TFP, and in order
to ensure the reliability of the conclusions, we employed the following
four validations.

Replace the explained variable

Considering that the TFP of enterprises in the benchmark regression
was calculated via the LP method, it is assumed that the intermediate
input can completely represent the productivity impact. If the adjust-
ment of enterprise’s intermediate input is disturbed by non-productivity
factors (such as policy intervention), it may lead to estimation bias. In
view of this, we followed the research paradigm of Demir et al. (2022),
used the fixed effect estimation method to recalculate the TFP of en-
terprises, and conducted the regression estimation accordingly.
Although the fixed effect estimation method cannot completely solve the
endogenous problem, it can provide complementary evidence by strip-
ping the inherent differences of individuals. The regression results are
detailed in column (1) of Table 5. The estimated coefficient of digital
transformation was 0.0205, and it passed the 1 % significance test. This
suggests that the baseline conclusions of this study remain robust after
replacing TFP measure.

Replace core explanatory variables

Referring to Zhao’s (2021) research method, we extracted some text
contents of the Report of the Board of Directors, Discussion and Analysis
of Management, and Discussion and Analysis of Operating Situation in
the annual reports of listed companies and extracted a certain number of
successful corporate samples through manual judgment. The criterion
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was determined according to whether the enterprise adopted digital new
technology, implemented an internet business model, realized intelli-
gent manufacturing, and built a modern information system in pro-
duction and operation. After that, the disclosure times of keywords were
counted from four aspects: digital technology application, internet
business model, intelligent manufacturing, and modern information
system, to reflect the development degree of enterprises in all aspects.
On this basis, we standardized the word frequency data, used the en-
tropy method to determine the weight of each index, and finally ob-
tained the digital transformation index (DCG2) of listed companies,
which was used as a substitute index for the core explanatory variables
in the benchmark regression. The specific estimation results are shown
in column (2) of Table 5. It can be seen that the empowerment effect of
digital transformation on the TFP of enterprises still existed, and the
influence coefficient was 0.0004, which was significant at the level of 1
%. This is basically consistent with the estimated results of the bench-
mark regression, which further verifies the reliability of the regression
results.

In addition, considering that the abovementioned way of replacing
explanatory variables still depends on the frequency of text words, there
may be strategic disclosure bias. Therefore, we further introduced the
digital patent (DP) as an objective technical capability index to replace
digital transformation and verified whether it promoted the TFP of en-
terprises. From the regression result of column (3), the influence coef-
ficient of DP was 0.0001, and it passed the significance test of 1 %. The
influence coefficient was slightly lower than that of digital trans-
formation, which may be due to the R&D-application lag effect of digital
patent indicators representing the actual output of technology research
and development, which cannot be quickly reflected in the improvement
in TFP. Although there are differences in the order of magnitude, the
consistency of their directions (all significantly positive) verifies the
robustness of the core conclusion.

Table 5
Robustness test results.
Variables (€] 2) 3) 4 (5)
DCG 0.0205%** 0.0264***
[4.3234] [5.0762]
DCG2 0.0004***
[2.8121]
DP 0.0001***
[3.7927]
L.DCG 0.0220%**
[4.3581]
Mfee —1.0864*** —1.0506%** —2.6982%** —1.0534*** —1.5643%**
[—3.7341] [—3.4991] [-12.3151] [—3.4977] [—4.6734]
Lndep 0.0001 —0.0002 —0.0003 —0.0002 0.0002
[0.1233] [-0.1839] [-0.3535] [-0.1657] [0.1887]
Dual —0.0182 —0.0140 —0.0106 —0.0133 —0.0068
[-1.6155] [-1.1356] [—0.9720] [-1.0810] [—0.5599]
Top5 0.1104* 0.1576** 0.0144 0.1476** 0.0814
[1.7228] [2.2307] [0.2071] [2.0844] [1.1122]
Roe 0.0262 0.0323 0.3030%** 0.0320 0.0239
[1.0769] [1.1465] [5.7261] [1.1340] [1.1044]
Cashflow 0.8084*** 0.6691*** 0.5966*** 0.6711%** 0.6515%**
[12.2358] [9.7583] [10.2033] [9.8066] [10.4505]
Ar 0.3155%** 0.2184*** 0.2973*** 0.2204*** 0.2036***
[6.9718] [4.4791] [6.0671] [4.5223] [4.0245]
Size 16.3137%** 11.4172%** 9.9904*** 11.4007*** 11.3750%**
[46.5702] [30.9419] [28.9017] [30.6785] [30.8597]
Lnage 0.5882%** 0.4321** 0.3901** 0.4289** 0.6353***
[3.5715] [2.4268] [2.3323] [2.4092] [2.7871]
Mshare 0.0001 0.0002 0.0003 0.0002 0.0002
[0.1162] [0.3571] [0.5107] [0.3211] [0.4043]
_cons —40.2027%** —27.8758%** —23.1486%** —27.8213%** —27.8978%**
[—36.3111] [—23.9432] [—21.0817] [—23.7554] [—23.6424]
Fixed year effect Control Control Control Control Control
Industry fixed effect Control Control Control Control Control
Observed value 24,342 24,342 15,589 24,342 19,851
R? 0.7448 0.5922 0.6859 0.5928 0.5961
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Introduce the provincial fixed effect

In the above benchmark regression model, we incorporated firm
characteristic variables to minimize the problems caused by omitted
variables, but it is still possible that important variables affecting firms’
TFP were omitted. In view of this, we drew on the methodology of Zhu
and Yu (2024) and introduced province fixed effects to effectively
control for time-varying macro-environmental factors at the province
level, and the adjusted regression results are displayed in column (4) of
Table 5. The results show that the impact coefficient of digital trans-
formation was 0.0264 after the inclusion of province fixed effects and
passed the 1 % significance test. This further confirms the important role
of digital transformation on firms’ TFP improvement and reinforces the
core findings of this study.

The lag phase of core explanatory variables

Considering that the implementation of digital transformation by
enterprises is a gradual process, whose effect may lag behind the inputs
and construction in the current period, there may be a lag effect on the
impact on TFP. In view of this, we referred to the research method of Li
et al. (2024b), lagged one period of enterprise digital transformation
treatment, and re-ran the regression; the regression results are shown in
column (5) of Table 5. The results show that the lagged one-period of
enterprise digital transformation still had a significant positive contri-
bution to TFP, with an impact coefficient of 0.0220, which once again
confirms that the regression results are reliable.

