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[bookmark: _Toc178549719]0 Abstract
In recent years, the digital transformation of companies has risen to be a trendy topic across various industries. With the concept of Industry 4.0 and the fast growth of cutting-edge digital technology, A growing number of companies are applying IoT, big data analytics, artificial intelligence, and other technologies to enhance their business performance. From the viewpoint of change management, the performance of the organization, including strategy plan, cooperation of sectors, and employee training, also have influences on digital transformation. In addition, it is indicated that government policy supports, such as financial subsidies, tax incentives, and technical assistance, are other positive motivations in the digital transformation of companies. 

Therefore, based on the TOE (Technology, Organization, Environment) theory, this study examines 116 cases of digital transformation in private enterprises in China. The sample data of Chinese private enterprises and performances were statistically analyzed by SPSS software. Research indicated that most companies apply digital platforms to deliver digital transformation.  AI technology application has great potential to enhance business performance in digital transformation. However, most organizations neglect the elementals of employee cognition and digital capability in digital transformation. The policy subsidies received by different firms showed large deviation, with a small number of firms receiving large subsidies. Surprisingly, in contrast, policy subsidies and digital transformation have a comparatively insignificant impact on firms' innovativeness performance.

[bookmark: _Toc178549720]1 Introduction
With the widespread Industry 4.0 (Kagermann, H. et al., 2011), the pace of digital transformation has resulted in significant benefits for companies brought by technological innovations (Frank et al., 2019). This means that the Industry 4.0 revolution has accelerated the speed of digital transformation in various industries, which has exploded in the last few years (Amankwah-Amoah et al., 2021). With this combination of external environmental influences and internal demand drivers, companies are constantly seeking digital transformation which will be beneficial for their development, in order to create new value for their businesses.

Nowadays, the application of technology has become the focus of digital transformation research. Many companies have realised that there are many advantages technology that implementation provides to their business. Study shows that digital transformation has been applied in various industries, such as manufacturing, management, services and other different industries, in order to better improve their working efficiency. For example, e-book companies develop optimal pricing strategies through digital services, which can create extra value for the business(Vendrell-Herrero et al., 2017). The outbreak of epidemic has also facilitated the digital transformation of enterprises’ knowledge management (Zeuge et al., 2023). Busulwa et al. (2022) focuses on the particular capabilities of digital business management required by the hospitality and travel industry. The study by Cuesta-Valiño et al points out that digital transformation can reinforce consumer neutrality and their experience(Cuesta-Valiño et al., 2023). In addition, research has also shown that digital transformation in the insurance services sector has contributed to competitiveness in terms of customer satisfaction, referring to changes in business processes, and the launch of novel products(Eling & Lehmann, 2018). Bickauske et al.( 2020)investigated the significant impact of digital transformation on manufacturing.

Digital Transformation ( DT ) is a complicated journey involving technology adoption, and organizational change(Gong & Ribiere, 2021; Mergel et al., 2019; Morakanyane et al., 2017, 2017). At the macro level, enterprise digital transformation involves infrastructure transformation and organizational change so that it can enhance companies’ ability to innovate. From a micro perspective, digital transformation refers to optimizing organizational management and technology of companies to serve the various businesses in a company(J. Wang & Wang, 2024). Therefore, digital transformation is widely considered that businesses use digital technologies to create value. As a result, the research topic of digital transformation research has also become a major research trend in recent years. The study concludes that technology adoption offers significant benefits to digital transformation. For example, Fernández-Rovira et al.(2021) argue that the prediction of consumer behavior improves customer loyalty by big data analytics. Li (2020) argues that digital technology can facilitate business model innovation. Other studies have identified human capital in organizations as an significant element of enterprise digitalisation(Kopackova et al., 2024; W. Li et al., 2024). In addition, for large companies, digital transformation is relatively easy due to the higher level of capital investment and information technology compared to SMEs. Large companies improve the competitive advantage of their business through digital transformation. For most of the SMEs, digital transformation faces many difficulties(Kopackova et al., 2024). 

