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[bookmark: _Toc178258247]Abstracts
Big data, as a disruptive force converging from information and communication technological changes, has continuously triggered ever-changing changes by reshaping the process and way of management decision-making in the last decade. The value of big data (BD) can only be manifested and exploited through the continuous development and enhancement of big data capabilities (BDC).  
The present research aims to systematically analyse BDC's impact on firms' financial and innovation performance and explore the mediating role played by Organizational Learning (OL) in this process. Based on Resource-Based Theory (RBT), Dynamic Capability Theory (DCT) and Organisational Learning Theory (OLT), the present research constructs a theoretical model based on the synthesis of the existing body of knowledge, covering three dimensions of BDC: Resource Integration Capabilities, In-depth Analytics Capabilities, and Real-Time Insight and Prediction Capabilities.
Based on the data collected from online questionnaires of Big Data-related employees who are perceived as relevant to provide primary insights, the present research then leverages structural equation modelling (SEM) analysis to analyse further the subtle impacts of BDC and its dimensional components on the organisations’ performance and innovative performance, as well as the moderating role of OL. 
The present research reveals that BDC significantly and positively impact innovation performance, especially resource integration capability and real-time insight capability. However, the present research also provides evidence that the direct effect on financial performance is more limited. Meanwhile, OL acts as a partial mediating factor between BDC and financial and innovation performance. This suggests that firms can more effectively transform BDC into performance advantages by promoting organisational learning.
The present research not only validates the complex mechanism of the role of BDC and OL on firms’ different performance outcomes but also reveals that firms need to fully leverage the value of BDC by establishing learning organisations in order to gain a sustainable competitive advantage in a rapidly changing market environment. The results of the present research provide theoretical support for the digital transformation of enterprises, as well as new perspectives for academic research on the relationship between BDC, OL and enterprise performance.
Keywords: big data capability (BDC), organisational learning (OL), financial performance, innovation performance, resource-based theory (RBT), dynamic capability theory (DCT), structural equation modelling (SEM). 
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[bookmark: _Toc178258249]Chapter One: Introduction 
This chapter first introduces the research background by describing trends in the application of big data (BD) technologies in contemporary organisations, as well as the opportunities faced by organisations and gaps in the existing body of knowledge. Based on this understanding, the motivation and research questions of the present study are presented and clarified. The chapter also outlines the structural arrangement of this dissertation.

1.1 [bookmark: _Toc178258250]Research Background
With the development of information and communication technologies (ICTs), the scale of global data has shown explosive growth, and human society has entered the era of BD. According to The Economist (2017), data has surpassed oil to become the world's most valuable economy. According to the latest report of International Data Enterprises (2023), more than 59ZB of data was created, captured, replicated and used globally in 2020. It is expected that more data will be created in the next three years than in the past 30 years, and more than three times as much data will be created in the next five years as in the previous five years, and the data volume will grow to 175ZB by 2025 at the global scale (IBID). Scaled, diversified and dynamic Data has permeated every industry, causing massive changes in the business landscape, particularly in how organizations should compete(Yaqoob et al., 2016). 
The development of ICTs is the primary contributor to BD advancements. However, the development of ICSts represented by artificial intelligence and 5G has also been driven by BD, which in turn has led to significant changes through accelerating transformation and upgrading of traditional industries and endowing new opportunities to emerging industries, with competition boundaries showing fuzzy characteristics, and the high intensity and high-frequency interactions of competition becoming an important feature of the competition of enterprises nowadays (McAfee et al., 2012; Fasel and Meier, 2014; George, Haas and Pentland, 2014). Under such a circumstance, favourable policies have been issued continuously across countries to support the development of big data capabilities (BDC). Among these, China has been active and proactive in promoting BD at the industrial application level/ 
IDC expects that the scale of China's BD IT spending in 2028 is expected to be US$50.23 billion, accounting for about 8% of the global total, with a five-year compound growth rate of about 21.9%, ranking first in the world in terms of growth rate (IDC, 2023). The Party Central Committee and the State Council attach great importance to the status and role of BD in promoting economic and social development. In 2014, BD was written into the government work report for the first time, and BD gradually became a hotspot of concern for governments at all levels (Sina News, 2021). Since then, relevant state departments have issued a series of policies to encourage the development of the BD industry. In September 2015, the State Council issued the Outline of Action for Promoting the Development of Big Data, which formally elevated BD to the level of a national strategy, and the Nineteenth National Congress Report proposed to promote the in-depth integration of BD with the real economy (Sina News, 2021). The 14th Five-Year Plan released in March 2021 adheres to the view of data elements, is oriented to releasing the value of data elements, promotes the measurement, exchange and distribution of the value of data elements, accelerates the transformation of the advantages of the characteristics of BD, such as large capacity, multiple types, speed, accuracy and value, supports the cultivation of the market for data elements, stimulates the potential of each link in the industrial chain, leads the industrial chain and the innovation chain with the value chain and promotes the high-quality development of the industry (Jiang, 2023; Hu et al., 2024).
