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A B S T R A C T

Digital technology is increasingly blurring the lines between humans and machines, significantly influencing the 
distribution of income among workers. The question of how businesses can capitalise on the benefits of digital 
advancement by optimising internal human capital allocation during the digital innovation process has become a 
critical concern. This study utilises the Sentence-BERT(SBERT) model to identify digital innovation and examines 
its effects on the labour share within firms, alongside the underlying mechanisms from the viewpoint of human 
capital allocation. The research findings are as follows: First, digital innovation has a positive and significant 
impact on the labour share, a conclusion that remains robust after conducting various sensitivity tests and 
addressing endogeneity issues. Second, the mechanism analysis reveals that changes in human capital allocation 
serve as a crucial mediating factor between digital innovation and labour share. Further exploration indicates 
that skills training, as an element of human capital allocation, demonstrates varying levels of influence across 
various company sizes and industry characteristics. Third, the positive impact of digital innovation on labour 
share is more pronounced in regions with supportive business environments, high-tech sectors and firms with 
superior corporate governance. Lastly, for ordinary employees, digital innovation enhances their labour share. 
Conversely, for management, while digital innovation reduces their labour share, it increases their equity 
incentive, suggesting that digital innovation aids in bridging the digital divide within firms and fosters a more 
equitable distribution of benefits. This study not only enriches the theoretical understanding of the effects of 
digital innovation on labour income but also encourages the practical application of digital innovation in 
reducing the wealth gap and achieving shared prosperity.

Introduction

In the era of rapid technological progress, digital innovation has 
become a crucial driver of global economic expansion. It has infiltrated 
numerous sectors and is fundamentally altering traditional production 
techniques and business strategies. According to the "Global Digital 
Economy White Paper (2024)" published by the China Information and 
Communication Technology Institute, the remarkable growth of digital 
technologies, including large-scale artificial intelligence models, has 
resulted in a digitalisation rate of 86.8 % across the industries of major 
nations. China’s 14th Five-Year Plan explicitly highlights the need to 
deepen the integration of digital technologies into economic, social and 
industrial development, while also promoting innovation in digital ap-
plications and business models. Owing to its unique characteristics of 
connectivity, scalability and intelligence, digital innovation has not only 

transformed production methods but has also significantly impacted 
labour market dynamics and employment structures (Usai et al., 2021). 
Enterprises, as microcosms of economic activity, act as primary agents of 
digital innovation (Fang & Liu, 2024). Existing literature confirms its 
substantial economic influence on corporate development (Ballestar 
et al., 2020; Li et al., 2024), particularly regarding the distribution of 
labour share (Dou et al., 2023; Jiang et al., 2024; Li et al., 2023a). 
However, the specific mechanisms driving these effects warrant further 
investigation.

Since the early 1980s, labour share has been in decline in most 
countries (Li et al., 2023a; Serres et al., 2001; Zhang, 2019). This trend 
has been particularly pronounced amid ongoing technological ad-
vancements and the reconfiguration of the global supply chain, leading 
to extensive discussions about the dynamic changes in labour share. As a 
developing nation, China has experienced continuous fluctuations in 
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labour share due to the large-scale migration of labour from agriculture 
to manufacturing and services within the context of global integration. 
Data from the China Statistical Yearbook indicates that the proportion of 
labour remuneration to GDP has been decreasing since it peaked at 56.5 
% in 1983, falling to 20.9 % in 2022, while the share of capital remu-
neration has been rising. Concurrently, China’s Gini coefficient has been 
declining year on year. Although it slightly decreased to 0.471 in 2023, 
it remains above the warning threshold of 0.4, indicating a persistent 
wealth gap in China. Given this context, China’s labour market is 
currently facing multiple challenges. On one hand, the ageing popula-
tion and related demographic issues are gradually eroding the de-
mographic dividend, leading to labour shortages and rising labour costs 
for Chinese enterprises (Ang et al., 2024). On the other hand, the advent 
of the computing power era has brought about issues such as automation 
replacing labour and skill mismatches, raising concerns about the po-
tential threats that digital innovation poses to the employment stability 
and income prospects of traditional workers (Acemoglu et al., 2014; 
Acemoglu & Restrepo, 2018).

In light of these challenges, increasing labour share has become a 
pressing practical issue that must be addressed to promote sustainable 
economic growth and achieve common prosperity in China. In recent 
years, the Chinese government has placed significant emphasis on in-
come distribution, implementing a series of policies aimed at improving 
workers’ incomes. The 14th Five-Year Plan for National Economic and 
Social Development in the People’s Republic of China and the Outline of 
Long-term Goals for 2035 underscore the policy objectives of raising 
residents’ incomes and narrowing the income gap, while also high-
lighting the need to enhance labour share. As a metric for assessing the 
proportion of workers in national income, labour share is vital for 
maintaining social stability, fostering consumption growth and 
achieving a more balanced economic development model (Decreuse & 
Maarek, 2015). For enterprises, labour share serves not only as an 
important measure of the fairness of interest distribution within orga-
nisations but is also directly linked to employee well-being and the 
long-term growth potential of businesses. Therefore, in the context of 
the digital revolution, it is of great practical significance to thoroughly 
investigate the economic relationship between digital innovation and 
labour share in enterprises, to promote the co-evolution of innovation 
activities and labour market policies and to ensure the simultaneous 
advancement of high-quality economic development alongside social 
equity and justice.

This study aims to integrate digital innovation into the framework of 
income distribution within enterprises, elucidating the theoretical un-
derpinnings of how advancements in digital innovation affect the labour 
share of companies. Using data from China’s Shanghai and Shenzhen A- 
share listed companies covering the period from 2012 to 2022, the paper 
explores the specific impact of digital innovation on enterprise labour 
share and its operational mechanisms. The findings reveal that, first, 
digital innovation significantly boosts labour share, a conclusion that 
remains robust after various sensitivity analyses and treatments for 
endogeneity. Second, the mechanism analysis indicates that adjustments 
in human capital allocation play a vital mediating role between digital 
innovation and labour share. Further research reveals that skills 
training, as a factor in human capital allocation, exhibits a more sig-
nificant mediating effect in larger enterprises and industries belonging 
to labor-intensive industries. Third, the impact of digital innovation on 
the labour share varies due to regional business environments, the 
technological nature of industries and corporate governance levels. 
Fourthly, digital innovation enhances the labour share of ordinary em-
ployees, while for management, it decreases their labour share but in-
creases their equity incentive. This suggests that digital innovation helps 
bridge the digital divide within firms and fosters a more equitable dis-
tribution of benefits.

There are two branches of literature most relevant to this paper. The 
first branch explores the impact of digital transformation on firms’ la-
bour resource allocation. This strand of literature demonstrates the 

economic consequences of digital transformation from various di-
mensions and channels. Li et al. (2023a) argued that digital trans-
formation increases labour share by relaxing firms’ capital constraints. 
Jiang et al. (2024) also confirmed that digital transformation can in-
crease the labour share, and further research suggested that the pledge 
of corporate equity weakened the positive effect of digital trans-
formation on the labour share. In contrast, Dou et al. (2023) found that 
from the perspective of labour structure optimisation, the digital 
transformation of firms increases the proportion of tertiary-educated, 
high-skilled labour and R&D researchers, which, in turn, contributes 
to the upgrading of the labour structure. The second branch of literature 
examines the impact of innovation activities on labour market condi-
tions. The effects of innovation activities on the labour market are 
widely recognised as complex, but there is no consensus on the impli-
cations of this Schumpeterian "creative destruction" effect (Harrison 
et al., 2014; Liu & Sun, 2024; Van Reenen, 1997). Specifically, studies 
have explored the effects of automated technologies (Acemoglu & 
Restrepo, 2018; Dinlersoz & Wolf, 2024), robots (Acemoglu & Restrepo, 
2020; Ballestar et al., 2020; Zhao et al., 2024), artificial intelligence 
(Aghion et al., 2018; Chen et al., 2024a; Yang, 2022; Zhang, 2023), IT 
technology and non-neutral technologies (Zhang, 2019). And different 
specific areas of innovation activities have different influence directions 
and degrees on the enterprise labour market.

According to our review of the literature, these two branches have 
the following research gaps. First, digital transformation and digital 
innovation do not share the same connotation and focus (Sumbal et al., 
2024), and their economic effects are not directly equivalent. Digital 
transformation aims to improve efficiency, enhance customer experi-
ence and create new sources of value by transforming the business 
model, organisational structure and culture of enterprises. In contrast, 
digital innovation emphasises the development and application of new 
technologies to enhance the innovative nature of products and services, 
as well as improving the core competitiveness and technological 
advantage of companies. The existing literature on labour resource 
allocation primarily focuses on the effects of digital transformation, 
rather than the effects of the level of digital innovation itself, especially 
concerning firms’ labour share. Second, innovation activities encompass 
a broader scope. As a type of innovation activity, digital innovation 
embodies the development of new products, the provision of new ser-
vices and the optimisation of production processes in the digital domain. 
Few studies have directly addressed the impact of digital innovation on 
labour share, and different areas of innovation activities may yield 
opposing labour effects.

Compared to established studies, this paper contributes in three 
major ways. Methodologically, it evaluates the various patent identifi-
cation methods available in current literature and utilises the advanced 
Sentence-BERT(SBERT) model to quantify digital patents, surpassing 
previous research that relied solely on International Patent Classifica-
tion (IPC) classification codes or basic textual analyses to quantify dig-
ital patents. This choice offers a more precise tool for gauging the true 
impact of digital innovation. Additionally, in contrast to previous fields 
of innovation activities, this paper examines in depth the impact of 
digital technological innovation on the labour share of enterprises and 
its internal mechanisms from the perspective of optimising human 
capital allocation. Finally, an analysis of the impact of digital innovation 
on labour share under differing regional, industry and enterprise char-
acteristics is also provided. The government can use this to address the 
challenge of declining labour share in specific digital environments with 
empirical support and policy implications, while laying a theoretical and 
practical foundation for achieving society’s common prosperity goal.

Theoretical analysis and hypothesis development

Digital innovation and enterprise labour share

Labour share is essential for firms to maintain employee motivation, 
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ensure social stability and foster sustainable development. The key to 
enhancing labour share at the enterprise level lies in analysing its dual 
impact on improving the job market and increasing wage levels.

From the perspective of enhancing the job market, digital innovation 
directly contributes to the optimisation and upgrading of the employ-
ment structure by creating new job opportunities and career paths 
(Ballestar et al., 2020; Harrison et al., 2014). On one hand, technological 
advancements have led to the emergence of numerous new industries 
and roles (Acemoglu & Restrepo, 2019; Dou et al., 2023; Van Reenen, 
1997), such as big data analysts and artificial intelligence specialists 
(Zhang, 2023). The rise of high-skilled positions absorbs a significant 
number of workers while also improving overall employment quality 
(Stehrer, 2024). On the other hand, the automation and intelligence 
transformation of traditional industries may lead to the downsizing of 
some low-skilled jobs in the short term (Acemoglu & Restrepo, 2020). 
However, in the long run, the deep integration of digital innovation can 
enhance production efficiency, establish a foundation for business 
expansion and diversification and indirectly result in the creation of 
more jobs (Uddin, 2024).

From the viewpoint of increasing wages, digital innovation has 
significantly boosted labour productivity, providing a solid basis for 
wage growth. First, with the application of technology, employees are 
required to operate more complex systems and process larger volumes of 
information, which enhances labour productivity and leads to increased 
output (Zhao et al., 2024). According to rent-sharing theory, due to the 
presence of frictions in the labour market, when firms earn excess 
profits, they are likely to share these gains with their employees to 
mitigate production costs associated with employee turnover (Liu & 
Sun, 2024). Second, in line with skill-based technological advancement, 
highly educated and skilled workers have gained increased bargaining 
power due to their irreplaceable value, allowing them to command 
higher wage premiums based on their marginal productivity (Chen 
et al., 2024a). Third, enterprises driven by digital technology are 
encouraged to implement more transparent and personalised digital 
performance management and compensation systems (Li et al., 2024), 
which help ensure that workers’ contributions are accurately assessed 
and rewarded, further promoting reasonable wage increases and opti-
mising income distribution (Jiang et al., 2024). Based on this analysis, 
digital innovation not only positively influences the labour market by 
broadening employment opportunities and optimising occupational 
structures but also indirectly contributes to rising wage levels by 
enhancing production efficiency, improving worker quality and refining 
compensation management systems. Together, these factors signifi-
cantly increase the labour share within enterprises. Accordingly, it is 
proposed that:

Hypothesis 1: Digital innovation increases the labour share of 
enterprises.

Digital innovation, human capital allocation and enterprise labour share

According to the Slow Growth Model, technological innovations will 
inevitably steer the economic system towards a more efficient and sus-
tainable growth trajectory (Li et al., 2022). The advancement of digital 
innovation serves not only as a new engine for economic growth but also 
as a key source of competitive advantage for enterprises. It can drive 
improvements in labour share by optimising human capital allocation, 
with its internal mechanisms summarised as shown in Fig. 1.

