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ABSTRACT
Utilizing data from Chinese A-share listed firms we explore the para
doxical effects of digital transformation on firms’ financial and opera
tional performance. Through text mining, mechanism and 
heterogeneity analyses, the study’s findings indicate that digital 
transformation may inflate operational costs and compromise firm 
performance. When considering financial restrictions and R&D, the 
productivity gains emanating from digital transformation, under
scores the symbiotic potential of concurrent technological and finan
cial strategies. Heterogeneity analyses reveal a differentiated impact: 
larger firms and specific sectors, such as technology, witness 
a significant boost in productivity, whereas state-owned entities 
and joint ventures are less susceptible to performance downturns.
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Introduction

Over the past decade, concepts like Industry 4.0 and the Fourth Industrial Revolution have 
promised significant transformations in industrial manufacturing (Meindl et al. 2021). 
Many companies have embraced digitalization, aiming to benefit from new digital busi
ness models or to radically alter their production systems’ value propositions (Holmström 
et al. 2019). However, the reality of digital manufacturing projects often falls short of these 
ambitious goals. Instead of achieving new business models, many industrial incumbents 
experience only incremental improvements, such as efficiency gains and cost reductions 
within existing processes (Gregory et al. 2015; Helo and Hao 2017). This discrepancy 
highlights the concept of Digital Transformation Paradoxes, which refers to the contra
dictory demands organizations face during their digital transformation journey. As 
Danneels and Viaene (2022) explain, companies must balance innovation with stability – 
pursuing new digital capabilities while maintaining and optimizing their current opera
tions. Additionally, they must manage both short-term performance and long-term 
transformation goals, balancing external disruptive forces with internal capabilities (Vial  
2019). These paradoxes create tensions that complicate decision-making, often impacting 
transformation and firm performance (X. Guo et al. 2023).
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These tensions are explored in several works, emphasizing the gap between 
ambitious goals and practical results (Gebauer et al. 2020; Guo et al. 2023), such 
as Bianca et al. (2021) addresses the radical changes required to manage crises and 
the resulting digital inequalities. However, the digital revolution has fundamentally 
transformed corporate production mechanisms, providing significant potential for 
enhancing TFP and strengthening competitive advantages (Chen, Yang, and Li 2022; 
Guo et al. 2023). One strand of the literature demonstrates the development of 
digital technologies revolutionizes organizations and promotes productivity (C. Y. 
Cheng, Chien, and Lee 2021; Dedrick, Kraemer, and Shih 2013; Kallal, Haddaji, and 
Ftiti 2021). Moreover, while incorporating external knowledge is vital for a successful 
digital transformation strategy, it can also result in significant costs and, in some 
cases, reduce efficiency in resource allocation. This misalignment can negatively 
impact financial performance of firms (Hwang and Lin 1999; Nambisan, Wright, and 
Feldman 2019).

The digital transformation paradox is also evident in China, where businesses have 
enhanced productivity and expanded operations (Suo et al. 2024), yet significant digital 
transformation outcomes remain relatively scarce, further underscoring the importance of 
studying the impact of digitalization on firm performance (Zhao et al. 2024). The digita
lization of small businesses in China has significantly enhanced their labour productivity, 
facilitated new collaboration methods, and expanded their operational scope through 
e-commerce. Over the next decade, it is projected that the internet could contribute 7% 
to 22% of the overall GDP growth in China. A report by Accenture (2021) shows that the 
proportion of Chinese enterprises with significant digital transformation outcomes has 
increased from 11% to 16%. Leading enterprises have widened the gap in digital cap
abilities and operational performance compared to others. Accelerating effective digital 
transformation for sustainable development has become imperative for enterprises 
(Accenture 2021).

Current research on digital transformation highlights significant variations in its impact 
due to contextual factors such as government policies, market dynamics, and technolo
gical infrastructure. In China, the unique environment created by proactive government 
roles and rapid urbanization underscores these contextual differences, yet the dual 
impact of digital resources remains underexplored (X. Guo et al. 2023; Lu et al. 2022). 
Theoretical frameworks like the Resource-Based View (RBV), Dynamic Capabilities, and 
Technology Acceptance Model (TAM) are commonly used, but there is a pressing need to 
integrate these with Paradox Theory to fully understand digital transformation’s dual 
nature. Despite the widespread use of RBV (Santhanam and Hartono 2003), few studies 
have comprehensively combined paradox theory with practical applications. Sector-spe
cific research indicates varying benefits of digital transformation, particularly favouring 
technology-intensive industries and traditional manufacturing, yet such analyses are still 
limited (B. Guo and X. Huang 2024). Additionally, despite the emerging number of studies 
in the area, there is a lack of comprehensive understanding regarding the scope and 
nature of benefits that digital transformation brings across various contexts and time
frames (Gray and Rumpe 2017; C. Matt, Hess, and Benlian 2015). This has led to incon
sistent findings, with limited insight into how digital transformation balances immediate 
operational challenges with long-term strategic gains (Svahn et al. 2017; Yeow, Soh, and 
Hansen 2018).
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In view of the above, the motivation for this study stems from China’s rapid digital 
transformation, driven by government policies, technological advancements, and market 
dynamics, which presents both opportunities and challenges for firms. There is a critical 
need to understand how this transformation impacts firm performance within this unique 
context, addressing a significant gap in the current literature. Existing research shows 
a positive link between digital transformation (DT) and firm performance. For instance, 
McKinsey’s survey indicates only 20% of companies saw financial gains from DT (Presley  
2023), and Scott, Van Reenen, and Zachariadis (2017) found the SWIT network boosts 
banks’ long-term profitability; however, such outcomes remain inconsistent (Isik et al.  
2024).

This study aims to resolve these inconsistencies by exploring the dual mechanisms of 
digital transformation, balancing immediate operational disruptions with long-term stra
tegic benefits. Additionally, recognizing that different industries experience digital trans
formation differently, the study provides a detailed analysis of its impact across sectors 
such as technology, manufacturing, and pollution control. By examining data from 2000 
to 2022, the study offers a comprehensive, longitudinal perspective on the evolution of 
digital transformation’s impact on firm performance, essential for understanding its 
stages and maturity in Chinese firms.

In this context, this research paper, utilizing data from Chinese A-share listed 
firms covering the years 2000 to 2022, delves into the intricate complexities 
surrounding digital transformation, aiming to address several fundamental research 
questions: What factors contribute to the paradoxical outcomes observed in firms 
undergoing digital transformation? How do technological advancements and tran
sition cost influence these outcomes? What is the differential impact of digital 
transformation across various firm types, sizes, and industries? Lastly, how do 
financial restrictions and R&D investments modulate the productivity gains from 
digital transformation?

By employing a dual mechanism approach and conducting mechanism and hetero
geneity analyses, the study seeks to provide nuanced insights into the strategic implica
tions of digital transformation. Compared to previous studies, our research offers several 
potential contributions. While the resource-based view (RBV) has been widely adopted in 
theoretical frameworks (Santhanam and Hartono 2003), many existing studies lack 
a comprehensive integration of paradox theory with practical applications. This research 
addresses this gap by utilizing Paradox Theory, Transaction Cost Theory (TCT), and the IT 
Productivity Paradox. It provides practical recommendations and strategic insights for 
businesses, exploring the root causes of paradoxes that arise during the digitalization 
process, thereby effectively connecting theoretical frameworks with practical complex
ities. Furthermore, prior research has not sufficiently considered the dual impact of digital 
resources (X. Guo et al. 2023; Lu et al. 2022). This study adopts a dual mechanism 
approach based on Paradox Theory, focusing on both technological advancements and 
transition cost. This dual perspective offers a more comprehensive understanding of the 
inherent paradoxes of digital transformation, which previous studies have not fully 
addressed. Finally, unlike earlier studies that often neglected the varying impacts of 
digital transformation across different types of firms and industries, this research includes 
a detailed heterogeneity analysis. It evaluates the differential impact of digital transforma
tion across various firm types, sizes, and industries, providing a nuanced understanding of 
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how different organizational contexts influence the outcomes of digital transformation 
initiatives.

The findings suggest that digital transformation can lead to increased operational costs 
and a decline in firm performance, as evidenced by a negative impact on return on assets 
(ROA) and return on equity (ROE) through higher sales expense ratios and diminished cost 
and expense profit ratios and cash flow. Despite this, the study finds that in the face of 
financial constraints, the beneficial effects of digital transformation on productivity are 
enhanced, particularly when R&D spending is aligned with digital efforts, suggesting 
R&D’s catalytic role in augmenting the positive outcomes of digital transformation. 
Furthermore, an analysis of firm and industry heterogeneity reveals that while digital 
transformation generally decreases firm performance, with a more pronounced effect on 
larger firms, state-owned enterprises and joint ventures are less impacted, likely due to 
established processes and market stability. Specifically, in the tech industry, digital 
transformation significantly boosts productivity. In the manufacturing sector, digital 
transformation gradually increases labour productivity despite initially complex effects 
on overall productivity whilst it variably benefits labour productivity in heavily polluting 
industries. This comprehensive investigation highlights the nuanced and multifaceted 
impacts of digital transformation, suggesting its effectiveness is contingent on strategic 
alignment with R&D investments and the specific firm and industry contexts.

The rest of the paper is organized as follows: Section ‘Literature review and theoretical 
framework’ conducts a literature review, develops the hypotheses as well as presents the 
theoretical framework used in the study whilst Section ‘Methodology’ presents the 
methodology and the models. Section ‘Empirical results’ presents the empirical results, 
including a detailed rationale of the employed methods and Section ‘Discussion’ dis
cusses the key findings. Section ‘Implications’ expounds on the theoretical and practical 
implications of the study whilst Section ‘Conclusions’ provides some concluding remarks.

Literature review and theoretical framework

Paradox theory of firm performance

Paradox theory offers a way to move beyond ‘either/or’ thinking by embracing ‘both/and’ 
approaches (Lewis and Smith 2014; Putnam, Fairhurst, and Banghart 2016). In the context 
of digital transformation, this perspective shifts the focus from the binary decision of 
whether to transform to more nuanced considerations such as ‘how to effectively trans
form’ and ‘who achieves success first’. Theoretical debates surround the productivity 
paradox (Brynjolfsson, Rock, and Syverson 2017; R. M. Solow 1956) and the digitalization 
paradox (Gebauer et al. 2020). With the advancement of digital technologies, digital 
transformation and productivity exhibit a ‘J-shaped’ curve (Brynjolfsson, Rock, and 
Syverson 2017). According to Gebauer et al. (2020), while increased digital investments 
may initially fail to yield corresponding performance improvements – a phenomenon 
known as the digitalization paradox – organizations that strategically manage these 
investments can ultimately achieve significant performance gains.

This study examines the dual mechanisms through which digital transformation 
impacts firm performance, focusing on the paradoxes inherent in this process. It 
integrates Transaction Cost Theory (TCT), Paradox Theory, and the IT Productivity 
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Paradox. Digital transformation, encompassing intelligent manufacturing, informa
tion systems, internet business models, and digital technology applications, can 
reduce transaction costs and improve efficiency. However, the Paradox Theory 
highlights that while digital transformation can enhance financial and operational 
performance (Gupta et al. 2020), it may also introduce challenges that negate 
these benefits. The IT Productivity Paradox further suggests that the productivity 
gains from digital investments are not always immediate, influenced by factors 
such as R&D expenditure and financial constraints (Cui and Wang 2023; Fernández- 
Rovira et al. 2021). This framework aims to provide a nuanced understanding of 
the strategic implications of digital transformation in Chinese firms, emphasizing 
the complex interplay between digital investments and firm performance in the 
Figure 1.

Transaction cost theory of financial performance

Transaction Cost Theory (TCT), developed by Ronald Coase, elucidates the reasons for the 
existence of firms and the associated costs of market transactions. The theory classifies 
these transaction costs into search costs, negotiation costs, and enforcement costs. 
According to TCT, firms opt to internalize transactions when the costs of market transac
tions surpass the costs of managing these transactions within the organization, thereby 
enhancing overall efficiency (Coase 1937; Williamson 1985).

In the context of digital transformation, the adoption of technologies such as big data, 
cloud computing, and artificial intelligence aims to optimize business processes and 
management. However, this transformation introduces significant operational costs, 
including complexities in technology integration, substantial learning and training 
costs, increased expenses for system maintenance and cybersecurity, and elevated 

Figure 1. Theoretical framework.
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management and coordination efforts (Barney and Hesterly 2006). These increased opera
tional costs can negatively impact company performance, particularly in the short term. 
Financial metrics such as the Total Operating Expense Ratio, Selling Expense Ratio, Cost 
and Expense Profit Ratio, and Free Cash Flow per Share are essential in assessing this 
impact, as they often reflect heightened operational expenses and diminished profit
ability during the initial phases of digital transformation (Barney and Hesterly 1999, 2006; 
Coase 1937; Williamson 1985).

Digital transformation transcends mere technological adoption to encompass human 
factors (Tabrizi et al. 2019). The essential elements for embracing Industry 4.0 include not 
just digital technology but also executive leadership, workforce talent, and a variety of 
other resources (Bag et al. 2021). The non-physical assets are critical in adopting digital 
practices (Kouhizadeh, Saberi, and Sarkis 2021). This creates a significant demand for 
highly skilled employees, subsequently raising the costs associated with labour.

The digital transformation of an enterprise leads to lower performance through 
increased cost of sales ratios, mainly due to high initial investment; increased marketing 
and customer education costs; staff training and technical support costs; and reduced 
operational efficiency during the period of adaptation to the new system. The operational 
efficiency of the business may temporarily decrease because the business is adapting to 
new digital systems and processes. This reduction in efficiency may lead to longer sales 
cycles, which in turn increases selling expense ratio.

Digital transformation often leads to a reduction in cost and expense margins in the 
short term, primarily due to substantial upfront investments in new technology, system 
upgrades, and software acquisitions that raise immediate expenditures, with benefits that 
may take longer to materialize. Additionally, during the transition, firms may experience 
a temporary decline in operational efficiency, face a market adaptation period for new 
products or services, and incur risks and integration costs associated with technology 
adoption. These factors can place early-stage pressure on profitability, leading to 
a temporary dip in firm performance (Ghosh et al. 2022). However, digital transformation 
also requires significant investments in upgrading industry assets, such as machinery, 
equipment, and control systems, which cannot be fully amortized in the short term. This 
contributes to higher operating expense rates and lower cash flow ratios, further impacting 
firm performance. The path to enhancing firm performance thus lies in converting digital 
resources into digital capabilities, which necessitates continuous learning and incurs addi
tional management expenses. These include salaries for highly skilled workers, digital 
training for managers and employees, consulting fees, and integration costs for new and 
existing resources (Yoo 2010). Consequently, the more enabling technologies a firm adopts, 
the higher its management expenses, potentially reducing performance in the short term.

Thus, the following hypotheses are proposed:

H1a: Digital transformation decrease firm performance by increasing the total operating 
expense rate.

H1b: Digital transformation decrease firm performance by increasing the selling 
expense ratio.
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H1c: Digital transformation decrease firm performance by reducing cost and expense 
profit ratio.

H1d: Digital transformation decrease firm performance by reducing cash flow per share 
of firms.