[image: ]
Figure 1-1: State of Big data adoption in organisations at the global scale
Source: (Statista, 2024)
In this context, many enterprises have realised that the development of BD may bring unprecedented opportunities for their businesses. In 2023, 77.6% of organisations worldwide have driven innovation with BD, 50% of organisations have competed on data and analytics, 49.1% of organisations have managed BD as an essential asset for sustainable growth, 48.1% of organisations have positioned themselves as being driven by BD insights; and 42.6% of organisations have established a BD culture where BD is effectively integrated into all different aspects of management and operations (Statista, 2024).
However, both opportunities and challenges exist in terms of rapid BD development. According to Drummer (2020), most of the data obtained by enterprises are unstructured, and most of the enterprises have only analysed and applied 1% of all the data. How to transform ‘BD resources’ into ‘BD capabilities’ and then further transform them into competitiveness and performance advantages has become a major issue and challenge for enterprises. Although scholars have recognised the importance of BDC and called for relevant research, existing research focuses more on the economic benefits it brings, such as the direct relationship between BDC and enterprise performance (Wamba, Gunasekaran, Akter, Ren, Dubey and Stephen J Childe, 2017; Mikalef et al., 2019a; Singh and Del Giudice, 2019a), ignoring their contribution to other benefits, such as innovation. Particularly, existing research on BDC mostly adopts a static perspective, focusing on its short-term economic benefits while lacking in-depth discussion on how BDC can enhance the long-term competitiveness of enterprises, such as innovation. Therefore, this study not only focuses on the direct impact of BDC on the financial performance of enterprises but also further explores how BDC affects the long-term competitive advantage of enterprises, which is reflected in their innovation performance. At the same time, globally, how BDC affect business performance has been widely studied.
The relevant literature covers various types of industries and regions, including manufacturing, finance, and services, etc. Scholars from different countries and regions have explored how BD can enhance firms' innovation capability, operational efficiency, customer satisfaction, and financial performance. These studies have demonstrated the importance of BDC for enterprise competitiveness enhancement and provided a wealth of empirical data to support them. However, despite the fact that China is one of the largest Internet and data markets in the world, the number of studies on how Chinese firms can leverage BDC to enhance their performance remains limited. The environment in which Chinese companies apply BD differs significantly from that of Western countries. This includes differences in government regulation, data policies, cultural differences, and technological infrastructure, all of which affect the application of BDC and the performance of firms. However, most of the current studies are based on the contexts of developed countries in Europe and the US, which are difficult to borrow from China directly. Therefore, the existing theoretical frameworks and empirical methods need to be revalidated and adapted in the Chinese context to suit the unique environment of China. In addition, existing research on BDC in the Chinese context is often fragmented and fails to develop a unified theoretical framework or empirical analysis tools. This makes academic discussions on BDC in the Chinese context fragmented and difficult to develop synergies.
Furthermore, according to organisational learning (OL) theory, OL as a process of constantly testing and correcting errors, whose value is embodied in the continuous generation and application of new knowledge or ideas to create value, has been perceived as relevant and significant for enterprises to overcome inherent path dependence in operation and achieve improved performance and greater innovation (Murray and Chapman, 2003; Wallis, 2009). In the era of the digital economy, with data becoming the new factor of production after labour, capital, land, knowledge, technology and management, OL, which used to be based on the acquisition and utilisation of knowledge, has been given new characteristics. However, existing studies are still controversial about the effect of OL, especially the gap in theoretical studies about the inner mechanism of BDC affecting enterprise performance. The conceptual connotation and dimensionality of OL in the context of BDC are ambiguous, and it is not yet clear whether OL plays a bridging role between BDC and the performance of enterprises in digital transformation.