Digital innovation optimizes human capital allocation
Existing literature widely acknowledges the significant impact of 

digital innovation on the enhancement of human capital allocation 
(Acemoglu & Restrepo, 2019; Dou et al., 2023). Digital innovation 
profoundly influences the optimisation of human capital allocation 
through a series of complex mechanisms. First, digital innovation raises 
the technical skill requirements in the labour market. As digital tech-
nologies become increasingly integrated into various aspects of business 
operations, the demand for employees skilled in these technologies is 
rising (Buck et al., 2023). This technology-driven shift compels com-
panies to reassess and adjust their internal skill composition, thereby 
creating a more technical and specialised workforce. Second, digital 
innovation provides extensive opportunities for skill enhancement and 
retraining. The implementation of digital technologies necessitates 
higher levels of technical competence from employees (Xiao et al., 
2024), aligning with human capital theory, which posits that education 
and training are vital for improving individual skills and productivity 
(Bartel & Lichtenberg, 1985; Strazzullo, 2024). Thanks to the prolifer-
ation of online learning platforms and virtual training programmes, 
employees can more easily acquire new skills and reinforce existing ones 
(Chen et al., 2024c; Dinlersoz & Wolf, 2024). This not only prepares 
them for more complex roles but also ensures that companies remain 
competitive in the ever-evolving digital landscape, thereby mitigating 
the risk of skill gaps (Buck et al., 2023). Third, digital innovation cul-
tivates a culture of continuous learning and innovation within organi-
sations. By fostering an environment that encourages employees to 
explore new ideas and engage in technological experimentation, com-
panies can sustain their industry leadership and competitive advantage 
(Sumbal et al., 2024). This culture not only attracts top talent seeking 
innovation and personal development but also enhances talent reten-
tion, fundamentally optimising human capital allocation. In summary, 
by raising technical skill standards, providing opportunities for skill 
enhancement and nurturing a culture of ongoing learning and innova-
tion, digital innovation effectively optimises human capital allocation, 
establishing a robust human resource foundation for a company’s 
long-term growth.

Fig. 1. Theoretical analysis framework.
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Human capital allocation promotes enterprises’ labour share
The optimisation of human capital allocation plays a vital role in 

fostering a more equitable labour distribution. First, as human capital 
allocation improves, the skill premium in the labour market increases. 
Workers’ bargaining power strengthens with higher skill levels, leading 
to a rise in high-paying, high-skill jobs, while low-skill positions, such as 
simple, repetitive, programmable and codable tasks, are gradually being 
automated (Acemoglu & Restrepo, 2019; Graetz & Michaels, 2018). 
These shifts benefit workers by positioning them more favourably in the 
labour distribution (Bental & Demougin, 2010). Additionally, optimised 
human capital allocation encourages companies to place greater 
emphasis on skills and innovation, offering better compensation to 
employees with scarce skills. This skill-based pay structure contributes 
to a tilt in income distribution towards labour, in line with the principle 
of marginal productivity in economics. The increased number of 
high-skill workers directly results in a larger share of income distribu-
tion for labour due to their specialised knowledge and significant con-
tributions to productivity. Finally, refined human capital allocation 
creates more jobs that require cognitive and creative skills, which are 
less susceptible to automation, offering higher wages and better job 
security. This elevates the status of labour in income distribution and 
creates conditions for labour to participate in and benefit from the 
digital innovation process. Moreover, the strategic realignment of the 
workforce, including a higher proportion of professionals with speci-
alised knowledge and advanced education, enhances the dynamism and 
adaptability of the labour market, enabling it to meet the complex 
challenges of the modern economy and ensuring that labour remains at 
the forefront of technological progress and economic growth, thereby 
further solidifying labour’s share. In summary, the optimisation of 
human capital allocation driven by digital innovation not only enhances 
the skill level of the workforce and strengthens their bargaining power in 
income distribution but also mitigates the risk of labour being replaced 
by automation by creating more high-skill, high-wage job positions. 
Accordingly, it is proposed that:

Hypothesis 2: Digital innovation promotes the increase of labour 
share by optimizing human capital allocation.

Research design

Variable selection

Dependent variable
The dependent variable is labour share (LS). Currently, the cost 

approach or income approach is frequently utilised in academia to 
measure labour income share. The cost method focuses on the structure 
of production costs and estimates the contribution of labour value by 
calculating the direct and indirect costs incurred by the enterprise to 
produce goods or deliver services. In contrast, the income method begins 
from the output side and directly divides the share of labour compen-
sation, such as salaries and bonuses paid to employees, from the firm’s 
total revenue to evaluate the economic value of labour. In this study, the 
factor cost approach is chosen to measure labour income share using the 
ratio of total cash compensation paid to employees relative to the gross 
business revenue of the firm. To ensure the consistency and reliability of 
the measurement results, this paper will also reassess the labour share of 
enterprises in subsequent robustness tests, including both the cost and 
income methods.

Independent variable
Before quantifying the independent variable (Dig), it is essential to 

clarify the concept of digital innovation. Digital innovation stems from 
the rapid advancement of information technology and the rise of the 
digital economy, and it is generally regarded as the process of innovating 
new products, services or business models through the application of 
digital technologies. Drawing on the research by Fichman et al. (2014), 
this process can be broadly divided into four stages: discovery, 

development, dissemination and impact. Digital innovation encom-
passes various forms, including process innovation, product innovation 
and business model innovation. In manufacturing, it typically involves 
integrating advanced digital technologies into traditional non-digital 
products and services, endowing them with new digital attributes 
(Autio & Thomas, 2020). In the IT sector, digital innovation is more 
focused on the creation of new products and processes based on software 
code and data(Guellec & Paunov 2017). Despite sector-specific in-
terpretations, the core element of digital innovation remains the crea-
tion of new value through digital technology (Yoo et al., 2010). At the 
corporate level, the outcomes of digital innovation are often manifested 
in the form of patents, which serve as a proxy for a firm’s innovative 
capacity. Consistent with the consensus in the literature (Arts et al., 
2021; Yang, 2022), we use patent counts as an indicator to measure the 
output of technological innovation and assess the level of digital inno-
vation in enterprises.

The academic community has yet to establish a uniform standard for 
research methods concerning patent tasks (see Appendix Table 1 for 
examples). The identification of digital technology patents primarily 
involves the IPC method (Fang & Liu, 2024) and text analysis methods 
(Acikalin et al., 2022; Zhou et al., 2024). The IPC method, while 
normative, is based on the "Statistical Classification of the Digital 
Economy and Its Core Industries (2021)" and the Reference Relationship 
Table provided by the National Intellectual Property Administration for 
annual digital technology patent counts at the enterprise level. How-
ever, it may suffer from inaccuracies or incomplete classification due to 
potential misclassification or undercoverage of digital technology pat-
ents in emerging or interdisciplinary fields, as detailed in Appendix 
Table 2. After reviewing past studies and comparing different methods, 
this paper opts for text analysis, utilising patent abstracts as a more 
objective and information-rich resource. Following the approach of 
Acikalin et al. (2022), we employ a machine learning-based text analysis 
method to identify the potential impact of each company’s patent 
portfolio.

In selecting the model, we considered the importance of sentence- 
level semantic similarity computation and the need for efficient sen-
tence comparison in patent classification tasks. We chose the SBERT 
model, an enhanced version of BERT, to determine the digital technol-
ogy attributes of patents (the identification steps of the SBERT model are 
illustrated in Fig. 2). Since its introduction by Google in 2018, the BERT 
model, a deep learning model based on the Transformer architecture, 
has significantly improved text comprehension with its bidirectional 
context encoding, achieving high precision with a small corpus and 
demonstrating remarkable success in various natural language pro-
cessing tasks (Maehara et al., 2022). Unlike the traditional BERT model, 
which relies solely on the first token (the [CLS] token) to represent the 
semantic information of the entire sentence, SBERT extracts a more 
comprehensive and rich sentence-level representation through a specific 
pooling strategy from all token embeddings (Wang & Kuo, 2020). This 
enhancement allows SBERT to maintain BERT’s powerful context un-
derstanding while providing more accurate and efficient sentence-level 
representations, thus offering strong support for semantic comparison of 
patent abstracts. Moreover, to better handle Chinese text in the patent 

Table 1 
Parameters of the SBERT model.

Model parameter names Parameter configuration
Num_epochs 4
Log_batch 100
Batch_size 256
Max_seq_len 64
Require_improvement 1000
Warmup_steps 0
Weight_decay 0.01
Max_grad_norm 1.0
Learning_rate 1.5e-5
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domain, we fine-tuned the SBERT model with Chinese-BERT-wwm, a 
Chinese pre-trained model based on the Whole Word Masking tech-
nique, optimised for Chinese corpora and pre-trained on the latest 
Wikipedia Chinese dump. This model exhibits strong capabilities in 
Chinese natural language processing, effectively managing complex 
vocabulary and phrases in Chinese patent texts.

When preparing for the identification study of digital technology 
patents, it is essential to ensure data quality and applicability through 
preliminary processing. This involves two primary tasks. First, data 
acquisition and integration: (1) We gather abstracts and related meta-
data for over 30 million invention and utility model patents from 1985 
to 2022; (2) Based on the patent applicant field, we assign patents to 
their corresponding companies; (3) We pre-process the text information 
by removing special characters and stop words, minimising data noise 
and converting all text to UTF-8 encoding while standardising case to 
eliminate formatting discrepancies; (4) Using stratified sampling with 4- 
digit IPC codes, we draw a random sample of 60,000 patents. The 
dataset is then randomly divided into training, development and test sets 
in a conventional 8:1:1 ratio.

Second, we must establish clear definitions and boundaries for dig-
ital technology patents to provide a consistent classification standard for 
the subsequent SBERT model. Digital technology patents is as patents 
obtained through innovations based on the internet, big data, cloud 
computing, artificial intelligence, blockchain and other digital technol-
ogies. These technologies are directly applied to information collection, 
processing, transmission, storage and analysis, or play a key role in 
digital products, services and solutions, driving digital economic 
development and the transformation of traditional industries. Drawing 
from existing literature, expert think tanks and documents such as the 
"Global Digital Economy White Paper", "China Digital Economy Devel-
opment White Paper", "Global Digital Economy Competitiveness 
Development Report" and policy files like the "Statistical Classification 
of Core Industries of the Digital Economy (2021)", the "14th Five-Year 
Plan for Digital Economy Development" and the "Master Plan for Digi-
tal China Construction", we define digital technology patents as tech-
nological innovations centred on digital technologies, achieving 
efficient information management, cultivating new business models, 

enhancing the intelligence of products and services and accelerating the 
digital transformation of the economy and society.

Subsequently, we employed the SBERT model to construct a digital 
technology patent identification system, following these steps. The first 
step was to prepare the pre-trained model. Based on previous discus-
sions, we selected the Chinese-BERT-wwm model released and main-
tained by the joint laboratory of Harbin Institute of Technology and 
iFLYTEK. The second step involved fine-tuning and training the model. 
We initially fine-tuned the model to adapt it to the specific task of 
identifying digital technology patents. Given that the pre-trained model 
trained on the Wikipedia corpus closely aligns with patent-related in-
formation in terms of vocabulary and sentence structure, and has 
effectively learned Chinese language patterns, we decided to use this 
pre-trained model for training without additional fine-tuning steps. We 
then initiated the model training, employing the ChatGPT large lan-
guage model for initial assessments and manual identification for sec-
ondary evaluations to classify the training data and ensure the accuracy 
of the training set classification. Specifically, to maintain consistent 
classification rules, we first inputted the definition and connotation of 
digital technology patents into the ChatGPT model to clarify its under-
standing. We then used this model for preliminary assessments, with the 
prompt: "Based on your knowledge, please determine whether the 
following patent abstract belongs to a digital technology patent. Below 
are the details of the patent abstract: patent name + patent abstract +
claims". Next, we recruited 24 volunteers trained in classification rules 
and divided them into two groups to independently identify the training 
set and conduct cross-validation. Patents with differing classification 
opinions were further discussed collectively to determine their inclusion 
in digital technology patents. After manually identifying the training set, 
we began training the SBERT model to learn the classification rules. To 
enhance model stability and generalisation, we repeated the training 10 
times by adjusting seed values.

Table 1 presents the parameter configuration used for training the 
SBERT model. To prevent overfitting and ensure adequate training time, 
we set 4 training epochs (Num_epochs). Training logs were recorded 
every 100 batches (Log_batch) to monitor the process. The batch size 
(Batch_size) was set to 256, balancing computational efficiency and 
model performance. Considering typical patent text length and 
computational efficiency, the maximum sequence length (Max_seq_len) 
was limited to 64. The model required performance improvement within 
1000 epochs (Require_improvement); otherwise, training stopped early. 
Warmup steps (Warmup_steps) were set to 0, with no warmup phase. 
Weight decay (Weight_decay) was 0.01 to prevent overfitting. The 
maximum gradient norm (Max_grad_norm) was 1.0 to avoid gradient 
explosion. A learning rate (Learning_rate) of 1.5e-5 aided stable model 
convergence. Training results showed accuracy exceeding 99 % on the 
training set, with validation and test sets fluctuating between 95 % and 
96 %. We then used the best - performing SBERT model from 10 
retrained models for subsequent classification tasks. This model had a 
4.47 % chance of a "Type I error" and a 3.66 % chance of a "Type II error".

The third step involves applying the trained model to unlabeled 
patent text abstracts to classify them as digital technology patents. To 
substantiate the validity of the SBERT model’s identification, we inde-
pendently tallied the number of digital patents using the IPC classifi-
cation approach proposed by Fang and Liu (2024) and compared it with 
the SBERT model’s outputs. The analysis in Fig. 3 reveals a consistent 
trend between the number of digital patents identified by the SBERT 
model and those observed using the IPC classification. Finally, we uti-
lized the count of digital patent applications as a metric for a firm’s 
digital innovation level and applied an inverse hyperbolic sine trans-
formation to the data to mitigate the issue of exaggerated variance due 
to an abundance of zero and minimal values.