Excluding the sample of municipalities directly under the central government

Because China’s municipalities directly under the central govern-
ment (Beijing, Tianjin, Shanghai, and Chongqing) took the lead in
issuing smart manufacturing-related plans, standard specifications, and
supportive policies, and there is heterogeneity between these and other
cities in terms of factors such as digital infrastructure construction,
innovation capability, resource endowment, and talent cultivation, we
excluded the sample of enterprises located in the region of municipal-
ities and re-ran the regression test. The regression coefficient of digital
transformation in column (1) of Table 6 was 0.0278, which was

Table 6
Robustness test results (continued).
Variables 1) (@3] (€))
L.TFP_LP 0.4647***
[27.6309]
DCG 0.0278%*** 0.0152%** 0.0237***
[4.7183] [3.9761] [4.1811]
Mfee —0.8952%** —1.2448%*** —0.8820%**
[—3.0691] [—5.0291] [—3.4839]
Lndep —0.0005 0.0004 —0.0006
[—0.4384] [0.5826] [-0.5632]
Dual —0.0050 —0.0117 —0.0079
[-0.3618] [-1.3813] [-0.5532]
Top5 0.2235%** 0.1766*** 0.1987%**
[2.8473] [3.3134] [2.4674]
Roe 0.0225 0.0282 0.1768***
[1.0849] [1.1861] [2.9841]
Cashflow 0.7167*** 0.5103*** 0.5260%**
[9.2886] [9.3729] [7.1980]
Ar 0.1968*** 0.1647*** 0.2993%***
[3.7596] [4.3062] [5.1393]
Size 11.4775%** 6.6958*** 10.9149%**
[28.4504] [20.4642] [26.9030]
Lnage 0.5505%** 0.3624** 0.4091**
[2.6809] [2.5418] [2.2130]
Mshare 0.0003 0.0002 0.0001
[0.4636] [0.3769] [0.1726]
_cons —28.4712%** —16.8190%** —26.2853%**
[—21.8492] [—17.7228] [—20.8659]
Fixed year effect Control Control Control
Industry fixed effect Control Control Control
Observed value 18,846 19,851 19,060
R? 0.6005 0.7051 0.5838
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significant at a 1 % confidence level, indicating that the core conclusion
of digital transformation promotes the TFP of enterprises has not
changed.

Replace the estimation model

In the situation where digital transformation affects the TFP of en-
terprises, because it takes some time to complete technology imple-
mentation, staff training, and business process adjustment, the
promotion effect of digital transformation on TFP may have a certain
lag. Therefore, we put the t-1 period of TFP into the regression equation
and analyzed the influence of digital transformation on the current TFP
through the dynamic panel estimation model and the performance of
this influence in the t-1 period. As can be seen from column (2) of
Table 6, the estimation coefficient of digital transformation was 0.0152,
and it passed the significance test of 1 %. The estimated coefficient of the
TFP of enterprises in the t-1 period was 0.4647, which passed the sig-
nificance test of 1 %. This shows that digital transformation has a sig-
nificant lag in improving the TFP of enterprises, which is helpful for
enterprises in evaluating the long-term effect of digital transformation
more scientifically and formulating reasonable digital transformation
strategies and investment plans.

Adjust the sample observation period

The outbreak of the COVID-19 epidemic in 2020 was a global
exogenous shock, which had an unexpected and nonlinear impact on the
business environment (such as supply chain interruption, shrinking
demand, and policy intervention) and the digital transformation process
(such as being forced to accelerate an online transition). This impact
may be mixed with the active digital transformation behavior of enter-
prises, leading to a deviation in the estimation results. In addition, the
fluctuation in the TFP of enterprises during the epidemic period may
have been more driven by the epidemic itself (such as shutdown and
sudden drop in demand) than by the long-term effect of digital trans-
formation. Eliminating abnormal years can avoid the interference of
extreme values on the regression results. Based on this, the year after
2020 was excluded and regressed, and the results are shown in column
(3) of Table 6. The empirical results show that digital transformation
still had a significant positive effect on the TFP of enterprises after
excluding the epidemic year. This shows that the impact of digital
transformation on the TFP of enterprises was not driven by the special
environment of the epidemic but is universal across periods. Moreover,
this approach can effectively avoid the risk of false causality and ensure
that the estimation results capture the endogenous driving effect of
digital transformation, rather than the short-term stress response forced
by the crisis.

In summary, the aforementioned robustness checks have excluded,
from different dimensions, the interference of factors such as model
misspecification, measurement errors, and external shocks. Despite the
differences in magnitude of the estimated coefficients across various
methodologies, all results passed the economic significance test, and the
standardized direction and intensity of effects exhibit consistency with
the baseline regression. It is noteworthy that the direction of the impact
of the core explanatory variable remained entirely consistent across all
tests, with stable statistical significance and no systematic deviation
observed in coefficient differences. Therefore, although different mea-
surement perspectives from various methodologies lead to reasonable
fluctuations in the absolute values of the coefficients, the positive effect
of digital transformation on the enhancement in TFP demonstrates
robustness both in terms of statistical significance and economic logic,
thereby reinforcing the reliability of the core conclusions in this study.

Endogenous treatment
Within the framework of exploring the effects of digital trans-

formation on firms’ TFP, we introduced many control variables in an
attempt to alleviate the endogeneity problem caused by the absence of
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key variables and the lack of measurement accuracy. However, the
modeling still faces the problem of joint endogeneity caused by the
mutual causality between digital transformation and TFP. Specifically,
through digital transformation, firms may positively contribute to TFP
through mechanisms such as broadening financing channels and opti-
mizing the allocation of factors of production. Conversely, firms with
higher TFP are more likely to adopt and implement a digital trans-
formation strategy, as they usually have higher cash flow resources and
thus show greater financial support and a propensity for transforming.

In view of this, following the relevant methods of econometric causal
inference, we constructed instrumental variables from the following two
dimensions and tested them using the two-stage least squares (2SLS)
method. First, referring to Xu et al. (2024), the mean value of the digital
transformation of other enterprises in the same segment in the same year
was selected as the first instrumental variable. The reasons for the se-
lection are as follows: enterprise digital transformation constitutes a
costly and risky systematic project, facing extremely high uncertainty.
As numerous enterprises stand at the crossroads of digital trans-
formation, they harbor aspirations. Yet, they often find themselves
hesitating, rooted in the quandary of not knowing how to transform;
they are gripped by the fear of the unknown, a dread of change. As a
result, companies often tend to search for benchmark companies in their
neighborhoods to learn and imitate their digital transformation strate-
gies in order to improve their own transformation success rate. In
summary, in the same year and within the same industry, the digital
transformation effectiveness of other enterprises shows a high degree of
correlation with this enterprise, but this correlation is not directly
related to the TFP of the enterprise, thus satisfying the theoretical re-
quirements of correlation and exclusivity. Secondly, the provincial data
on the number of fixed-line telephones per 100 people in 1984 was
chosen as the basis to construct the second instrumental variable. At the
level of exogeneity verification for the exclusion restriction, double
validation was employed to ensure the exogenous nature of the variable.
Firstly, the penetration rate of fixed-line telephones, as a predetermined
variable, was established >30 years prior to the sample period, thereby
eliminating reverse causality with the current productivity of enterprises
from a temporal perspective. Secondly, through a review of the histor-
ical literature, it was confirmed that there is no known transmission
mechanism between traditional communication infrastructure and the
TFP of enterprises; its impact can only be realized through the pathway
of digital transformation. However, since the raw data of this variable
are in cross-sectional form and cannot be directly used for panel data
analysis, we referred to the study of Song et al. (2024) to construct the
cross term between the number of fixed-line telephones per 100 people
and the digital transformation of the enterprise lagged by two periods in
1984 for each province, which was used as an instrumental variable for
the level of digital transformation of that enterprise in that year.
Furthermore, considering the widespread presence of heteroskedasticity
and serial correlation issues in economic variables, we further employed
the two-step optimal generalized method of moments (GMM) for testing,
thereby obtaining more precise parameter estimation results. The GMM
can effectively deal with the heteroscedasticity and sequence correlation
problems in panel data by using the orthogonal moment condition; that