In addition to technology, organizational performance is also a major research topic in digital transformation. Digital strategy of a company is not only about optimizing its internal operations and improving its competitiveness, but also significantly improves a company's reactivity and cognitive ability to reflect on the competitive environment (Mithas, S. & Mitchell, 2013). It often involves almost every aspect of the business, including transforming commercial operations, influencing manufacturing and management, and changing organizational architecture and governance(Matt et al., 2015). Similarly, leadership has a major influence during the change management procedure. For example, a study identifies digital leadership view as a major impact in improving a company's innovation performance(Benitez et al., 2022). Leaders' incentive policies and communication skills are the key factors that motivate employees to engage in digital transformation(Aigbogun & Tay, 2023). Similarly, employee behaviours and competencies have a significant contribution to digital transformation(Alieva & Powell, 2023). Overall, digital transformation is influenced by many factors, including technology organizational performance, and external policies. The main aim of this research is to carry out a quantitative study of 116 existing digital transformation success stories of private companies and to analyze how these factors contribute to the performance of companies. The Research Question is illustrated as follows：
· Which technologies have an impact on digital transformation?
· What organizational performance impacts digital transformation?
· What competitive advantage can digital transformation bring to organizations?

The following section will be divided into several Sections. Section 2 is a literature review on the concept of digital transformation, including Industry 4.0 impact, digital transformation definition, technological impact, and organizational impact. By studying the existing literature review, a conceptual framework for the research will be proposed in Section 3. Following this, Part 4 will mainly focus on the collection of research data and the research methodology. In section 5, the research data will be statistically analyzed by SPSS software. In addition, Sections 6 and 7 will present the findings of the study, as well as analyze the limits of the study and a conclusion will also be provided from the analysis. Finally, there are my reflective thoughts on the quantitative research program will be illustrated, including the understanding of my research program, and the impact of my doctoral research.
[bookmark: _Toc178549721]2 Literature Review
A literature review is an understanding of existing knowledge (Pritchard, 2013). The literature review is to help us understand the existing concepts better. It allows us to understand the previous research framework about a topic, including research theories, research findings, and research gaps(John W. Creswell & J. David Creswell, 2023). By researching the keyword “digital transformation”, this project understands the trend of digital transformation research in the past few years. Chronologically, there were fewer studies on digital transformation before 2011.
The importance of digital technology applications increased due to Industry 4.0 introduced in 2011. The need for the digital transformation of enterprises is accelerated by technological developments and the impact of epidemics between 2019 and 2024. Several key concepts of the digital transformation conceptual topic were identified through a literature review. Firstly, it is the external driver of digital transformation, including Industry 4.0 and the breakout of the pandemic. In terms of technology, the literature gives the impact of technology on digital transformation, including IoT technology, big data analytics technology, and artificial intelligence technology. In terms of managing change, the literature gives the role of organizations’ digital transformation including leadership recognition, and employee capability. In terms of digital transformation outcomes, researchers have examined the barriers and motivations of digital transformation on organizations. Such as creativity, organizational resilience, dynamic capabilities, performance, and sustainability. With the construction of the research framework, this study analyses the research questions and current research gaps. specific literature review is as follows:
[bookmark: _Toc178549722]2.1 Research Theory
Tornatzky identifies three different elements of the company's environment (TOE) in the innovation process that affect business decisions. To achieve growth and economic effects for the company, the organization divides the available resources and tasks. For example, a shortage of technical staff can constrain the development of new technologies. Similarly, Barney identified four empirical indicators of resources generating sustained competitive advantage by researching the relationship between resources and sustained sustainable competitiveness(Barney, 1991). It is well known that resources are considered the basic unit of analysis in the study of organizational processes(Grant, 1991). Based on the above theories, this research investigated the positive impact of technology adoption and organizational performance in digital transformation from the perspectives of technology resources and human resources. For example, (Muhic et al., 2023) examined the main impediments to cloud computing technology application according to management process barriers (MP) and TOE theory. Similarly, based on the TOE theory, Baabdullah et al. (2021) proposed a conceptual model of AI acceptance that analyses the impact of AI motivation and maturity. Based on the framework of TOE and the TAM, Chatterjee et al. (2021) constructed a conceptual model to examine the influencing factors of technology adoption. The results indicate that the level of leadership support is a key factor influencing technology adoption. On the contrary, Guan et al. (2023) argue that TOE is deficient in fully understanding and predicting the blockchain application. Based on the RBV theory, Elia et al. (2021) argue that the digitalization capabilities of SMEs has an important impact on export impact. Similarly, Qader et al. (Qader et al., 2022) argued that the adoption of Industry 4.0 technologies reinforces supply chain resilience and supply chain effectiveness, relying on the theory of IPT and RBV theory.