IT productivity paradox theory of labor productivity and TFP

The IT productivity paradox describes the discrepancy where firms’ substantial invest
ments in IT do not translate into expected productivity gains, as discussed in Brynjolfsson 
and Hitt (2003). This paradox is reflected in the contradictory findings on technology 
investment, where some studies show improved economic growth and innovation (Kleis 
et al. 2012), while others suggest it may inhibit firm performance (Ho, Wu, and Xu 2011). 
The inconsistent results are due to the lack of rigorous theoretical models and the 
moderating effect of technology capability (Huang et al. 2006; Santhanam and Hartono  
2003). Studies show how technology investment, infrastructure use, or human capital 
affects performance (Dabla-Norris et al. 2019; Grant 2024), but neglect the moderating 
technology capability effect and financial constraint effect (Meindl et al. 2021; Tu and He  
2023). Firms’ digital transformation, which aims to improve operational performance 
through enhanced labour productivity and total factor productivity (TFP), is significantly 
influenced by R&D expenditure and financial constraints.

At present, China’s market economic system is still improving and developing, and 
financing constraints are a common problem faced by most enterprises (Chan, Dang, and 
Yan 2012). Different enterprises have different scale structures, organizational systems 
and geographical locations, etc. Financing constraints are essentially a contradiction 
between the demand for financing and the supply of financing. However, the digital 
transformation of enterprises can significantly improve their operational efficiency 
through the introduction of automation, data analysis, cloud computing and other 
technologies. For enterprises facing financing constraints, such efficiency gains are parti
cularly important, as they can achieve higher outputs with less capital investment, thus 
alleviating the financial constraints to a certain extent. As financial constraints intensify, 
companies are driven to explore ways to boost efficiency and cut costs, with digital 
transformation serving as a powerful tool to achieve these goals (Kaplan and Zingales  
1997). By improving operational efficiency, reducing costs, enhancing market competi
tiveness and risk management capabilities, digital transformation is expected to bring 
significant productivity gains to firms in the face of financial constraints (Kong, Huang, 
and Liu 2023). So, this paper proposes the following hypothesis:
H2a: Financial constraints positively moderate the impact of digital transformation on 
productivity, including both labour productivity and total factor productivity.

Total factor productivity (TFP) is widely influenced by R&D activities, which are thought to 
enhance productivity through knowledge accumulation and efficiency gains (Aw, 
Roberts, and Xu 2011; Dai, Zhang, and Luo 2022; H. Liu et al. 2021). However, the literature 
reveals inconsistencies in this relationship, as some studies confirm positive productivity 
impacts (Añón Higón 2007; Boeing, Mueller, and Sandner 2016), while others find 
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inconclusive links or note that R&D benefits vary significantly based on factors like R&D 
intensity and industry context (Atella and Quintieri 2001; Kancs and Siliverstovs 2016). The 
‘Solow Paradox’ highlights a disconnect, where substantial R&D investments do not 
consistently yield expected productivity gains (Capello, Lenzi, and Perucca 2022; 
R. Solow 1987; R. M. Solow 1956), and recent studies attribute TFP slowdowns to 
a declining potential for innovation-driven growth (Pinchetti 2020). Despite extensive 
theoretical research, gaps remain, particularly as the Solow Paradox lacks empirical 
validation in the context of digital transformation, leaving a gap in understanding digital 
transformation application (Gregory et al. 2015; R. Solow 1987). Addressing these gaps 
through further empirical investigation would provide a more comprehensive perspective 
on the R&D-productivity relationship and its enhancement through digital transformation 
(Zhuo and Chen 2023).

This study posits that when a firm allocates significant funds to research and develop
ment, it is expected that the beneficial impact of digital transformation on productivity 
will substantially decrease and so on, thus, the following hypothesis is proposed: 

H2b: A firm’s R&D expenditure positively moderates the relationship between digital 
transformation and productivity, encompassing both labour productivity and total factor 
productivity.

Digital transformation and firm heterogeneous

Several studies collectively provide a nuanced perspective on the effects of digital 
transformation in the business sector. Ren, Liu, and Ding (2023) emphasize the role of 
intergenerational dynamics, showing how the willingness of entrepreneurs to cede con
trol and the readiness of their children to take over leadership influence a firm’s digital 
transformation. They also highlight the diverse impacts of digital transformation based on 
business type, location, and the educational level of entrepreneurs’ children. Y. Chen and 
J. Xu (2023) focus on specific impacts on different types of firms, noting that digital 
transformation disproportionately affects non-state-owned firms and affects material 
resource costs. Ren, Liu, and Ding (2023) further investigate industry and regional peer 
effects, finding that industry peer influence enhances corporate environmental perfor
mance while regional peer effects alleviate financing constraints, improving environmen
tal performance. Lastly, Gao et al. (2023) analyse the impacts of agent heterogeneity and 
collaboration on innovation performance during digital transformation in manufacturing 
enterprises. They suggest that high digitization levels or large enterprise sizes can 
mitigate adverse impacts, while cooperation quality is crucial for smaller or less digitized 
enterprises. Collectively, these studies highlight the diverse impacts of digital transforma
tion across firm types, sizes, and generational dynamics, offering valuable insights for 
navigating the challenges and opportunities of the digital economy. Therefore, the 
following hypotheses are proposed:

H3: The impact of digital transformation on firm performance varies according to firm 
heterogeneity.
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H3a: Digital transformation leads to a reduction in firm performance, however state- 
owned enterprises (SOEs) tend to be less affected by this trend.

H3b: Digital transformation leads to a reduction in firm performance, larger firms tend 
to be more affected by this trend.

H3c: Digital transformation leads to a reduction in firm performance, however joint 
ventures tend to be less affected by this trend.

Digital transformation and industry heterogeneity

Digital transformation’s impact on firm performance exhibits industry-specific variances, 
primarily influenced by the unique characteristics of the technology, manufacturing, and 
pollution industries. In the technology sector, digital transformation propels innovation 
and adaptability by enhancing the skills of the workforce, thereby boosting productivity. 
In particular, Fan et al. (2024) found that informal environmental regulations significantly 
influence digital transformation in technology companies, promoting eco-friendly prac
tices and enhancing overall performance (Fan et al. 2024). Similarly, Bendig et al. (2023) 
observed that digital orientation positively impacts environmental performance during 
technological changes, leading to sustainable business strategies.

In the manufacturing industry, digital transformation leads to improved operational 
efficiency and reduced pollution. Yadav et al. (2023) highlighted the role of digital technol
ogies in achieving net-zero emissions and driving lean, green production processes. 
Additionally, X. Wu et al. (2024) demonstrated that digital transformation in the manufac
turing sector enhances Environmental, Social, and Governance (ESG) performance, reducing 
carbon footprints and improving sustainability. Digital transformation also significantly 
impacts firms’ environmental performance in pollution-intensive industries. L. Wang, Liu, 
and Xiong (2022) provided evidence from China showing that digital transformation helps 
reduce environmental pollution and improves corporate environmental performance (L. 
Wang, Liu, and Xiong 2022). Moreover, H. Li, Zhang, and Li (2023) showed that digital inputs 
in manufacturing enterprises contribute to pollution reduction, highlighting the role of 
digital transformation in promoting greener practices (H. Li, Zhang, and Li 2023). 
Collectively, these findings underscore the importance of tailoring digital transformation 
strategies to the specific needs and characteristics of each industry, thereby optimizing 
both performance and sustainability. Given the diverse impacts of digital transformation 
across different sectors, it is essential to understand how these industry-specific character
istics influence overall firm performance. Previous research highlights significant improve
ments in productivity and sustainability within various industries due to digital 
transformation. However, there remains a need to investigate the specific effects on labour 
productivity and total factor productivity across different industry types. So, this paper 
develops the following hypothesis:  

H4: There are differences in the impact of digital transformation on labour productivity 
and total factor productivity in different types of industries.

Figure 2 provides a schematic approach of the hypotheses to be tested.
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Methodology

In this paper, a comprehensive array of research methods was used to illuminate the 
underlying relationships and causal pathways of the variables in the dataset. Panel data 
analysis provided a robust foundation, allowing for the examination of variables over 
multiple time periods and across diverse units of observation. Mechanism analysis delved 
into the underlying processes driving observed relationships, unravelling the intricate 
mechanisms through which variables interact. Furthermore, the exploration of mediating 
effects unveiled nuanced pathways through which variables exert their influence, shed
ding light on the complexities of the studied relationships. Collectively, these methodo
logical approaches not only facilitated a deeper understanding of the research questions 
at hand but also enriched scholarly discourse by offering nuanced insights into complex 
relationships.

Data sources

According to the China Internet Development Report 2021, China’s digital economy con
tributed 39.2 trillion yuan in economic output in 2020, accounting for 38.6% of GDP and 
maintaining a high growth rate of 9.7% (ISOC 2021). The digital industrialization sector, 
including information and communication industries and software, had an industrial scale 
of approximately 7.5 trillion yuan.

In light of recent policy developments, the 14th Five-Year Digital Economy Development 
Plan, proposed in 2021 and released in 2022, underscores a comprehensive digital economy 
strategy aimed at advancing digital industrialization and promoting industrial digitalization 
across sectors, with essential impacts on automation, intelligence, and digital transforma
tion in China’s manufacturing sector (PRC 2022). In response to these priorities, this study 
utilized a dataset of A-share listed corporations from 2000 to 2022, sourced from the Wind 
database, China’s leading economic data and software platform. To minimize potential 
estimation mistakes triggered by statistical variances, various data processing manipula
tions were implemented: (1) Exclusion of companies in the real estate, insurance, and 
finance industries; (2) Elimination of businesses labelled for special treatment (ST) or 

Figure 2. Hypotheses to be tested.
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delisting risk (*ST); (3) Exclusion of companies with incomplete financial records to maintain 
data integrity and dependability. Additionally, missing data were handled using (a) Multiple 
Imputation and (b) K-Nearest Neighbors Imputation (KNN). All continuous independent and 
control variables were winsorized at the 1% and 99% levels to mitigate the impact of 
potential outliers.

Model construction

The study’s methodology utilizes econometric modelling to examine how digital trans
formation influences firm performance (Kraus et al. 2022; Zhang, Liu, and Wei 2023). It 
assesses various factors including asset structure (Y. Chen et al. 2023), market value, and 
profitability. Baseline regressions incorporating fixed effects and lagged time variables are 
employed (Fiss and Zajac 2006), while potential endogeneity concerns are addressed. The 
models are constructed as outlined below. 

Equation (1) models’ firm profitability by using Return on Assets (ROA) and Return on 
Equity (ROE) as potential proxies. Similar to Equation (1) it also a constant, dummy variable 
for time, control variables, firm and year fixed effects, and an error term. 

Equation (2) relates firms’ Total Factor Productivity (TFPi;tÞ capturing productivity for 
company i at time t. As previously accounts for, a time dummy variable, control variables, 
firm and year effects, and an error term.

To ensure reliability of our results we have also conducted several robustness tests. These 
included addressing potential endogeneity issues through IV and 2SLS regression methods. 
Additionally, we employed alternative construction methods for digital transformation, with 
DT_A as the primary dependent variable, focusing on core technologies like blockchain and 
AI to enhance operational efficiency (F. Wu et al. 2021). The alternative approach empha
sized business model innovation and customer engagement as well as assessed how 
companies integrate technologies to improve business models and foster interaction 
(Zhao et al. 2021). The main difference between the two measures lies in the text mining 
phase, where the keywords used to measure digital transformation vary between the two 
metrics, capturing distinct aspects of digital transformation. We also performed temporal 
analysis and controlled for industry and province-level variations. All these robustness tests 
yielded consistent results but due to word limit, detailed results are available upon request.

The variables

Dependent variable: firm performance
While return on equity (ROE) and return on total assets (ROA) are used to quantify financial 
performance in accordance with previous research (Maury 2022; Zhang, Liu, and Wei 2023). 
Labor productivity (LaborPro) and total factor productivity (TFP_LP) are used to measure 
operational performance (Levinsohn and Petrin 2003; Yang and Ping 2010).
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Independent variable: digital transformation index
The Digital Transfer (DT) paradox has been the topic of conflicting and varied findings in 
prior research, which may be partially attributed to the continuous and gradual adoption 
of DTs. Various studies have reported either positive (European Investment Bank 2020) or 
negligible associations (Agarwall, Das, and Swain 2022; Santoro, Bresciani, and Papa  
2020), negative relationships (Khorram Niaki et al. 2018), or insignificant relationships 
(Baabdullah et al. 2021; Rialti et al. 2019).

The DT index, developed by F. Wu et al. (2021), utilizes data from 55,611 listed 
company reports spanning from 2000 to 2022 to gauge the progression of China’s digital 
economy. Through analysing word frequency, the metrics DT_A is calculated. DT_A 
measures the degree of digital transformation by evaluating enterprises’ application 
and development in key technology sectors like blockchain, big data, cloud computing, 
artificial intelligence, and digital technology application. It assesses the frequency, depth, 
and breadth of their technology adoption, indicating progress in digital transformation 
and its impact on innovation and competitiveness. This metrics offer a comprehensive 
evaluation of Chinese listed companies’ advancements in digital transformation, crucial 
for understanding the evolution of the digital economy within the enterprise context.

In Figure A1 in the Appendix, this six-panel plot provides a statistical overview of lnDTa. 
The sequence of plots suggests stability without trends, while the residuals indicate 
a good fit for the regression model. A boxplot points out an outlier in data that is 
otherwise concentrated at lower values of digital transformation, as seen in the histo
gram. The first difference plot shows no serial correlation, and the Q-Q plot implies a near- 
normal distribution with minor tail deviations, collectively offering insight into the digital 
transformation levels across enterprises.

Control variables
The choice of control variables aligns with existing literature (Cai et al. 2022; Zhang, Liu, and 
Wei 2023). Tobin’s Q value (TobinQ), cash reserves (cash), investment expenditure rate 
(invt), firm size (Size), and managerial structural variables such as the number of supervisors 
(SupervisorNumber1) and total annual compensation of supervision (SumSalary1) are 
explicitly incorporated (Ren, Liu, and Ding 2023; S. Wang and Esperança 2023). The defini
tions of variables are given in Table 1 whilst the descriptive statistics for these variables can 
be found in Table A1 in the APPENDIX. It should be mentioned that VIF and cross correla
tions were used to ensure that multicollinearity is kept at bay. Due to economy of space the 
respective tables were intentionally left out, but they can be provided upon requests.

Empirical results

Baseline regression

In the baseline regression, Table 2 presents findings regarding the return on assets (roaB) 
and return on equity (roeB) concerning the level of digital transformation (lnDTa). In model 
(1), a negative and significant coefficient of lnDTa indicates that as digital transformation 
increases, the return on assets decreases, likely due to heightened short-term costs of 
digitalization investment. This trend is reinforced by similarly negative and highly significant 
coefficients in L1.lnDTa and L2.lnDTa in model (2) and model (3). Models (4) to (6) show 
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Table 1. Definition of variables.
Variable type Variable name Variable symbol Variable definition

Independent 
variable

Digital  
transformation

lnDTa Natural logarithmic total of word frequencies in DT_A (F. Wu 
et al. 2021)

Dependent 
variable

Profitability of 
Firms

roaB ROA, return on total asset
roeB ROE, return on equity

Firms’ total factor 
productivity

LaborPro Labour productivity = ln (Revenue/10000 + 1)/ln (Number 
of employees + 1)

TFP_LP TFP calculated using the LP method
Control 

variable
size Company scale = ln (total asset)
tobin Tobin’s Q =Total Market Value of Firm/Total Asset 

Replacement Cost
cash Cash holdings = (monetary funds + transactional financial 

assets)/total assets
invt Investment expenditure rate = purchase and construction of 

fixed assets, intangible assets and other long -term asset 
payment cash/total assets

SupervisorNumber1 Number of Supervisors-At the end of the year
SumSalary1 Total annual salary of supervision-at the end of the year

Mechanism 
analysis 
variable

Mediator Effect TOCR Total Operating Expense Ratio; Total operating costs of the 
company as a percentage of total revenue or sales

SER Selling Expense Ratio; The ratio of the company’s selling 
expenses divided by its sales revenue.