Table 7
Endogeneity treatment results.
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is, the tool variable matrix and the model error term satisfy the
orthogonal constraint condition. Furthermore, the orthogonal moment
condition of the GMM allows flexible adjustment of the correlation
structure between tool variables and error terms. For example, when the
error term has a moving average process, the potential correlation be-
tween the long-distance lag variable and the current error term can be
avoided by limiting the maximum lag order of the tool variable, thus
ensuring the effectiveness of the moment condition while controlling the
correlation of the sequence. In addition, the two types of instrumental
variables selected in this study may be subject to weak exogenous risk,
and the GMM optimizes the effectiveness of instrumental variables
through a weighted matrix, providing more robust estimation results in
weak instrumental variable scenarios. The specific results are shown in
Table 7.

In the first stage of regression, the two kinds of instrumental vari-
ables selected were significantly positively correlated with digital
transformation, which was consistent with the expected sign direction.
Meanwhile, in the instrumental variable under-identification test, the
Kleibergen-Paap rk LM statistics of the two types of instrumental vari-
ables were 171.258 and 1881.997, respectively, which significantly
rejected the original hypothesis; in the instrumental variable weak
identification test, the Kleibergen—Paap rk Wald F statistics of the two
types of instrumental variables were 171.742 and 2115.122, both of
which were greater than the critical value of 16.38 at the 10 % signifi-
cance level of the Stock-Yogo weak identification test, indicating that
there is no weak instrumental variable problem. Therefore, both types of
instrumental variables selected in this work are reasonable and feasible.
In the second-stage regression, after endogeneity adjustment, the posi-
tive promotion effect of digital transformation on firms’ TFP still held
and passed the 1 % significance test. This result suggests that endoge-
neity problems due to omission of important variables or two-way
causality did not have a significant impact on the core findings, and
the estimated coefficients slightly increased. In addition, from the
regression results of the GMM, digital transformation has a significant
positive effect on the TFP of enterprises, and the influence coefficient is
close to the regression coefficient of the second stage, which once again
demonstrates the reliability of our core conclusions.

Heterogeneity analysis
Heterogeneity analysis based on firms’ micro characteristics

Nature of property rights. Considering the significant differences among
enterprises of various ownership types in terms of their organizational
form, business model, resource abundance, and government support, as
well as their varying degrees of emphasis and dependence on digital
transformation, we divided the sample into central state-owned enter-
prises (SOEs), local SOEs, and non-state-owned enterprises for analysis.
The specific estimation results are shown in Table 8. The impact of
digital transformation on enhancing the TFP of enterprises did not
fundamentally vary with the nature of enterprise ownership. However,
for central state-owned enterprises, the promoting effect of digital

Variables The first tool variable The second tool variable

First stage Second stage GMM First stage Second stage GMM
DCG 0.0873%* 0.0871* 0.1687*** 0.1697***

[2.1847] [1.6793] [14.4586] [12.6783]

Instrumental variable 0.3834%** 0.0036***

[13.1095] [45.9858]
Control variable Control Control Control Control Control Control
Weak instrumental variable test 171.742 2115.122
Unidentifiable test 171.258%** 1881.997%**
R? - 0.7567 0.7567 - 0.7659 0.7656
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Table 8
Sub-sample regression results distinguishing the nature of firm ownership.

Variables Central Local state-owned Non-state-owned
enterprises enterprises enterprises
DCG 0.0311* 0.0168*** 0.0297***
[1.7230] [2.6359] [3.8579]
Mfee —2.3511%** —0.9691*** —2.3933%**
[—4.0917] [—4.3032] [-6.6937]
Lndep 0.0014 —0.0009 0.0005
[0.7677] [—0.6709] [0.3651]
Dual 0.0019 —0.0142 —0.0157
[0.0429] [—0.9350] [-0.9014]
Top5 —0.4762 0.2054** 0.2321%**
[-1.6099] [2.1958] [2.0751]
Roe 0.4843+** 0.0180 0.1884**
[3.2664] [1.0098] [2.4195]
Cashflow 0.5482%%* 0.6218%*** 0.6089***
[3.8789] [6.9264] [6.2725]
Ar 0.3264 0.2495%** 0.1550**
[1.3807] [4.4279] [2.0216]
Size 10.0239*** 11.2394*** 10.6499%***
[7.2948] [26.6814] [19.3220]
Lnage —0.2601 0.5051** 0.1437
[-0.6809] [2.1840] [0.4995]
Mshare 0.0227%** 0.0002 —0.0038
[2.7005] [0.3729] [—0.8087]
_cons —21.4093*** —28.1184%** —25.1016%**
[-5.1956] [-21.3915] [-14.1564]
Fixed year Control Control Control
effect
Industry fixed Control Control Control
effect
Observed 1114 14,958 8270
value
R? 0.7411 0.6166 0.6236