In short, as the application of BD continues to deepen, Chinese enterprises need to solve the problem of extracting value from vast data resources and explore how to turn this value into a substantial competitive advantage, thereby promoting the sustainable development of the enterprise. This is also a key issue that urgently needs to be addressed in the field of BDC research at this stage. Given the growing role of Chinese companies in the global economy and the strong support for BD at the macro level in China, it is important to explore in depth how BDC can impact business performance in the Chinese context.

1.2 [bookmark: _Toc178258251]Research Questions 
As the Chinese government vigorously promotes BD transformation with BDC as the infrastructure, the following research questions need to be further addressed in the Chinese context.
· Research Question 1: How does the adoption of BDC impact enterprise performance among Chinese organisations?
· Research Question 2: What are the mediating effects of OL in the above relationship?
In practical terms, the motivation for the present research comes from the real challenges and opportunities confronted by Chinese organisations in the BD era. With the rapid development of ICTs, enterprises not only need to acquire and store massive amounts of data but also face the problem of how to effectively analyse, process and apply this data to gain a competitive advantage. Drummer (2020) pointed out that most enterprises can only analyse and utilise 1% of the data they acquire, and the large amount of untapped “sleeping data” means that the potential commercial value has not yet been tapped. At the same time, the processing capabilities of most companies are already struggling to cope with the ever-increasing amount of data, resulting in data resources not being converted into actual competitiveness in a timely manner (Shamim et al., 2019; Wang and Ali, 2023). Against the backdrop that BD has been substantially promulgated in China, the question of how to transform BD resources into BDC and use BDC to improve different aspects of a company's performance has become an urgent issue for companies to address. This study attempts to provide practical implications for Chinese companies on how to effectively utilise and construct BDCs to improve organizational outcomes in the BD environment.
At the academic level, the motivation of the present research is to narrow the existing research gap on BDC. Although some research has explored the causal effect association between BDC and corporate financial performance (Akter et al., 2019; Mikalef et al., 2019a), relatively few studies have examined how BDC affects corporate performance (such as innovation) and how intermediary mechanisms (such as OL) affects the relationship, particularly in the Chinese context. Therefore, the present study hopes to enrich the academic understanding of BDC in strategic management and provide a theoretical basis for future related research by systematically analysing the multidimensional structure of BDC and its impact on corporate innovation and financial performance and, in particular, exploring the mediating role of OL between BDC and corporate performance, in the Chinese context.

1.3 [bookmark: _Toc178258252]Structure of the Dissertation  
Chapter One: This chapter first elaborates on the potential impact of BDC on business performance and its practical significance, highlighting the unique Chinese context where BD has been actively and proactively promulgated. Then, it justifies the necessity of the existing research and presents the research problem and research significance.
Chapter Two: This chapter reviews and analyses the key literature related to BDC, OL, and firm performance. It then explores several theoretical underpinnings for the present study, which facilitates the formulation of the research hypotheses.
Chapter Three: This chapter explains the research design based on the research onion model. 
Chapter Four: This chapter presents empirical analysis outcomes based on the sample data collected to test the hypotheses. In conjunction with the results of the analyses, this chapter also compares and discusses in relation to the existing literature.
Chapter Five: This chapter concludes the study's key findings and discusses its practical implications. It also discusses the study's limitations and provides several suggested directions for future research.


[bookmark: _Toc178258253]Chapter Two: Literature Review 
The chapter provides a comprehensive conceptualisation of BDC and enterprise performance, and the chapter also reviews the theory related to BDC. Based on an understanding of these theoretical foundations, the chapter moves on to a review of existing empirical studies regarding the impacts of BDC on financial and innovation performance and the role played by OL. The literature reveals the gap in understanding the mechanism through which BDC influence financial and innovative outcomes. The then chapter proposes hypotheses to extend existing knowledge by grounding the analysis in established theories, such as resourced-based theory (RBT), dynamic capability theory (DCT), and organisational learning theory (OLT).

[bookmark: _Toc178258254]2.1 The Conceptualization of Big Data Capabilities 
[bookmark: _Toc178258255]2.1.1 The Definition of Big Data Capabilities 
Since 2012, "Big Data" (BD) has gradually become an important topic widely studied by scholars internationally. Scholars have been studying the connotation, characteristics and application of BD, and they generally believe that BD is the explosion of the global data volume and that the massive data can become the basic resources of enterprises, helping business managers to make more informed and proactive decisions (McAfee and Brynjolfsson, 2012). The use of BD to develop the enterprise economy has become the current focus of business competition, and organisations from all walks of life are attempting to realise business competitiveness through the use of BD. 