CEP Cost and Expense Profit Ratio; The ratio of a company’s 
operating profit divided by its sales revenue.

cflow Free cash flow per share of the business; The ratio of the 
number of Outside Shares in circulation to the firm’s free 
cash flow.

Moderating 
effect

KZ Financial constraints
RD2 R&D expenditure as a percentage of operating revenue

Table 2. Results on firms’ financial performance.
(1) (2) (3) (4) (5) (6)

roaB roaB roaB roeB roeB roeB

lnDTa −0.0074*** −0.0309***
(−8.8454) (−3.7161)

L.lnDTa −0.0126*** −0.0383***
(−11.3717) (−2.7013)

L2.lnDTa −0.0155*** −0.0483***
(−15.2147) (−3.0911)

size 0.0092*** 0.0117*** 0.0204*** 0.0399*** 0.0962*** 0.0994***
(6.9832) (6.2836) (11.3500) (3.0428) (4.0373) (3.6211)

tobin 0.0022*** −0.0044*** 0.0016*** 0.0075** 0.0024 −0.0085
(5.8083) (−8.6438) (3.0246) (1.9790) (0.3671) (−1.0430)

cash 0.1534*** 0.1571*** 0.1631*** 0.3422*** 0.2642** 0.5686***
(21.8144) (15.1386) (15.7537) (4.8945) (1.9912) (3.5901)

invt 0.2406*** 0.2437*** 0.2388*** 0.6726*** 0.9153*** 0.8868**
(13.1081) (9.0379) (8.9558) (3.6848) (2.6544) (2.1738)

SupervisorNumber1 0.0012 −0.0005 0.0007 0.0324** 0.0399 0.0418
(0.8091) (−0.2371) (0.3829) (2.2043) (1.5278) (1.4033)

SumSalary1 1.14e-10** 1.25e-10 1.36e-10 3.22e-10 −2.10e-09 −1.46e-09
(2.0286) (0.6010) (0.8526) (0.8252) (−0.3386) (−0.2104)

_cons −0.2126*** −0.2425*** −0.4536*** −1.0373*** −2.2922*** −2.4054***
(−7.1533) (−5.7378) (−11.0803) (−3.5093) (−4.2423) (−3.8398)

N 25250 21450 18195 25250 21450 18195
R2 0.036 0.030 0.042 0.003 0.002 0.003

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.

ASIA PACIFIC BUSINESS REVIEW 13



similar negative and significant coefficients for lnDTa regarding return equity, indicating 
that increasing digital transformation levels reduce ROE, potentially reflecting lower-than- 
expected initial returns on digital investments. Further, in Models (5) and (6), the negative 
and significant coefficients of L1.lnDTa and L2.lnDTa suggest that the negative effect of 
digital transformation on return on assets persists over time, aligning with previous research 
suggesting that not all businesses may benefit from digital transformation as expected 
(D. T. Matt and Rauch 2020; Paiola and Gebauer 2020; Tabrizi et al. 2019).

In terms of labour productivity as well as overall factor productivity, the empirical data 
strongly suggest that digital transformation has a beneficial impact on company produc
tivity (see Table 3). Across all model settings, the coefficients for the degree of digital 
transformation and its delays are positive and statistically significant, indicating that busi
nesses tend to achieve bigger productivity benefits as they advance in their digital trans
formation efforts. TFP development is primarily driven by technological advancement, 
which also has a bearing on resource allocation, industrial structure, breakthrough technol
ogy, and efficiency improvement. These gains not only manifest in the short term but also 
appear to amplify over time, suggesting that the benefits of digital transformation are 
cumulative and potentially increase as firms become more adept at leveraging digital 
technologies. This underscores the importance of digital transformation initiatives as 
a key driver of productivity growth in the modern economy.

Mechanism analysis

Mediator effect
For this type of analysis specific mediator variables have been introduced in the model so 
as to explore not only the direct impact of digital transformation on firm performance (X. 

Table 3. Results on firms’ operating performance.
(1) (2) (3) (4) (5) (6)

LaborPro LaborPro LaborPro TFP_LP TFP_LP TFP_LP

lnDTa 0.0026*** 0.0145***
(2.6203) (4.4525)

L.lnDTa 0.0059*** 0.0141***
(5.7790) (4.1391)

L2.lnDTa 0.0091*** 0.0076**
(8.3935) (2.1412)

size 0.0025 0.0011 −0.0046** 0.6194*** 0.6159*** 0.6261***
(1.6441) (0.6282) (−2.4011) (120.6713) (107.2774) (100.6282)

tobin 0.0041*** 0.0045*** 0.0039*** 0.0083*** 0.0077*** 0.0075***
(9.1871) (9.6024) (6.9158) (5.5891) (4.9705) (4.0386)

cash 0.0658*** 0.0912*** 0.1028*** 0.2707*** 0.3751*** 0.3751***
(7.9974) (9.5121) (9.3302) (9.8819) (11.7321) (10.4430)

invt −0.2449*** −0.2436*** −0.1877*** −0.2200*** −0.1718** 0.0643
(−11.3990) (−9.7758) (−6.6165) (−3.0760) (−2.0676) (0.6946)

SupervisorNumber1 −0.0110*** −0.0080*** −0.0073*** 0.0039 0.0057 0.0171**
(−6.3823) (−4.2421) (−3.5485) (0.6825) (0.9029) (2.5363)

SumSalary1 −5.00e-10*** −4.90e-10** −2.65e-10 −7.61e-10*** −9.53e-10*** −5.33e-10
(−0.2808) (0.1596) (0.4621) (7.6941) (7.9460) (5.8571)

_cons 1.5882*** 1.5958*** 1.7112*** −5.5733*** −5.5217*** −5.7736***
(45.6595) (40.8681) (39.2771) (−48.1225) (−42.4064) (−40.6453)

N 25250 21450 18195 25250 21450 18195
R2 0.017 0.021 0.020 0.527 0.507 0.500

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.
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Guo et al. 2023), but also the indirect impact through operational efficiency and financial 
position. Mechanism analysis aims to identify how digital transformation affects firm 
performance by influencing the firm’s operating costs (TOCR), sales efficiency (SER), 
Cost and Expense Profit Ratio (CEP), and cash liquidity (cflow) and thus firm performance 
as well as identify which mediating variables play a key role in the relationship between 
digital transformation and firm performance.

We first build a base regression model in which the degree of digital transformation of 
the firm (lnDTa) is directly predictive of firm performance indicators (ROA and ROE). This 
will give the direct impact of digital transformation on firm performance. Next, we set up 
a model using the four mediating variables (TOCR, SER, CEP, cflow) as the dependent 
variables and lnDTa and the rest of controls as the independent variables.

Equation (3) will test whether digital transformation affects these mediating indicators. 

Finally, we construct regression models containing the mediating and the rest of inde
pendent variables to predict firm performance (ROA and ROE) from the literature (Baron 
and Kenny 1986; Zhao, Lynch, and Chen 2010). This helps us to understand the role of 
mediating variables in the relationship between digital transformation and firm perfor
mance in the Equation (4). 

As it can be observed in Table 4, the total operational cost ratio (TOCR) is positively related 
to digital transformation whilst firm performance is negatively impacted by lnDTa 
(−0.0041 and −0.0125) in the model (2) and model (3), indicating that a higher degree 
of digital transformation has an adverse impact on the company’s performance, hence 
confirming H1a. The total operating expense rate may be useful as a mediating variable, 
as the Sobel value was significant at the 1% level.

The effect of lnDTa on SER was found to be insignificant in model (4) but it was found to 
be highly significant (−0.0042 and −0.0126) in the models (5) and (6), implying that an 
increase in digital transformation is significantly associated with a decrease in firms’ 
financial performance, thereby providing empirical support for H1b. Furthermore, the effect 
of SER on firm performance (roaB and roeB) is significant at 1% level of significance 
suggesting that the increase in the sales expense ratio has a negative impact on ROA 
and ROE.

Table 5 reports the regression results for CEP and cflow. In particular, the effect of lnDTa 
on CEP is negative and significant at the 5% level of significance hence, indicating that an 
increase in the degree of digital transformation is significantly associated with a reduction 
in cost and expense margins. Furthermore, the impact of lnDTa on firm performance is 
negative and significant on both roaB, and roeB. As for the impact of CEP on business 
performance it is found to be positive suggesting that an increase in cost and expense 
margin is significantly associated with increase in firm performance indicators hence 
validating H1c.

At the 5% level of significance in the model (4), the effect of lnDTa on cflow is negative 
and substantial, indicating that digital transformation necessitates upfront investments (e.g. 
acquiring new technology, software, or doing staff training). The effect of lnDTa on roaB and 
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Table 4. Mediator effects: regression results (TOCR, SER).
(1) (2) (3) (4) (5) (6)

TOCR roaB roeB SER roaB roeB

lnDTa 0.0026** −0.0041*** −0.0125** 0.0004 −0.0042*** −0.0126**
(0.5667) (−6.6987) (−2.5201) (0.0938) (−6.7742) (−2.5395)

TOCR −0.0510*** −0.1195***
(−36.4323) (−10.4844)

SER −0.0437*** −0.1532**
(−5.2429) (−2.3091)

size −0.1135*** 0.0006 0.0189*** −0.0111*** 0.0018** 0.0211***
(−13.4425) (0.7312) (3.0497) (−12.1490) (2.2571) (3.3787)

tobin 0.0146*** −0.0113*** 0.0022 −0.0014*** −0.0120*** 0.0006
(6.9428) (−30.8585) (0.7349) (−6.2632) (−31.9934) (0.2063)

cash −0.4207*** 0.1913*** 0.3966*** 0.0015 0.2247*** 0.4790***
(−11.1381) (31.6014) (8.0453) (0.3682) (36.3222) (9.7288)

invt −0.5423*** 0.2742*** 0.6179*** −0.0128 0.3212*** 0.7242***
(−5.4704) (15.7203) (4.3497) (−1.1969) (18.0012) (5.1012)

SupervisorNumber1 0.0031 −0.0013 0.0051 −0.0014 −0.0018** 0.0039
(0.3988) (−1.6341) (0.7594) (−1.6155) (−2.0750) (0.5826)

SumSalary1 1.69e-09** 1.40e-09*** 3.40e-09*** −2.18e-11 1.51e-09*** 3.72e-09***
(−1.9971) (11.0044) (3.2839) (−0.2393) (11.5419) (3.5775)

_cons 3.5853*** 0.0479 −0.3744 0.3345*** −0.0331 −0.5511
(18.9521) (0.3691) (−0.3539) (16.4176) (−0.2487) (−0.5200)

Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Sobel Test −0. 0003*** −0.0008*** −0.0001*** −0.0006***

(0.0002) (0.0003) (0.0001) (0.0003)
N 24613 25250 25250 24613 25250 25250
R2 0.428 0.147 0.012 0.637 0.103 0.008

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.

Table 5. Mediator effects: regression results (CEP, cflow).
(1) (2) (3) (4) (5) (6)

CEP roaB roeB cflow roaB roeB

lnDTa −0.0086** −0.0004* −0.0079** −0.0014** −0.0027*** −0.0103**
(−2.4440) (−0.8233) (−1.5952) (−2.2334) (−4.4712) (−2.0638)

CEP 0.2166*** 0.2898***
(156.5020) (18.8843)

cflow 0.3791*** 0.6822***
(34.4839) (7.6319)

size 0.0949*** −0.0031*** 0.0157** 0.0042*** −0.0002 0.0185***
(14.6158) (−5.6489) (2.5488) (3.7472) (−0.2945) (2.9661)

tobin 0.0021 −0.0083*** 0.0054* 0.0025*** −0.0125*** −0.0004
(1.3139) (−31.0487) (1.8197) (8.8073) (−34.0557) (−0.1209)

cash 0.5628*** 0.0729*** 0.2683*** 0.1098*** 0.1731*** 0.3801***
(19.3820) (16.2630) (5.3944) (21.8701) (28.0351) (7.5723)

invt 0.5139*** 0.1321*** 0.4779*** 0.0551*** 0.2111*** 0.5315***
(6.7443) (10.3437) (3.3759) (4.1824) (11.8985) (3.6848)

SupervisorNumber1 −0.0151** −0.0009 0.0055 −0.0009 −0.0020** 0.0039
(−2.5109) (−1.5137) (0.8171) (−0.8828) (−2.3659) (0.5778)

SumSalary1 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***
(4.1398) (10.6852) (2.8250) (4.7337) (9.4587) (2.9723)

_cons −2.1190*** 0.0649 −0.4447 −0.0762*** 0.0471 −0.4261
(−14.5720) (0.6834) (−0.4226) (−3.0332) (0.3620) (−0.4025)

Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Sobel Test −0.0044*** −0.0059*** −0.0017*** −0.0031***

(0.0002) (0.0003) (0.0001) (0.0003)
N 24613 25250 25250 24613 25250 25250
R2 0.332 0.545 0.021 0.409 0.143 0.010

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.
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roeB are found to be negative and significant. The impact however of cflow on firm 
performance is found to be positive and significant indicating that an increase in free 
cash flow has a significant positive effect on the ROA and ROE of the firm, implying that the 
higher the free cash flow, the better the financial performance of the firm typically will be, 
hence confirming H1d. Finally, the Sobel test suggests that the mediating variable does play 
a non-zero mediating role between the independent and dependent variables.

Moderating effect
In examining the relationship between firms’ digital transformation and firms’ labour force 
and total factor productivity (TFP_LP), this paper introduces two key variables: financing 
constraints (KZ) and the amount of firms’ research and development (R&D) investment (RD) 
(For more on the definition and construction of the two proxies see (Aw, Roberts, and Xu  
2011; Boeing, Mueller, and Sandner 2016; Griliches and Lichtenberg 1982).

Moderating effect in Equation (5): 

The equation of moderating effect examines the influence of digital transformation on 
a firm’s productivity, considering labour productivity (LaborProi;t) or Total Factor 
Productivity (TFPLPi;t) as dependent variables. DTi;t � KZi;t orRDi;t

� �
assesses not only the 

direct impact of digital transformation but also its interaction with a moderating variable, 
which could be knowledge intensity or R&D spending.

In Table 6, the regression analysis indicates that digital transformation (lnDTa) signifi
cantly boosts labour productivity and total factor productivity (TFP_LP), evidenced by the 
positive coefficients in certain models. However, financing constraints (KZ) negatively 
affect TFP_LP, as shown by significant coefficients in some models, which is inconsistent 
with research of Dabla-Norris et al. (2019). Interestingly, the interaction term (interKZ) 
suggests that financing constraints might enhance the positive effects of digital transfor
mation on productivity in certain contexts, hence supporting H2a. This complexity high
lights the nuanced role that financing constraints play in moderating the relationship 
between digital transformation and productivity.

Upon examining the regression results concerning the moderating effect of R&D 
Expenditure (RD2) on the relationship between labour productivity (LaborPro) and digital 
transformation (lnDTa), it is evident that R&D expenditure negatively affects this relation
ship. Specifically, the coefficient of RD2 is consistently negative across all models (ranging 
from −0.5847 to −4.0612) and is statistically significant in Table 7. Additionally, the 
interaction term (interRD2) is positive and significant in model (4) (coefficient of 0.0018 
with p < 0.01) and model (6) (coefficient of 0.1352 with p < 0.01), indicating that a firm’s 
R&D expenditure positively moderates the relationship between digital transformation 
and productivity, encompassing both labour productivity and total factor productivity; as 
such, H2b is validated.