Mediating variable
In this study, the mediating variable is human capital allocation. 

First, with the rapid development of the digital age, educational 

Table 2 
Definitions of the main variables.

Variable type Variable Definition
Independent 

variable
LS Ln((cash paid by the enterprise for 

employees/gross operating income for the 
period) - (1 - cash paid by the enterprise for 
employees/gross operating income for the 
period))

Dependent 
variable

Dig Number of digital patent applications 
processed using the inverse hyperbolic sine 
transform method

Mediating 
variable

High_Edu Employees with a bachelor’s degree or 
above / all the staff

Low_Edu Employees with education below a 
bachelor’s degree / all the staff

Working 
environment

Ln (employee welfare)

High_Skill Number of Skill personnel/all the staff
Low_Skill Number of non-Skill personnel/all the staff
Skill training Take the residual from regressing Ln (trade 

union funds and employee education funds) 
along with other intermediary variables

Control variable Size Natural logarithm of total business assets
Age Natural logarithm of the number of years the 

business has been established
ROA Total profit/total assets
CUR Total current assets/total assets
Fix Fixed assets/ total assets
Lerner Industry Lerner Index
State If the actual controller of the company is 

state-owned, the value is 1; otherwise, it is 0
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background has become a significant indicator for assessing an in-
dividual’s capacity to absorb knowledge and innovate. Individuals with 
higher education generally excel at adapting to and learning new tech-
nologies (Xiao et al., 2022). Second, the work environment, as a 
component of human capital allocation, stimulates employees’ enthu-
siasm for their work (Liu et al., 2011), impacting their efficiency and 
innovation capabilities. Third, during the survival phase of enterprises, 
high-skilled labour provides crucial direction for digital innovation, 
playing an indispensable role in the innovation process due to their 
specialised knowledge (Deist et al., 2023; Huang & Gao, 2023). Fourth, 
skills training serves as a key pathway to enhance employees’ adapt-
ability to new technologies. It not only bridges the gap between existing 
skills and company requirements but also fosters continuous learning 
and innovation. Drawing on the methods of Chen et al. (2024a) and 
Jiang et al. (2024), we use employee education, work environment, skill 
levels and skills training to characterise human capital allocation. 
Notably, skills training may have endogenous relationships with other 
human capital variables. In the digital age, the job market is 

transitioning towards higher human capital, with individuals in 
low-skill positions at risk of job loss due to automation. Prompting a 
need for retraining to transition into high-skill positions (Goos et al., 
2014). To isolate the independent effect of skills training, this paper 
adopts the residual dimensionality reduction method inspired by 
Richardson (2006) and Luo et al. (2011). Specifically, we regress skills 
training against other proxies of human capital allocation and extract 
the regression residuals to represent skills training, thereby capturing 
the portion of skills training that is not explained by other human capital 
factors.

Control variables
Among the control variables used in this study are: firm size (Size), 

years listed (Age), profitabilit (ROA), liquidity ratio (CUR), proportion 
of fixed assets (Fix), market competition level (Lerner), and nature of 
property rights (State). Table 2 provides the definitions of the main 
variables in this study.

Fig. 2. Main steps of recognizing digital patents based on SBERT model.
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Model construction

Drawing on the research of Xiao et al. (2022), to test the impact of 
digital innovation on firms’ labour share, as stated in Hypothesis 1, this 
paper constructs Model (1) for benchmark regression analysis. In this 
model, i denotes the firm, t represents the year. The key independent 
variable Dig is the firm’s level of digital innovation for the current year, 
and the dependent variable LS is firm’s labour share for that year. 
εit represents the random error term. Controls refer to the set of control 
variables. To mitigate the potential influence of firm-specific factors and 
time trends, the analysis includes firm fixed effects and year fixed ef-
fects. To address heteroscedasticity, robust firm-level clustering of 
standard errors is employed. A significantly positive coefficient for the 
explanatory variable (Dig) suggests that digital innovation has a sub-
stantial positive effect on the labour share, thereby supporting Hy-
pothesis 1. 
LSit = α0 + α1Digit +

∑
βControlsit +

∑
Firmi + ΣYeart + εit (1) 

Data selection

In this paper, the listed companies in China’s Shanghai and Shenzhen 

A-shares are selected as the initial research sample from 2012 to 2022, 
and the sample is screened and processed according to the following 
principles: (1) excluding samples that have been ST or PT; (2) excluding 
samples that are insolvent; (3) excluding samples in the financial in-
dustry; (4) excluding samples that have missing relevant variables; and 
(5) applying the upper and lower 1 % for continuous variables to the 
Winsorize shrinkage treatment. After screening by the above criteria, the 
final unbalanced panel data of 20,025 year-firm sample observations for 
2813 listed companies are obtained. The data sources for the initial 
samples are divided into two main categories: first, most of the data 
about firms’ financial indicators and governance structure come from 
the CSMAR database and are supplemented using the Wind database; 
second, information about firms’ patent-specific data, such as sum-
maries, comes mainly from China National Intellectual Property 
Administration.

Table 3 presents the main descriptive statistics for the explanatory, 
explained, mediating, and control variables used in this study. The 
average digital innovation score for firms is 2.4352, with a minimum of 
0 and a maximum of 10.4052, and a variance of 1.9602. This indicates 
significant variations in the levels of digital innovation among firms, 
with some yet to engage in digital innovation. The mean labour share is 
0.1377, ranging from 0.0024 to 0.9075, showing pronounced 

Fig. 3. Comparison of different measures of total digital patents.

Table 3 
Descriptive statistics of variables.

Variables Obs Mean p50 Std Min Max
LS 20,025 0.1377 0.1203 0.0893 0.0024 0.9075
Dig 20,025 2.4352 2.3124 1.9602 0.0000 10.4052
High_Edu 20,025 0.2780 0.2201 0.2143 0.0000 0.8990
Low_Edu 20,025 0.7226 0.7800 0.2145 0.1124 1.0000
Working Environment 20,025 16.1304 16.0589 1.4217 12.3655 19.9784
Skill Training 20,025 14.7749 14.7910 1.7537 8.5296 19.1684
High_Skill 20,025 0.2272 0.1668 0.1803 0.0189 0.8510
Low_Skill 20,025 0.7728 0.8332 0.1803 0.1490 0.9811
Size 20,025 22.9289 22.7510 1.1734 20.8791 26.6271
Age 20,025 2.9138 2.9444 0.3140 1.9459 3.5264
ROA 20,025 0.0523 0.0433 0.0409 −0.0028 0.2026
CUR 20,025 0.5767 0.5913 0.1828 0.1232 0.9198
Fix 20,025 0.4326 0.3122 0.4319 0.0105 2.6383
Lerner 20,025 0.1185 0.1156 0.0556 0.0301 0.3509
State 20,025 0.3032 0.0000 0.4596 0.0000 1.0000
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differences in labour shares across firms.

Empirical test and result analysis

Baseline regression results analysis

Using the framework outlined in Model (1), this paper tests the di-
rection and strength of the role of digital innovation in influencing en-
terprises’ labour shares. In Table 4, column (1) demonstrates the initial 
test of univariate variables; column (2) builds on this by including firm- 
level and industry-level control variables to correct for potential dis-
turbances; and column (3) further controls for year and firm fixed ef-
fects. All of the above results show that the regression coefficients 
between the digital innovation (Dig) and labour share (LS) are always 
significant and positive at the 1 % level of statistical significance. Un-
derstanding from the economic sense, taking the estimation results in 
column (3) as an example, for every 1 % increase in digital innovation, 
enterprises’ labour share will be raised by 0.16 %. Based on the above 
analysis, both in terms of statistical significance and economic signifi-
cance analysis, it confirms that digital innovation, as a revolutionary 
innovation force, can effectively promote the upward movement of la-
bour share and lead to the benign adjustment of the income distribution 
structure within the enterprise. Therefore, H1 is proved.

Endogeneity test and robustness discussion

Endogeneity test

(1) Instrumental variables approach

According to tournament theory, moderate intra-firm income dif-
ferences can motivate employees to intensify R&D and innovation 
competition, so there may be a reverse causality problem between dig-
ital technology innovation and intra-firm income distribution. Gold-
smith-Pinkham et al. (2020) design ideas in constructing Bartik 
instrumental variables, we adopt the instrumental variable method to 
mitigate the endogeneity problem that exists in the benchmark regres-
sion results. The specific construction method of the Bartik instrumental 
variable in this paper is to utilize the product of the level of digital 
technology innovation in the lagged period and the number of digital 

patent applications at the U.S. level in year t as an instrumental variable 
for the level of digital technology innovation in the U.S. (USApp). The 
main considerations for selecting this instrumental variable are as fol-
lows: on the one hand, changes in the number of digital patents between 
different countries will not easily affect the number of digital patents at 
the enterprise level in another country, which meets the exogenous 
criteria required for instrumental variables. On the other hand, the scale 
of China’s digital economy development and patent investment funds 
ranked first and second in the world with the United States respectively,1
indicating that the level of digital technology innovation between the 
two countries shows strong consistency, which meets the correlation 
criterion required by the instrumental variable.

The results of the two-stage least squares regression are shown in 
columns (1) and (2) of Table 4. The first-stage results presented in col-
umn (1) show that the instrumental variable for the level of digital 
technology innovation in the United States (USApp) and the explanatory 
variable (Dig) are significantly positive at the 1 % level, indicating that 
the instrumental variables selected in this paper meet the conditions for 
relevance. The second-stage regression results reported in column (2) 
show that the level of digital technology innovation (Dig) and the share 
of firms’ labour income (LS) remain significantly positive at the 1 % 
level after the inclusion of the instrumental variable, suggesting that the 
research hypothesis H1 of this paper remains robust after mitigating the 
effects of endogeneity problems due to reverse causation. In addition, 
the Kleibergen-Paap rk LM statistic of 316.476 rejects the hypothesis of 
insufficient identification of instrumental variables at the 1 % signifi-
cance level, and the Cragg-Donald Wald F statistic of 546.27 is greater 
than the critical value of the Stock-Yogo weak instrumental variable 
identification test at the 10 % significance level, rejecting the weak 
instrumental variable original hypothesis, confirming the validity of the 
selected instrumental variables. 

(2) PSM-DID

This paper employs a combination of Propensity Score Matching 
(PSM) and the Difference-in-Differences (DID) method (PSM-DID) to 
identify the impact of firms’ engagement in digital innovation activities 
on their labour shares, thereby mitigating endogeneity issues. First, 
based on firm characteristics measured by various control variables 
(Controls), a Logit model is used to calculate the propensity scores for 
each sample firm. The treatment group is defined as firms that have at 
least one digital patent application, with the remaining firms serving as 
the control group. Subsequently, a 1:2 nearest neighbor matching 
(NNM) with replacement is employed to find the optimal control group 
for the treatment group, and non-common support samples are excluded 
to obtain a new dataset. Considering the sensitivity of propensity score 
matching, in addition to 1:2 nearest neighbor matching with replace-
ment, kernel matching (KM) and caliper matching (CM) are also 

Table 4 
Digital innovation and enterprises’ labour share.

Variables (1) LS (2) LS (3) LS
Dig 0.0064*** 0.0133*** 0.0016***
​ (0.0007) (0.0007) (0.0004)
Size ​ −0.0265*** −0.0112***
​ ​ (0.0012) (0.0014)
Age ​ −0.0021 −0.0115
​ ​ (0.0045) (0.0113)
ROA ​ 0.0341 −0.2560***
​ ​ (0.0261) (0.0171)
CUR ​ 0.0043 −0.0095
​ ​ (0.0090) (0.0074)
Fix ​ 0.0264*** 0.0413***
​ ​ (0.0040) (0.0034)
Lerner ​ 0.2080*** 0.0264
​ ​ (0.0198) (0.0194)
State ​ −0.0033 −0.0004
​ ​ (0.0031) (0.0023)
Constant 0.1222*** 0.6805*** 0.4223***
​ (0.0021) (0.0289) (0.0460)
Controls NO YES YES
Firm/Year NO NO YES
N 20,025 20,025 20,025
R2 0.0196 0.1445 0.8961

Note: Robust standard errors clustered to the industry level are in parentheses. 
***, **, and * indicate significant at the 1 %, 5 %, and 10 % levels, respectively. 
The following tables are identical.

1 According to the data of the White Paper, the scale of the digital economy 
of the United States and China once again ranked among the top two in the 
world in 2023, highlighting the leading position of the two countries in the 
development of the global digital economy. In addition, according to the 2023 
Global Intellectual Property Reporting Statistics published by the World Intel-
lectual Property Organization (WIPO) in March 2024, China and the United 
States continue to lead the way in terms of patent application activities, 
occupying the first and second places in the global ranking of patent applica-
tions, respectively, demonstrating the consistently strong momentum and de-
gree of activity of the two countries in terms of patent research and 
development.
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conducted.2 After the matching process, in the sample post-PSM treat-
ment, the treatment group firms have more similar characteristics to the 
control group firms in the year prior to engaging in digital innovation, 
making the digital innovation behavior of the sample firms more akin to 
a quasi-natural experiment setting. Thereafter, a Difference-in- 
Differences Model (2) is constructed to re-examine the impact of digi-
tal innovation on firms’ labour shares. In this model, the variable Treat is 
a dummy variable constructed based on the industry-year median of 
digital innovation levels, and Post takes the value of 1 after the firm’s 
first digital innovation activity, otherwise 0. 
LSit = α0 + α1Treatt × Postit +

∑
βControlsit +

∑
Firmi + ΣYeart + εit

(2) 
The test results presented in Table 5, columns (3)-(5), show that the 

estimated regression coefficients for the interaction term Treat × Post 
from Model (2) are significantly positive. This indicates that after 
employing the PSM-DID method to identify the impact of digital inno-
vation on firms’ labour shares, the findings of this paper remain valid, 
thus reiterating the robustness of the baseline results.