However, as research on BD continues to enrich, more and more scholars have pointed out that only by analysing and transforming BD resources can they give full play to their proper value by the sheer volume of data. As a result, since 2014, mainstream research in academic journals has begun to propose "BD Analytical Capabilities" (Gupta and George, 2016; Akter et al., 2019; Ferraris et al., 2019; Mikalef et al., 2019b) based on the perspectives such as Resource-Based Theory (RBT), IT Affordance Theory, and Dynamic Capability Theory, kicking off the research on the capability transformation of BD resources in academic research. Specifically, based on RBT, Braganza et al. (2017) understand BD analytical capability as the ability of organisations to acquire, integrate and analyse BD and to be able to use the insights gained from BD to make informed decisions that generate real business value While, Gupta and George (2016) define BD analytical capabilities as the ability of an organisation to acquire, integrate and deploy its BD-specific resources, which include tangible, human, and intangible resources for BD analytics. From the IT affordance perspective, Ghasemaghaei, Ebrahimi and Hassanein (2018) see BD analytics as an IT capability to derive valuable insights from large, dispersed datasets based on mechanisms such as natural language processing, data mining and intelligence, predictive analytics, etc.; Ferraris et al. (2019) define BDA analytics as the IT process of extracting valuable information and knowledge from massive amounts of data, which makes management activities more efficient through data interpretation and analysis; Huerta and Jensen (2017) define BDC as the IT ability to visualise the data itself based on the information and technical means, to drive business activities with data, and to make business decisions more intuitive and transparent.
Nevertheless, there are shortcomings in the above conceptualisation. Specifically, scholars focus on tangible resources, human resources, intangible resources and other factors of BD analysis based on the perspectives of RBT and IT capability theory, which may lead to the formation of excessive dependence on the resource system of the enterprise and the ignorance of capacity construction at the level of strategic decision-making. Meanwhile, scholars have begun to propose BDC based on DCT and strategic decision-making considerations. These studies argue that the transformation of capabilities of BD resources should not be limited to "analytical" capabilities but should also include a wider range of "non-analytical" aspects and that the formulation of BDC can better reflect the dynamic development characteristics of capabilities, the composition of BDC elements and the integration, coordination and synergy of BDC with other resources and capabilities of the organisation (Braganza et al., 2017; Anwar, Khan and Shah, 2018; Nisar et al., 2021).
From DCT as well as RBT, Upadhyay and Kumar (2020) define BDC as the ability to gain business insights and build competitive advantage through data management, (technical) underlying resources, and (individual) giftedness; Wamba et al. (2017) perceive BDC as the ability to manage, process, and analyse the 5Vs (Scale, Versatility, Velocity, Accuracy, and Versatility) of BD through the feteching, storage, management, processing, and analysis of data. Meanwhile, Lin and Kunnathur (2019) understand BDC as a dynamic organisational capability to obtain, organise and analyse BD to make more informed managerial decisions based on the greater comprehensiveness and accuracy of BD insights. Mikalef and Krogstie (2020) see BDC as the ability of organisations to generate actionable insights by capturing and analysing data and effectively allocate resources (e.g., capital, talent) across company-wide processes, roles and networks. Whereas, from a strategic decision-making perspective as well as RBT, Lozada, Arias-Pérez and Henao-García (2023) define BDC as the dynamic ability of an organisation to use and deploy BD resources strategically to develop competitive advantage. 
Three distinct characteristics can be synthesized when reviewing a wide range of definitions of BDC above. Similar to BDA, acquiring, integrating, and analysing massive amounts of data is a prerequisite, but BDC is more complete in its description of the data processing process, including data collection, storage, processing (mining and analysis), delivery, and use; Similar to BDA, obtaining valuable information and new insights in the process, but the process proposed by BDC also includes coordinating BD activities with other business activities of the enterprise; In addition to enhancing decision-making capabilities and competitive advantage, the description of the ultimate goal of BDC emphasises strengthening the responsiveness and adaptability towards the uncertain and volatile operational environmental.