transformation on their TFP was the most pronounced, with an influence
coefficient of 0.0311, passing the significance test at the 10 % level. Non-
state-owned enterprises and local SOEs followed in order. The possible
reasons for these results are as follows. Firstly, from the perspective of
differences in policy support and strategic orientation, the digital
transformation of central SOEs is often integrated into national strate-
gies (such as digital China and new infrastructure), receiving specialized
policy support (such as financial subsidies, tax incentives, and data
openness pilots), and the transformation objectives are linked to gov-
ernment performance indicators, resulting in stronger execution. How-
ever, local SOEs are constrained by local financial capabilities and
fragmented policies, while non-state-owned enterprises rely more on
market-based resources, with weaker policy support. This leads to a lack
of systematic top-down design in digital transformation, which restricts
its promotion of enterprise TFP. Secondly, from the perspective of dif-
ferences in data integration and application scenarios, central SOEs can
break down internal data silos through administrative directives,
achieving full-domain integration of production, supply chain, and
customer data, providing a high-quality data foundation for AI algo-
rithm optimization. Moreover, the business scenarios of central SOEs are
complex and diverse (such as energy production, logistics scheduling,
and financial risk control), making it easier for digital technologies to
find high-value application scenarios. Thirdly, from the perspective of
differences in soft budget constraints and resource acquisition, central
SOEs benefit from implicit government guarantees and preferential
financing channels, making their digital transformation investments less
subject to short-term profitability pressures and capable of undertaking
high sunk-cost technological R&D. However, local SOEs are constrained
by local fiscal capacity and debt ceilings, while non-SOEs face credit
discrimination, making their digital transformation investments
vulnerable to being squeezed out by short-term cash flow pressures.
Especially during economic downturns, hard-constrained enterprises are
more inclined to cut digital spending to survive. Therefore, the promo-
tion effect of digital transformation on enterprises’ TFP cannot be fully
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utilized. Fourthly, from the perspective of differences in principal-agent
conflicts and implementation incentives, as a national strategic imple-
mentation vehicle, the management of central SOEs has dual goals of
economic performance and policy implementation. Digital trans-
formation is included in the SASAC evaluation system, and agency costs
are reduced through strong incentive-compatible contracts to ensure
that technological investment is transformed into productivity
improvement. However, in non-SOEs, there is a significant divergence in
goals between owners and professional managers. The long-term bene-
fits of digital transformation are mismatched with managers’ tenure,
which induces short-sighted behavior. Especially when the digital
leadership of management is insufficient, managers are more inclined to
choose shallow digital transformation (such as the computerization of
the financial system), which is easy to quantify and quick to attain re-
sults, while avoiding a long-term investment in reshaping the organi-
zational structure and upgrading human capital, thus restraining the full
release of the technical dividends. In summary, central SOEs have ad-
vantages in terms of resource abundance and policy embeddedness,
enabling their digital transformation to be more easily converted into
TFP improvement. In contrast, local SOEs and non-state-owned enter-
prises are constrained by one or more shortcomings, leading to lower
marginal returns from digital transformation. This finding suggests that
policymakers need to design differentiated support paths for enterprises
of different ownership types (such as strengthening the supply of in-
clusive digital infrastructure for non-state-owned enterprises) to unleash
the potential of full domain transformation.

Factor intensity. Lu and Dang (2014) pointed out that there are differ-
ences in the degree of reliance on technology and external resources of
enterprises with different factor intensities, and thus their TFP is
different. In view of this, we combined the industry classification
guidelines for listed companies (2012), divided the enterprise sample
into three categories: technology-, capital-, and labor-intensive, and
conducted group regression; the estimation results are shown in Table 9.

Table 9
Sub-sample regression results distinguishing firms’ intensity factor.

Variables Technology- Capital-intensive Labor-intensive
intensive enterprises enterprises enterprises
DCG 0.0089 0.0249** 0.0294%***
[1.4586] [2.2735] [3.3577]
Mfee —1.2351%* —1.8623%** —1.6824%**
[-2.3979] [—4.4153] [-5.8148]
Lndep —0.0022* 0.0014 0.0016
[-1.7687] [0.9842] [1.0455]
Dual —0.0062 —0.0083 —0.0477**
[—0.4670] [—0.3160] [—2.2258]
Top5 0.1166 —0.0187 0.0418
[1.3324] [-0.1581] [0.3372]
Roe 0.2828%** 0.0776* 0.3409***
[3.8997] [1.7594] [4.3218]
Cashflow 0.5330%*** 0.7716*** 0.4325%**
[5.6214] [7.0714] [4.4283]
Ar 0.4918%*** —0.1126 0.3071%**
[8.0263] [-1.2937] [3.6225]
Size 10.6356*** 7.8038%** 11.5788%***
[26.8596] [11.3448] [16.3400]
Lnage 0.4936** 0.5483* 0.2695
[2.1485] [1.6570] [0.8676]
Mshare —0.0005 —0.0005 0.0006
[-0.8167] [-0.4971] [0.3913]
_cons —25.4700%** —15.9007%** —28.1823%**
[—20.6025] [-7.8373] [-12.6510]
Fixed year Control Control Control
effect
Industry fixed  Control Control Control
effect
Observed 11,182 4206 8674
value
R? 0.6518 0.5664 0.5544
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The results show that the digital transformation of both labor-intensive
and capital-intensive enterprises can have a significant positive effect on
their TFP, and the estimated coefficient of the former was larger.
However, technology-intensive firms did not pass the significance test.
This is because, firstly, although labor-intensive firms do not yet have
the first-mover advantage to fully implement digital transformation, the
penetration and application of digital technology has initially shown a
partial substitution effect on low-skilled labor. By replacing repetitive
manual labor with digital equipment such as industrial robots and
intelligent sorting systems, labor costs and operational errors are
directly reduced. Moreover, digital tools liberate low-skilled workers
from mechanical operation and turn them to high value-added tasks
such as equipment monitoring and process coordination, thus realizing
skill re-engineering. This trend is conducive to optimizing the labor
structure and cutting production costs, which in turn drives the growth
of TFP (Zhai & Liu, 2023). Second, the process of digital transformation
is highly dependent on investment in intangible assets, while the sup-
porting role played by traditional tangible assets cannot be ignored.
Capital-intensive industries, due to their inherent asset base, provide the
necessary material conditions for digital transformation and promote
the TFP of enterprises in the process; in technology-intensive industries,
enterprises tend to build up their competitive advantages through
continuous scientific and technological research and technological
accumulation. The innovation and upgrading of digital technology
constitute the core competitiveness of such industries. However, this is
also why the contribution of digital transformation to TFP of
technology-intensive firms may be overshadowed by the high degree of
technological sophistication that already exists within them, and thus its
direct contribution may not be fully realized.

Enterprise size. Considering the differences in financial strength, tech-
nological resources, and market networks owned by different sizes of
enterprises, we referred to the research practice of Li et al. (2024a) and
divided the sample enterprises into large-scale enterprises and
small-scale enterprises based on the mean value of their asset sizes to

Table 10
Sub-sample regression results distinguishing firm size.