Robustness discussion

(1) Quantile regression

Considering that the previous section explores the average effect of 
digital technology innovation on firms’ labour shares, it does not note 
the characteristic fact that the gap in labour shares varies considerably 
across firms. Referring to Coad and Rao (2008), this part selects five 
more representative quartiles of 10 %, 25 %, 50 %, 75 %, and 90 % to 
examine the robustness of the test conclusions at different quartile levels 
and to analyze whether there is a corresponding difference in the impact 
effect of digital technology innovation on labour share among enter-
prises with various initial income distribution gaps. Compared with 
simple OLS regression, quantile regression can not only describe the 
entire conditional distribution of the explanatory variables, analyze the 
average effect of the impact of digital technology innovation on labour 
share and how it differs among enterprises with different labour shares, 
but also avoid the strong assumption that the relevant error terms are 

equally distributed at all points of the conditional distribution (Koenker 
& Bassett, 1978).

The quantile regression results are shown in Table 6. The estimated 
coefficients are positive at the 1 % significance level for all of the five 
quantiles, confirming the robustness of the previous benchmark 
regression results. Further analysis reveals that the lower the quantile, 
the higher the regression coefficient of digital technology innovation 
(Dig), which implies that firms with low labour shares can achieve more 
progress in income distribution within the firm by enhancing digital 
technology innovation compared to firms with high labour shares. The 
explanation for this result may be due to the fact that, first, according to 
the latecomer’s advantage proposed by Gerschenkron, the latecomer can 
accelerate its own development by learning from the experience of its 
predecessor, avoiding its mistakes, and directly adopting more advanced 
technologies and production methods. As enterprises in the low-income 
distribution start from a lower base, these enterprises have more po-
tential space for adopting digital technology innovation, and the intro-
duction of digital technology can more significantly improve production 
efficiency and optimize processes, reduce labour costs (Chen et al., 
2024a), and thus have a more pronounced uplift effect on the labour 
share. Second, compared with large enterprises that have solidified a 
high income distribution structure, enterprises with low income distri-
bution may be more sensitive to cost control, and the application of 
digital technology can directly reduce operating costs and increase 
profit margins (Liu et al., 2023), which gives enterprises a greater 
incentive to transfer part of this gain to employee compensation, thus 
raising the share of labour income. Third, governments often tend to 
incentivize the application of technological innovations in SMEs 
through policies such as subsidies and tax incentives to promote 
balanced economic development. These external supports directly or 
indirectly promote the accelerated adoption of digital technologies by 
firms with low labour shares, which in turn leads to an increase in the 
income level of employees through technological spillovers. 

(2) Replacement variable measurement

Considering potential measurement biases in the core variables, we 
employ three methods to remeasure them and assess robustness through 
regression analysis. For the core explanatory variable, we use the count 
of digital patent grants (GDig) as a proxy for digital innovation for 
robustness testing (Fang & Liu, 2024). For the dependent variable, la-
bour share, we adopt two alternative measurement approaches: initially, 
following Xiao et al.(2022)’s method, we recalculate labour share using 
the formula "(Cash paid to employees - Beginning accrued employee 
compensation + Ending accrued employee compensation) / Operating 
revenue", named LS1. Secondly, to address the measurement bias due to 
the inherent interval constraint [0, 1], we apply a logistic trans-
formation, taking the natural logarithm of LS/(1-LS), based on Chen 
et al. (2024a), to expand the indicator to the entire real number domain, 
termed LS2. These new labour share indicators are included in Model (1) 
for regression analysis. The results in Table 7, columns (1)-(3), show that 
the regression coefficients for digital innovation (Dig) remain signifi-
cantly positive, indicating robust empirical findings consistent with 

Table 5 
Results of endogenous treatment.

Variables Instrumental Variable 
Method

PSM-DID

(1) (2) (3) NMM (4) KM (5) CM
Dig LS LS LS LS

USApp 0.7359*** ​ 0.0033*** 0.0033*** 0.0033***
​ (0.0414) ​ (0.0011) (0.0009) (0.0009)
Dig ​ 0.0056*** ​ ​ ​
​ ​ (0.0018) ​ ​ ​
Constant −6.1656*** 0.4188*** 0.4525*** 0.4155*** 0.4159***
​ (0.9216) (0.0466) (0.0534) (0.0470) (0.0470)
Controls YES YES YES YES YES
Firm/Year YES YES YES YES YES
N 19,415 19,415 13,824 19,853 19,850
R2 ​ 0.8961 0.9002 0.8958 0.8957

Note: L. represents the number of lag periods of variables.
Table 6 
Quantile regression results.

Variables (1) (2) (3) (4) (5)
P10 P30 P50 P70 P90

Dig 0.0088*** 0.0108*** 0.0125*** 0.0143*** 0.0159***
​ (0.0003) (0.0002) (0.0003) (0.0004) (0.0008)
Constant 0.3864*** 0.5008*** 0.6323*** 0.7746*** 0.9482***
​ (0.0108) (0.0112) (0.0130) (0.0185) (0.0352)
Controls YES YES YES YES YES
Firm/Year YES YES YES YES YES
N 20,025 20,025 20,025 20,025 20,025
R2 0.1407 0.1422 0.1417 0.1430 0.1395

2 We performed a matching balance test (the detailed results are provided in 
the Appendix). The findings reveal that the absolute value of the standardized 
bias for the matching variables is mostly <10%, and the t-test results are largely 
non-significant. This indicates that there is no systematic difference between 
the treatment and control groups, suggesting that the selection of covariates is 
appropriate and the matching outcomes are credible.
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previous conclusions, regardless of the measurement used. 

(3) Breakdown of digital patent indicators

Considering the different patent categories, there are differences in 
the quality level of enterprise technological innovation refracted, among 
which invention patents are usually regarded as the most representative 
of the high quality level of enterprise technological innovation (Huang 
et al., 2021). In this paper, digital patents are further subdivided into 
invention patents (IDig) and utility models patents (UDig) divisions, and 
based on the model (1) of this paper, the impact of digital technology 
innovation on firms’ labour share is examined sequentially. The 
regression results in columns (4) and (5) of Table 7 show that digital 
invention patents and digital utility model patents have passed the sig-
nificance test, indicating that different patent categories have positive 
effects on the share of enterprise labour income, which once again 
verifies that the findings of this paper’s research hypothesis H1 are 
basically robust. Further, based on the regression results, the regression 
coefficient of digital invention patents (IDig) is 0. 0019 at 1 % signifi-
cance level, while the regression coefficient of digital utility model 
patents (UDig) is 0.0007 at 10 % significance level, indicating that the 
positive driving effect of digital invention patents (IDig) is significantly 
larger than that of digital utility model patents (UDig). This result re-
veals that digital invention patents, as a substantial innovation, are more 
capable of realizing key technological breakthroughs than strategic in-
novations, thus leading to the improvement of revenue distribution 
within enterprises. 

(4) Excluding sample selection bias

When analyzing the dynamic impact of enterprises’ digital technol-
ogy innovation and labour share development, the role of macro- 
environmental factors such as the adjustment of the patent regulation 
system and industrial policy orientation should not be ignored. For 
instance, after major policy reforms are implemented, enterprises may 
need to choose their own development direction and their willingness to 
invest in digital technology may also differ. Based on this, this paper 
examines the sample data by combing the reform initiatives that may 
have a potential impact on the main explanatory variables during the 
same period and selecting the sample data after eliminating the possible 
influencing factors in order to verify the robustness of the regression 
results presented in the previous paper.

Specifically, to begin with, the time series of the sample data, the 
2014 "Deepening the Reform Plan of the Salary System for the Heads of 
Central Management Enterprises" carried out a major reform of the 
salary system for the heads of central management enterprises. This 
document aims to control the phenomenon of excessive executive 

compensation, reduce the income gap, and stipulate the salary structure 
and assessment mechanism, to promote the balance between fairness 
and efficiency. Considering that in this context, the explained variables 
in this paper will have a certain impact. In order to test the aftereffect of 
income distribution changes, this paper selects the sample data after 
2014 for the robustness test. What’s more, given the rapid iteration of 
digital technology, enterprises will continue to generate and accumulate 
significant patent results as they implement digital technology (Tao 
et al., 2023). There exists a significant patent divide between the head 
firms and the following firms in the field of digital technology because 
the patents held by the head firms are dominant. In light of this, this 
paper makes two adjustments based on Model (1) in order to mitigate 
the impact of sample selectivity on the potential bias of the estimation 
results: first, all data prior to 2014 has been deleted; second, all firms 
ranked in the top five for digital patent applications in the calendar year 
have been excluded. The results of columns (6) and (7) in Table 7 show 
that the significant coefficients of Dig are still both significantly positive, 
consistent with the previous benchmark regression results.

Mediating mechanism of human capital allocation

The preceding theoretical analysis suggests that advancements in 
digital innovation enhance a firm’s labour share by optimising the 
allocation of human capital. In practice, factors such as educational 
background, work environment, skill structure and skills training reflect 
how well internal talent allocation within firms adapts to market trends 
and strategic adjustments. Specifically: First, educational background 
serves as a crucial indicator of employees’ fundamental qualities. Higher 
levels of education typically correlate with stronger learning capabilities 
and broader knowledge bases, which are essential for swiftly mastering 
new technologies. Existing research indicates that highly educated em-
ployees possess comparative advantages in adjusting to and imple-
menting new technologies (Bartel & Lichtenberg, 1985). Consequently, 
in the context of rapid digital advancement, companies that prioritise 
employees’ educational backgrounds are more likely to achieve effective 
human capital allocation. Second, the work environment directly in-
fluences employee job satisfaction and productivity. A positive work 
environment not only enhances job satisfaction and loyalty but also 
fosters knowledge sharing and team collaboration, both of which are 
vital for driving innovation (Amabile et al., 1996). Particularly in the 
digital age, a supportive and open work environment stimulates em-
ployees’ creativity and problem-solving abilities, thereby impacting la-
bour share and overall performance. Third, skill structure refers to the 
combination and distribution of various types of skills within a com-
pany. An appropriate skill structure is significant for long-term corpo-
rate development. As market demands evolve and technology 
progresses, companies must continuously adjust their skill structures to 

Table 7 
Other robustness test results.

Variables Replacement Variables Measurement Breakdown of Digital Patent Indicators Excluding Sample Selection Bias
(1) (2) (3) (4) (5) (6) (7)
LS1 LS2 LS LS LS LS LS

Dig 0.0017*** 0.0193*** ​ ​ ​ 0.0013*** 0.0017***
​ (0.0004) (0.0041) ​ ​ ​ (0.0004) (0.0004)
GDig ​ ​ 0.0012** ​ ​ ​ ​
​ ​ ​ (0.0005) ​ ​ ​ ​
IDig ​ ​ ​ 0.0019*** ​ ​ ​
​ ​ ​ ​ (0.0005) ​ ​ ​
UDig ​ ​ ​ ​ 0.0007* ​ ​
​ ​ ​ ​ ​ (0.0004) ​ ​
Constant 0.4210*** 0.7763* 0.4181*** 0.4243*** 0.4156*** 0.4442*** 0.4078***
​ (0.0468) (0.3967) (0.0461) (0.0458) (0.0463) (0.0518) (0.0442)
Controls YES YES YES YES YES YES YES
Firm/Year YES YES YES YES YES YES YES
N 20,025 20,025 20,025 20,025 20,025 16,187 17,657
R2 0.8990 0.9022 0.8960 0.8962 0.8959 0.9206 0.9013
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maintain competitive advantages. Firms with more diversified and 
advanced skill structures are often better positioned to respond to 
market changes, thereby achieving higher labour shares (Xiao et al., 
2022). Fourth, skills training provides enterprises with a platform for 
continuously enhancing employees’ skill levels. As digital innovation 
progresses and the pace of technological updates accelerates, companies 
require higher technical capabilities from their employees. Through 
ongoing skills training, employees can better adapt to technological 
changes, thereby optimising human capital allocation (Xiao et al., 
2022).