[bookmark: _Toc178549723]2.2 Industry 4.0 and 5.0 impacts
The introduction of Industry 4.0(Kagermann, H. et al., 2011) has led to an increasing focus on value creation from technology(Pfeiffer, 2017). For some companies, the implementation of basic technology at the primary stage is a challenge. However, some companies at the forefront of the technology have moved beyond the deployment of the foundational technology. They are researching more advanced front-end technologies, Which is the process of intelligence through technology including intelligent manufacturing, products,  supply chains and employment (Frank et al., 2019). Industry 4.0 is defined as researching lean manufacturing by researching the combination of digital environments and information-physical production systems(Tseng et al., 2021). In the future, the ultimate outcome of Industry 5.0 is to realise sustainable development and resilient manufacturing combined with human-centered concepts. Guided by the principles of Industry 4.0 and 5.0 companies are constantly upgrading their technology to meet current internal and external demands. Therefore, in the context of the concepts of Industry 4.0 and 5.0, it is generally acknowledged that digital technologies affect the growth and competitiveness of companies. The paradigm shift of Industry 4.0 result in a growing number of scholars studying both technical and theoretical clusters. From the theoretical cluster, some research theories are used frequently as a theoretical foundation. In a technical cluster, Industry 4.0 develops new technologies driven by cyber-physical and intelligent systems, consisting of the Internet of Things (IoT), cloud computing, and artificial intelligence. These technologies can help businesses to re-organize and optimize activities and processes, increasing efficiency and flexibility(Cannavacciuolo et al., 2023).
[bookmark: _Toc178549724]2.3 Definition of digital transformation
The definition of digital transformation has been proposed based on the Industry 4.0 paradigm. Morakanyane et al.(2017) summarized the concept of digital transformation in many aspects from organizational characteristics, and drivers to influencing factors. The definition states that digital transformation is a sustained programme of organizational change. It changes the original way of operation and management of an organization, which brings new value creation to the organization. Gong & Ribiere,(2021)indicated that digital transformation involves leveraging digital technologies in innovative ways to bring new value to stakeholders. It provides customers and partners with more useful services or products by using the company's key resources and capabilities. Similarly, Mergel et al. (2019)point out that digital transformation is a pathway with no end state, which requires frequent adjustments to external demands. On the contrary, Frankiewicz & Chamorro-Premuzic, (2020) recognized that human resource development is an essential element in the integration of soft skills and hard skills knowledge. To adapt to digital transformation, organizations must proactively make strategic adjustments to overcome organizational barriers. J. Wang & Wang (2024)point out that to achieve innovation capabilities, at the macro level, firms need to build infrastructure and integrate resources. At the micro level, however, it is the process of empowering the organization through technology optimization. Through the conceptual understanding of digital transformation, digital transformation is considered a way of managing change referring to organizations and technology.
[bookmark: _Toc178549725]2.4 Impact of technology on digital transformation
The study concludes that digital service offerings must be supported by a robust and dependable tech framework to create value. The core technologies for digital transformation are both diverse and complex, including, IoT, big data analytics, artificial intelligence, cloud computing, and 5G technologies(Peillon & Dubruc, 2019). 

With the spread of the Internet of Things (IoT) trend across the globe, its adoption generates new business models that drive innovative activities and global industrial transformation(Chang et al., 2020). The Internet of Things (IoT) is considered to be an important condition for digitization, which is transforming business strategies(Paiola et al., 2022). For example, Kuhn & Lucke (2021) states that digital transformation technologies(e.g., Internet of Things (IoT) and Artificial Intelligence)can significantly enhance industrial productivity, which becomes an increasingly important competitive factor. With the development of 5G, the Internet of Things (IoT) will connect billions of euipments, making everything smarter in homes, offices, and factories(George & Schillebeeckx, 2022). Companies growing more conscious of the value of digital technology especially in response to supply chain disruptions because of epidemics(Papanagnou et al., 2022).

The study concluded that big data analytics can inform changes in enterprise decision-making frameworks. For example, Liu et al. (2019) argue that digital technologies (big data analytics, artificial intelligence, blockchain) can help companies have access to competitive. Behl et al.(2022)argue that Big Data Analytics Capability (BDAC) simplifies the process of information sharing between partners. It enhances the organization's resilience to supply chain risk (SCR) and sustained competitive advantage (SCA). Liu et al.(2019) researched the use of an APP to remotely monitor the entire operational process by urban transport big data and radio frequency identification (RFID) technology. It makes the organisation more competitive in the domestic market by integrating smart manufacturing architecture. L. Li et al.(2022) have shown that the analysis of internal business data and the acquisition of external data can help organizations to improve their data analysis capabilities.

Additionally, the cloud computing industry has changed the way businesses operate. It affects not only the underlying technology but also the business model of the entire enterprise, including the interactions between suppliers, partners, and customers(Muhic et al., 2023).