Overall, these results suggest that while digital transformation directly contributes to 
increases in labour and total factor productivity, R&D expenditure seems to have an initial 
negative impact, which may be due to the fact that R&D investments can take time to 

ASIA PACIFIC BUSINESS REVIEW 17



translate into productivity gains. Y. Wu (2008) found that both R&D and abroad technol
ogy transfer had considerably beneficial relationships with economic productivity, but not 
local technology transfer in China. However, the significant interaction terms suggest that 

Table 6. Moderating effect: regression results (KZ: financial constraints).
(1) (2) (3) (4) (5) (6)

LaborPro LaborPro LaborPro TFP_LP TFP_LP TFP_LP

lnDTa 0.0026*** 0.0026*** −0.0007 0.0145*** 0.0146*** 0.0030
(2.6203) (2.6188) (−0.6349) (4.4525) (4.4974) (0.8170)

KZ −0.0006 −0.0038*** −0.0145*** −0.0262***
(−1.1100) (−5.3169) (−8.7062) (−10.9515)

interKZ 0.0018*** 0.0065***
(6.3417) (6.7980)

size 0.0025 0.0024 0.0018 0.6194*** 0.6150*** 0.6131***
(1.6441) (1.5320) (1.1915) (120.6713) (119.4225) (119.0155)

tobin 0.0041*** 0.0041*** 0.0041*** 0.0083*** 0.0093*** 0.0092***
(9.1871) (9.1849) (9.0954) (5.5891) (6.2869) (6.1891)

cash 0.0658*** 0.0619*** 0.0627*** 0.2707*** 0.1618*** 0.1649***
(7.9974) (6.8308) (6.9324) (9.8819) (5.3754) (5.4835)

invt −0.2449*** −0.2458*** −0.2433*** −0.2200*** −0.2462*** −0.2372***
(−11.3990) (−11.4348) (−11.3254) (−3.0760) (−3.4452) (−3.3218)

SupervisorNumber1 −0.0110*** −0.0110*** −0.0107*** 0.0039 0.0047 0.0056
(−6.3823) (−6.3644) (−6.2239) (0.6825) (0.8165) (0.9724)

SumSalary1 −0.0000 −0.0000 −0.0000 0.0000*** 0.0000*** 0.0000***
(−0.2808) (−0.2119) (−0.2669) (7.6941) (8.2402) (8.1901)

_cons 1.5882*** 1.5933*** 1.6103*** −5.5733*** −5.4345*** −5.3738***
(45.6595) (45.3745) (45.7689) (−48.1225) (−46.5644) (−45.9585)

N 25250 25246 25246 25250 25246 25246
R2 0.017 0.017 0.019 0.527 0.529 0.530

t statistics in parentheses. 
*p < 0.10, **p < 0.05, ***p < 0.01.

Table 7. Moderating effect: regression results (R&D expenditure).
(1) (2) (3) (4) (5) (6)

LaborPro LaborPro LaborPro TFP_LP TFP_LP TFP_LP

lnDTa 0.0026*** 0.0050*** 0.0047*** 0.0145*** 0.0285*** 0.0229***
(2.6203) (5.5981) (4.4951) (4.4525) (9.2406) (6.2971)

RD2 −0.5847*** −0.6037*** −3.6646*** −4.0612***
(−19.2502) (−12.2778) (−34.5983) (−23.6900)

interRD2 0.0065** 0.1352***
(0.4919) (2.9422)

size 0.0025 −0.0059*** −0.0059*** 0.6194*** 0.5880*** 0.5883***
(1.6441) (−3.8432) (−3.8344) (120.6713) (110.3545) (110.4102)

tobin 0.0041*** −0.0008* −0.0008* 0.0083*** 0.0038** 0.0037**
(9.1871) (−1.6491) (−1.6557) (5.5891) (2.3247) (2.2841)

cash 0.0658*** 0.0408*** 0.0412*** 0.2707*** 0.1801*** 0.1876***
(7.9974) (5.5469) (5.5682) (9.8819) (7.0210) (7.2784)

invt −0.2449*** −0.1731*** −0.1731*** −0.2200*** −0.0930 −0.0930
(−11.3990) (−8.9342) (−8.9341) (−3.0760) (−1.3754) (−1.3762)

SupervisorNumber1 −0.0110*** −0.0061*** −0.0061*** 0.0039 0.0099* 0.0099*
(−6.3823) (−3.6107) (−3.6115) (0.6825) (1.6753) (1.6702)

SumSalary1 −0.0000 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000***
(−0.2808) (4.7064) (4.7098) (7.6941) (13.4724) (13.4962)

_cons 1.5882*** 1.7852*** 1.7855*** −5.5733*** −4.7328*** −4.7262***
(45.6595) (51.8045) (51.8037) (−48.1225) (−39.3823) (−39.3288)

N 25250 23413 23413 25250 23413 23413
R2 0.017 0.027 0.027 0.527 0.530 0.530

t statistics in parentheses. 
*p < 0.10, **p < 0.05, ***p < 0.01.
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R&D can act as a catalyst, amplifying the positive effects of digital transformation on 
productivity once it passes a certain threshold or after a lag phase. This could be indicative 
of synergy between digital transformation and R&D activities that becomes more appar
ent over time.

Heterogeneity analysis

Firm heterogeneity regression
In an attempt to capture the impact of digital transformation on firm performance across 
different types of firms a heterogeneity analysis is conducted. In line with Referencing 
(Chen, Yang, and Li 2022), the following equation serves as the model to be estimated in 
the Equation (6): 

where SOE denotes State Ownership; Size is firm size, and JV stands for joint venture status.
State-owned enterprises refer to businesses where all assets are owned by the state, 

excluding state-owned sole proprietorships within limited liability companies (G. Liu et al.  
2024). By utilizing the Wind database to classify publicly listed companies into state-owned 
enterprises (SOEs) and non-state-owned enterprises (non-SOEs), we obtained the following 
results. According to Table 8, there is a statistically significant negative impact on the 
interaction term between digital transformation and state ownership (SOE), which provides 
support for H3a. This suggests that the performance of an SOE will be negatively impacted 
by digital transformation, which is consistent with the findings of L. Chen and M. Miao’s 
(2022). State-owned enterprises typically benefit from greater access to resources and 
policy backing compared to their private counterparts, which provides them with 
a competitive edge in implementing digital technological innovations (Ai, Sun, and Kong  
2023).

In the model (1), model (2) and model (4) of Table 9, the interaction term between digital 
transformation and large size(size) is found to have a weak and positive impact, indicating 
that the impact of digital transformation for a large firm will further dampen the negative 
effect of digital transformation on firm performance, which is in line with H3b. Furthermore, 
Eller et al. (2020) found that whenever it involves digitalization, small and medium-sized 
enterprises trail behind bigger ones. Small and medium-sized businesses’ performance is 
adversely affected by this.

The interaction term between joint venture businesses (JVs) and digital transformation 
is shown to have a weak but negative influence in models (2) and (3) of Table 10, 
suggesting the impact of digital transformation for JVs might further negatively affect 
performance, thereby supporting H3b.

Industry heterogeneity regression
Table 11 reflects a significant interaction effect between the digital transformation of 
firms (lnDTa) and high-tech industry designation (InteraTech). Specifically, the lagged 
interaction term (L2.lnDTa) shows a positive and statistically significant impact on total 
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factor productivity (TFP_LP), which indicates that for firms in the high-tech sector, the 
influence of digital transformation on productivity is notably positive.

The data in Table 12 provided indicates that digital transformation (lnDTa) has 
a statistically significant positive impact on labour productivity (LaborPro) in the 
manufacturing industry. This is shown by positive coefficients in models (1), (2), and 
(3), which strengthens with the introduction of lagged terms (L1.lnDTa and L2.lnDTa), 
implying that the impact of digital transformation on labour productivity manifests 
over time.

Furthermore, the interaction term (InteraMF) in Table 12 has a significant negative 
effect on total factor productivity (TFP_LP) in all models (4), (5), and (6). This 
suggests that while digital transformation positively influences labour productivity 
in the manufacturing sector, it may have a nuanced or potentially negative effect on 
overall productivity as measured by TFP in the short term. The reasons for this could 
be numerous, productivity slowdowns are caused by underestimating the impact of 

Table 8. Regression results with state ownership interaction.
(1) (2) (3) (4) (5) (6)

roaB roaB roaB roeB roeB roeB

lnDTa −0.0064*** −0.0164*
(−6.6072) (−1.6891)

L.lnDTa −0.0131*** −0.0299***
(−12.6796) (−2.6666)

L2.lnDTa −0.0162*** −0.0414***
(−14.3349) (−3.3205)

InteraSOE −0.0023* −0.0023* −0.0028* −0.0391*** −0.0524*** −0.0581***
(−1.8589) (−1.7017) (−1.8116) (−3.1020) (−3.5369) (−3.4350)

_cons −0.2031*** −0.3217*** −0.4669*** −1.0762*** −1.7809*** −2.0194***
(−6.7617) (−8.1915) (−9.8010) (−3.5672) (−4.1898) (−3.8347)

Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
N 24550 18843 15754 24550 18843 15754
R2 0.036 0.039 0.042 0.003 0.004 0.004

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.

Table 9. Regression results with firm size interaction.
(1) (2) (3) (4) (5) (6)

roaB roaB roaB roeB roeB roeB

lnDTa −0.0346*** −0.1145***
(−10.8183) (−3.5896)

L.lnDTa −0.0147*** −0.0371***
(−13.0844) (−3.0799)

L2.lnDTa −0.0167*** −0.0461***
(−14.7889) (−3.7015)

InteraSize 0.0280*** 0.0022* 0.0004 0.0858*** −0.0069 −0.0165
(8.8135) (1.8459) (0.2698) (2.7148) (−0.5351) (−1.1475)

_cons −0.1672*** −0.3059*** −0.4610*** −0.8981*** −1.6895*** −1.9828***
(−5.5538) (−7.7294) (−9.5359) (−2.9940) (−3.9695) (−3.7288)

Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
N 25250 19310 16076 25250 19310 16076
R2 0.040 0.040 0.042 0.003 0.003 0.004

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.
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the digital economy (Aeppel 2015), For example, the short-term costs of integrating 
new digital technologies which may temporarily offset the productivity benefits, or it 
may reflect a lag before full benefits of digital transformation are realized in TFP 
measures.

Table 13 results highlight the impact of digital transformation (lnDTa) on labour 
productivity (LaborPro) and total factor productivity (TFP_LP) within the context of 
heavy pollution industries. When considering the lagged impact (L2.lnDTa), there’s 

Table 10. Regression results with joint venture interaction.
(1) (2) (3) (4) (5) (6)

roaB roaB roaB roeB roeB roeB

lnDTa −0.0073*** −0.0316***
(−8.4060) (−3.6777)

L.lnDTa −0.0136*** −0.0398***
(−13.6434) (−3.7200)

L2.lnDTa −0.0166*** −0.0493***
(−15.0999) (−4.0803)

InteraJV −0.0018 −0.0053* −0.0087** 0.0089 −0.0150 −0.0286
(−0.6448) (−1.4629) (−1.9443) (0.3163) (−0.3830) (−0.5819)

_cons −0.2124*** −0.3223*** −0.4686*** −1.0382*** −1.6480*** −1.8517***
(−7.1467) (−8.3133) (−9.9721) (−3.5122) (−3.9522) (−3.5818)

Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
N 25250 19310 16076 25250 19310 16076
R2 0.036 0.040 0.042 0.003 0.003 0.003

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.

Table 11. Regression results with technology industry.
(1) (2) (3) (4) (5) (6)

LaborPro LaborPro LaborPro TFP_LP TFP_LP TFP_LP

lnDTa −0.0012 0.0195***
(−0.8832) (4.5343)

L.lnDTa 0.0020* 0.0190***
(1.7355) (4.7194)

L2.lnDTa 0.0025** 0.0129***
(1.9720) (3.0854)

InteraTech −0.0004 −0.0013 −0.0003 −0.0020 0.0089* 0.0150***
(−0.2392) (−0.9535) (−0.1688) (−0.4061) (1.9058) (2.9317)

size −0.0208*** −0.0193*** −0.0223*** 0.6040*** 0.6111*** 0.6194***
(−10.3864) (−8.5862) (−8.7298) (92.5597) (79.1573) (72.3604)

tobin 0.0036*** 0.0016*** 0.0034*** 0.0107*** 0.0121*** 0.0165***
(7.3832) (2.6430) (4.7104) (6.7798) (5.9829) (6.8916)

cash 0.0588*** 0.0823*** 0.0802*** 0.2187*** 0.3339*** 0.3654***
(6.5681) (8.0890) (6.8051) (7.5115) (9.5492) (9.2402)

invt −0.1605*** −0.1792*** −0.1132*** −0.3144*** −0.2201** −0.0041
(−6.8158) (−6.5393) (−3.6510) (−4.1019) (−2.3361) (−0.0395)

SupervisorNumber1 −0.0063*** −0.0020 0.0002 0.0110* 0.0076 0.0169**
(−3.4459) (−0.9793) (0.0796) (1.8557) (1.0898) (2.1741)

SumSalary1 −0.0000** −0.0000 −0.0000 0.0000*** 0.0000*** 0.0000***
(−2.3931) (−1.1018) (−1.3599) (7.3426) (6.1313) (4.7994)

_cons 2.1365*** 2.0758*** 2.1272*** −5.2189*** −5.4058*** −5.6366***
(46.5060) (40.2831) (36.1597) (−34.9076) (−30.5238) (−28.5586)

Year FE Yes Yes Yes Yes Yes Yes
N 22607 17141 14209 22607 17141 14209
R2 0.053 0.045 0.043 0.549 0.517 0.502

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.
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a positive and statistically significant effect on labour productivity, indicating that the 
benefits of digital transformation accrue over time. This lagged effect is more pronounced 
for total factor productivity, where the initial and lagged (L1.lnDTa and L2.lnDTa) effects of 
digital transformation are both positively significant, suggesting that digital transforma
tion has a robust positive influence on overall productivity in the long run.

The interaction term (InteraPU) represents the additional effect of being in a heavy 
pollution industry on the relationship between digital transformation and productivity 
(Table 13). The positive coefficients for the interaction term in the LaborPro models 
significant in the model (1) to (3) and TFP_LP model in the model (4), which suggest 
that in heavy pollution industries, digital transformation may have a distinct, albeit small, 
positive impact on labour productivity, which is consistent with the result of Z. Li and 
Wang (2022). Overall, while digital transformation appears to benefit productivity, the 
effect is nuanced by industry characteristics such as the level of pollution, in line with H4.