Acknowledging the intrinsic limitations of the traditional three-stage 
mediation model in causal inference, this paper employs Sobel’s test and 
Bootstrap test (with 1000 replications) to further substantiate the 
regression outcomes, thereby enhancing the integrity and reliability of 
the mediation analysis. Consequently, building on Model (1), we have 
developed the following mediation mechanism model. Here, 
Mediatorit denotes the mediating variable, while the definitions of other 
variables remain consistent with those in Model (1). 
Mediatorit = α0 + α1Digit +

∑
βControlsit +

∑
Firmi + ΣYeart + εit

(3) 

LSit = α0 + α1Digit + α2Mediatorit +
∑

βControlsit +
∑

Firmi + ΣYeart

+ εit
(4) 

Educational background
The enhancement of digital innovation has contributed to the in-

crease in the labour share of firms by raising the proportion of highly 
educated talent while reducing the share of employees with lower levels 
of education. Table 8, columns (1) to (4), present the regression analysis 
results with employee educational background as the mediating mech-
anism. Specifically, in Table 8, column (1), the regression coefficient of 
the proportion of highly educated employees on digital innovation is 
significantly positive at the 1 % level, indicating that the progress in 
digital innovation attracts a higher caliber of talent to firms. In column 
(2), the regression coefficient of the proportion of highly educated em-
ployees is significantly positive at the 1 % level, suggesting that an in-
crease in the educational level of employees significantly promotes the 
labour share. Additionally, the Sobel Z-statistic is significant at the 5 % 
level, and the Bootstrap confidence interval for the mediating effect does 
not include zero, confirming the effectiveness of the mediating mecha-
nism; that is, digital innovation increases the labour share by expanding 
the pool of highly skilled talent.

Concurrently, Table 8, column (3), shows that the regression coef-
ficient of the proportion of less educated employees on digital 

innovation is significantly negative at the 1 % level, implying that digital 
innovation discourages the entry of less skilled labor. In column (4), the 
regression coefficient of the proportion of less educated employees is 
significantly negative at the 5 % level, indicating that as firms advance 
in digital innovation, job positions require higher skills and educational 
backgrounds, thereby reducing the demand for less skilled labor. The 
Sobel Z-statistic is significant at the 5 % level, and the Bootstrap confi-
dence interval for the mediating effect also excludes zero, reaffirming 
the effectiveness of the mediating mechanism; digital innovation opti-
mizes the educational structure of the workforce by reducing the num-
ber of less skilled employees, thereby enhancing the labour share.

Work environment
The advancement of digital innovation positively impacts the labour 

share of firms by improving the work environment. Tables 8, columns 
(5) to (6), display the regression analysis results with the work envi-
ronment as the mediating mechanism. According to the results in col-
umn (5), the coefficient of the work environment on digital innovation is 
significantly positive at the 1 % level, signifying that digital innovation 
significantly enhances the work environment. In column (6), when the 
work environment is introduced as a mediating variable, its regression 
coefficient remains significantly positive at the 1 % level, indicating that 
an improved work environment can significantly boost the labour share. 
A higher quality work environment can increase employee satisfaction 
and productivity, thereby contributing to higher labour remuneration 
and an increase in the overall labour share of the firm. Moreover, the 
Sobel test’s Z-statistic is significant at the 1 % level, and the Bootstrap 
confidence interval for the mediating effect does not contain zero, 
further validating the effectiveness of the work environment as a 
mediating mechanism. This suggests that digital innovation effectively 
promotes the growth of the labour share through the pathway of 
improving the work environment.

Skill structure
The enhancement of digital innovation has increased the labour 

share of firms by raising the proportion of high-skilled workers while 
reducing the share of low-skilled employees. Columns (1) to (4) in 
Table 9 present the regression analysis results with the skill composition 
of employees as the mediating mechanism. In column (1), the regression 
coefficient of the proportion of high-skilled employees on digital inno-
vation is significantly positive at the 1 % level, indicating that digital 
innovation significantly attracts high-skilled talent to firms. Addition-
ally, in column (2), the regression coefficient of the proportion of high- 
skilled employees is significantly positive at the 1 % level, suggesting 
that an increase in the skill level of employees promotes the growth of 
the labour share. Furthermore, the Sobel Z-statistic is significant at the 5 

Table 8 
Mechanism test 1.

Variables (1) (2) (3) (4) (5) (6)
High_Edu LS Low_Edu LS Working environment LS

Dig 0.0045*** 0.0016*** −0.0040*** 0.0012*** 0.0430*** 0.0014***
​ (0.0010) (0.0004) (0.0010) (0.0004) (0.0065) (0.0004)
High_Edu ​ 0.0198** ​ ​ ​ ​
​ ​ (0.0088) ​ ​ ​ ​
Low_Edu ​ ​ ​ −0.0212** ​ ​
​ ​ ​ ​ (0.0087) ​ ​
Working environment ​ ​ ​ ​ ​ 0.0048***
​ ​ ​ ​ ​ ​ (0.0009)
Constant 0.3030*** 0.4164*** 0.7702*** 0.5120*** 5.2678*** 0.3971***
​ (0.0877) (0.0457) (0.0873) (0.0477) (0.5993) (0.0465)
Sobel Z 0.0000** 0.0000** 0.0001***
Bootstrap (P-val) [0.0000,0.0001] *** [0.0001,0.0002] *** [0.0001,0.0002] ***
Controls YES YES YES YES YES YES
Firm/Year YES YES YES YES YES YES
N 20,025 20,025 20,025 20,025 20,025 20,025
R2 0.9106 0.8963 0.9146 0.8990 0.8933 0.8968

H. Ling et al.                                                                                                                                                                                                                                     Journal of Innovation & Knowledge 10 (2025) 100705 

11 



% level, and the Bootstrap confidence interval for the mediating effect 
excludes zero, confirming the effectiveness of this mediating mecha-
nism; that is, digital innovation enhances the labour share by strength-
ening the high-skilled workforce.

On the other hand, Table 9, column (3), shows that the regression 
coefficient of the proportion of low-skilled employees on digital inno-
vation is significantly negative at the 1 % level, implying that digital 
innovation discourages the entry of low-skilled labor. Moreover, column 
(4) reveals that the regression coefficient of the proportion of low-skilled 
employees is significantly negative at the 1 % level, indicating that as 
firms advance in digital innovation, the proportion of low-skilled em-
ployees significantly decreases. The Sobel Z-statistic is significant at the 
5 % level, and the Bootstrap confidence interval for the mediating effect 
also excludes zero, reaffirming the validity of the mediating mechanism. 
Therefore, the mechanism tests suggest that digital innovation increases 
the labour share through a "polarization" effect, characterized by the 
premium on high-quality employees and the marginalization of low- 
quality labor, thereby raising the proportion of high-skilled employees 
while lowering the proportion of low-skilled employees.

Skill training
Advancements in digital innovation boost firms’ labour shares by 

enhancing skills training, as shown in Table 9. In column (5), the sig-
nificant positive coefficient on the interaction term between skills 
training and digital innovation at the 1 % level implies that digital 
innovation progress prompts firms to invest more in skills training. This 
reflects the emphasis on employee skill enhancement during digital 
transformation to meet new technological demands. In column (6), the 
significant positive coefficient on skills training at the 5 % level suggests 
that more frequent and higher - quality internal training drives labour 
share growth. Increased skills training improves employees’ profes-
sional abilities, work efficiency, and innovation capabilities, positively 
impacting the company’s labour share. Moreover, the Sobel Z - statistic’s 
significance at the 5 % level and the Bootstrap confidence interval for 
the mediating effect not containing zero confirm the effectiveness of this 
mechanism. Thus, skills training effectively transmits digital in-
novation’s positive impact on firms’ labour shares as a mediator.

Additionally, large enterprises tend to focus more on strategic 
planning compared to smaller businesses, highlighting differences in 
skill development approaches due to varying sizes (Witek-Crabb, 2019). 
Conversely, labour-intensive firms face rising labour costs and, as a 
result, experience greater cost pressures. These firms often prefer to 
promote technological advancements through skills training to enhance 
labour productivity and overcome the bottlenecks caused by high costs 
(Agrawal & Matsa, 2013). Therefore, considering that the impact of 
skills training on labour share may differ by firm size and industry 

characteristics, this paper explores these differential manifestations. To 
differentiate between firm sizes, we follow the approach of Chen et al., 
(2024b) and use year-end total assets as a benchmark, categorizing firms 
into large and non-large based on the annual industry median. For in-
dustry heterogeneity, using the China Securities Regulatory Commis-
sion’s 2012 industry classification standard, we employ two indicators: 
the fixed asset ratio (net fixed assets/average total assets) and the R&D 
expenditure-to-payroll ratio (R&D expenditure/payroll). We classify 
industries into labor-intensive, capital-intensive, and 
technology-intensive categories using cluster analysis based on the sum 
of squared deviations. Industries with a higher fixed asset ratio are 
classified as capital-intensive, reflecting the dominance of capital ele-
ments. Those with a higher R&D expenditure-to-payroll ratio are cate-
gorized as technology-intensive, indicating the core value of R&D to the 
enterprise. The remaining industries are classified as labor-intensive. 
Subsequently, capital-intensive and technology-intensive industries are 
grouped together as non-labor-intensive industries for regression anal-
ysis against labor-intensive industries.

The results are summarised in Table 10. Columns (1)–(2) indicate 
that in large enterprises, skills training, as a key component of human 
capital allocation, has a significantly positive effect on labour share. Liao 
et al. (2024) find that firms require a certain level of innovation capa-
bility and a substantial number of technical talents to undergo digital 
transformation. Large enterprises possess stronger human resource 
integration and training capabilities, leading to higher levels of tech-
nological innovation (Aboal et al., 2015). In contrast, small and 
medium-sized enterprises face constraints in attracting top talent and 
exhibit weaker competitiveness, making them more sensitive to the 
complexities and uncertainties of digital technologies (Jia et al., 2024). 
Thus, in the context of digital innovation, improved human resource 

Table 9 
Mechanism test 2.

Variables (1) (2) (3) (4) (5) (6)
High_ Skill LS Low_ Skill LS Skill training LS

Dig 0.0026*** 0.0015*** −0.0026*** 0.0015*** 0.0521*** 0.0016***
​ (0.0009) (0.0004) (0.0009) (0.0004) (0.0085) (0.0004)
High_ Skill ​ 0.0391*** ​ ​ ​ ​
​ ​ (0.0094) ​ ​ ​ ​
Low_ Skill ​ ​ ​ −0.0391*** ​ ​
​ ​ ​ ​ (0.0094) ​ ​
Skill training ​ ​ ​ ​ ​ 0.0011**
​ ​ ​ ​ ​ ​ (0.0005)
Constant 0.2491*** 0.4126*** 0.7509*** 0.4517*** −2.3410*** 0.4254***
​ (0.0796) (0.0453) (0.0796) (0.0473) (0.8157) (0.0459)
Sobel Z 0.0001** 0.0001** 0.0001**
Bootstrap (P-val) [0.0000,0.0002] *** [0.0000,0.0001] *** [0.0000,0.0001] ***
Controls YES YES YES YES YES YES
Firm/Year YES YES YES YES YES YES
N 20,025 20,025 20,025 20,025 20,025 20,025
R2 0.8914 0.8968 0.8914 0.8968 0.0133 0.8963

Table 10 
Heterogeneity analysis of skill training on labour share.

Variables Enterprise size Industry attribute
(1) (2) (3) (4)
Non-large Large Non - labour intensive labour 

intensive
Dig 0.0004 0.0019** 0.0004 0.0034**
​ (0.0006) (0.0008) (0.0005) (0.0014)
Constant 0.4646*** 0.4433*** 0.4148*** 0.4293***
​ (0.1053) (0.1041) (0.0493) (0.1004)
Controls YES YES YES YES
Firm/ 

Year
YES YES YES YES

P-values −0.0015*** −0.0030***
N 0.4457*** 0.3978*** 14,097 5918
R2 (0.0617) (0.0606) 0.9043 0.8740
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allocation better adapts to the application and management of new 
technologies, optimising internal resource allocation and consequently 
promoting an increase in labour share. Columns (3)–(4) further reveal 
differences across industry characteristics, demonstrating that skills 
training has a more pronounced positive effect on labour-intensive in-
dustries. Similar to the findings of Chen and Zhang (2021), 
labour-intensive firms benefit more from digital enhancements. This is 
because labour-intensive industries rely heavily on low-skilled labour, 
and skills training directly enhances workers’ operational skills and ef-
ficiency (Dai et al., 2022). Technological applications help replace 
low-skilled labour, reduce production costs and improve product qual-
ity, thereby indirectly increasing the labour share.

Given the potential endogeneity issues between the proxy variables 
for human capital allocation and labour share, we employ the instru-
mental variable method to test for endogeneity in the mediation effect 
model. Drawing on the approach by Li et al. (2023b), we select the 
annual median values of educational background, work environment, 
skill structure and skills training from all other firms within the same 
industry and year, excluding the firm itself, as the corresponding IVs. On 
one hand, companies within an industry typically face similar techno-
logical demands, market competition and policy environments, leading 
to convergent human capital allocation strategies (Zhao & Wang, 2024; 
Zheng et al., 2022), which satisfies the relevance criterion for IVs. On the 
other hand, calculating the median values of these variables from other 
firms does not directly affect changes in the labour share of the focal 
firm, thus meeting the exogeneity requirement for IVs. Table 11 presents 
the results of the endogeneity tests for the mediation models. In column 
(1), the first-stage regression shows that the instrumental variable 
(Educational background_IV) is significantly and positively correlated 
with the mediator variable (Educational background) at the 1 % level, 
indicating the relevance of the selected instrumental variable. Addi-
tionally, the Kleibergen-Paap rk LM statistic is 91.54, rejecting the hy-
pothesis of under-identification at the 1 % significance level. The 
Kleibergen-Paap rk Wald F statistic is 115.66, far exceeding the crit-
ical value for weak instrument tests by Stock-Yogo, confirming the 
validity of the instrumental variable. In column (2), the second-stage 
regression shows that even after adjusting for the instrumental vari-
able, the positive impact of educational background on the firm’s labour 
share (LS) remains significant at the 5 % level. This indicates that after 
accounting for endogeneity issues, educational background remains a 
crucial factor in enhancing the firm’s labour share, validating the 
robustness of our research conclusions. Similarly, for work environment, 
skill structure, and skills training, we conducted instrumental variable 

tests, and the results consistently show that the relationships with the 
firm’s labour share remain significant and robust after controlling for 
endogeneity issues.