Hosseini et al.(2019)argue that Cloud Computing Usage (CCU) can alleviate the difficulties of SMEs in emerging markets in terms of information access and marketing. It helps SMEs to solve the problems of information barriers (IB) and marketing barriers (MB) in the process of internationalization. Saratchandra et al.(2022) argue that cloud computing can help small and medium-sized businesses (SMEs) develop skills and abilities based on knowledge and data. It provides flexibility, scalability, and cost-effectiveness to the organizations. Similarly, Peillon & Dubruc (2019) highlight that social media text mining and consumer behaviour analysis offers significant opportunities for businesses to gain a deeper understanding of consumer behaviour to create value.

Artificial Intelligence is considered the next productivity frontier because of its powerful capabilities(Fosso Wamba, 2022). Artificial intelligence technology can predict company performance, organizational agility, and customer agility. Similarly,  Chowdhury et al.(2022)argue that data-centric AI disrupts traditional business models. It provides organizations with management innovation, and process innovation which is seen as a key contributor to competitive advantage. Malik et al.(2022) argue that another concept of digital transformation in engineering is the replacement of manual routine processes by automation, which is efficiently dealing with big data issues. Baabdullah et al. (2021)argue that expertise and professional knowledge are not the main obstacles to AI implementation. While infrastructure development is the main prerequisite, technology roadmap and awareness are the main factors influencing the acceptance of AI. Organizational cognition is also a major influencing factor in technology implementation.
In summary, IoT is the foundation of any service transformation. Big data predictive analytics through artificial intelligence is crucial for digital transformation(Ardolino et al., 2018). Digital transformation is technically an integration of infrastructure development and resource building. It is a technology that optimizes the physical system to create value for the business (Figure 1.1)
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Fig 1  Digital transformation technology concept(Ebert & Duarte, 2018)
Hypothesis 1: Technology adoption and technology deployment are positive influences on digital transformation
[bookmark: _Toc178549726]2.5 Organizational performance impact on digital transformation
Organizational perceptions and capabilities are important influences on digital transformation, including strategy development, leadership support, and employee competencies. Kane et al. (2015)believe that it should be a strategy motivating digital transformation rather than technology. The strength of digital technology is not in the technology itself. Similarly, Chatterjee et al.(2021)identified leadership support as an important factor influencing digital manufacturing, in addition to organizational readiness, organizational compatibility, and partner support. In addition, employees, as a significant element of the organization, have characteristics and behaviors that shap the process of DT in the business. For example, Thi Thu Thuy et al.(2023)identified a lack of digitally competent employees as another major barrier to digital transformation. Similarly, Blanka et al.(2022)also argue that the entrepreneurial and digital competence of employees are crucial for organizations to transform to digital. The digital maturity of an organisation is a prerequisite for employees to gain a transformational advantage. Similarly, Scuotto et al.(2021)state that the individual digital abilities of staff are considered to be a core and necessary asset. Companies can exploit novel chances to discover new management ways for improving efficiency. Therefore, if organizations want to successfully execute a digital strategy, they must carefully and patiently develop their employees' understanding of digital transformation. It is the most crucial method to avoid negative impacts on the delivery of digital transformation because of the uncertainty of your employees. Similarly, for the successful realisation of Industry 4.0, Behl et al. (2023)argue that companies must train their employees to have a better understanding of 4.0 technologies. Ahn & Chen(2022) also argue that training government staff in AI will develop employees' cognize and awareness of advanced technologies that can lead to sustainable development and impactful digital transformation. Similarly, Ullrich et al.(2023) state that organizations should guide their staff to actively engage in the organizational change procedure by training or increasing internal motivation.
Hypothesis 2: Organizational performance is a positive influence on digital transformation
[bookmark: _Toc178549727]2.6 Digital transformation brings benefits to the organization
Digital transformation can impact corporate financial growth. For example, Guo & Xu,(2021) argue that the business performance of an organization can be enhanced by digital transformation. Zhai et al.(2022) conclude that companies with digital technology have lower operating costs. Li (2022)argues that the company has 26% higher profitability than its peers due to maturity in digitalization. This means that the company's economic performance should increase significantly as the digital transformation continues.