[bookmark: _Toc178258256]2.1.2 The Dimensions of Big Data Capabilities 
Research scholars have classified BD competencies into dimensions based on different theoretical foundations and research purposes. The existing studies have classified it into unidimensional, two-dimensional, three-dimensional and other variations and correspondingly designed measurement scales. Among them, there are three mainstream divisions. 
On the one hand, BDC can be divided into three dimensions if BDC is viewed as a general IT instrument: tangible resources, human resources, and intangible resources. Based on three dimensions, Gupta and George (2016) proposed a measurement scale with a total of 32 measurement items. The measurement has demonstrated certain reliability and validity in empirical studies performed by other scholars, such as Awan et al. (2021) and Behl et al. (2022). On the other hand, based on the RBT, BDC can also be categorised into three dimensions: management capability, technical capability (infrastructure flexibility), and talent capability. Akter et al. (2019) proposed a measurement scale based on this dimensional division with 44 measurement items, and its applicability has also been confirmed by studies such as Talwar et al. (2021).
Aside from the above two approaches of dimensioning BDC, another widely applied dimension division approach has emerged in recent years. Based on the DCT and strategic decision-making considerations, BDC can also be divided into three dimensions, including resource acquisition capability, in-depth analysis capability, and real-time insight and prediction capability. Among them, resource integration capability refers to the ability to acquire and integrate internal and external BD resources continuously; in-depth analysis capability encompasses the ability to generate new and multi-dimensional insights based on the meticulous analysis of BD; real-time insight and prediction capability is the ability to generate real-time insights or predict trends base on BD. Through the conceptual comparison of the three dimensions, it is not difficult to find that the division is made according to the sequential process of the enterprise's collection, processing and application of BD. Xie, Liu and Wang (2016) developed a measurement scale based on this dimensional division, which has 16 measurement items, and this research team fine-tuned the names of the dimensions and scale items in subsequent studies, which showed high reliability and validity after many empirical tests, laying the foundation for many related empirical studies. In the present study, it is believed that it is more reasonable to divide BDC into the above three dimensions. Specifically, this paper considers that BDC is the simultaneous embodiment of resource integration capability, in-depth analysis capability, and real-time insight and prediction capability at the capability level. 

[bookmark: _Toc178258257]2.2 Theoretical Underpins 
[bookmark: _Toc178258258]2.2.1 Resource-based Theory 
RBT is the basic theory and dominant paradigm in the field of strategic management, which is mainly applied to analyse the competitive advantages and performance differences of enterprises arising from resource heterogeneity. The formal formation of RBT started with Wernerfelt (1984) and has been refined through a series of studies such as Barney (1991), Amit and Schoemaker (1993), Peteraf and Bergen (2003) and so on, which have resulted in the formation of a systematic theoretical system. RBT is broadly divided into two research perspectives: one is represented by Barney (1991), who, from the internal perspective of the enterprise, explores what characteristics of heterogeneous resources the enterprise possesses to bring about competitive advantage and performance differences, and the other is represented by Peteraf and Bergen (2003), who, from the perspective of competition in the external market, explore how to deal with resources to form different competitive strategies that thereby gain competitive advantage and performance differentiation.
Based on the first research perspective, Barney (1991) suggests that resources are homogeneous when they begin to enter the firm and form heterogeneity as they merge with firm characteristics. Barney (1991) proposes the VRIN model, which suggests that heterogeneous resources are valuable, scarce, inimitable, and non-substitutable. Based on his research, Barney (2002) then proposes the VRIO model, which suggests that heterogeneous resources are valuable, scarce, inimitable, and organisational. VRIO model, which argues that heterogeneous resources are valuable, scarce, inimitable and organisational; the first three characteristics have been elaborated in Barney's (1991) study, and this time, the emphasis is on organisational aspects, i.e., firms have to develop their resources according to a certain procedure to maintain a lasting competitive advantage. 
Based on the second research perspective, Peteraf (1993) emphasises that firms segregate different competitive strategies through resource differences that lead to competitive advantage and performance differences. Specific competitive strategies include four types: first, a competitive strategy centred on the limited supply of resources, which emphasises how firms can gain a competitive advantage by acquiring high-quality, limited resources that are different from those of their competitors; second, a competitive strategy centred on the incomplete flow of resources, which emphasises how firms can gain a competitive advantage by utilising resources at a higher rate than those of their competitors; and, third, ex-ante competitive constraints strategy, which emphasises how firms can gain competitive advantage by obtaining superior resources from the market at lower costs; and fourth, ex post competitive constraints strategy, which emphasises how firms can gain competitive advantage by making their resources inimitable and imperfectly substitutable.