Heterogeneity analysis

The empirical findings presented above indicate that digital inno-
vation enhances labour share; however, the extent of this effect varies 
across regions, industries and enterprise characteristics. A comprehen-
sive examination at macro, meso and micro levels will investigate the 
diverse pathways through which digital innovation promotes labour 
share within firms.

Heterogeneity in regional business environments
Due to variations in the business environment across different re-

gions, digital innovation may demonstrate significant heterogeneity in 
its impact on firms’ labour share. The business environment serves as a 
comprehensive reflection of the regional institutional framework and 
resource support, indicating the institutional transaction costs faced by 
firms, the level of policy backing and the efficiency of resource alloca-
tion (Ma & He, 2024). In regions with a favourable business environ-
ment, governments reduce administrative barriers, optimise financing 
channels and strengthen intellectual property protection to attract in-
vestment, encourage competition and create employment opportunities. 
This provides more effective institutional guarantees and innovation 
incentives for corporate digital transformation (Luo et al., 2023), 
thereby amplifying the positive impact of digital technologies on labour 
share. To measure the business environment, this paper uses the "China 
Urban Business Environment Assessment" score from the Open Research 
Data Platform of Peking University, which comprehensively reflects 
regional institutional transaction costs and innovation support levels. 
Additionally, we divide the sample into two groups based on the annual 
median business environment score: regions below the median are 
classified as having a "poorer" business environment, while those above 
or equal to the median are classified as having a "better" business 
environment. Regression results in columns (1) and (2) of Table 12 show 
that in regions with a poorer business environment, the variable Dig 
does not significantly affect firms’ labour share. However, in regions 
with a better business environment, the coefficient of the variable Dig is 
positive and significant at the 1 % level. Furthermore, the Fisher test’s 
between-group coefficient p-value (based on 1000 bootstrap samples) is 
also significant at the 1 % level. This indicates that in regions with a 
better business environment, digital innovation plays a more prominent 

Table 11 
Endogenous test of mechanism variables.

Variables (1) (2) (3) (4) (5) (6) (7) (8)
Educational background LS Work environment LS Skill structure LS Skill training LS

Educational background_IV 0.5572*** ​ ​ ​ ​ ​ ​ ​
​ (0.0518) ​ ​ ​ ​ ​ ​ ​
Educational background ​ 0.1230** ​ ​ ​ ​ ​ ​
​ ​ (0.0539) ​ ​ ​ ​ ​ ​
Work environment_IV ​ ​ 0.2749*** ​ ​ ​ ​ ​
​ ​ ​ (0.0322) ​ ​ ​ ​ ​
Work environment ​ ​ ​ 0.024** ​ ​ ​ ​
​ ​ ​ ​ (0.0085) ​ ​ ​ ​
Skill structure_IV ​ ​ ​ ​ 0.6434*** ​ ​ ​
​ ​ ​ ​ ​ (0.0742) ​ ​ ​
Skill structure ​ ​ ​ ​ ​ 0.1530* ​ ​
​ ​ ​ ​ ​ ​ (0.0606) ​ ​
Skill training_IV ​ ​ ​ ​ ​ ​ 0.5250*** ​
​ ​ ​ ​ ​ ​ ​ (0.0357) ​
Skill training ​ ​ ​ ​ ​ ​ ​ 0.0065**
​ ​ ​ ​ ​ ​ ​ ​ (0.0025)
Controls YES YES YES YES YES YES YES YES
Firm/Year YES YES YES YES YES YES YES YES
N 20,025 20,025 20,025 20,025 20,025 20,025 20,025 20,025
R2 ​ 0.1130 ​ 0.0943 ​ 0.1141 ​ 0.1412
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role in increasing firms’ labour share.
The heterogeneity in these results can primarily be attributed to 

several factors. First, in regions with a less favourable business envi-
ronment, frequent personnel turnover and institutional friction signifi-
cantly increase firms’ transaction costs (North, 1991). These 
non-productive costs crowd out R&D budgets, leading managers to 
favour investments in lower-risk, short-term incremental technological 
improvements rather than the long-term resource commitments 
required for digital innovation projects. While this strategy may sustain 
firms in the short term, it inhibits the profound enhancement of total 
factor productivity through digital technologies, resulting in a low-level 
development of labour share. Second, from the perspective of the 
resource-based view, a firm’s sustainable competitive advantage arises 
from the strategic allocation of scarce resources (Barney, 1991). In re-
gions with a more favourable business environment, firms can efficiently 
utilise data assets and market information, accurately identifying the 
synergies between digital technologies and consumer demand. This not 
only enhances innovation returns but also directs value-added portions 
towards workers through performance-based pay and stock option in-
centives, creating a positive feedback loop of "innovation input - market 
value addition - labour sharing".

Heterogeneity in industry technology attributes
The varying degrees of technological intensity across industries 

result in significant heterogeneity in the impact of digital innovation on 
increasing corporate labour share. High-tech industries, characterised 
by their strong reliance on knowledge capital, rapid technological iter-
ation and substantial R&D investment, possess robust capabilities in 
applying and absorbing digital technologies. Their innovation efforts 
typically focus on developing cutting-edge technologies and enhancing 
production efficiency. Accordingly, this paper categorizes industries 
such as general equipment manufacturing, specialized equipment 
manufacturing, transportation equipment manufacturing, electrical 
machinery and equipment manufacturing, computer and other elec-
tronic equipment manufacturing, telecommunications equipment 
manufacturing, instrument manufacturing, and cultural and office ma-
chinery into high-tech industries based on the National Bureau of Sta-
tistics’ industry classification standard (GB/T4754). Other industries are 
classified as non-high-tech industries. In columns (3) and (4) of 
Table 12, the positive impact of the variable (Dig) on labour share is 
statistically significant only in high-tech industries at the 1 % level, with 
the inter-group coefficient difference test’s P-value also being positive 
and significant at the 1 % level. Similar to the conclusions of Liu et al. 
(2023), the effect of digital innovation is stronger in high-tech enter-
prises. From an economic perspective, this is because high-tech in-
dustries have a higher elasticity of substitution between capital and 
labor, enabling them to more effectively utilize digital technology to 
replace traditional labor, thereby enhancing overall labour productivity 
and corresponding labour compensation.

The industry-level heterogeneity can be attributed to two primary 
factors. First, high-tech industries generally exhibit stronger technology 

absorption capabilities and greater potential for productivity growth. 
According to Solow residual theory, technological innovation is a pri-
mary driver of long-term economic growth. In high-tech industries, 
digital innovation not only directly enhances production efficiency but 
also indirectly boosts productivity by optimising management and 
operational processes. High-tech industries must rapidly respond to 
market changes, meaning that digital innovation helps maintain 
competitiveness (Verhoef et al., 2021), translating competitive advan-
tages into higher labour remuneration and increasing labour share. 
Second, digital innovation tends to elevate the demand for highly skilled 
labour while reducing reliance on low-skilled labour. Based on the 
theory of skill-biased technological change, technological advance-
ments, particularly in information technology, increase the relative de-
mand for highly skilled workers (Strazzullo, 2024), leading to a rise in 
their wage premiums. This effect is especially pronounced in high-tech 
industries, which require a substantial number of highly skilled talents 
to support ongoing technological innovation and product development. 
Therefore, digital innovation facilitates the upgrading of human capital, 
increases the labour share of highly skilled employees and may simul-
taneously reduce the proportion of low-skilled employees.

Heterogeneity in enterprise governance levels
The influence of digital innovation on labour share may vary ac-

cording to a company’s governance level. Generally, firms with robust 
governance structures are more adept at leveraging digital innovation, 
formulating clear technology strategies and demonstrating stronger 
execution capabilities. Corporate governance constitutes a complex 
adaptive system, with traditional assessments of governance perfor-
mance often relying heavily on singular financial metrics (Huang & Su, 
2023). Existing literature highlights the impact of non-financial factors, 
such as shareholder voting rights and transparency, on the effectiveness 
of corporate governance (Kasbar et al., 2022; Sauerwald et al., 2016). 
Following the approach of Hong et al. (2023), we derive a corporate 
governance score using principal component analysis based on seven 
variables: the shareholding ratio of the second to tenth largest share-
holders, board size, supervisory board size, executive shareholding 
ratio, number of board meetings, total compensation of the top three 
highest-paid executives, and whether the roles of CEO and chairman are 
combined. Higher scores indicate better governance levels. Subse-
quently, governance levels are divided into two groups based on the 
industry median. As shown in columns (5) and (6) of Table 12, the 
regression coefficient for digital innovation (Dig) is statistically signifi-
cant only in companies with high governance levels. The P-value for the 
between-group coefficient difference test is significantly positive at the 1 
% level, indicating that in companies with well-established governance 
mechanisms, digital innovation has a greater impact on increasing la-
bour share. In this sense, governance level is a critical prerequisite for 
the successful implementation and widespread adoption of digital 
technological innovations (Li et al., 2024), promoting technological 
progress to increase labour share and positively affecting corporate 
economic performance and employee satisfaction.

Table 12 
Heterogeneity analysis results.

Variables Regional business environment Industry technology attributes Enterprise governance levels
(1) (2) (3) (4) (5) (6)
Low High Non-high technology High-tech Low High

Dig 0.0009 0.0023*** 0.0002 0.0025*** 0.0002 0.0026***
​ (0.0006) (0.0007) (0.0007) (0.0006) (0.0005) (0.0007)
Constant 0.4646*** 0.4433*** 0.5309*** 0.3792*** 0.4015*** 0.4767***
​ (0.1053) (0.1041) (0.0949) (0.0509) (0.0592) (0.0706)
Controls YES YES YES YES YES YES
Firm/Year YES YES YES YES YES YES
P-values −0.0014*** −0.0023*** -0.0024*
N 4294 4306 6724 13,301 10,261 9361
R2 0.9342 0.9513 0.8870 0.8993 0.9046 0.9008
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This heterogeneity can be reasonably explained through agency 
theory. Agency theory posits that in the modern corporate structure, 
where ownership and control are separated, and risks, costs and benefits 
are not fully aligned between shareholders and managers, leading to 
conflicts of interest as managerial incentives may not always align with 
those of shareholders (Jensen & Meckling, 1976). In a well-functioning 
governance framework, management is effectively supervised, ensuring 
transparency and preventing insider expropriation (Amore et al., 2013; 
Fishman & Hagerty, 1992), which reduces conflicts of interest between 
management and shareholders and lowers agency costs. Consequently, 
companies with governance advantages can effectively mitigate 
short-termism among managers, enhance checks and balances against 
autocratic decision-making and encourage resource allocation based on 
long-term corporate value rather than short-term financial metrics 
(Rajagopalan, 1997). In such a governance environment, managers are 
more motivated to view digital innovation as a core strategy rather than 
merely a cost centre. Even if digital innovation does not yield immediate 
returns in the short term, these companies continue to invest in tech-
nological iterations and employee skills training, utilising technological 
advancements to improve productivity, expand business scale and 
create new job opportunities (Acemoglu & Restrepo, 2018), thereby 
establishing a solid foundation for the long-term increase in labour 
share. Ultimately, this long-term investment strategy helps companies 
maintain a competitive edge in a fiercely competitive market while also 
providing employees with more development opportunities and higher 
labour compensation, thus facilitating sustained growth in labour share.

Further analysis

To thoroughly analyze the heterogeneous impact of digital innova-
tion on the distribution effects across different labour groups, this paper 
further subdivides the existing labour share (LS) into ordinary employee 
compensation share (LSE) and management compensation share (LSM). 
Additionally, in modern enterprise management, equity incentives 
improve the single salary structure of management and increasingly 
occupy a larger proportion (Shue & Townsend, 2017; Souder & Shaver, 
2010). Given the composite nature of management compensation 
structures (Goergen & Renneboog, 2011), this paper introduces man-
agement shareholding ratio (MSR) as a proxy variable for executive 
equity incentives.

The regression analysis results presented in columns (1) to (3) of 
Table 13 indicate that digital innovation (Dig) has a significant positive 
effect on the LSE, suggesting that digital innovation can enhance skill 
complementarity and production efficiency, thereby optimising human 
resource allocation and increasing the marginal output value of grass-
roots workers. This leads to a skill premium enabled by digital 
empowerment, improving the LSE. In contrast, digital innovation (Dig) 
has a significantly negative effect on the labour share of management, 
while positively influencing the management shareholding ratio. This 
paradoxical phenomenon can be explained by examining how digital 

innovation reconstructs executive compensation contracts. Under a 
system where performance incentives replace administrative power 
rent-seeking, managerial remuneration becomes more closely tied to 
long-term performance metrics such as equity appreciation and option 
exercise (Chang et al., 2015), rather than merely relying on salary in-
come. Digital innovation optimises governance structures and enhances 
information transparency, breaking traditional income distribution 
inertia and helping to establish a fair incentive mechanism based on 
performance contributions, achieving a dynamic reallocation of corpo-
rate residual claims. By strengthening the sensitivity between compen-
sation and performance, digital innovation encourages management’s 
incentive mechanisms to shift from short-term salary income to 
long-term equity appreciation and option exercise (Manso, 2011), 
optimising management compensation structures and making internal 
income distribution more equitable. With the optimisation of 
performance-oriented incentive systems, incentive allocation models 
that align ability with contribution expand economic benefits under the 
Pareto improvement framework, reshaping factor allocation structures 
(Ederer & Manso, 2013). Moreover, digital innovation not only alters a 
company’s technical architecture but also reshapes internal power dy-
namics. Increased information transparency diminishes management’s 
monopoly on information, allowing ordinary employees to access in-
formation more equitably, thus reducing the concentration of manage-
ment power (Svahn et al., 2017). This shift in power structure promotes 
more democratic decision-making within companies, compelling man-
agement to delegate authority downwards, resulting in flatter and more 
networked organisational structures (Brynjolfsson et al., 2011). As dig-
ital transformation deepens, these changes in power dynamics make 
internal compensation distribution more equitable, narrowing the 
compensation gap between management and ordinary employees, pro-
moting fairness in labour compensation distribution and alleviating 
social inequality issues arising from the digital divide.