Discussion

As it emerges from this study, digital transformation has a dual nature: it enhances labour 
and total factor productivity (TFP_LP) while potentially decreasing firm performance. 
While digital initiatives drive efficiencies and innovation, leading to positive effects on 
productivity metrics, they can strain firm performance, particularly impacting financial 
metrics like ROA and ROE. Investments in technology adoption and restructuring can 
increase operational costs in the short term, reducing profitability and efficiency. Effective 

Table 12. Regression results with manufacturing industry.
(1) (2) (3) (4) (5) (6)

LaborPro LaborPro LaborPro TFP_LP TFP_LP TFP_LP

lnDTa 0.0035** 0.0315***
(2.4822) (6.9135)

L.lnDTa 0.0033*** 0.0197***
(2.8319) (4.8993)

L2.lnDTa 0.0027** 0.0116***
(2.2035) (2.7539)

InteraMF −0.0081*** −0.0080*** −0.0062*** −0.0392*** −0.0240*** −0.0148***
(−5.4438) (−6.2240) (−4.2812) (−8.0867) (−5.3937) (−3.0267)

size −0.0215*** −0.0190*** −0.0218*** 0.4533*** 0.4622*** 0.4674***
(−10.7129) (−8.4847) (−8.5748) (69.3241) (59.7420) (54.3083)

tobin 0.0036*** 0.0016*** 0.0034*** 0.0087*** 0.0091*** 0.0131***
(7.5372) (2.7690) (4.7709) (5.5310) (4.5007) (5.4423)

cash 0.0597*** 0.0823*** 0.0805*** 0.2304*** 0.3527*** 0.3784***
(6.6802) (8.1024) (6.8384) (7.9153) (10.0661) (9.5164)

invt −0.1590*** −0.1777*** −0.1118*** −0.4688*** −0.4432*** −0.2106**
(−6.7560) (−6.4919) (−3.6113) (−6.1124) (−4.6931) (−2.0132)

SupervisorNumber1 −0.0062*** −0.0019 0.0003 −0.0038 −0.0012 0.0097
(−3.4058) (−0.9195) (0.1391) (−0.6352) (−0.1751) (1.2411)

SumSalary1 −0.0000** −0.0000 −0.0000 0.0000*** 0.0000*** 0.0000***
(−2.2950) (−0.9862) (−1.2266) (4.7318) (4.5234) (3.2991)

_cons 2.1507*** 2.0752*** 2.1240*** −3.3431*** −3.5810*** −3.7498***
(46.7894) (40.3332) (36.1455) (−22.3215) (−20.1707) (−18.8893)

Year FE Yes Yes Yes Yes Yes Yes
N 22607 17141 14209 22607 17141 14209
R2 0.055 0.047 0.045 0.464 0.424 0.406

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.
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management is crucial to leverage productivity benefits while mitigating adverse impacts 
on performance, emphasizing a balanced approach to implementation. This paradox 
underscores the need for companies to concurrently fulfil opposing requirements in 
digital transformation, striking a balance between exploring new opportunities and 
leveraging existing resources, while prioritizing quickness, innovation, and stability (X. 
Guo et al. 2023; Haffke, Kalgovas, and Benlian 2017; Z. Li and Wang 2022).

The organizational paradox inherent in digital transformation involves a continuous 
conflict between interdependent elements (Schad et al. 2016). This paradox leads to 
a hindrance in short-term company performance indicators like Return on Assets (ROA) 
and Return on Equity (ROE). Investments in new technologies, digital infrastructure, and 
marketing efforts necessary for adapting to a digital business model surge total operating 
expenses and selling expense ratios, impacting profitability and liquidity in the short term. 
Despite laying the groundwork for long-term competitive advantage, these expenditures 
strain current financial metrics, evidenced by a decrease in the Cost and Expense Profit 
Ratio and cash flow per share. This financial trade-off highlights the complexity of 
balancing investments in intangible assets for future growth with addressing immediate 
economic challenges prompted by digital initiatives. The organizational paradox reflects 
conflicting demands from diverse internal and external stakeholders during digital trans
formation, as described by Donaldson and Preston (1995).

The interplay between digital transformation and productivity, particularly labour 
productivity and total factor productivity (TFP), is influenced by financial constraints 
and R&D spending levels. Financial limitations paradoxically may drive firms to innovate 

Table 13. Regression results with polluting industry.
(1) (2) (3) (4) (5) (6)

LaborPro LaborPro LaborPro TFP_LP TFP_LP TFP_LP

lnDTa 0.0020* 0.0219***
(−1.7522) (5.9505)

L.lnDTa 0.0017 0.0208***
(1.5148) (5.2765)

L2.lnDTa 0.0026** 0.0140***
(2.1095) (3.3531)

InteraPU 0.0044* 0.0052** 0.0091*** 0.0239*** −0.0064 0.0102
(1.9110) (2.0422) (3.1307) (−3.1664) (−0.7331) (1.0377)

size −0.0207*** −0.0194*** −0.0222*** 0.6032*** 0.6117*** 0.6208***
(−10.2998) (−8.6247) (−8.7315) (92.4256) (79.2788) (72.6129)

tobin 0.0035*** 0.0015** 0.0034*** 0.0107*** 0.0122*** 0.0166***
(7.3357) (2.5416) (4.7390) (6.8426) (6.0547) (6.9519)

cash 0.0583*** 0.0818*** 0.0802*** 0.2201*** 0.3361*** 0.3690***
(6.5239) (8.0484) (6.8084) (7.5666) (9.6146) (9.3325)

invt −0.1608*** −0.1799*** −0.1128*** −0.3137*** −0.2166** 0.0018
(−6.8261) (−6.5663) (−3.6415) (−4.0943) (−2.2990) (0.0172)

SupervisorNumber1 −0.0062*** −0.0018 0.0004 0.0106* 0.0072 0.0171**
(−3.3980) (−0.9115) (0.1793) (1.7922) (1.0377) (2.1905)

SumSalary1 −0.0000** −0.0000 −0.0000 0.0000*** 0.0000*** 0.0000***
(−2.4224) (−1.1605) (−1.4457) (7.3738) (6.1999) (4.8874)

_cons 2.1328*** 2.0748*** 2.1223*** −5.2016*** −5.4098*** −5.6589***
(46.4067) (40.2704) (36.0921) (−34.7851) (−30.5437) (−28.6622)

Year FE Yes Yes Yes Yes Yes Yes
N 22607 17141 14209 22607 17141 14209
R2 0.054 0.045 0.044 0.549 0.516 0.502

t statistics in parentheses. 
*p < 0.1, **p < 0.05, ***p < 0.01.
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and utilize digital technologies more efficiently, leading to significant short-term produc
tivity gains. Conversely, heavy investments in research and development (R&D) may 
initially obscure the productivity benefits of digital transformation. This highlights the 
need for a balance between achieving immediate operational efficiencies through digital 
methods and investing in R&D for sustainable innovation and long-term growth. Financial 
institutions can play a role by swiftly identifying reliable companies and offering lower 
cost lending due to reduced information risk. Additionally, firms can leverage digital 
information-sharing advantages to access financial information quickly and mitigate 
funding limitations (Lu et al. 2022).

The increasing pace of digitization raises concerns such as job displacement and skill 
mismatches, with heterogeneity analysis revealing varying impacts of digital transforma
tion across different firms and industries. State-owned enterprises, firms with longer 
histories, or joint ventures demonstrate resilience to negative performance effects due 
to established structures and collaborative strengths. Technology firms experience 
immediate benefits, while non-tech industries, particularly manufacturing, face complex 
and delayed advantages. The classification of European economies into four sets based on 
DIH services highlights different digitalization statuses and strategies (Gavkalova et al.  
2024). A systematic review and field study in Brazilian pulp and paper companies show 
that only one digital technology, cloud computing, was relevant, suggesting that emer
ging countries need to develop technologies to meet SDGs (Costa et al. 2022). Digital 
strategy plays a significant role in improving manufacturing companies’ ESG performance, 
moderated by total factor productivity, information transparency, and investor stickiness 
(H. Wang et al. 2023). In heavily polluting industries, public environmental concerns 
significantly promote digital transformation, particularly in non-state-owned, green 
image, and high-tech enterprises, enhancing energy consumption and productivity (Y. 
Wu et al. 2023). Sector-specific strategies are essential for optimizing digital transforma
tion benefits across industries (Ciarli et al. 2021; Tian et al. 2023).

Implications

Implications for theory

Existing research underscores the potential of digital transformation to enhance firm 
performance, yet significant gaps remain. Past studies have often overlooked how tech
nology capability moderates the relationship between technology investments, infra
structure use, and firm performance, particularly in developing economies (Grant 2024). 
Additionally, while Paradox Theory suggests that digital transformation can yield both 
benefits and challenges, limited research addresses the negative impacts on firm inter
nationalization when specific conditions are unmet (Feliciano-Cestero et al. 2023). 
Moreover, the IT Productivity Paradox reveals that productivity gains from digital invest
ments are often inconsistent, with few studies offering practical insights into overcoming 
these inefficiencies (Brynjolfsson and Hitt 2003).

This study advances our theoretical understanding by providing a more comprehen
sive explanation of the Productivity Paradox, revealing that the delayed or inconsistent 
productivity gains often stem from contextual factors such as R&D intensity, financial 
constraints, and industry-specific challenges. By integrating Paradox Theory, Digitalization 
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Theory, and TCT, this research demonstrates how digital transformation impacts firms’ 
performance negatively, influenced by these contextual moderating factors. This nuanced 
analysis not only explains the underlying causes of the Productivity Paradox but also 
extends Paradox Theory by showing how strategic adjustments, such as enhancing 
technology capability, can mitigate potential negative effects. By addressing these com
plexities, this study enriches theoretical perspectives in strategic management, innova
tion, and organizational change, especially in the context of emerging economies, 
thereby fostering a deeper understanding of how firms can navigate the multifaceted 
impacts of digital transformation.

Implications for practice and policy

For practitioners, this research provides valuable insights into how digitalization strate
gies can be leveraged to enhance firm performance in the rapidly evolving Chinese 
market. By identifying the specific mechanisms through which digital transformation 
influences organizational outcomes, such as through increased efficiency, innovation, or 
market reach, practitioners gain actionable knowledge to inform strategic decision-mak
ing and resource allocation. Additionally, understanding the differential impacts of digital 
transformation across industries and organizational contexts enables practitioners to 
tailor their digital strategies effectively to maximize performance gains.

This study also offers critical insights for policy makers as they can design targeted 
interventions and policy frameworks to foster a conducive environment for digital inno
vation and adoption. This may involve initiatives to support digital infrastructure devel
opment, enhance digital literacy and skills training, or streamline regulatory processes to 
facilitate digital entrepreneurship and investment. Moreover, by recognizing the nuanced 
dynamics between digital transformation and firm performance, policymakers can 
develop evidence-based policies to promote sustainable and inclusive economic devel
opment in the digital era. In sum, this research serves as a valuable resource for both 
practitioners and policymakers seeking to navigate and capitalize on the transformative 
potential of digitalization in China’s evolving business landscape.

It should be stressed that although this study is focused on China, the insights and 
findings offer valuable contributions that extend to businesses in other countries and 
different cultural contexts. The integration of Paradox Theory, Transaction Cost Theory 
(TCT), and the IT Productivity Paradox in analysing digital transformation offers a robust 
theoretical framework applicable across various national contexts. These theories are not 
confined to a specific region and can help businesses worldwide understand the dualities 
and complexities of digital transformation. Firms can learn about the potential pitfalls and 
the importance of strategic alignment between digital investments and organizational 
capabilities. This understanding can help businesses globally navigate similar challenges 
and optimize their digital transformation strategies. Companies in different sectors, whether 
technology, manufacturing, or pollution-intensive industries, can apply these findings to 
tailor their digital strategies according to their specific industry characteristics and needs.
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Conclusions

The study explores the complex relationship between digital transformation and firm 
performance, uncovering both immediate challenges and long-term benefits. In the short 
term, higher levels of digital transformation correlate with decreased returns on assets 
and equity due to initial investment costs and lower-than-expected digital investment 
returns. However, digital transformation significantly boosts company and overall factor 
productivity, with benefits accruing as firms improve their use of digital technologies. The 
research highlights the intermediary impact of digital transformation on financial perfor
mance, showing it leads to higher operational costs and negatively affects firm perfor
mance metrics like ROA and ROE by altering cost structures and cash flow. The study also 
identifies a moderating effect where the positive impacts of digital transformation on 
productivity are enhanced under financial constraints and how R&D expenditure, when 
aligned with digital transformation efforts, can positively influence productivity. Firm 
heterogeneity analysis reveals that state-owned enterprises, larger firms, and joint ven
tures experience varying impacts from digital transformation, with SOEs being less 
affected. Industry heterogeneity analysis indicates that digital transformation has 
a significant positive impact on productivity in tech industries and heavy pollution 
industries, highlighting the sector-specific outcomes of digital strategies.

Furthermore, our research demonstrates that digital transformation, while offering unpar
alleled opportunities for innovation and efficiency, also presents a unique set of challenges 
and paradoxes for firms. The capability curse, as identified, highlights the complex scenario 
where firms’ existing competencies can both facilitate and hinder digital adaptation. The 
findings suggest that a strategic balance between leveraging existing capabilities and embra
cing new digital opportunities is crucial for sustainable transformation.

For practitioners, this study underscores the importance of a nuanced approach to 
digital transformation that considers both technological and managerial dimensions. 
Firms are encouraged to adopt a holistic view of transformation, recognizing the critical 
role of middle management, the need for a flexible approach to technology adoption, and 
the importance of aligning digital initiatives with broader business strategies.

On the whole, our research highlights that digital transformation is a multifaceted 
process, fraught with paradoxes and challenges. By acknowledging and strategically 
navigating these complexities, firms can harness the full potential of digital innovation. 
As the digital landscape continues to evolve, it is imperative for both scholars and 
practitioners to continuously explore, adapt, and innovate, ensuring that digital transfor
mation efforts are not just about survival but about thriving in the new digital era.

Finally, this study opens several avenues for future research. Future research should 
validate these findings by analysing different stages within the 2000–2022 timeframe. 
Comparing periods with low digital transformation (pre-2010) to high digital adoption 
(post-2010) can reveal differential impacts and provide insights into the digitalization 
paradox. This approach will enhance our understanding of the complex dynamics 
between digital transformation and firm performance in China, highlighting long-term 
challenges and opportunities.

26 S. CHEN ET AL.



Disclosure statement

No potential conflict of interest was reported by the author(s).

Notes on contributors

Shunru Chen is currently a PhD student at Hankuk University of Foreign Studies in Korea. At the time 
of wrtting this paper Shunru was a Visiting researcher at Cranfield University.

Constantinos Alexiou is a Professor of Macroeconomics and Policy at Cranfield School of Management 
where he delivers Economics and Business related courses across the full range of the School’s post
graduate and post-experience executive management programmes. The focus of his research revolves 
inter alia around Applied Macroeconomics, Macroeconomic Policy, International Finance, Patent 
Systems, Heterodox Economics. He has authored over 100 publications in academic journals such as 
the Journal of Post Keynesian Economics, Contributions to Political Economy, Structural Change and 
Economic Dynamics, International Journal of Finance and Economics, Journal of World Business, 
International Business Review, etc. He is the founding editor of the International Journal of Economics, 
and a member of the European economic forum for alternative economic policy in EU. He is a frequent 
contributor to many international conferences.

Seungrae Lee is the Dean of the Division International Studies in Hankuk University in Korea. He has 
published extensively in journals such as Manufacturing & Service Operations Management, Journal of 
International Business Studies, Applied Economics Letter, International Journal of Production Economics, etc.

ORCID

Constantinos Alexiou http://orcid.org/0000-0002-9481-3066

Data availability statement

Data is available upon request from the corresponding author.

References

Accenture. 2021. “Accenture Digital Transformation Index: 16 per Cent of Chinese Companies Have 
Achieved Significant Results in Digital Transformation, but the Gap Between Companies is 
Widening at an Accelerated Pace.” Accessed June 8, 2024. https://www.accenture.cn/cn-zh/ 
about/newsroom/company-news-release-2021-china-digital-transformation-index .

Aeppel, T. 2015. “Silicon Valley doesn’t Believe U.S. Productivity is Down.” Wall Street Journal, July 17. 
Accessed March 26, 2024. http://www.wsj.com/articles/silicon-valley-doesnt-believe-u-s-produc 
tivity-is-down-1437100700 .

Agarwall, H., C. P. Das, and R. K. Swain. 2022. “Does Artificial Intelligence Influence the Operational 
Performance of Companies? A Study: Bhubaneswar, India.” Accessed March 14, 2024. https:// 
www.atlantis-press.com/article/125968855 .