Variables Large-scale Small-scale
enterprises enterprises
DCG 0.0134** 0.0189%***
[2.3179] [2.6818]
Mfee —3.8648%** —0.9007***
[-10.3480] [—4.4795]
Lndep 0.0006 —0.0012
[0.5676] [—0.8680]
Dual 0.0024 —0.0090
[0.1662] [-0.5781]
Top5 —0.1044 0.2187+*
[-1.1532] [2.0562]
Roe 0.0119 0.1139%*
[0.8684] [2.3334]
Cashflow 0.6409%*** 0.3633***
[9.1227] [3.6424]
Ar —0.0731 0.4040%**
[—1.0882] [6.3356]
Size 11.6809%** 9.9953 %=
[23.7296] [18.2741]
Lnage 0.1381 0.4650*
[0.5792] [1.7605]
Mshare 0.0002 —0.0008
[0.1875] [-1.2103]
_cons —27.6824%*%* —23.7962%**
[-17.8019] [-14.2275]
Fixed year effect Control Control
Industry fixed effect Control Control
Observed value 12,171 12,171
R? 0.5860 0.4592
Test of coefficient difference between 0.001%***

groups (p-value)
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carry out group regression; the specific results are shown in Table 10.
The empirical results show that the promoting effect of digital trans-
formation on TFP was more prominent in small-scale enterprises. This
result may be attributed to the fact that small-scale enterprises usually
exhibit higher organizational flexibility and decision-making efficiency,
enabling them to respond quickly to market fluctuations and techno-
logical evolution. Small-scale enterprises have formed unique
decision-making advantages due to their flat organizational structure.
Compared to the multi-layer decision-making mechanisms of large-scale
enterprises, the decision-making chain of small enterprises is signifi-
cantly shortened, allowing digital transformation strategies to be
quickly translated into concrete actions. This agility is not only reflected
in the capture of emerging technology trends but also in the ability to
flexibly adjust resource allocation, rapidly iterate through trial and
error, and precisely embed digital tools into key business processes. At
the same time, due to their small size, resource constraints in small-scale
enterprises have instead become a catalyst for strategic focus, prompting
enterprises to concentrate their limited human, material, and financial
resources on core digital projects. This focused strategy avoids the
pepper-spreading investment common in large-scale enterprises and
ensures that digital transformation initiatives can generate direct and
measurable productivity improvements. In contrast, large-scale enter-
prises face more obstacles and uncertainties on their digital trans-
formation journey, due to their broad business scope and complex
product lines, such as increased system integration challenges and
resistance to change. These factors collectively limit the full extent of the
role of digital transformation in enhancing the TFP in large-scale en-
terprises, resulting in relatively limited empowerment effects.

In addition, considering the inconsistency in the distribution and
variance of the samples after grouping, we employed the Fisher com-
bination test to examine the differences in coefficients between groups
after grouped regression. Fisher’s combined test effectively overcomes
the problem of the inconsistent distribution of grouped samples through
a non-parametric permutation method. Traditional parametric testing
methods rely on the normality assumption, but in real data, the distri-
bution patterns of samples of enterprises of different sizes often vary.
Fisher’s test avoids the bias caused by inconsistent distribution as-
sumptions and improves the reliability of the test conclusions by simu-
lating a large number of possible sample allocations and constructing an
empirical distribution to test the differences in coefficients between
groups. The test results indicate that the differences in coefficients
among the groups all passed the significance test, with a p-value of 0.001
for each, significantly rejecting the null hypothesis. This suggests that
there are significant differences in the coefficients between the two
groups, indicating that the impact of digital transformation on TFP ex-
hibits heterogeneous effects among different enterprise size groups.

Heterogeneity analysis based on external macro factors

Degree of marketization. We consider that the higher the level of mar-
ketization among regions, the better their market mechanism will be,
which can better transmit information on investment orientation and
reduce the operation risk of enterprises. In view of this, we divided the
sample into two groups of high and low marketization levels based on
the median of the marketization index measured by Fan et al. (2003).
Given that the index data only covered up to 2019, to ensure the
completeness of the annual indicators, we drew on the methodology of
Hu (2021) to analyze the average growth rate of the marketization index
in each region and then applied the moving average method to
reasonably predict and extrapolate the data of the missing years to 2021.
As can be seen from Table 11, the digital transformation of enterprises in
the regions of low marketization degree had a more prominent effect on
TFP, with a coefficient of 0.0307. The possible reason behind this result
is that the process of digital transformation in areas with low marketi-
zation levels essentially constitutes a leap-forward upgrade in the
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Table 11
Sub-sample regression results distinguishing the degree of marketization.

Variables High marketization Low marketization
level level
DCG 0.0228%*** 0.0307***
[3.3251] [4.2482]
Mfee —2.1032%** —0.9490%***
[-6.1232] [—4.3507]
Lndep 0.0001 —0.0012
[0.0433] [—0.9387]
Dual —0.0146 —0.0130
[—0.9453] [-0.7031]
Top5 0.1085 0.1264
[1.2405] [1.2490]
Roe 0.0105 0.2778%**
[0.9668] [5.0088]
Cashflow 0.5226%*** 0.6632%***
[6.5073] [6.8897]
Ar 0.2400%** 0.3351%**
[3.9567] [4.8490]
Size 11.3014*** 10.9871%***
[22.9347] [24.1250]
Lnage 0.4780** 0.1597
[2.0104] [0.6926]
Mshare 0.0001 —0.0002
[0.1950] [-0.2232]
_cons —27.3586%** —26.3426**
[-17.6609] [-18.5763]
Fixed year effect Control Control
Industry fixed effect Control Control
Observed value 12,125 12,217
R? 0.6347 0.6078
Test of coefficient difference 0.040%**

between groups (p-value)

technology paradigm because of the relatively weak accumulation of
historical technology. When enterprises introduce digital technology,
they not only realize the innovation of production tools but also reshape
the track of technological evolution. This high growth on a low base
effect greatly enlarges the marginal benefits of digital transformation in
low-market areas. At the same time, although the market competition in
low-market areas is not as good as that in high-market areas, digital
transformation provides enterprises with the ability to break through
geographical restrictions. Through digital tools, enterprises can over-
come regional market capacity restrictions and expand the service
radius. This relatively relaxed competitive environment has become a
catalyst for the release of digital transformation efficiency.

Similarly, after grouping according to the marketization index, there
were significant differences in the distribution patterns between the
high and low groups of samples. We used the Fisher combination to test
the difference in the coefficients between groups after grouping and
regression according to the marketization index. The results showed that
the p-value of the difference between groups was 0.040, and it passed
the significance test of 5 %. This shows that there are significant dif-
ferences in the coefficients between the two groups.