Additionally, the conditions for application and the authorisation 
processes for invention patents are more stringent, typically indicating 
higher quality (He et al., 2016). Given that using total patent counts 
directly as indicators of digital innovation levels may not adequately 
capture the diversity of digital innovation types, we follow Arnold et al. 
(2011) in distinguishing between breakthrough innovations, which 
reflect innovation quality, and incremental innovations, which reflect 
innovation quantity. Breakthrough innovations are quantified by the 
logarithm of invention patent applications, while incremental in-
novations are measured by the logarithm of the total of utility model, 
allowing us to examine the differing impacts of these technology types 
on distribution structures. Columns (4)–(6) and (7)–(9) of Table 13
illustrate the effects of invention patents and utility model patents on 
labour distribution orientation. The test results suggest that the impacts 
of invention patents (IDig) and utility model patents (UDig) on labour 
shares are consistent with the overall conclusions regarding digital 
innovation (Dig). However, invention patents (IDig) exert a more sig-
nificant positive effect on both ordinary employees’ and management’s 

Table 13 
Labour share distribution oriented results.

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9)
LSE LSM MSR LSE LSM MSR LSE LSM MSR

Dig 0.0201*** −0.0148*** 0.0025** ​ ​ ​ ​ ​ ​
​ (0.0043) (0.0051) (0.0011) ​ ​ ​ ​ ​ ​
IDig ​ ​ ​ 0.0227*** −0.0149*** 0.0029** ​ ​ ​
​ ​ ​ ​ (0.0047) (0.0054) (0.0012) ​ ​ ​
UDig ​ ​ ​ ​ ​ ​ 0.0112*** −0.0164*** 0.0028**
​ ​ ​ ​ ​ ​ ​ (0.0039) (0.0053) (0.0011)
Constant 0.9393** 3.5803*** 1.2831*** 0.9616** 3.5761*** 1.2861*** 0.8744** 3.5736*** 1.2841***
​ (0.4155) (0.5237) (0.1096) (0.4142) (0.5232) (0.1098) (0.4195) (0.5234) (0.1096)
Controls YES YES YES YES YES YES YES YES YES
Firm/Year YES YES YES YES YES YES YES YES YES
N 20,025 20,025 20,025 20,025 20,025 20,025 20,025 20,025 20,025
R2 0.9031 0.9236 0.8339 0.9032 0.9236 0.8339 0.9027 0.9236 0.8339
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labour shares compared to utility model patents (UDig). This difference 
primarily arises from the distinct technological attributes of the two 
patent types. In contrast to utility models, which focus primarily on 
innovation quantity, invention patents are designed to enhance 
competitiveness, create differentiated products and drive trans-
formations in production methods, thereby better reflecting genuine 
corporate innovation capabilities (He et al., 2016). Consequently, as 
vehicles of substantial innovation, when companies achieve technolog-
ical breakthroughs through invention patents, they can more effectively 
boost productivity and market competitiveness, increasing the demand 
for optimised talent resource allocation and, in turn, enhancing labour 
share.

Conclusions and implications

Conclusions

Utilizing SBERT model, this study identifies the number of digital 
patents applied by companies, a measure of their level of digital tech-
nological innovation. Through the use of data from Chinese A-share 
listed companies on the Shanghai and Shenzhen stock exchanges, this 
study examines the impact of digital innovation on labour share and its 
mechanism for optimizing employment structures. The results indicate: 
Firstly, digital innovation significantly boosts labour share, a finding 
that remains valid after conducting various robustness tests and 
addressing endogeneity concerns. Secondly, the mediation mechanism 
test indicates that human capital allocation is an important mediating 
factor between digital innovation and the labour share. Further analysis 
shows that skill training, when considered as an element of human 
capital allocation, exerts varying degrees of influence across different 
enterprise sizes and industry types. Third, the impact of digital inno-
vation on the labour share shows significant differences across various 
regional business environments, industrial technological attributes, and 
levels of corporate governance. Finally, for ordinary staff, digital inno-
vation elevates their labour share. Conversely, for executives, it di-
minishes their labour share but enhances their equity incentive, 
suggesting that digital innovation helps mitigate internal digital dis-
parities and ensures a more equitable distribution of benefits.

Implications

Based on the research findings, the following recommendations are 
proposed. Firstly, to keep pace with the digital era and achieve a leap in 
labour share, our study shows that digital innovation significantly en-
hances companies’ revenue shares. Digital innovation is not merely an 
accumulation of technologies but has become an indispensable part of 
production methods, deeply embedded in product design and 
manufacturing processes, fundamentally boosting productivity and thus 
promoting the growth of labour share. By integrating digital innovation 
thoroughly into every link of the production chain from product design 
to manufacturing processes, leveraging smart technologies to accelerate 
production rhythms, and achieving revolutionary growth in production 
efficiency, companies can enhance their revenue shares. Furthermore, 
further research reveals that the impact of digital innovation on labour 
share differs between ordinary employees and senior management: the 
former benefits more, while the latter may face negative impacts. 
Additionally, substantial digital innovation has a more significant 
incentive effect on revenue share than strategic digital innovation. To 
balance the interests of different groups, as emphasized in the "Action 
Plan for Accelerating the Cultivation of Digital Talents to Support the 
Development of the Digital Economy (2024–2026)", enterprises should 
develop differentiated talent cultivation and empowerment strategies 
based on the needs of different industries and positions. During the 
digital innovation empowerment process, flexible strategies should be 
adopted according to the different responsibilities and needs of ordinary 
employees and management. For ordinary employees, focus should be 

placed on digital skills training and tool dissemination to enhance their 
daily digital application capabilities. For management, emphasis should 
be on strategic-level digital innovation thinking and decision-making 
abilities, enhancing their macro understanding and application of digi-
tal technologies through training and exchange activities. However, it 
should also be noted that unified standards are sometimes necessary 
during the digital innovation empowerment process, especially in sce-
narios requiring rapid digital transformation and overall efficiency 
improvement. For instance, consistent technologies and processes 
should be ensured across different levels of employees during the digital 
innovation process to avoid confusion caused by inconsistent standards. 
Meanwhile, high-quality innovation is at the core of transformative 
enterprise development and a key factor in societal prosperity. Enter-
prises should correctly view digital innovation, pursuing substantive 
breakthroughs and depth in technological innovation rather than 
focusing solely on patent counts or policy benefits while neglecting 
innovation quality (Chen et al., 2021).

Secondly, optimizing human capital configuration is key to maxi-
mizing the positive impact of digital innovation. Research shows that 
digital innovation helps optimize human capital configuration and boost 
labour share growth. Companies should focus on modernizing and 
transforming human resources, integrating policies, and establishing a 
human - capital ecosystem centered on high - skilled, diverse, and 
innovative talents. In defining high - skilled talent, enterprises should 
follow the "Opinions of the Ministry of Human Resources and Social 
Security and Seven Other Departments on Promoting Skill - Based En-
terprise Work" and incorporate local measures, such as the "Several 
Measures for Deepening the Jiangsu Craftsman Cultivation Project and 
Strengthening the Construction of High - Skilled Talent Teams" and the 
"Anhui Province Pilot Standards and Conditions for the Declaration and 
Evaluation of High - Skilled Talents in the Engineering and Technical 
Fields of Enterprises", requiring skilled workers to obtain qualifications 
such as senior technicians and linking occupational qualifications with 
professional technical positions. For employee diversity, based on 
LinkedIn’s "2024 Global Talent Trends Report", 69 % of US executives 
prioritize hiring candidates with soft skills, especially those with cross - 
border skills and the ability to adapt to new roles quickly. Companies 
can build a multi - dimensional transboundary adaptation capability 
model assessment system, including skill diversity index, learning agility 
coefficient, and role adaptability score, use organizational network 
analysis tools to monitor cross - departmental collaboration density, and 
track capability migration trajectories with dynamic job competency 
radar charts. In assessing innovation capabilities, firms should follow the 
grading criteria in the national standard GB/T 31769 - 2015 "Rating 
Specification for Applied Competence of Innovation Methods", grade 
innovation capabilities, certify innovation outcomes with core in-
dicators like patent indices and project value - creation rates, and 
establish dashboards for innovation efficiency management.

Thirdly, tailor digital - innovation practices to enterprise character-
istics. The analysis shows that digital innovation has a more significant 
impact on labour share in enterprises with better business environments, 
high - tech attributes, and robust governance. Hence, governments 
should customize support policies, set up special funds, and subsidize 
innovation projects in key areas like smart manufacturing, big data, and 
AI. To prevent resource waste and unfair competition, and ensure clear 
policy implementation, governments should categorize subsidy ratios 
based on enterprise scale, industry features, and digitalization levels, 
and set clear subsidy criteria. For instance, small - sized enterprises in 
traditional industries like manufacturing and agriculture could be 
granted the highest subsidies, while large - sized enterprises with sig-
nificant digitalization potential could have their subsidy ratios adjusted 
based on assessments using the "Evaluation Indicators for the Digitali-
zation Level of Small and Medium - sized Enterprises (2024 Edition)". 
Additionally, to ensure the effective implementation of subsidy mea-
sures, it is recommended to introduce third - party evaluation agencies, 
which can be supervised by the public, to ensure that policy benefits 
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truly materialize. The independence and fairness of third - party eval-
uation agencies are crucial for ensuring the credibility of evaluation 
results. To strengthen this, several measures should be taken. Regularly 
convene a joint meeting comprising government officials, scholars, en-
terprise representatives, and the public to discuss the results of third - 
party evaluations and adjust and optimize existing policies accordingly. 
This multi - stakeholder approach helps ensure that policy adjustments 
are more in line with actual needs. Establish a rigorous expert selection 
mechanism based on the principles of professionalism, representative-
ness, and interest balance. This ensures that the evaluation team has 
cross - disciplinary expertise and avoids conflicts of interest. Set up 
feedback and appeal channels to allow evaluated entities and the public 
to provide feedback and challenge evaluation results, ensuring the 
fairness and transparency of the evaluation process.
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Appendix

Table A1 
Research on patent task in existing literature.

Papers Task Content Task Methodology
Yoon and Park 

(2005)
Analyze patents in the TFT-LCD field, identify technology patterns and 
opportunities, and support R&D strategies.

Keyword morphological analysis combined with text mining.

Tseng et al. 
(2007)

Automated patent analysis, especially the creation of technology effects 
matrices to understand technology trends.

Integrated Application of Text Mining Techniques.

Yoon and Kim 
(2011)

Identify rapidly evolving technology trends, assess patent criticality, technology 
cluster characteristics and competitor capabilities, and empirically analyze 
carbon nanotubes as an example.

Semantic Patent Networks Based on Subject-Action-Object (SAO) Structure, 
Constructing Patent Networks and Proposing New Metrics.

Trappey et al. 
(2011)

Identifies the content of patents in the field of radio frequency identification 
(RFID) in China.

Patent map analysis, patent file clustering, technology forecasting, and 
technology life cycle analysis are among the methods.

Abbas et al. 
(2014)

Provides an overview of patent analysis tools and techniques, evaluates the 
strengths and weaknesses of various technologies, and enhances understanding 
of the latest advances in patent analysis.

Searching databases such as ScienceDirect, ACM Digital Library, IEEE Digital 
Library, and CiteSeerX to screen and analyze 22 research articles on patent 
analysis, focusing on text mining and visualization techniques.

Suominen et al. 
(2017)

Analyzing large-scale patent data in the telecom industry to map the evolution 
of corporate knowledge structures.

Unsupervised learning methods, in particular the Latent Dirichlet Allocation 
(LDA) topic model.

Ozcan and 
Islam (2017)

Improve the efficiency of nanotechnology patent searches, analyze patent 
collaboration networks, and reveal technology trends and key players.

The improved patent information retrieval method combines patent 
classification codes, keyword search and patent data analysis software 
Thomson Data Analyzer (TDA).

An et al. (2018) Application in the field of electric vehicle technology for technology trends, risk 
analysis and R&D strategy development.

A semantic analysis network (PSAN) for prepositioned words.

Chung and 
Sohn (2020)

Identify valuable patents, especially early patent quality assessment in the 
semiconductor industry.

Deep learning models combining convolutional neural networks (CNNs) and 
bidirectional long short-term memory networks (BiLSTMs).

Ranaei et al., 
(2020)

Explore technology trends and assess patent significance, technology clusters 
and innovation competitiveness.