Overall, the essence of RBT lies in the heterogeneity of intra-firm resources, such that all the unique resources of an enterprise can enable the enterprise to ensure heterogeneity with other enterprises in the industry over a fairly long period to obtain a competitive advantage and achieve performance success. In essence, RBT establishes a framework system of "BDC as a resource--- firm performance", and the heterogeneous BDC resources of enterprises form a kind of isolation mechanism that can be imitated or copied, helping firms to formulate and implement valuable strategies that can lead to improved performance.
[bookmark: _Toc178258259]2.2.2 Organizational Learning Theory
OL has been an important management topic for scholars, and there is a vast and complex body of research on OL, with concepts dating back to the 1950s. However, despite the rapid development of research on OL, the clarification and formal definition of OL have been fraught with inconsistencies. For example, Duncan (1972) defines OL from an economic perspective as the trajectory of processes that improve the output of actions within an organisation to increase economic efficiency. It can be seen that this definition has obvious economic attributes that make it difficult to convey the true meaning of OL in business management. Argyris and Schön (1997) formally made a definition of OL. They believe that first of all, in terms of learning is the accumulation of knowledge, information internalisation and storage, OL is the organisation of each member of the self-examination and checking the organisation of the management of the problems in the management of the organisation, to find and correct the errors of OL, and to promote the organisational behaviour adjustment and correction process.
Scholars' definitions of OL have been continuously interpreted from the perspectives of sociology, knowledge application and management. For example, Gherardi (2000) defines OL from a sociological point of view, perceiving it as an organism that encompasses the two gametes of organisation and learning. It is distinguished from general individual learning by its special feature of group learning in social relationships bounded by organisational statutes. Teece (2000), combined with the view of dynamic competence, proposed that OL is a process of response to the rapidly changing business environment, the group efforts formed within the organisation for self-renewal, proactive learning, optimisation, and improvement.
It can be seen that the definition of OL is constantly evolving and is closely related to the development trend of the times. Based on the above compilation and refinement of the definition of OL, this paper argues that OL is an adaptive process of organisations searching, transforming, applying and creating internal and external knowledge and information to obtain and sustain corporate competitive advantages in a turbulent and complex business environment.
[bookmark: _Toc178258260]2.2.3 Dynamic Capability Theory 
With the development of RBT, some researchers and scholars have questioned its viewpoints, arguing that RBT confuses resources and capabilities and that its viewpoints mainly focus on the static resources of the enterprise while ignoring the dynamic environment. Teece, Pisano and Shuen (1997) first proposed Dynamic Capability Theory (DCT), which is considered to be an extension of the RBT, with full consideration of the dynamic environment within which the organisation operates. With the depth of research, scholars have supplemented and enriched DCT. The related research is mainly based on two perspectives: the perspective of capability and the perspective of process.
From the capability perspective, Teece, Pisano and Shuen (1997) define dynamic capabilities as competencies through which organisations can continuously construct, reshape, configure and reconfigure all the internal and external technologies, resources, etc., to be more responsive in any environmental shifts and be more resilient in the competition and ultimately obtain a sustainable competitive advantage.; Winter (2003) believes that dynamic capability is a higher-order ability to expand, change, and create conventional lower-order capabilities; Zahra et al. (2006) propose that enterprise managers can allocate resources based on predetermined ways and the ability to allocate resources purposefully. 
From the process perspective, research scholars argue that dynamic capability is a specific and identifiable strategic or organisational process. For instance, Zollo and Winter (2002) suggest that dynamic capability is the process by which firms, through learning, obtain a stable mode of operation so that the enterprise can achieve higher efficiency. 
Regardless of the perspective, there is no contradiction in the definitions of dynamic capabilities by researchers and scholars. Previous scholars argue that BDC can be perceived as one essential dynamic capability of the Organization, especially underpinned by the fact that BDC allows real-time insights generation from massive data. BDC enhances other aspects of the dynamic capabilities of organisations through synergetic effects, e.g., greater supply chain resilience and responsiveness, improved innovative process and efficacy, etc. (Braganza et al., 2017; Shamim et al., 2019; Mikalef, van de Wetering and Krogstie, 2021).