Tax preference. Tax incentives are an important policy tool for govern-
ments to regulate corporate behavior, directly affecting firms’ cash flow
and investment capacity. Firms enjoying higher tax incentives may have
more abundant cash flow, enabling them to bear the fixed costs of digital
transformation (such as technology procurement and talent invest-
ment), thereby more effectively converting digital investments into
productivity improvements. Conversely, firms with lower tax incentives
may be constrained by financial limitations, resulting in lower marginal
benefits from digital transformation. Based on this, we adopted the
approach of Zhen et al. (2023) and measured the corporate tax in-
centives as the ratio of tax refunds received to the sum of tax refunds
received and taxes and fees paid in the corporate cash flow statement.
Subsequently, the median value of the tax incentives among the listed
firms was used as a threshold to divide the firms into high and low tax
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incentive groups, and the grouped regression analysis was conducted
accordingly. As shown in Table 12, the positive effect of digital trans-
formation on TFP was more pronounced in firms with low tax incentives
compared to those with high tax incentives. This finding seemingly
contradicts the intuition that resource abundance promotes trans-
formation effectiveness but may be attributed to the combined effects of
the following multidimensional factors. Firstly, there may be policy
dependence and innovation inertia. Firms that have long enjoyed high
tax incentives may develop a dependence on these policies, allocating
resources more toward maintaining the status quo (such as expanding
production capacity or pursuing short-term profits) rather than
engaging in high-risk long-cycle digital transformation. Their digital
investments may become superficial (such as purchasing equipment
without in-depth application), leading to limited TFP improvements.
This view is similar to Aghion et al. (2013), and it is believed that
abundant external resources may weaken the innovation motivation of
enterprises. However, resource constraints force firms with low tax in-
centives to focus more on the effectiveness of digital transformation,
tending to choose low-cost and high-return digital paths (such as opti-
mizing supply chain management systems rather than blindly launching
Al projects), thereby enhancing productivity more efficiently. Secondly,
there may be policy targeting bias and adverse selection. Some high tax
incentives may flow to inefficient firms that nevertheless align with
policy directives (such as zombie firms receiving subsidies due to in-
dustry labels), and their digital transformation lacks endogenous moti-
vation, making it difficult to convert resource investments into
productivity improvements. This echoes the adverse selection trap the-
ory in industrial policy research, which posits that policy incentives may
distort corporate behavior and induce rent-seeking by inefficient en-
tities. In other words, when local governments allocate tax incentives
based on explicit criteria such as industrial catalogs, firms may engage in
label-fitting strategies to feign digital investments. For instance, they
might purchase hardware equipment that meets policy requirements but
leave it unused or apply for demonstration projects while avoiding
changes to their organizational structure. Thirdly, there may be a

Table 12
Sub-sample regression results distinguishing tax preference degree.
Variables High tax Low tax
preference preference
DCG 0.0172%%** 0.0311%%**
[2.9503] [3.9035]
Mfee —2.3987%*** —1.4055%**
[-6.2540] [—4.4913]
Lndep —0.0013 0.0029**
[-1.2102] [2.1812]
Dual —0.0011 —0.0215
[-0.0754] [-1.1887]
Top5 —0.0372 0.1940*
[—0.4987] [1.8580]
Roe 0.1356** 0.0130
[2.2961] [0.9024]
Cashflow 0.5487%*** 0.6009***
[8.1203] [6.6762]
Ar 0.2330%** 0.1424**
[3.8813] [2.0814]
Size 10.4594%** 11.0070%**
[25.6627] [20.0830]
Lnage 0.4370* 0.4360*
[1.9141] [1.7377]
Mshare —0.0005 0.0015
[-0.7331] [1.6171]
_cons —24.7023%** —26.6335%**
[—18.4443] [-15.6992]
Fixed year effect Control Control
Industry fixed effect Control Control
Observed value 12,171 12,171
R? 0.6802 0.5618
Test of coefficient difference between 0.010%**

groups (p-value)
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strategic focus effect under resource constraints. Enterprises with low
tax incentives face stronger budget constraints, and this pressure
translates into stronger resource utilization efficiency. The theory of
organizational behavior shows that resource constraints will strengthen
the ‘exploration-development’ trade-off mechanism of enterprises and
urge them to give priority to the proven digital application scenarios.
The theory of lean innovation points out that in the process of digital
transformation, such enterprises are more inclined to choose leverage
point investment, focusing on digital links that can bring immediate
benefits (such as supply chain optimization and precision marketing)
rather than fully spreading. This precise policy not only reduces the risk
of transformation but also realizes a rapid improvement in TFP through
the link with the highest marginal benefit.

In addition, the results of the between-group difference test showed a
p-value of 0.010, which was significant at the 1 % level, leading to the
conclusion that the between-group difference in coefficients is
significant.

Geographical location. Considering the variations in enterprises’
inherent resource endowments, policy support intensities, market reg-
ulations, and industrial bases across different geographical locations,
there may be heterogeneity in the level of enterprise digitalization
development and industrial ecological environments. Therefore, we
classified the samples into three groups—eastern, central, and western
regions—based on the geographical locations of the enterprises and
conducted regression estimates accordingly. As shown in Table 13, the
positive effect of digital transformation on TFP was highest among en-
terprises in the central region, followed by those in the eastern region,
while the results for the western region did not pass the significance test.
This outcome can be attributed to differences in spatial layout planning
and developmental stages among the regions. The eastern region has
entered the post-industrialization stage, where most enterprises are in
the mature phase of digital transformation, and the effect of diminishing
marginal returns has become apparent. In contrast, the central region is
in the midst of deepening industrialization, with its leading industries
such as equipment manufacturing highly compatible with industrial
internet and smart manufacturing, creating a significant window for

Table 13
Sub-sample regression results distinguishing geographic location.

Variables Eastern region Central region Western region
DCG 0.0240%** 0.0257+* 0.0206
[4.1920] [2.1197] [1.2711]
Mfee —1.6462%** —1.6359%** —1.7478%*
[—4.6101] [—3.0696] [—3.9998]
Lndep 0.0003 0.0025 —0.0034
[0.2617] [1.0036] [-1.5343]
Dual —-0.0191 0.0019 —0.0475
[-1.4732] [0.0618] [—1.4009]
Top5 0.1013 0.1270 0.0808
[1.3259] [0.8237] [0.4331]
Roe 0.0240 0.3594+* 0.1622
[1.1071] [2.5277] [1.0444]
Cashflow 0.55427%** 0.6650%** 0.9024%**
[8.2728] [4.2403] [3.7158]
Ar 0.1817*** 0.3467*** 0.3074**
[3.4712] [2.6356] [2.4131]
Size 11.3688%** 10.9294+** 7.7386%**
[28.9818] [15.2948] [8.7886]
Lnage 0.50027%* 0.2195 0.0012
[2.4281] [0.6190] [0.0023]
Mshare —0.0001 0.0007 —0.0007
[—0.0898] [0.4111] [—0.3349]
_cons —27.7913%** —25.7157%** —15.8473%**
[—22.6072] [-11.6113] [-5.6097]
Fixed year effect Control Control Control
Industry fixed effect Control Control Control
Observed value 20,191 4563 2804
R? 0.6236 0.6242 0.6285
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efficiency improvement. However, the western region lags behind in
manufacturing development and the industrialization process, pre-
venting it from quickly advancing the optimization of production pro-
cesses by riding the wave of digital development. Therefore, the western
region should draw lessons from the central region leapfrog model and
construct a three-dimensional driving system of digital new infrastruc-
ture + characteristic industries + precise policy support to narrow the
intergenerational gap in regional digital development.

Mechanism analysis

Furthermore, in order to open the black box of how digital trans-
formation affects the TFP of enterprises, combined with theoretical
analysis, we tested the intermediary effect from the perspective of
human-machine cooperation. The specific estimation results are shown
in Table 14.