Digital transformation improves enterprise production processes, management processes, and customer service relationships. Guo & Xu (2021)argue that it is easier for companies to improve operational processes than to make profits in digital transformation. For example, Björkdahl, (2020) argues that digitization makes the manufacturing process smarter, result in increased productivity and quality.  Jachimczyk et al.(2021) believe that automation and data-driven decisions can improve production and supply chain management, which makes the supply chain more reliable, efficient, and sustainable development. Chen & Kim (2023)concluded that digital transformation can foster business innovation. Similarly, Ardito et al.(2021) argued that digital and environmental orientation has a positive innovation performance in products and processes On the contrary, Usai et al.(2021) argue that digital technology has little effect on innovation performance compared with R&D costs, which are the main fact. In summary, it is beleive that digital transformation can improve the overall performance of an organization.
Hypothesis 3: Digital transformation improves business performance
[bookmark: _Toc178549728]2.7 Research gap
Digital transformation has different features depending on the character and complexity of the organization. Different organizations will face varying particular challenges in digital transformation. In terms of industry, different industries are involved in different issues. For instance, the challenges in digital transformation are different in infrastructure-intensive sectors,including pharmaceuticals, mining, oil, and in customer-focused sectors,such as restaurants, media, banking, etc. (Volpentesta et al., 2023). From an organizational point of view, the specific skills of staff and competencies make the enterprise the opportunity to embrace the opportunities created by digital technologies(Correani et al., 2020). For example, Hanelt et al.(2021) identify technological impact givorganizational change as important research topics for digital transformation. Miklosik & Evans (2020)identified five additional potential opportunities for more research in the field of big data utilization and the application of machine learning-driven technologies in marketing. Similarly, Caputo et al. (2021)state that technology creation and strategic management are the future research directions for digital transformation. Kraus et al. (2021) identified emerging trends in supply chain digitization, including SCM, Industry 4.0, decision-making research, and sustainable development. Therefore, this research analyses the key influences of digital transformation from the technological implementation and organizational level and assesses the positive impact of these factors on business enterprises.
[bookmark: _Toc178549729]3 Conceptual Framework
Conceptual frameworks are collections of related concepts that help researchers develop a broader understanding of phenomena(Imenda, 2014). The research question is an important part of the conceptual framework. It helps the researcher to determine the rationality of the study(Joseph A. Maxwell, 2013, p. 63). By researching the literature review and conducting a pilot study of digital transformation in companies, The following conceptual framework was developed for this project (Fig 2). Technology is a major factor in digital transformation, such as the application of technologies such as IoT, AI, DBA, etc., which help organizations to transform their legacy business models into digital(Blasco-Arcas et al., 2022; Paiola et al., 2022). Organizational roles play an important role in managing change(Cameron, E. & Green, M., 2019). Employee capacity and resistance are also important factors affecting digital transformation(Blanka et al., 2022). A pilot study of coal companies shows that policy support is an important driver of digital transformation(S. Wang et al., 2023).
[image: ]
Fig 2 Conceptual framework for digital transformation Created by Author）
[bookmark: _Toc178549730]4 Research Method
[bookmark: _Toc178549731]4.1 Data Background
Background to the study, in April 2023, the All-China Federation of Industry and Commerce organized a conference on the DT of private enterprises in Beijing. The conference encouraged private enterprises to accelerate digital development. According to the deployment of building a digital China, the All-China Federation of Industry and Commerce (ACFIC) has launched a digital transformation initiative for private enterprises(Digital Transformation Launch, 2023). In June, the All-China Federation of Industry and Commerce held a digital transformation initiative event. Digital transformation promotes traditional industries to accelerate the transformation and upgrading in the direction of intelligence, greening, and integration. Several private enterprises actively participate in digital transformation activities(List of Enterprises, 2023). At the same time, the All-China Federation of Industry and Commerce (ACFIC)  has given policy guidelines for digital transformation(Digital Transformation Guideline, 2023).
[bookmark: _Toc178549732]4.2 Data Collection
Data Collection, this study is based on 116 digital transformation enterprises in the ‘Typical Case Collection of Digital Transformation of Private Enterprises’.(Digital Transformation Cases, 2024). According to the main business of the enterprises, they can be classified into 10 industries such as manufacturing, technology and information technology, energy, environmental protection, medicine, and health. This study analyses the case texts of these 116 companies that have successfully carried out digital transformation. According to the content of the AiqiCha website, the study has supplemented and improved part of the enterprise information, including registered capital and size of the industry and other information. (AiqiCha, 2024). By researching digital transformation examples, this study transforms textual information into scale and categorical variables. Based on the TOE theoretical and conceptual framework, a dataset was developed.
4.3 Research Design
Research design is a way of thinking about research (Kumar, 2012). It helps us to construct how to think about how to conduct research in terms of ontology cognitive theory and so on. For example, what is the research question, and how does the researcher construct my research system based on the relevant question including the theoretical model, essential elements, research structure, and research variables (Bhattacherjee, 2012)? The research roadmap is used to determine how the study will design the research. The type of quantitative research data is numbers. It is deductive that the relationship between theory and research. (Bryman & Bell, 2019). The steps of quantitative research are shown as follows (Fig 3):
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Fig3 The process of quantitative research(Bryman & Bell, 2019)