Semantic analysis of patent texts, construction of patent networks and use of 
SAO structures.

Sarica et al., 
2020

Building large semantic networks for patent analysis for knowledge discovery, 
technology retrieval and innovation support.

Text mining and word embedding algorithms using the "TechNet" technical 
semantic network, based on a US patent database.

Caragea et al., 
(2020)

Identify patents in the fintech sector and improve the accuracy and efficiency of 
patent identification.

A fine-tuned BERT model is used.

Lee and Hsiang 
(2020)

Classification Cooperative Patent Classification (CPC) subclass level. Fine-tuned BERT model.

An et al. (2021) Improved accuracy and performance of patent analysis in the thin-film magnetic 
head subfield of the hard disk drive field.

An improved patent similarity metric that takes into account sequence 
structure semantic orientation and word order information.

Arts et al. 
(2021)

Calculate the technical content similarity between patents to identify the 
novelty and impact of innovative technologies.

NLP techniques to detect emerging keywords and phrase combinations.

Maehara et al. 
(2022)

Classification of patents related to carbon reduction technologies. Fine-tuned BERT model.

Puccetti et al. 
(2023)

Improve technology identification accuracy and coverage, and deepen 
technology domain understanding.

Named Entity Recognition (NER) approach combining three different 
techniques of gazetteer-based, rule-based and deep learning based (e.g. BERT).

Fusillo (2023) Analyzing the diversity and reorganization characteristics of the knowledge 
search and output phases of green technologies.

Patented data and propensity score matching techniques.

Zhou et al. 
(2024)

Identify digital technology patents. Machine learning and text analysis for building digital technology 
vocabularies.

Sung et al. 
(2024)

Construct technology clusters and three-layer models in the patent area of 
digital twin technology, and clarify the core technology structure.

A patent analysis method for co-word and co-citation networks.
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Table A2 
Examples of partial defects for IPC classification.

DTCN IPC PAPN Patent Abstracts Cause of Error
010,304 H01Q* CN206301929U When the temperature is lower than the temperature set by the 

temperature control system, the hot air blower starts to work to 
circulate the heating of the radome and raise the surface 
temperature of the radome

The classification oversimplifies the definition of "digital patent". It 
is not clear from the abstract that it contains innovative software, 
algorithms or unique digital processing techniques, and while the 
temperature control system may contain electronic control 
components, the emphasis is more on the physical structure of the 
device and the basic temperature control function, pointing to 
mechatronic or physical device innovations.

010,402 B25J* CN214162999U utilizes magnet holders of opposite magnetic properties to attract 
each other to mount the housing on the robot frame, which 
improves the overall aesthetics of the robot, and the housing is 
flexible and easy to dismantle and install, which improves 
maintenance efficiency.

This classification ignores the core features of a "digital patent". The 
core of the patent lies in the design and operation of the physical 
structures (magnet holders, guide holes and guide shafts), which 
utilize physical magnetic principles to achieve rapid assembly and 
disassembly of the enclosure, rather than innovations involving 
digital technology such as computer programs, software algorithms, 
communication technology and data processing.

010,405 B60R* CN211107192U By cooperating with the side tread body and the drive assembly, 
when the side tread body is in the retracted position, the side 
tread body does not increase the width of the body, and the 
surface of the side tread body is not susceptible to water 
accumulation

The categorization blurs the line between physical-mechanical 
innovation and digital technology innovation. The abstracts do not 
mention any digital technology content directly related to computer 
programs, software algorithms, electronic control systems, data 
processing or communication technologies. All descriptions are 
centered around mechanical structures (e.g., "side-stepping body" 
and "drive assembly") and their physical motions (e.g., "rotation", 
"retracted position", "retracted position", "retracted position", 
"retracted position", "pedal position").

010,502 H01C* CN102148082A By making the cover layer and the electrode layer separately, the 
cover layer is made by first stacking the raw ceramic sheet to a 
specified thickness and then pressing it to form the cover layer, 
instead of stacking and pressing alternately, thus improving the 
efficiency of the operation of the stacking workshop and 
reducing the maintenance cost of the cover making machine.

The classification misunderstands the definition of "digital patent". 
The abstract mentions such things as "stacking raw ceramic sheets" 
and "pressing into cover layers", which are descriptions of physical 
material handling and manufacturing processes, involving physical 
operations such as material processing and mechanical pressing, 
which belong to the scope of material science or manufacturing, and 
do not mention any innovations related to digital technology such as 
computer programs, software algorithms, communication 
technology or data processing. There is no mention of innovations 
related to digital technologies such as computer programs, software 
algorithms, communication technologies or data processing.

020,401 B25H5* CN211415091U toolbox applied to power distribution network repair work, 
comprising: an upper box and a lower box; the upper box is 
located above the lower box, and the upper box and the lower 
box are slidingly connected in an up-and-down direction; a 
storage shell is fixedly connected to one side of the lower box; a 
hook is vertically inserted at the top of the storage shell; the hook 
is slidingly connected to the storage shell Connection

The classification is a misunderstanding of the concept of "digital 
patent". The toolbox design described in the abstract, such as "the 
upper box and the lower box are slidingly connected in the up and 
down direction" and "a hook is vertically inserted at the top of the 
storage shell", all of these innovations are centered on the structural 
design of the physical toolbox, which involve the improvement of 
the physical structure and mechanical movement, rather than the 
integration or application of digital technology. All of them involve 
the improvement of physical structure and mechanical movement 
rather than the integration or application of digital technology.

030,407 G01C* CN115112150B S1: mounting a focal plane substrate; S2: adjusting said focal 
plane substrate coordinate system; S3: mounting an indicator 
prism to said focal plane substrate with screws; S4: adjusting said 
indicator prism coordinate system by grinding; S5: mounting a 
CCD assembly; S6: adjusting the CCD assembly coordinate 
system

The classification misclassifies any invention containing an 
electronic device or apparatus as automatically being a digital 
patent. Key operations in the abstract, such as "mounting a focal 
plane substrate", "adjusting a coordinate system," and "grinding and 
adjusting a prism", are physical operations, while "adjusting the 
coordinate system of said CCD assembly to coincide with the 
coordinate system of said CCD splicer through the operation of said 
CCD splicer" is a physical operation. said operating a CCD splicer, 
adjusting said coordinate system of said CCD assembly to be 
consistent with said coordinate system of said CCD splicer", although 
involving instrument operation, but the focus is on physical 
alignment rather than software or algorithm innovation. Indeed, the 
key to whether a patent is digital is whether the heart of the 
invention lies in an innovation in digital processing, algorithms, 
communications or software technology, rather than simply in the 
use of an electronic device.

Table A3 
Balance test results (Nearest Neighbor Matching).

Variables Unmatching/Matching Mean Standard error (%) Decrease in absolute value (%) T test
Processing group Control group T value P value

Size Unmatching 23.236 22.518 65.3 98.7 44.91 0.000
​ Matching 23.186 23.177 0.9 0.61 0.539
Age Unmatching 2.91 2.919 −2.7 8.6 −1.89 0.058
​ Matching 2.915 2.907 2.5 1.85 0.064

(continued on next page)
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Table A3 (continued )
Variables Unmatching/Matching Mean Standard error (%) Decrease in absolute value (%) T test

Processing group Control group T value P value
ROA Unmatching 0.053 0.051 4.6 69.2 3.18 0.001
​ Matching 0.053 0.053 1.4 1.00 0.315
CUR Unmatching 0.57 0.586 −8.6 99 −6.04 0.000
​ Matching 0.57 0.57 0.1 0.07 0.948
Fix Unmatching 0.419 0.451 −7.3 67.8 −5.15 0.000
​ Matching 0.421 0.41 2.4 1.81 0.070
Lerner Unmatching 0.118 0.119 −2.5 16.2 −1.76 0.078
​ Matching 0.118 0.119 −2.1 −1.53 0.126
State Unmatching 0.357 0.231 27.8 93.7 19.30 0.000
​ Matching 0.349 0.341 1.8 1.26 0.208

Table A4 
Balance test results (Kernel Matching).

Variables Unmatching/Matching Mean Standard error (%) Decrease in absolute value (%) T test
Processing group Control group T value P value

Size Unmatching 23.236 22.518 65.3 94 44.91 0.000
​ Matching 23.186 23.143 3.9 2.82 0.005
Age Unmatching 2.910 2.919 −2.7 7.4 −1.89 0.058
​ Matching 2.915 2.907 2.5 1.88 0.060
ROA Unmatching 0.053 0.051 4.6 92.7 3.18 0.001
​ Matching 0.053 0.053 0.3 0.24 0.812
CUR Unmatching 0.570 0.586 −8.6 95 −6.04 0.000
​ Matching 0.570 0.570 0.4 0.32 0.752
Fix Unmatching 0.419 0.451 −7.3 67.8 −5.15 0.000
​ Matching 0.421 0.410 2.4 1.81 0.070
Lerner Unmatching 0.118 0.119 −2.5 53.8 −1.76 0.078
​ Matching 0.118 0.119 −1.2 −0.85 0.396
State Unmatching 0.357 0.231 27.8 94.6 19.30 0.000
​ Matching 0.349 0.342 1.5 1.07 0.286

Table A5 
Balance test results (Caliper Matching).

Variables Unmatching/Matching Mean Standard error (%) Decrease in absolute value (%) T test
Processing group Control group T value P value

Size Unmatching 23.236 22.518 65.3 98.5 44.91 0.000
​ Matching 23.186 23.175 1 0.70 0.485
Age Unmatching 2.910 2.919 −2.7 36.1 −1.89 0.058
​ Matching 2.915 2.909 1.7 1.30 0.193
ROA Unmatching 0.053 0.051 4.6 88.6 3.18 0.001
​ Matching 0.053 0.053 0.5 0.37 0.709
CUR Unmatching 0.570 0.586 −8.6 100 −6.04 0.000
​ Matching 0.570 0.570 0 0.00 1.000
Fix Unmatching 0.419 0.451 −7.3 59.5 −5.15 0.000
​ Matching 0.421 0.408 3 2.28 0.023
Lerner Unmatching 0.118 0.119 −2.5 −9.5 −1.76 0.078
​ Matching 0.118 0.120 −2.8 −2.00 0.045
State Unmatching 0.357 0.231 27.8 94.7 19.30 0.000
​ Matching 0.349 0.342 1.5 1.05 0.293

References
Abbas, A., Zhang, L., & Khan, S. U. (2014). A literature review on the state-of-the-art in 

patent analysis. World Patent Information, 37, 3–13. https://doi.org/10.1016/j. 
wpi.2013.12.006

Aboal, D., Garda, P., Lanzilotta, B., & Perera, M. (2015). Innovation, firm size, 
technology intensity, and employment generation: Evidence from the Uruguayan 
manufacturing sector. Emerging Markets Finance and Trade, 51(1), 3–26. https://doi. 
org/10.1080/1540496X.2015.998072

Acemoglu, D., Autor, D., Dorn, D., Hanson, G. H., & Price, B. (2014). Return of the solow 
paradox? IT, productivity, and employment in US manufacturing. American Economic 
Review, 104(5), 394–399. https://doi.org/10.1257/aer.104.5.394

Acemoglu, D., & Restrepo, P. (2018). The race between man and machine: Implications 
of technology for growth, factor shares, and employment. American Economic Review, 
108(6), 1488–1542. https://doi.org/10.1257/aer.20160696

Acemoglu, D., & Restrepo, P. (2019). Automation and new tasks: How technology 
displaces and reinstates labor. Journal of Economic Perspectives, 33(2), 3–29. https:// 
doi.org/10.1257/jep.33.2.3

Acemoglu, D., & Restrepo, P. (2020). Robots and jobs: Evidence from US labor markets. 
Journal of Political Economy, 128(6), 2188–2244. https://doi.org/10.1086/705716

Acikalin, U. U., Caskurlu, T., Hoberg, G., & Phillips, G. M. (2022). Intellectual property 
protection lost and competition: An examination using machine learning. National 
Bureau of Economic Research Working Paper Series, (30671)https://doi.org/10.3386/ 
w30671

Aghion, P., Jones, B. F., & Jones, C. I. (2018). Artificial intelligence and economic 
growth. NBER Chapters, (23928)https://doi.org/10.3386/w23928

H. Ling et al.                                                                                                                                                                                                                                     Journal of Innovation & Knowledge 10 (2025) 100705 

19 

https://doi.org/10.1016/j.wpi.2013.12.006
https://doi.org/10.1016/j.wpi.2013.12.006
https://doi.org/10.1080/1540496X.2015.998072
https://doi.org/10.1080/1540496X.2015.998072
https://doi.org/10.1257/aer.104.5.394
https://doi.org/10.1257/aer.20160696
https://doi.org/10.1257/jep.33.2.3
https://doi.org/10.1257/jep.33.2.3
https://doi.org/10.1086/705716
https://doi.org/10.3386/w30671
https://doi.org/10.3386/w30671
https://doi.org/10.3386/w23928


Agrawal, A. K., & Matsa, D. A. (2013). Labor unemployment risk and corporate financing 
decisions. Journal of Financial Economics, 108(2), 449–470. https://doi.org/10.1016/ 
j.jfineco.2012.11.006

Amabile T.M., Conti R., Coon H., Lazenby J., & Herron M. (1996). Assessing the work 
environment for creativity. 39(5), 1154–1184. 10.5465/256995.
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