Columns (1) to (3) in Table 14 reveal the test results of human-
—machine cooperation mechanism identification. The regression results
in column (2) show that digital transformation had a significant positive
effect on human-machine cooperation, with an estimation coefficient of
0.1412, passing the significance test of 1 %. This result shows that digital
transformation can effectively promote cooperative work between
humans and machines by improving the information processing ability,
optimizing the workflow, and enhancing the interaction efficiency, thus
improving the overall work efficiency and productivity. Column (3)
includes both digital transformation and human-machine cooperation,
and the estimation coefficients of digital transformation and human-
-machine cooperation were 0.0223 and 0.0285, respectively, passing
the significance tests of 1 % and 5 %. The z statistic of the Sobel test was
2.099, and it passed the significance test of 5 %. The results of the
Bootstrap test show that the confidence interval of the mediation effect
with 95 % confidence was [0.0014,0.0104], which did not contain a
0 value. Therefore, human-machine collaboration plays a partial
intermediary role in the relationship between digital transformation and
TFP, and a positive transmission mechanism of digital transformation —
human-machine collaboration — TFP improvement is constructed. Spe-
cifically, digital transformation has profoundly reshaped the traditional
working mode. With the introduction of advanced technology and the
application of innovative tools, work efficiency and productivity have
been significantly enhanced, making machines and intelligent systems
competent for a wider range of tasks, thus releasing the creativity and
advanced decision-making potential of human beings, greatly promot-
ing the rapid circulation and extensive sharing of information, and
strengthening the ability of collaborative work within organizations. At
the same time, under the macro background of digital transformation,
the mode of human-machine cooperation has been significantly opti-
mized and upgraded, realizing the deep integration and synergy be-
tween an intelligent system and human wisdom. Both sides can give full

Table 14
Test results of the intermediary effect.
Variables (€8] 2 3)
TFP_LP Human-machine TFP_LP
cooperation
DCG 0.0264*** 0.1412%** 0.0223***
[8.1986] [86.18793] [5.9736]
MC 0.0285**
[2.1028]
_cons —27.8213%*** —1.1915%** —27.7873%**
[-67.2431] [—5.6529] [-67.1104]
Control variable Control Control Control
Fixed year effect Control Control Control
Industry fixed effect Control Control Control
Sobel test 2.099%*

Confidence interval of
Bootstrap mediation
effect

[0.0014,0.0104]
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play to their respective advantages and jointly promote the optimal
allocation and efficient utilization of resources. This change not only
reflects the innovation in the working mode due to technological
progress but also highlights the key role of human-machine cooperation
in improving the production efficiency and competitiveness of enter-
prises, thus providing strong support for the growth of TFP.

Fig. 3 also reveals that the average level of human-machine collab-
oration among listed enterprises in China has shown an overall upward
trend year by year from 2009 to 2021. In the initial stage of technology
diffusion (2009-2014), human-machine cooperation mainly reflected
the introduction of basic technical tools and the initial automation of
operation processes, and its growth rate was relatively flat. The char-
acteristics of this stage are consistent with technology diffusion theory;
that is, the early application of new technologies often focuses on local
efficiency improvement. With the intensive implementation of the
internet plus policy (2015-2019), the large-scale deployment of smart
devices and data platforms has accelerated the optimization of human-
—computer interaction and has led to rapidly rising cooperation effi-
ciency. This transition can be attributed to the policy-driven network
externality effect; that is, the improvement in infrastructure reduces the
marginal cost of technological collaboration. By the deep application
period of the industrial internet (after 2019), human-machine collabo-
ration has gradually broken through the limitation of single task
collaboration and evolved to cross-system and cross-domain ecological
collaboration, achieving a second jump in the growth rate. This evolu-
tion path confirms the core view of dynamic capability theory: after
technology accumulates to a critical level, enterprises will shift from tool
adaptation to system reconfiguration. Therefore, combined with the
results of the mediation effect, this finding provides important practical
implications for policymakers and business managers. Policymakers
should leverage human-machine collaboration as a key driver and
promote digital transformation through a combination of infrastructure
gap-filling + precise policies + ecosystem cultivation. Business man-
agers, on the other hand, need to reconstruct their competitiveness from
three aspects: organization, talent, and data. It is particularly important
to note that human-machine collaboration is not a simple substitution
but rather a symbiotic evolution that enhances human creativity and
machine efficiency to achieve a leap in value. The key to future
competition lies in the ability to transform technological tools into
sustainable collaborative innovation capabilities.

Conclusions and policy recommendations
Research conclusions

First, we determined the internal mechanism through which digital
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Fig. 3. Fluctuation trend in the average human-machine cooperation level.
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transformation influences TFP from a theoretical perspective. Second,
based on panel data from Chinese listed enterprises spanning from 2009
to 2021, we quantitatively assessed the impact of digital transformation
on TFP and the role of human-machine collaboration in this process
from an empirical perspective. The findings reveal that (1) digital
transformation can significantly enhance TFP, and this conclusion
remained valid after a series of robustness checks and endogeneity
treatments; (2) heterogeneity analysis revealed that the positive effect of
digital transformation on TFP was more pronounced for state-owned
enterprises, labor-intensive firms, small-scale enterprises, firms located
in regions with low marketization levels, firms with low tax incentives,
and firms in China’s central region; (3) in terms of the impact mecha-
nism, digital transformation can effectively integrate the resources and
advantages of humans and machines, enabling seamless collaboration
and complementarity between them, thereby enhancing enterprise TFP.
The aforementioned research conclusions engage in dialogue with
and complement the global research on the effects of digital trans-
formation. (1) Consistency of core effects: Similar to the experiences of
developed countries, digital transformation significantly enhances the
TFP of enterprises by reconstructing the allocation efficiency of pro-
duction factors. However, in the Chinese context, policy-driven char-
acteristics are more prominent. For instance, the new infrastructure
strategy has accelerated the rate of technology diffusion, while Euro-
pean and American countries rely more on spontaneous market evolu-
tion. (2) International differences in heterogeneous outcomes: For
example, this study found that the effectiveness of digital transformation
was greater in small-scale enterprises, whereas developed economies
generally show that large enterprises have more transformation poten-
tial due to their resource endowment advantages. This difference may
stem from the rapid response of Chinese SMEs’ organizational agility to
policy dividends and the technological inclusivity brought about by the
platform economy (e.g., cloud services reducing fixed costs). Further-
more, the catch-up effect of digital transformation in enterprises in
central China shares similarities with the leapfrog transition in South-
east Asian countries (such as Vietnam and Indonesia), both demon-
strating the potential of latecomer economies to break through path
dependence through technological leapfrogging. (3) Commonalities in
human-machine collaboration mechanisms: The mediating role of
human-machine collaboration has been verified in cross-national
studies (Acemoglu & Restrepo, 2017), all indicating that its essence
lies in improving knowledge conversion efficiency through the
complementarity of human creativity and machine execution.