The secondary data collected was used in this research. The use of secondary data for research is very common (Watkins, 2023). The research data for this study was obtained from publicly available reports. The data form is text information. Some of the data was sourced from corporate information website content including corporate asset size and publicly available policy subsidies. Variables were identified according to previous research and then the data was organized into datasets. The data includes both categorical and numerical data.
[bookmark: _Toc178549733]5 Data Analysis
[bookmark: _Toc178549734]5.1 Impact of digital technology adoption on the digital transformation
Descriptive statistical analyses provide an overview of the data. Technology is considered a prerequisite for driving digital transformation. Industry 4.0 advances technological business change. By researching the frequency analysis of the categorical variables of technology adoption (Table 1), the results of the research show that the use of digital platforms is a widely used technology in the digital transformation of private companies. It has been found that 106 out of 116 companies are using digital platform technology to drive their digital transformation efforts followed by big data analytics (60). In comparison, cloud computing and 5G technologies are used less frequently (7 and 20, respectively). The results show a strong skewness in the data distribution for cloud computing (skewness = 3.741, kurtosis = 12.207) and digital platforms (skewness = -2.987, kurtosis = 7.046). Although some technologies are used frequently, differences in their distribution show that technology adoption varies across businesses.
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Table 1 Frequency distribution of technology applications
One-way ANOVA (Table 2) for six technologies (including IoT, big data analytics, AI algorithms, digital platforms, cloud computing, and 5G technologies). The results show significant F-values for all technology categories (p<0.001). There were significant mean differences in these technology applications across the groups. IoT（F = 18.359，Sig. < 0.001） technology shows the biggest differences between groups, which means the application effect of IoT technology should vary significantly from different enterprises. In different situations, the adoption and effectiveness of IoT technology vary across different fields and industries. The data from ANOVA Effect Sizes (Table 2) indicate that the application of IoT technology (η² = 0.503) and big data analytics technology (η² = 0.411) varied greatly across the groups. Artificial intelligence algorithms (η² = 0.278) and 5G technology (η² = 0.250) have a low level of impact.
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Table 2 One-way ANOVA for technology application
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Table 3 ANOVA Effect size for technology application
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Fig 3 Means Plots of Technology Application
The outcome of the mean analysis indicated that the degree of technology adoption has a positive impact on digital transformation performance. The mean values for all technologies increase with the level of application. Digital platforms Limit the scope for technological uplift at high levels of application (averages stabilize after a certain level of application). Cloud computing, 5G, AI algorithms, and other technologies continue to perform significantly better at higher levels of adoption. Therefore, there is still significant potential to improve these technologies for advanced applications.
[bookmark: _Toc178549735]5.2 Impact of organizational performance on digital transformation
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Table 4 Frequencies of organizational performance
In the 116 samples, the plural Mode of 0 indicates that companies are not paying enough attention to the organizational elements of the digital transformation process. Most organizations tend to adopt technology to enable digital transformation with little consideration for organizational performance. Although most enterprises recognize the importance of strategic plan(39). However, only some enterprises are engaged in institution-building (13) and HR (16) development. There is a clear lack of employee cognize (2) and employee training (5) in the digital transformation process. The majority of firms performed relatively close to each other in the Digital Sector (DT Sector) (SD=0.269, Variance=0.072) and Employee Training (SD=0.204, Variance=0.042). There are large differences in the maturity and execution of strategic (Strategy) planning across firms (SD=0.854, Variance=0.729). The data for the Digital Department (Skewness= 3.200), Employee Training (Skewness 4.559) = and Employee Awareness (Skewness= 7.515) all tended to be skewed to the right, with the majority of organizations underperforming in these areas. Therefore, more attention and improvement are needed in upgrading the training and awareness of employees. The distribution of the employee perception data is very sharp (Skewness = 7.515, Kurtosis = 55.429), with many extremely high values, reflecting the fact that very few firms may have employees with very high levels of cognition.
[bookmark: _Toc178549736]5.3 Policy subsidies
Research shows that policy subsidies are the main driver for businesses to undergo digital transformation(Shao & Chen, 2022; S. Wang et al., 2023) The outcome of the descriptive statistics (Table 5) show that The DT Performance data are largely concentrated, and approximate a normal distribution(skewness = 0.273, kurtosis = -0.022). There are no significant extreme values. The distribution of Policy Subsidy is relatively dispersed (skewness = 4.490, kurtosis = 4.490,). Policy subsidies are unevenly distributed across firms, with most firms receiving subsidies well below the mean, but a very small number of firms receiving subsidies well above the mean. Although the high subsidy group (mean 7.03) outperformed the low subsidy group (mean 4.88) in digital transformation performance. However, this difference was not statistically significant (p = 0.329). In particular, there were large differences in performance between the samples in the high subsidy group (SD= 9.128). When the variances of the two groups were not equal (F = 4.551, Sig. = 0.038), the results of the t-test (t = -0.986, df = 44.538, p = 0.329 (two-sided)) indicated that the difference in the means of the digital transformation performance was not significant between the high-subsidy and low-subsidy groups. Meanwhile, low effect sizes (Cohen's d = -0.262) indicated that the actual impact of the subsidy was smaller, even though there was still some difference (Table 6). Although the data did not show significant differences. However, given the high mean value of the high subsidy group, the sample size could be increased in future studies to further analyze the impact of policy subsidies on performance.
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Table 5 Descriptive statistics in DT Performance
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Table 6 Independent Sample T-test in DT performance
5.4 Impact of digital transformation on the enterprise
[image: 表格