[bookmark: _Toc178258261]2.3 Big Data Capabilities and Firm Performance
Enterprise performance indicator evaluation systems have experienced the following stages of development (Harrison and Wicks, 2013; Miller, Washburn and Glick, 2013; Taouab and Issor, 2019). 
Firstly, a single financial indicator evaluation stage. As early as the middle of the 19th century to the early 20th century, with the introduction of Taylor's scientific management ideas, the cost performance method has become the most important means of performance evaluation, and performance improvement. This stage is a single financial indicator for enterprise performance evaluation. 
Secondly, the stage of comprehensive financial index evaluation: from the early 20th century to the 1970s, with the proposal of the DuPont financial evaluation system, the comprehensive financial index became the mainstream performance evaluation means. 
Third, the stage of the comprehensive evaluation of financial and non-financial indicators. From the 1970s to the present, non-financial indicators, such as innovation and sustainability, began to become an important part of enterprise performance evaluation. 
In the present research, the focus on firm performance is on the combination of financial and non-financial indicators, specifically on the impact of BDC on financial performance and innovation performance. The relevance and significance of financial indicators in all three stages of evolution is self-evident, supporting why we need to focus on financial indicators. This paper focuses on innovation performance because in modern enterprise management, with the development of information technology and the arrival of the BD era, innovation performance has become one of the key factors for enterprises to stand out in the competitive market. Against the background of intensified globalised competition and increased market uncertainty, innovation has become a necessary condition for enterprises to acquire core competitiveness. Improved innovation performance not only helps enterprises gain competitive advantages in the short term but also lays a solid foundation for their long-term development. Especially in the Chinese market, in the face of increasingly stringent environmental regulations and diversified market demands, companies need to innovate to meet external challenges and achieve sustainable development continuously. Especially in the Chinese market, with the acceleration of the digital transformation process, innovation performance has become one of the most important means for enterprises to cope with market competition and the complex external environment. Those enterprises that excel in innovation are often able to maintain their leading position in the fierce market competition and continue to attract high-value customers and consolidate their market share.
Therefore, innovation performance is not only an important measure of enterprise competitiveness but also a key driving force for enterprises to obtain long-term development and sustainable growth in the new era. In examining the impact of BD capabilities on enterprise performance, focusing on innovation performance will help to comprehensively reveal how enterprises respond to dynamic market environments through innovation to enhance their overall operational efficiency and market competitiveness.
[bookmark: _Toc178258262]2.3.1 The Impacts of Big Data Capabilities on Financial Performance 
In the business environment of the Internet of Everything, enterprises not only need to use their own resources to obtain more data resources but also need to use the power of technology to complete the mining, integration and utilisation of data and to discover and gain insight into the business value hidden behind the data promptly. The most important thing in BD is the information it contains. Under the support of BDC, the basic value formation of the organisation is achieved through learning commitment, sharing vision, acquiring, absorbing and sharing new knowledge within the enterprise, which lays a good foundation for the formulation of strategic orientation of the enterprise under BDC (Wamba, Gunasekaran, Akter, Ren, Dubey and Stephen J. Childe, 2017; Maroufkhani et al., 2019). BDC can help companies collect and manage key information about the market, provide more powerful dynamic information processing capabilities, mine information for valuable insights, and help companies identify emerging opportunities (Gupta et al., 2020). In the short term, it can more accurately capture market dynamics and customer demand, increase profit returns, etc., to drive overall financial performance; in the long term, it can improve operational efficiency, achieve the purpose of innovative products or improve business processes, form a dynamic organisational structure to promptly respond to environmental shifts and drive the improvement of corporate performance (Singh and Del Giudice, 2019b). 
Resource integration capability is the basis of BDC; the professional and technical personnel of the enterprise use BD technology to integrate it with the operation process of the enterprise through the integration of BD resources, classify and summarise the data generated, and apply it to the process of enterprise innovation as a unique resource of the enterprise, coordinating the relationship between business processes, personnel and other resources within the organisation, and providing value to each strategic business unit (Fosso Wamba and Mishra, 2017). The effect of creation prompts enterprises to identify problems in real-time, generating value for the process and results of enterprise innovation behaviour and achieving optimisation of enterprise performance. 