Ai, Y., G. Sun, and T. Kong. 2023. “Digital Finance and Stock Price Crash Risk.” International Review of 
Economics & Finance 88:607–619. https://doi.org/10.1016/j.iref.2023.07.003  .

Añón Higón, D. 2007. “The Impact of R&D Spillovers on UK Manufacturing TFP: A Dynamic Panel 
Approach.” Research Policy 36 (7): 964–979. https://doi.org/10.1016/j.respol.2007.03.006  .

Atella, V., and B. Quintieri. 2001. “Do R&D Expenditures Really Matter for TFP?” Applied Economics 
33 (11): 1385–1389. https://doi.org/10.1080/00036840010007939  .

Aw, B. Y., M. J. Roberts, and D. Y. Xu. 2011. “R&D Investment, Exporting, and Productivity Dynamics.” 
The American Economic Review 101 (4): 1312–1344. https://doi.org/10.1257/aer.101.4.1312  .

ASIA PACIFIC BUSINESS REVIEW 27

https://www.accenture.cn/cn-zh/about/newsroom/company-news-release-2021-china-digital-transformation-index
https://www.accenture.cn/cn-zh/about/newsroom/company-news-release-2021-china-digital-transformation-index
http://www.wsj.com/articles/silicon-valley-doesnt-believe-u-s-productivity-is-down-1437100700
http://www.wsj.com/articles/silicon-valley-doesnt-believe-u-s-productivity-is-down-1437100700
https://www.atlantis-press.com/article/125968855
https://www.atlantis-press.com/article/125968855
https://doi.org/10.1016/j.iref.2023.07.003
https://doi.org/10.1016/j.respol.2007.03.006
https://doi.org/10.1080/00036840010007939
https://doi.org/10.1257/aer.101.4.1312


Baabdullah, A. M., A. A. Alalwan, E. L. Slade, R. Raman, and K. F. Khatatneh. 2021. “SMEs and Artificial 
Intelligence (AI): Antecedents and Consequences of AI-Based B2B Practices.” Industrial Marketing 
Management 98:255–270. https://doi.org/10.1016/j.indmarman.2021.09.003  .

Bag, S., G. Yadav, P. Dhamija, and K. K. Kataria. 2021. “Key Resources for Industry 4.0 Adoption and Its 
Effect on Sustainable Production and Circular Economy: An Empirical Study.” Journal of Cleaner 
Production 281:125233. https://doi.org/10.1016/j.jclepro.2020.125233  .

Barney, J. B., and W. Hesterly. 1999. “Organizational Economics: Understanding the Relationship 
Between Organizations and Economic Analysis.” 1 Oliver’s Yard, 55 City Road, London EC1Y 1SP, 
UK: SAGE Publications Ltd. Accessed June 7, 2024. http://sk.sagepub.com/books/studying-orga 
nization/n4.xml .

Barney, J. B., and W. Hesterly. 2006. “Organizational Economics: Understanding the Relationship 
Between Organizations and Economic Analysis.” In The Sage Handbook of Organization Studies, 
edited by S. R. Clegg, C. Hardy, T. B. Lawrence, and W. R. Nord, 111–148. London, UK: SAGE 
Publications Ltd. https://doi.org/10.4135/9781848608030 .

Baron, R. M., and D. A. Kenny. 1986. “The Moderator–Mediator Variable Distinction in Social 
Psychological Research: Conceptual, Strategic, and Statistical Considerations.” Journal of 
Personality & Social Psychology 51 (6): 1173–1182. https://doi.org/10.1037/0022-3514.51.6.1173  .

Bendig, D., C. Schulz, L. Theis, and S. Raff. 2023. “Digital Orientation and Environmental Performance 
in Times of Technological Change.” Technological Forecasting & Social Change 188 (C): 122272.  
https://doi.org/10.1016/j.techfore.2022.122272  .

Bianca, H., L. Daniel, J. Gesche, and U. Andreas. 2021. “Practicing Sovereignty: Digital Involvement in 
Times of Crises.” transcript Verlag. Accessed June 9, 2024. https://www.degruyter.com/docu 
ment/doi/10.1515/9783839457603/html?lang=en .

Boeing, P., E. Mueller, and P. Sandner. 2016. “China’s R&D Explosion—Analyzing Productivity Effects 
Across Ownership Types and Over Time.” Research Policy 45 (1): 159–176. https://doi.org/10.1016/ 
j.respol.2015.07.008  .

Brynjolfsson, E., and L. M. Hitt. 2003. “Computing Productivity: Firm-Level Evidence.” The Review of 
Economics and Statistics 85 (4): 793–808. https://doi.org/10.1162/003465303772815736  .

Brynjolfsson, E., D. Rock, and C. Syverson. 2017. “Artificial Intelligence and the Modern Productivity 
Paradox: A Clash of Expectations and Statistics.” Accessed March 14, 2024. https://www.nber.org/ 
papers/w24001 .

Cai Y., X. Gong, and Z. Xian. 2022. “An Empirical Test of Influence of Digital Economy Development 
on Enterprise TFP – CNKI.” Accessed March 14, 2024. https://kns.cnki.net/kcms/detail/detail.aspx? 
doi=10.13546/j.cnki.tjyjc.2022.15.018 .

Capello, R., C. Lenzi, and G. Perucca. 2022. “The Modern Solow Paradox. In Search for Explanations.” 
Structural Change and Economic Dynamics 63:166–180. https://doi.org/10.1016/j.strueco.2022.09.013  .

Chan, K. S., V. Q. T. Dang, and I. K. M. Yan. 2012. “Financial Reform and Financing Constraints: Some 
Evidence from Listed Chinese Firms.” China Economic Review 23 (2): 482–497. https://doi.org/10. 
1016/j.chieco.2012.03.009  .

Chen, L., and M. Miao. 2022. “Application of Decision Tree Intelligent Algorithm in Data Analysis of 
Physical Health Test.” Journal of Healthcare Engineering 2022:8584377. https://doi.org/10.1155/ 
2022/8584377  .

Chen, X., S. Lijie, and Y. Wang. 2022. “The Theoretical System and Research Prospects of the Digital 
Economy.” https://doi.org/10.19744/j.cnki.11-1235/f.2022.0020  .

Chen, Y., L. Wang, Y. Ye, and Y. Tao. 2023. “Digital M&A and Firm Productivity in China.” Finance 
Research Letters 58:104326. https://doi.org/10.1016/j.frl.2023.104326  .

Chen, Y., and J. Xu. 2023. “Digital Transformation and Firm Cost Stickiness: Evidence from China.” 
Finance Research Letters 52:103510. https://doi.org/10.1016/j.frl.2022.103510  .

Chen, Y., S. Yang, and Q. Li. 2022. “How Does the Development of Digital Financial Inclusion Affect 
the Total Factor Productivity of Listed Companies? Evidence from China.” Finance Research Letters 
47:102956. https://doi.org/10.1016/j.frl.2022.102956  .

Cheng, C.-Y., M.-S. Chien, and C.-C. Lee. 2021. “ICT Diffusion, Financial Development, and Economic 
Growth: An International Cross-Country Analysis.” Economic Modelling 94:662–671. https://doi. 
org/10.1016/j.econmod.2020.02.008  .

28 S. CHEN ET AL.

https://doi.org/10.1016/j.indmarman.2021.09.003
https://doi.org/10.1016/j.jclepro.2020.125233
http://sk.sagepub.com/books/studying-organization/n4.xml
http://sk.sagepub.com/books/studying-organization/n4.xml
https://doi.org/10.4135/9781848608030
https://doi.org/10.1037/0022-3514.51.6.1173
https://doi.org/10.1016/j.techfore.2022.122272
https://doi.org/10.1016/j.techfore.2022.122272
https://www.degruyter.com/document/doi/10.1515/9783839457603/html?lang=en
https://www.degruyter.com/document/doi/10.1515/9783839457603/html?lang=en
https://doi.org/10.1016/j.respol.2015.07.008
https://doi.org/10.1016/j.respol.2015.07.008
https://doi.org/10.1162/003465303772815736
https://www.nber.org/papers/w24001
https://www.nber.org/papers/w24001
https://kns.cnki.net/kcms/detail/detail.aspx?doi=10.13546/j.cnki.tjyjc.2022.15.018
https://kns.cnki.net/kcms/detail/detail.aspx?doi=10.13546/j.cnki.tjyjc.2022.15.018
https://doi.org/10.1016/j.strueco.2022.09.013
https://doi.org/10.1016/j.chieco.2012.03.009
https://doi.org/10.1016/j.chieco.2012.03.009
https://doi.org/10.1155/2022/8584377
https://doi.org/10.1155/2022/8584377
https://doi.org/10.19744/j.cnki.11-1235/f.2022.0020
https://doi.org/10.1016/j.frl.2023.104326
https://doi.org/10.1016/j.frl.2022.103510
https://doi.org/10.1016/j.frl.2022.102956
https://doi.org/10.1016/j.econmod.2020.02.008
https://doi.org/10.1016/j.econmod.2020.02.008


Ciarli, T., M. Kenney, S. Massini, and L. Piscitello. 2021. “Digital Technologies, Innovation, and Skills: 
Emerging Trajectories and Challenges.” Research Policy 50 (7): 104289. https://doi.org/10.1016/j. 
respol.2021.104289  .

Coase, R. H. 1937. “The Nature of the Firm.” Economica 4 (16): 386–405. https://doi.org/10.1111/j. 
1468-0335.1937.tb00002.x  .

Costa, I., R. Riccotta, P. Montini, E. Stefani, R. de Souza Goes, M. A. Gaspar, F. S. Martins, et al. 2022. 
“The Degree of Contribution of Digital Transformation Technology on Company Sustainability 
Areas.” Sustainability 14 (1): 462. https://doi.org/10.3390/su14010462  .

Cui, L., and Y. Wang. 2023. “Can Corporate Digital Transformation Alleviate Financial Distress?” 
Finance Research Letters 55:103983. https://doi.org/10.1016/j.frl.2023.103983  .

Dabla-Norris, E., Y. Ji, R. M. Townsend, and D. F. Unsal. 2019. “Distinguishing Constraints on Financial 
Inclusion and Their Impact on GDP, TFP, and the Distribution of Income.” SSRN Electronic Journal. 
Accessed March 26, 2024. https://www.ssrn.com/abstract=3483633 .

Dai, L., J. Zhang, and S. Luo. 2022. “Effective R&D Capital and Total Factor Productivity: Evidence 
Using Spatial Panel Data Models.” Technological Forecasting & Social Change 183:121886. https:// 
doi.org/10.1016/j.techfore.2022.121886  .

Danneels, L., and S. Viaene. 2022. “Identifying Digital Transformation Paradoxes.” Business & 
Information Systems Engineering 64 (4): 483–500. https://doi.org/10.1007/s12599-021-00735-7  .

Dedrick, J., K. L. Kraemer, and E. Shih. 2013. “Information Technology and Productivity in Developed 
and Developing Countries.” Journal of Management Information Systems 30 (1): 97–122. https:// 
doi.org/10.2753/MIS0742-1222300103  .

Donaldson, T., and L. E. Preston. 1995. “The Stakeholder Theory of the Corporation: Concepts, 
Evidence, and Implications.” Academy of Management Review 20 (1): 65. https://doi.org/10. 
2307/258887  .

Eller, R., P. Alford, A. Kallmünzer, and M. Peters. 2020. “Antecedents, Consequences, and Challenges 
of Small and Medium-Sized Enterprise Digitalization.” Journal of Business Research 112:119–127.  
https://doi.org/10.1016/j.jbusres.2020.03.004  .

European Investment Bank. 2020. Digital Technologies and Firm Performance: Evidence from Europe. 
LU: Publications Office. Accessed December 8, 2023. https://data.europa.eu/doi/10.2867/36888 .

Fan, J., D. Xiao, M. Xun, and C. Wang. 2024. “Informal Environmental Regulation and Enterprises 
Digital Transformation: A Study Based on the Perspective of Public Environmental Concerns.” 
Ecological Indicators 163:112142. https://doi.org/10.1016/j.ecolind.2024.112142  .

Feliciano-Cestero, M. M., N. Ameen, M. Kotabe, J. Paul, and M. Signoret. 2023. “Is Digital 
Transformation Threatened? A Systematic Literature Review of the Factors Influencing firms’ 
Digital Transformation and Internationalization.” Journal of Business Research 157:113546. https:// 
doi.org/10.1016/j.jbusres.2022.113546  .

Fernández-Rovira, C., J. Álvarez Valdés, G. Molleví, and R. Nicolas-Sans. 2021. “The Digital 
Transformation of Business. Towards the Datafication of the Relationship with Customers.” 
Technological Forecasting & Social Change 162:120339. https://doi.org/10.1016/j.techfore.2020. 
120339  .

Fiss, P. C., and E. J. Zajac. 2006. “The Symbolic Management of Strategic Change: Sensegiving via 
Framing and Decoupling.” Academy of Management Journal 49 (6): 1173–1193. https://doi.org/10. 
5465/amj.2006.23478255  .

Gao, J., W. Zhang, T. Guan, Q. Feng, and A. Mardani. 2023. “The Effect of Manufacturing Agent 
Heterogeneity on Enterprise Innovation Performance and Competitive Advantage in the Era of 
Digital Transformation.” Journal of Business Research 155:113387. https://doi.org/10.1016/j. 
jbusres.2022.113387  .

Gavkalova, N., B. Gładysz, W. Quadrini, C. Sassanelli, F. Asplund, M. R. Ramli, P. Detzner, et al. 2024. 
“Digital Innovation Hubs and Portfolio of Their Services Across European Economies.” Oeconomia 
Copernicana 15 (1): 59–94. https://doi.org/10.24136/oc.2757  .

Gebauer, H., E. Fleisch, C. Lamprecht, and F. Wortmann. 2020. “Growth Paths for Overcoming the 
Digitalization Paradox.” Business Horizons 63 (3): 313–323. https://doi.org/10.1016/j.bushor.2020. 
01.005  .

ASIA PACIFIC BUSINESS REVIEW 29

https://doi.org/10.1016/j.respol.2021.104289
https://doi.org/10.1016/j.respol.2021.104289
https://doi.org/10.1111/j.1468-0335.1937.tb00002.x
https://doi.org/10.1111/j.1468-0335.1937.tb00002.x
https://doi.org/10.3390/su14010462
https://doi.org/10.1016/j.frl.2023.103983
https://www.ssrn.com/abstract=3483633
https://doi.org/10.1016/j.techfore.2022.121886
https://doi.org/10.1016/j.techfore.2022.121886
https://doi.org/10.1007/s12599-021-00735-7
https://doi.org/10.2753/MIS0742-1222300103
https://doi.org/10.2753/MIS0742-1222300103
https://doi.org/10.2307/258887
https://doi.org/10.2307/258887
https://doi.org/10.1016/j.jbusres.2020.03.004
https://doi.org/10.1016/j.jbusres.2020.03.004
https://data.europa.eu/doi/10.2867/36888
https://doi.org/10.1016/j.ecolind.2024.112142
https://doi.org/10.1016/j.jbusres.2022.113546
https://doi.org/10.1016/j.jbusres.2022.113546
https://doi.org/10.1016/j.techfore.2020.120339
https://doi.org/10.1016/j.techfore.2020.120339
https://doi.org/10.5465/amj.2006.23478255
https://doi.org/10.5465/amj.2006.23478255
https://doi.org/10.1016/j.jbusres.2022.113387
https://doi.org/10.1016/j.jbusres.2022.113387
https://doi.org/10.24136/oc.2757
https://doi.org/10.1016/j.bushor.2020.01.005
https://doi.org/10.1016/j.bushor.2020.01.005


Ghosh, S., M. Hughes, I. Hodgkinson, and P. Hughes. 2022. “Digital Transformation of Industrial 
Businesses: A Dynamic Capability Approach.” Technovation 113:102414. https://doi.org/10.1016/j. 
technovation.2021.102414  .