描述已自动生成]
Table7 Correlations of DT Performance
The correlation table shows that DT Performance is significantly and positively correlated with several variables such as increased efficiency, decreased failure rate, increased revenue, increased quality, and decreased human resource costs (Table 7). In particular, it has a strong correlation (p<0.001) with increased efficiency (Pearson0.619) and income growth (Pearson0.497). There is a weak positive correlation between operating cost reduction and DT Performance (Pearson 0.285), while the correlation with other variables such as quality promotion and failure rate decrease is insignificant.
[bookmark: _Toc178549737]6 Findings and Conclusions
The findings suggest that in the digital age, digital platforms can help organizations implement digital strategies. It transforms static business models in complex business environments, which helps organizations to integrate resources and markets to achieve innovation (Xie et al., 2022). At the same time, digital platforms are not only changing the industry model. In addition, there are the internal resources and capabilities of the organization, which help companies to improve efficiency in their management processes(Cenamor et al., 2019). Research has identified external pressures and managerial perceptions as two of these two drivers of digital platform use (Jia et al., 2023). Therefore, managerial perceptions are also an crucial element in technology adoption. The finding of the study show that technology applications such as cloud computing, 5G, and AI algorithms still have great potential to enhance digital transformation. AI technology is considered to be the next era of productivity(Fosso Wamba, 2022). As a result, in the future， there will be a great number of research focused on the impact of AI technology on businesses. In terms of organizational performance, although the majority of companies realized the importance of digital strategy(Björkdahl, 2020; Hartley & Sawaya, 2019), there is still a clear gap in the level of employee cognize and employee training during digital transformation. Employee uncertainty is a significant constraint to digital transformation(Matsunaga, 2024). Employees' digital competence and cognitions are also major factors contributing to digital transformation(Hansen et al., 2021). Policy subsidies have been identified as another major driver of digital transformation (S. Wang et al., 2023), but there is a bias in access to subsidies by different companies, with a small number of companies receiving significant policy subsidies. This may differ from the economic situation in the place where the enterprise is located. A follow-up study could examine the impact of subsidies on digital transformation in different economic regions. While some research have argued that digital transformation can promote companies' innovation capabilities (Lamperti et al., 2024; Radicic & Petković, 2023). However, some studies also suggest that investment in R&D expenditure is a major influence on companies' innovativeness (Usai et al., 2021). The results of this study show a weak correlation between digital transformation and companies' innovation capabilities, and this lack of significance may be influenced by the size of the sample (116 in this sample).
[bookmark: _Toc178549738]7 Research contributions and limitations
This study investigated the digital transformation of private companies by researching 116 referring to the digital transformation of private companies in China in 2024. A conceptual framework is established in this study, informed by the literature review and TOE theory. This study explores the influence of technical, structural, and external factors. It shows how these elements shape the digital transformation of private companies. It provides a reference for the digital transformation of private enterprises from a managerial viewpoint. 