Policy recommendations

First, enterprises should actively seize the opportunity for digital
transformation and fully explore its potential for improvement in TFP.
The first task is to accelerate the in-depth penetration of digital tech-
nology in multiple business segments, including R&D and innovation,
manufacturing, warehousing and logistics, marketing and management
decision making, with the aim of constructing a dynamic system in
which technological innovation and application innovation are driven
by each other and form positive feedback. Secondly, enterprises should
focus on improving the intelligence and digitalization level of
manufacturing and strive to break through key technology barriers and
achieve independent control of technology by increasing R&D invest-
ment in core technology areas such as high-end chips, basic hardware
and software, intelligent sensing devices, the development architecture,
and basic components. At the same time, it should promote the digital
transformation and upgrading of the production process and optimize
the production structure by adopting intelligent manufacturing tech-
nology to strengthen the production efficiency and improve the quality
of the products; again, at the level of business strategy, the enterprise
should actively embrace internet thinking and make full use of the
openness and connectivity of the internet to reshape the interaction
mode between the enterprise and the consumers. By accurately grasping
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market demand and consumer preferences, enterprises can promote
product development, management optimization, and business model
innovation based on customer demand. This includes the use of internet
technology to deepen the customer experience, such as customized
production, rapid response mechanisms, as well as the power of digital
transformation to promote innovation in the management model, to
achieve the flattening of the organizational structure and flexibility in
the management decision-making process. Finally, the enterprise should
focus on the construction of a highly efficient, secure, and scalable in-
formation sharing platform, by strengthening the upgrading and
improvement of the network infrastructure, to enhance the speed and
reliability of data transmission.

Secondly, in order to enhance the effectiveness and accuracy of en-
terprise digital transformation, it is necessary to follow the principle of
applying policies according to the enterprise and following the trend and
carefully plan relevant policies to build an external ecosystem conducive
to enterprise transformation. First and foremost, the government should
carefully consider the uniqueness of enterprises in terms of the owner-
ship structure, resource concentration, scale, geographical differences in
the process of marketization, and the geographic location and imple-
ment a differentiated digital transformation strategy. For example, one
could make a dynamic policy list according to the characteristics of
enterprise resource endowment. For technology-intensive enterprises,
one could focus on supporting basic algorithm research and develop-
ment and intellectual property protection; for labor-intensive enter-
prises, one could provide smart equipment financing lease subsidies and
skills retraining funds. One could establish a two-dimensional evalua-
tion model of transformation potential-resource endowment and
dynamically adjust the priority of policy support. This strategy aims to
incentivize enterprises with advantages to explore innovative paths in
key aspects such as R&D, design, and manufacturing and give full play to
their leading and demonstration roles. Secondly, one could strengthen
the construction of big data platforms and shared factories, promote the
deep integration of manufacturing resources and internet platforms, and
promote the accurate matching of new digital infrastructure and in-
dustrial needs. For example, through the sharing mechanism of means of
production, the input cost of labor-intensive enterprises in digital
transformation can be reduced, while their production efficiency can be
improved. For another example, for enterprises whose investment in-
tensity in digital transformation is higher than the industry average,
VAT plus credit can be implemented according to a certain proportion of
their smart equipment purchases and data governance expenditures.
Further, one can establish and improve the policy evaluation and feed-
back loop system, adjust policy details in a timely manner, ensure that
policies are closely aligned with the actual needs of enterprises, and
effectively respond to the specific challenges encountered by enterprises
on the way to transformation. Finally, the government needs to deepen
its exchanges and cooperation with enterprises and build a continuous
communication platform in order to quickly capture the needs of en-
terprises and provide customized guidance and support.

Third, one could focus on the introduction and cultivation of digital
intelligence talents and pay attention to improving the effectiveness of
human-machine collaboration. First of all, enterprises should build an
intelligent manufacturing talent system with four dimensions, including
skilled talents, application practitioners, facilitators, and leaders, to
form a talent network jointly woven by the intelligent manufacturing
professional departments and business departments. This network aims
at building a hierarchical echelon of intelligent manufacturing talents
from the three dimensions of depth, breadth, and a high degree of
leadership, to give full play to the intermediary role of human-machine
collaboration in the process of digital transformation and further
amplify its positive impact on TFP. At the same time, enterprises should
also set up a human-machine collaborative innovation award fund.
Teams that achieve substantial innovations such as process improve-
ment and energy consumption reduction through human-machine
cooperation will be rewarded with supporting research and
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development funds and profit sharing. For instance, enterprises
participating in the co-construction of Digital+ laboratories are
permitted to enjoy additional tax credits for their R&D expenditures,
while simultaneously being required to sign a graduated intellectual
property (IP) sharing agreement with their university partners. Under
this agreement, the ownership of foundational algorithm patents is
vested in universities to safeguard academic public interest, whereas
commercial revenue from applied technology patents is allocated pro-
portionally according to the respective contributions of the parties
involved, thereby mitigating moral hazards. In addition, enterprises
should actively establish cooperative relationships with top universities
and research institutions in China, closely focusing on national strategic
needs and international frontier trends in the discipline and vigorously
promote research projects on the cross fusion of intelligent
manufacturing and multiple disciplines such as arts, science, and engi-
neering, for example, exploring the innovative application of artificial
intelligence in the fields of energy optimization, environmental moni-
toring technology innovation, and accurate calculation of carbon
emissions, with the aim of accelerating the cultivation of multidisci-
plinary talents with knowledge in multiple fields such as artificial in-
telligence, economics, sociology, management, and jurisprudence. This
not only helps to fully tap the potential of the demographic dividend but
also injects new vitality and momentum into the continuous improve-
ment of the TFP of enterprises through the efficient collaboration of
human-machine cooperation in the wave of digital transformation.
However, it is also noteworthy that incentive compatibility issues are
commonly encountered in university—enterprise collaborations. Both
parties should establish a long-term incentive mechanism to address
incentive compatibility through a three-stage design. Specifically, at the
initial stage of co-construction, a graduated intellectual property (IP)
sharing agreement should be signed to clarify the ownership of foun-
dational algorithms and the rules for commercial revenue distribution.
In the intermediate stage, a dual-certification system should be intro-
duced, whereby enterprise engineers concurrently serve as practical
mentors in universities, and university professors act as technical advi-
sors in enterprises, thus forming a closed-loop training system. In the
later stage, an outcome-resource linkage mechanism should be imple-
mented, whereby a proportion of the revenue generated from the
commercialization of laboratory patents is reinvested into teaching re-
forms. This design aligns with China’s policy orientation of integration
of industry and education and can rely on the dynamic evaluation
mechanism of the Ministry of Education’s Double First-Class initiative to
incorporate the achievements of joint university—enterprise research
projects into the evaluation index systems for university disciplines and
enterprise innovation. Through hierarchical transmission, incentive
compatibility can be achieved.
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