Grant, D., 2024. “Resource-Based View of the Productivity Paradox.” Technology Analysis & Strategic 
Management 36 (3): 533–548. https://doi.org/10.1080/09537325.2022.2042509  .

Gray, J., and B. Rumpe. 2017. “Models for the Digital Transformation.” Software & Systems Modeling 
16 (2): 307–308. https://doi.org/10.1007/s10270-017-0596-7  .

Gregory, R. W., M. Keil, J. Muntermann, and M. Mähring. 2015. “Paradoxes and the Nature of 
Ambidexterity in it Transformation Programs.” Information Systems Research 26 (1): 57–80.  
https://doi.org/10.1287/isre.2014.0554  .

Griliches, Z., and F. R. Lichtenberg. 1982. “R and D and Productivity at the Industry Level: Is There Still 
a Relationship? NBER Working Papers.” Accessed March 17, 2024. https://ideas.repec.org//p/nbr/ 
nberwo/0850.html .

Guo, B., and X. Huang. 2024. “Digital Transformation Tone Signal and the Cost of Equity: Evidence 
from Chinese Listed Companies.” Finance Research Letters 59:104720. https://doi.org/10.1016/j.frl. 
2023.104720  .

Guo, X., M. Li, Y. Wang, and A. Mardani. 2023. “Does Digital Transformation Improve the firm’s 
Performance? From the Perspective of Digitalization Paradox and Managerial Myopia.” Journal of 
Business Research 163:113868. https://doi.org/10.1016/j.jbusres.2023.113868  .

Gupta, S., V. A. Drave, Y. K. Dwivedi, A. M. Baabdullah, and E. Ismagilova. 2020. “Achieving Superior 
Organizational Performance via Big Data Predictive Analytics: A Dynamic Capability View.” 
Industrial Marketing Management 90:581–592. https://doi.org/10.1016/j.indmarman.2019.11.009  .

Haffke, I., B. J. Kalgovas, and A. Benlian. 2017. “Options for Transforming the it Function Using 
Bimodal it.” MIS Q Executive. Accessed March 26, 2024. https://www.semanticscholar.org/paper/ 
Options-for-Transforming-the-IT-Function-Using-IT-Haffke-Kalgovas/14e76916528b5a99cf 
f40254693e0ba35a3f59bd .

Helo, P., and Y. Hao. 2017. “Cloud Manufacturing System for Sheet Metal Processing.” Production 
Planning & Control 28 (6–8): 524–537. https://doi.org/10.1080/09537287.2017.1309714  .

Ho, J. L. Y., A. Wu, and S. X. Xu. 2011. “Corporate Governance and Returns on Information 
Technology Investment: Evidence from an Emerging Market.” Strategic Management Journal 
32 (6): 595–623. https://doi.org/10.1002/smj.886  .

Holmström, J., M. Holweg, B. Lawson, F. K. Pil, and S. M. Wagner. 2019. “The Digitalization of 
Operations and Supply Chain Management: Theoretical and Methodological Implications.” 
Journal of Operations Management 65 (8): 728–734. https://doi.org/10.1002/joom.1073  .

Huang, S.-M., C.-S. Ou, C.-M. Chen, and B. Lin. 2006. “An Empirical Study of Relationship Between it 
Investment and Firm Performance: A Resource-Based Perspective.” European Journal of 
Operational Research 173 (3): 984–999. https://doi.org/10.1016/j.ejor.2005.06.013  .

Hwang, M. I., and J. W. Lin. 1999. “Information Dimension, Information Overload and Decision 
Quality.” Journal of Information Science 25 (3): 213–218. https://doi.org/10.1177/ 
016555159902500305  .

Isik, L., C. Nilsson, J. Magnusson, and D. Koutsikouri. 2024. “Benefits Realization in Digital 
Transformation: The Translation from Policy to Practice in Health Care.” Transforming 
Government: People, Process and Policy 18 (2): 303–317. https://doi.org/10.1108/TG-11-2023-0177  .

ISOC. 2021. China Internet Development Report 2021. Internet Society of China (ISOC). Accessed June 
8, 2024. https://v4.cecdn.yun300.cn/100001_2012145143%2F%E4%B8%AD%E5%9B%BD%E4% 
BA%92%E8%81%94%E7%BD%91%E5%8F%91%E5%B1%95%E6%8A%A5%E5%91%8A%EF%BC 
%882021%EF%BC%89.pdf .

Kallal, R., A. Haddaji, and Z. Ftiti. 2021. “ICT Diffusion and Economic Growth: Evidence from the 
Sectorial Analysis of a Periphery Country.” Technological Forecasting & Social Change 162:120403.  
https://doi.org/10.1016/j.techfore.2020.120403  .

Kancs, D., and B. Siliverstovs. 2016. “R&D and Non-Linear Productivity Growth.” Research Policy 45 (3): 
634–646. https://doi.org/10.1016/j.respol.2015.12.001  .

30 S. CHEN ET AL.

https://doi.org/10.1016/j.technovation.2021.102414
https://doi.org/10.1016/j.technovation.2021.102414
https://doi.org/10.1080/09537325.2022.2042509
https://doi.org/10.1007/s10270-017-0596-7
https://doi.org/10.1287/isre.2014.0554
https://doi.org/10.1287/isre.2014.0554
https://ideas.repec.org//p/nbr/nberwo/0850.html
https://ideas.repec.org//p/nbr/nberwo/0850.html
https://doi.org/10.1016/j.frl.2023.104720
https://doi.org/10.1016/j.frl.2023.104720
https://doi.org/10.1016/j.jbusres.2023.113868
https://doi.org/10.1016/j.indmarman.2019.11.009
https://www.semanticscholar.org/paper/Options-for-Transforming-the-IT-Function-Using-IT-Haffke-Kalgovas/14e76916528b5a99cff40254693e0ba35a3f59bd
https://www.semanticscholar.org/paper/Options-for-Transforming-the-IT-Function-Using-IT-Haffke-Kalgovas/14e76916528b5a99cff40254693e0ba35a3f59bd
https://www.semanticscholar.org/paper/Options-for-Transforming-the-IT-Function-Using-IT-Haffke-Kalgovas/14e76916528b5a99cff40254693e0ba35a3f59bd
https://doi.org/10.1080/09537287.2017.1309714
https://doi.org/10.1002/smj.886
https://doi.org/10.1002/joom.1073
https://doi.org/10.1016/j.ejor.2005.06.013
https://doi.org/10.1177/016555159902500305
https://doi.org/10.1177/016555159902500305
https://doi.org/10.1108/TG-11-2023-0177
https://v4.cecdn.yun300.cn/100001_2012145143%252F%E4%B8%AD%E5%9B%BD%E4%BA%92%E8%81%94%E7%BD%91%E5%8F%91%E5%B1%95%E6%8A%A5%E5%91%8A%EF%BC%882021%EF%BC%89.pdf
https://v4.cecdn.yun300.cn/100001_2012145143%252F%E4%B8%AD%E5%9B%BD%E4%BA%92%E8%81%94%E7%BD%91%E5%8F%91%E5%B1%95%E6%8A%A5%E5%91%8A%EF%BC%882021%EF%BC%89.pdf
https://v4.cecdn.yun300.cn/100001_2012145143%252F%E4%B8%AD%E5%9B%BD%E4%BA%92%E8%81%94%E7%BD%91%E5%8F%91%E5%B1%95%E6%8A%A5%E5%91%8A%EF%BC%882021%EF%BC%89.pdf
https://doi.org/10.1016/j.techfore.2020.120403
https://doi.org/10.1016/j.techfore.2020.120403
https://doi.org/10.1016/j.respol.2015.12.001


Kaplan, S. N., and L. Zingales. 1997. “Do Investment-Cash Flow Sensitivities Provide Useful Measures 
of Financing Constraints?” Quarterly Journal of Economics 112 (1): 169–215. https://doi.org/10. 
1162/003355397555163  .

Khorram Niaki, M., F. Nonino, G. Palombi, and S. A. Torabi. 2018. “Economic Sustainability of Additive 
Manufacturing: Contextual Factors Driving Its Performance in Rapid Prototyping.” Journal of 
Manufacturing Technology Management 30 (2): 353–365. https://doi.org/10.1108/JMTM-05- 
2018-0131  .

Kleis, L., P. Chwelos, R. V. Ramirez, and I. Cockburn. 2012. “Information Technology and Intangible 
Output: The Impact of it Investment on Innovation Productivity.” Information Systems Research 
23 (1): 42–59. https://doi.org/10.1287/isre.1100.0338  .

Kong, G., J. Huang, and S. Liu. 2023. “Digital Transformation and Within-Firm Pay Gap: Evidence from 
China.” Emerging Markets Finance & Trade 59 (6): 1748–1766. https://doi.org/10.1080/1540496X. 
2022.2149262  .

Kouhizadeh, M., S. Saberi, and J. Sarkis. 2021. “Blockchain Technology and the Sustainable Supply 
Chain: Theoretically Exploring Adoption Barriers.” International Journal of Production Economics 
231:107831. https://doi.org/10.1016/j.ijpe.2020.107831  .

Kraus, S., S. Durst, J. J. Ferreira, P. Veiga, N. Kailer, and A. Weinmann. 2022. “Digital Transformation in 
Business and Management Research: An Overview of the Current Status Quo.” International 
Journal of Information Management 63:102466. https://doi.org/10.1016/j.ijinfomgt.2021.102466  .

Levinsohn, J., and A. Petrin. 2003. “Estimating Production Functions Using Inputs to Control for 
Unobservables.” Review of Economic Studies 70 (2): 317–341. https://doi.org/10.1111/1467-937X. 
00246  .

Lewis, M. W., and W. K. Smith. 2014. “Paradox as a Metatheoretical Perspective: Sharpening the 
Focus and Widening the Scope.” The Journal of Applied Behavioral Science 50 (2): 127–149. https:// 
doi.org/10.1177/0021886314522322  .

Li, H., Y. Zhang, and Y. Li. 2023. “The Impact of Digital Inputs on Pollution Reduction in Chinese 
Manufacturing Enterprises.” Journal of Cleaner Production 428:139393. https://doi.org/10.1016/j. 
jclepro.2023.139393  .

Li, Z., and J. Wang. 2022. “The Dynamic Impact of Digital Economy on Carbon Emission Reduction: 
Evidence City-Level Empirical Data in China.” Journal of Cleaner Production 351:131570. https:// 
doi.org/10.1016/j.jclepro.2022.131570  .

Liu, G., J. Liu, P. Gao, J. Yu, and Z. Pu. 2024. “Understanding Mechanisms of Digital Transformation in 
State-Owned Enterprises in China: An Institutional Perspective.” Technological Forecasting & 
Social Change 202:123288. https://doi.org/10.1016/j.techfore.2024.123288  .

Liu, H., Y. Wang, L. Huang, and X. Zhang. 2021. “Outward FDI and Stock Price Crash Risk—Evidence 
from China.” Journal of International Financial Markets, Institutions and Money 73:101366. https:// 
doi.org/10.1016/j.intfin.2021.101366  .

Lu, Z., J. Wu, H. Li, and D. K. Nguyen. 2022. “Local Bank, Digital Financial Inclusion and SME Financing 
Constraints: Empirical Evidence from China.” Emerging Markets Finance & Trade 58 (6): 1712–1725.  
https://doi.org/10.1080/1540496X.2021.1923477  .

Matt, C., T. Hess, and A. Benlian. 2015. “Digital Transformation Strategies.” Business & Information 
Systems Engineering 57 (5): 339–343. https://doi.org/10.1007/s12599-015-0401-5  .

Matt, D. T., and E. Rauch. 2020. “SME 4.0: The Role of Small- and Medium-Sized Enterprises in the 
Digital Transformation.” In Industry 4.0 for SMEs: Challenges, Opportunities and Requirements, 
edited by D. T. Matt, V. Modrák, and H. Zsifkovits, 3–36. Cham: Springer International 
Publishing. Accessed April 19, 2024. https://doi.org/10.1007/978-3-030-25425-4_1  .

Maury, B. 2022. “Strategic CSR and Firm Performance: The Role of Prospector and Growth 
Strategies.” Journal of Economics and Business 118:106031. https://doi.org/10.1016/j.jeconbus. 
2021.106031  .

Meindl, B., N. F. Ayala, J. Mendonça, and A. G. Frank. 2021. “The Four Smarts of Industry 4.0: Evolution 
of ten Years of Research and Future Perspectives.” Technological Forecasting & Social Change 
168:120784. https://doi.org/10.1016/j.techfore.2021.120784  .

ASIA PACIFIC BUSINESS REVIEW 31

https://doi.org/10.1162/003355397555163
https://doi.org/10.1162/003355397555163
https://doi.org/10.1108/JMTM-05-2018-0131
https://doi.org/10.1108/JMTM-05-2018-0131
https://doi.org/10.1287/isre.1100.0338
https://doi.org/10.1080/1540496X.2022.2149262
https://doi.org/10.1080/1540496X.2022.2149262
https://doi.org/10.1016/j.ijpe.2020.107831
https://doi.org/10.1016/j.ijinfomgt.2021.102466
https://doi.org/10.1111/1467-937X.00246
https://doi.org/10.1111/1467-937X.00246
https://doi.org/10.1177/0021886314522322
https://doi.org/10.1177/0021886314522322
https://doi.org/10.1016/j.jclepro.2023.139393
https://doi.org/10.1016/j.jclepro.2023.139393
https://doi.org/10.1016/j.jclepro.2022.131570
https://doi.org/10.1016/j.jclepro.2022.131570
https://doi.org/10.1016/j.techfore.2024.123288
https://doi.org/10.1016/j.intfin.2021.101366
https://doi.org/10.1016/j.intfin.2021.101366
https://doi.org/10.1080/1540496X.2021.1923477
https://doi.org/10.1080/1540496X.2021.1923477
https://doi.org/10.1007/s12599-015-0401-5
https://doi.org/10.1007/978-3-030-25425-4_1
https://doi.org/10.1016/j.jeconbus.2021.106031
https://doi.org/10.1016/j.jeconbus.2021.106031
https://doi.org/10.1016/j.techfore.2021.120784


Nambisan, S., M. Wright, and M. Feldman. 2019. “The Digital Transformation of Innovation and 
Entrepreneurship: Progress, Challenges and Key Themes.” Research Policy 48 (8): 103773. https:// 
doi.org/10.1016/j.respol.2019.03.018  .

Paiola, M., and H. Gebauer. 2020. “Internet of Things Technologies, Digital Servitization and Business 
Model Innovation in BtoB Manufacturing Firms.” Industrial Marketing Management 89:245–264.  
https://doi.org/10.1016/j.indmarman.2020.03.009  .

Pinchetti, M. 2020. “What is Driving the TFP Slowdown? Insights from a Schumpeterian DSGE 
Model.” Accessed March 17, 2024. https://mpra.ub.uni-muenchen.de/98316/ .

PRC. 2022. “Announcement on the Issuance of the 14th Five-Year Plan for the Development of the 
Digital Economy.” Accessed October 29, 2024. https://www.gov.cn/zhengce/zhengceku/2022-01/ 
12/content_5667817.htm .