Overall, the results from the digital transformation study indicate that AI technology applications have a large potential to enhance enterprises’ digital transformation and their performance. Organizations often overlook the impact of employee cognition and technical skills on the effectiveness of DT. It is worth mentioning that the impact of policy subsidies on the digital transformation of companies is highly deviated. This may be influenced by the economic situation of the geographical area. The important point is that the relationship between digital transformation and innovate is not significant. Future research could incorporate variables such as firms' R&D spending. According to TOE theory, multiple factors such as technology, organization, and environment combine to influence the digital transformation of a business. However, due to the limited number of samples (115), this study only focuses on digital transformation cases of private enterprises (Digital Transformation Cases, 2024). There may be incomplete situation for the research results.
[bookmark: _Toc178549739]8 Reflective Thinking
As a DBA student with an engineering background, I have a particular interest in SPSS statistical data applications. I'm a big fan of the Positivism paradigm. Therefore, in the process of learning SPSS and statistical learning, I think the data gives results considered more reliable and objective. I think quantitative research and SPSS learning will be of great help in my subsequent research. Because I have not systematically learned statistics-related courses and SPSS courses in my previous study and research, therefore, I learned a lot of knowledge and statistical methods which are very useful for me in this module as well as my doctoral studies and research.

Firstly, I would like to start with my understanding of the quantitative research paradigm. Qualitative research focuses more on textual data. In contrast, quantitative research looks at numerical data. Quantitative research is a deductive method that starts from a theory and formulates a research hypothesis. The research hypothesis with tested by statistical analyses. Obviously, quantitative research is a deduction process.
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Fig 4 The Research Wheel(Rudestam & Newton, 2015)

Through the studying of this course, I realized the importance of sample selection for quantitative research. A representative sample selection allows for the study of presidential phenomena and trends. However, sample selection also has some limitations due to financial and time constraints during the doctoral research. Probability (random) samples are more representative. However, it is almost an impossible thing to complete for doctoral study. I think the ‘snowball’ sampling method is more feasible for completing the doctoral research(Denscombe, 2020).

In this module, I learned how to create and distribute surveys through the Google form platform. For example, a Likert scale can be designed to understand respondents' attitudes toward something(Field, 2024)
At the same time, I also mastered how to catalog and clean the survey data collected. For example, how to deal with missing values using SPSS. How the data has been analyzed with descriptive and inferential statistics. in this module, I have learned how to understand the overall trends produced by data through frequency distributions and descriptive statistical analysis. I also learned about measuring variances in data through kurtosis and skewness. I have learned about testing data correlation by learning about t-tests and analysis of variance (ANOVA). I also have learned how to predict correlations between variables through the study of linear regression analysis. 

In addition, I realized the importance of research theory in quantitative research. Theories are explanations of particular things and phenomena that are important guides to the research topic, both in terms of the content of the research and the interpretation of the findings. In addition, the researcher's perception of the theory also affects the research to have an impact, such as reflecting on the theory and formulating hypotheses in the quantitative research of the study. Researchers design research hypotheses and test the hypotheses by understanding the theory. Therefore, in quantitative research, research theory is considered very important in guiding the process of data collecting and data analyzing (Clark et al., 2021).

Finally, the understanding of statistical analysis methods is very important to my research. Firstly, in brief, I believe that quantitative research is about converting data into numbers and analyzing them using statistical methods. It helps researchers to analyze research data and findings. It also evaluated and proofed the research objectively(Warne, 2018). By learning about descriptive statistics, I also learned how to identify trends in the data presented, including kurtosis, and skewness. Through my study of inferential statistics, I have learned how to evaluate hypotheses in data through hypothesis testing and confidence intervals(Maravelakis, 2019). Statistical methods are different from subjective experience, intuition, and everyday observation. It relies more rigorously on data and analysis. The researcher can reasonably infer the principles behind social phenomena without subjective speculation. This leads to a higher degree of precision and objectivity in the conclusions(Ho, 2017).

However, I have also encountered a lot of difficulties in my quantitative research studies. For example, I had some problems understanding certain statistical principles and methods because I did not study statistics systematically. I also have some confusion when choosing statistical methods. For example, I am always confused about when I need to use a t-test or ANOVA. I collected a small sample (115 companies) for quantitative research due to limited time and effort. This would have created some bias in my analysis of the structure. For example, I analyzed the weak significance of the results of the linear regression analyses, which were not the results of the study that I expected. In the following studies, I hope to improve the size of the sample, which can be an ideal research result. Although statistical analyses and quantitative research are difficult for me, I hope to continue to improve my academic skills and build a solid foundation for my academic study and career in the further.

Overall, the quantitative research course study is of great importance for my research during my doctoral studies. It helps me to test my research hypotheses from a statistical analysis point of view.	
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