Presley, J. 2023. “Digital Collaborations Set to Begin Unlocking Production.” Journal of Petroleum 
Technology 75 (7): 46–50. https://doi.org/10.2118/0723-0046-JPT  .

Putnam, L. L., G. T. Fairhurst, and S. Banghart. 2016. “Contradictions, Dialectics, and Paradoxes in 
Organizations: A Constitutive Approach.” Academy of Management Annals 10 (1): 65–171. https:// 
doi.org/10.5465/19416520.2016.1162421  .

Ren, T., X. Liu, and J. Ding. 2023. “Intergenerational Dynamics of Digital Transformation in Family 
Firms.” Technology in Society 74:102261. https://doi.org/10.1016/j.techsoc.2023.102261  .

Rialti, R., L. Zollo, A. Ferraris, and I. Alon. 2019. “Big Data Analytics Capabilities and Performance: 
Evidence from a Moderated Multi-Mediation Model.” Technological Forecasting & Social Change 
149:119781. https://doi.org/10.1016/j.techfore.2019.119781  .

Santhanam, and Hartono. 2003. “Issues in Linking Information Technology Capability to Firm 
Performance.” MIS Quarterly 27 (1): 125. https://doi.org/10.2307/30036521  .

Santoro, G., S. Bresciani, and A. Papa. 2020. “Collaborative Modes with Cultural and Creative 
Industries and Innovation Performance: The Moderating Role of Heterogeneous Sources of 
Knowledge and Absorptive Capacity.” Technovation 92–93:102040. https://doi.org/10.1016/j.tech 
novation.2018.06.003  .

Schad, J., M. W. Lewis, S. Raisch, and W. K. Smith. 2016. “Paradox Research in Management Science: 
Looking Back to Move Forward.” Academy of Management Annals 10 (1): 5–64. https://doi.org/10. 
5465/19416520.2016.1162422  .

Scott, S. V., J. Van Reenen, and M. Zachariadis. 2017. “The Long-Term Effect of Digital Innovation on 
Bank Performance: An Empirical Study of SWIFT Adoption in Financial Services.” Research Policy 
46 (5): 984–1004. https://doi.org/10.1016/j.respol.2017.03.010  .

Solow, R. 1987. “We’d Better Watch Out.” New York Times Book Review, March 15, 2024. https://www. 
semanticscholar.org/paper/We%E2%80%99d-better-watch-out-Solow/cef149b3db 
daa85f74b114c2c7832982f23bcbf0 .

Solow, R. M. 1956. “A Contribution to the Theory of Economic Growth.” Quarterly Journal of 
Economics 70 (1): 65–94. https://doi.org/10.2307/1884513  .

Suo, X., L. Zhang, R. Guo, H. Lin, M. Yu, and X. Du. 2024. “The Inverted U-Shaped Association Between 
Digital Economy and Corporate Total Factor Productivity: A Knowledge-Based Perspective.” 
Technological Forecasting & Social Change 203:123364. https://doi.org/10.1016/j.techfore.2024. 
123364  .

Svahn, F., L. Mathiassen, Georgia State University, R. Lindgren, and University of Gothenburg. 2017. 
“Embracing Digital Innovation in Incumbent Firms: How Volvo Cars Managed Competing 
Concerns.” MIS Quarterly 41 (1): 239–253. https://doi.org/10.25300/MISQ/2017/41.1.12  .

Tabrizi, B., E. Lam, K. Girard, and V. Irvin. 2019. “Digital Transformation is Not About Technology.” 
Harvard Business Review, March 13. Accessed April 19, 2024. https://hbr.org/2019/03/digital- 
transformation-is-not-about-technology .

Tian, M., Y. Chen, G. Tian, W. Huang, and C. Hu. 2023. “The Role of Digital Transformation Practices in 
the Operations Improvement in Manufacturing Firms: A Practice-Based View.” International 
Journal of Production Economics 262:108929. https://doi.org/10.1016/j.ijpe.2023.108929  .

Tu, W., and J. He. 2023. “Can Digital Transformation Facilitate firms’ M&a: Empirical Discovery Based 
on Machine Learning.” Emerging Markets Finance & Trade 59 (1): 113–128. https://doi.org/10. 
1080/1540496X.2022.2093105  .

32 S. CHEN ET AL.

https://doi.org/10.1016/j.respol.2019.03.018
https://doi.org/10.1016/j.respol.2019.03.018
https://doi.org/10.1016/j.indmarman.2020.03.009
https://doi.org/10.1016/j.indmarman.2020.03.009
https://mpra.ub.uni-muenchen.de/98316/
https://www.gov.cn/zhengce/zhengceku/2022-01/12/content_5667817.htm
https://www.gov.cn/zhengce/zhengceku/2022-01/12/content_5667817.htm
https://doi.org/10.2118/0723-0046-JPT
https://doi.org/10.5465/19416520.2016.1162421
https://doi.org/10.5465/19416520.2016.1162421
https://doi.org/10.1016/j.techsoc.2023.102261
https://doi.org/10.1016/j.techfore.2019.119781
https://doi.org/10.2307/30036521
https://doi.org/10.1016/j.technovation.2018.06.003
https://doi.org/10.1016/j.technovation.2018.06.003
https://doi.org/10.5465/19416520.2016.1162422
https://doi.org/10.5465/19416520.2016.1162422
https://doi.org/10.1016/j.respol.2017.03.010
https://www.semanticscholar.org/paper/We%E2%80%99d-better-watch-out-Solow/cef149b3dbdaa85f74b114c2c7832982f23bcbf0
https://www.semanticscholar.org/paper/We%E2%80%99d-better-watch-out-Solow/cef149b3dbdaa85f74b114c2c7832982f23bcbf0
https://www.semanticscholar.org/paper/We%E2%80%99d-better-watch-out-Solow/cef149b3dbdaa85f74b114c2c7832982f23bcbf0
https://doi.org/10.2307/1884513
https://doi.org/10.1016/j.techfore.2024.123364
https://doi.org/10.1016/j.techfore.2024.123364
https://doi.org/10.25300/MISQ/2017/41.1.12
https://hbr.org/2019/03/digital-transformation-is-not-about-technology
https://hbr.org/2019/03/digital-transformation-is-not-about-technology
https://doi.org/10.1016/j.ijpe.2023.108929
https://doi.org/10.1080/1540496X.2022.2093105
https://doi.org/10.1080/1540496X.2022.2093105


Vial, G. 2019. “Understanding Digital Transformation: A Review and a Research Agenda.” Journal of 
Strategic Information Systems 28 (2): 118–144. https://doi.org/10.1016/j.jsis.2019.01.003  .

Wang, H., S. Jiao, K. Bu, Y. Wang, and Y. Wang. 2023. “Digital Transformation and Manufacturing 
companies’ ESG Responsibility Performance.” Finance Research Letters 58:104370. https://doi.org/ 
10.1016/j.frl.2023.104370  .

Wang, L., S. Liu, and W. Xiong. 2022. “The Impact of Digital Transformation on Corporate 
Environment Performance: Evidence from China.” International Journal of Environmental 
Research and Public Health 19 (19): 12846. https://doi.org/10.3390/ijerph191912846  .

Wang, S., and J. P. Esperança. 2023. “Can Digital Transformation Improve Market and ESG 
Performance? Evidence from Chinese SMEs.” Journal of Cleaner Production 419:137980. https:// 
doi.org/10.1016/j.jclepro.2023.137980  .

Williamson, O. E. 1985. The Economic Intstitutions of Capitalism. New York: Simon and Schuster.
Wu, F., H. Hu, H. Lin, and X. Ren. 2021. “Corporate Digital Transformation and Capital Market 

Performance: Empirical Evidence from Stock Liquidity.” Management World 37 (7): 130–144+10.
Wu, X., L. Li, D. Liu, Q. Li, and J. Zhu. 2024. “Technology Empowerment: Digital Transformation and 

Enterprise ESG Performance—Evidence from China’s Manufacturing Sector.” PLOS ONE 19 (4): 
e0302029. https://doi.org/10.1371/journal.pone.0302029  .

Wu, Y. 2008. “R&D, Technology Transfer and Productivity—— Based on the Empirical Study of 
Chinese Regional Manufacturing Industries.” Economic Research Journal 23 (46): 23–28.

Wu, Y., H. Sun, H. Sun, and C. Xie. 2023. “Impact of Public Environmental Concerns on the Digital 
Transformation of Heavily Polluting Enterprises.” International Journal of Environmental Research 
and Public Health 20 (1): 203. https://doi.org/10.3390/ijerph20010203  .

Yadav, S., A. Samadhiya, A. Kumar, A. Majumdar, J. A. Garza-Reyes, and S. Luthra. 2023. “Achieving 
the Sustainable Development Goals Through Net Zero Emissions: Innovation-Driven Strategies 
for Transitioning from Incremental to Radical Lean, Green and Digital Technologies.” Resources, 
Conservation & Recycling 197:107094. https://doi.org/10.1016/j.resconrec.2023.107094  .

Yang, Y., and L. Ping. 2010. “R&D, Technology Transfer and TFP.” In 2010 2ND Ieee International 
Conference On Information And Financial Engineering (ICIFE), edited by E. Lau and S. Tseng, 
752–756. New York: IEEE. Accessed March 26, 2024. https://www.webofscience.com/wos/ 
woscc/summary/1c5ffa60-b5c6-459f-b1a7-20b99b59a5fe-d8ff558e/relevance/1 .

Yeow, A., C. Soh, and R. Hansen. 2018. “Aligning with New Digital Strategy: A Dynamic Capabilities 
Approach.” Journal of Strategic Information Systems 27 (1): 43–58. https://doi.org/10.1016/j.jsis. 
2017.09.001  .

Yoo, Y. 2010. “Computing in Everyday Life: A Call for Research on Experiential Computing.” 
Management Information Systems Quarterly 34 (2): 213–231. https://doi.org/10.2307/20721425  .

Zhang, H., Q. Liu, and Y. Wei. 2023. “Digital Product Imports and Export Product Quality: Firm-Level 
Evidence from China.” China Economic Review 79:101981. https://doi.org/10.1016/j.chieco.2023. 
101981  .

Zhao, C., W. Wang, and X. Li. 2021. “Digital Development and Service Transformation - Empirical 
Evidence from Listed Manufacturing Companies.” Finance and Trade Economy 7 (2): 114–129.

Zhao, X., X. Li, Y. Li, and Z. Wang. 2024. “The Impact of Digital Transformation on Firm Performance.” 
Industrial Management & Data Systems 124 (8): 2567–2587. https://doi.org/10.1108/IMDS-09- 
2023-0661  .

Zhao, X., J. G. Lynch Jr., and Q. Chen. 2010. “Reconsidering Baron and Kenny: Myths and Truths 
About Mediation Analysis.” Journal of Consumer Research 37 (2): 197–206. https://doi.org/10. 
1086/651257  .

Zhuo, C., and J. Chen. 2023. “Can Digital Transformation Overcome the Enterprise Innovation 
Dilemma: Effect, Mechanism and Effective Boundary.” Technological Forecasting & Social Change 
190:122378. https://doi.org/10.1016/j.techfore.2023.122378.

ASIA PACIFIC BUSINESS REVIEW 33

https://doi.org/10.1016/j.jsis.2019.01.003
https://doi.org/10.1016/j.frl.2023.104370
https://doi.org/10.1016/j.frl.2023.104370
https://doi.org/10.3390/ijerph191912846
https://doi.org/10.1016/j.jclepro.2023.137980
https://doi.org/10.1016/j.jclepro.2023.137980
https://doi.org/10.1371/journal.pone.0302029
https://doi.org/10.3390/ijerph20010203
https://doi.org/10.1016/j.resconrec.2023.107094
https://www.webofscience.com/wos/woscc/summary/1c5ffa60-b5c6-459f-b1a7-20b99b59a5fe-d8ff558e/relevance/1
https://www.webofscience.com/wos/woscc/summary/1c5ffa60-b5c6-459f-b1a7-20b99b59a5fe-d8ff558e/relevance/1
https://doi.org/10.1016/j.jsis.2017.09.001
https://doi.org/10.1016/j.jsis.2017.09.001
https://doi.org/10.2307/20721425
https://doi.org/10.1016/j.chieco.2023.101981
https://doi.org/10.1016/j.chieco.2023.101981
https://doi.org/10.1108/IMDS-09-2023-0661
https://doi.org/10.1108/IMDS-09-2023-0661
https://doi.org/10.1086/651257
https://doi.org/10.1086/651257
https://doi.org/10.1016/j.techfore.2023.122378


A
pp

en
di

x

Ta
bl

e 
A

1.
 D

es
cr

ip
tiv

e 
st

at
is

tic
s.

Va
ria

bl
es

O
bs

M
ea

n
St

d.
 D

ev
.

M
in

M
ax

p1
p9

9
Sk

ew
.

Ku
rt

.

TF
P 

LP
25

72
9

8.
34

7
1.

11
4

3.
49

1
13

.0
96

5.
98

8
11

.1
99

0.
37

3
3.

40
6

La
bo

rP
ro

25
72

8
1.

62
3

0.
2

0
5.

27
2

1.
30

1
2.

30
9

2.
85

5
24

.2
42

ro
aB

25
72

9
0.

03
2

0.
14

8
−

14
.5

86
6.

47
7

−
0.

33
5

0.
22

5
−

34
.0

81
39

02
.1

6
ro

eB
25

72
9

0.
02

6
1.

12
6

−
85

.6
47

24
.2

65
−

0.
92

1
0.

38
7

−
52

.8
57

33
43

.2
43

ln
D

Ta
25

72
9

1.
89

1.
40

4
0

6.
30

4
0

5.
30

3
0.

43
8

2.
44

5
TO

CR
25

72
9

0.
98

7
0.

83
−

35
.2

47
81

.0
67

0.
57

2.
07

8
43

.8
19

39
05

.5
14

SE
R

25
72

9
0.

08
0.

10
3

0
4.

84
3

0
0.

47
8

7.
50

6
22

4.
90

2
CE

P
25

72
9

0.
08

9
0.

50
7

−
21

.8
95

36
.1

48
−

1.
10

1
0.

94
5

11
.2

83
14

48
.3

23
cfl

ow
25

72
9

.0
45

0.
08

2
−

2.
51

6
1.

12
7

−
.1

66
0.

24
8

−
2.

88
3

89
.3

59
KZ

25
24

6
1.

62
2

2.
31

2
−

11
.9

76
26

.8
25

−
4.

51
4

7.
35

1
.2

45
8.

23
9

RD
2

23
77

3
0.

04
6

0.
05

3
0

0.
43

6
0

0.
24

4
2.

39
11

.0
58

si
ze

25
72

9
22

.2
56

1.
36

5
14

.1
58

28
.6

07
19

.7
35

26
.3

63
0.

76
8

4.
21

6
to

bi
n

25
25

0
2.

16
2.

39
4

0.
64

1
12

6.
95

1
0.

84
1

8.
89

8
21

.1
95

83
4.

98
5

ca
sh

25
72

9
0.

20
6

0.
14

5
0

0.
99

8
0.

01
6

0.
67

9
1.

36
9

5.
07

6
in

vt
25

72
9

0.
04

7
0.

04
7

0
0.

64
2

0
0.

22
2.

16
7

10
.4

04
Su

pe
rv

is
or

N
um

be
r1

25
72

9
3.

49
1.

05
2

0
15

2
7

2.
36

9
11

.4
77

Su
m

Sa
la

ry
1

25
72

9
66

60
00

0
74

10
00

0
0

1.
52

6e
 +

 0
8

57
88

00
37

04
45

00
5.

96
5

65
.3

88

34 S. CHEN ET AL.



Figure A1. Sixplot for lnDTa.
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