Analytical capabilities help enterprises discover and efficiently store, retrieve, visualise and analyse data information at any time, convert data into the most usable form, apply it to the enterprise's operation and management processes, and assist them in professional processing and precise analysis of huge data information to articulate and solve business problems clearly and continually support the resources and strategic decisions required for enterprise development (Elgendy and Elragal, 2014). The ability to integrate and analyse BD helps enterprises formulate different strategies around different sectors by processing a variety of internal and external information, strategically positioning themselves in the market, and achieving product and service drive and industrial specialisation, which is an effective way to enhance enterprise performance (Ohlhorst, 2012).
Insight prediction can be analysed and judged by some current situation or future trends. The real-time insight prediction of BD helps enterprises to understand the market demand in time, and based on this, accurate prediction of future demand guides the production activities of enterprises and helps enterprises to rationally allocate internal resources (Schoenherr and Speier‐Pero, 2015). At the same time, it can also track and monitor the products. Once the company's products in which part of the problem, it can immediately tell the enterprise product defects and new uses, more accurately identify narrow market segments and niche markets, etc., to improve services and products, and enhance customer satisfaction (Jeble, Kumari and Patil, 2016). Real-time insight ability helps enterprises to grasp the overall evaluation of customers on the enterprise fully and the overall response to products and services. Enterprises can accordingly carry out the integration of marketing channels and the adjustment of the communication method so that the enterprise's product information can be quickly and accurately sent to the customer and, at the same time, respond quickly to the customer's feedback to better create and deliver customer value. Real-time insight capability helps enterprises to be more agile and responsive to predicted market trends and potential future business opportunities, applying them to business practices to accelerate innovation, develop new products, services and business models to gain more market share, etc. 
In summary, this paper proposes the following hypotheses:
H1: There is a significant positive correlation between BDC and enterprise financial performance.
H1a: There is a significant positive correlation between BD resource-integration capability on enterprise financial performance.
H1b: There is a significant positive correlation between BD analytical capability on enterprise financial performance.
H1c: There is a significant positive correlation between BD real-time insights and prediction capability and financial innovation performance.
According to OLT, the nature of learning is a process of continuously testing and correcting errors to adapt to complex external environments, with three distinctive features: continuity, phasing and dynamism (Argyris and Schön, 1997), where phasing emphasises the need for firms to adapt their learning objectives and tasks according to different stages of organisational development. Similarly, when dealing with the volatile, uncertain, complex and ambiguous digital environment, firms need to make continuous change, which should be based on rational trial and error following the actual development of the organisation and its internal needs, in addition to conducting acquired learning to acquire mature digital solutions from third parties (Calvard, 2016). Enterprises' proactive or reactive learning in response to environmental change can drive business performance, as demonstrated by the following:
On the one hand, when enterprises anticipate future trends, they will no longer rely too much on experience when making strategic decisions. However, they will take proactive change measures, which can effectively avoid risks in operation and thus promote the sustainable development of enterprise performance (Liao, Welsch and Stoica, 2003; Chang et al., 2013). When the sensitivity and responsiveness of the enterprise to environmental changes are enhanced, the enterprise can identify and grasp new opportunities promptly, establish competitive advantages by seizing the market earlier than competitors, and ultimately improve enterprise financial performance (Dejardin et al., 2023; Muneeb et al., 2023).
On the other hand, as a higher-order dynamic capability, the process of restructuring organisational resources and practices by BDC does not happen overnight but is continuously adapted, iterated and updated through OL (Zollo and Winter, 2002). Through this process, enterprises can gradually integrate BDC deeply with business processes, ultimately creating a new way of creating value for the organisation. Particularly in Chinese enterprises, organisations need to continuously learn and adapt to the changes in BD technology in the face of rapidly changing market environments and complex regulatory systems (Song, 2015; Chang et al., 2017). The ability to adapt and respond dynamically to any environmental changes is mainly reflected in the optimisation of management practices to improve financial performance.
In the Chinese context, organisations are often affected by cultural differences, diversity of market demands, and changes in the policy environment. Hence, the implementation of BDC requires a more cautious and flexible approach. This gradual integration through organisational learning enables BDC to influence decision-making processes and operating models, driving innovation and efficiency. For example, Internet companies and manufacturing companies in China have successfully integrated Big Data technologies into their production management and customer analysis processes through organisational learning, creating a new competitive advantage. This approach to value creation ultimately has a positive impact on firms' financial performance and, as Garmaki, Gharib and Boughzala (2023) point out, through the integration of BDC with business processes, firms can utilise their resources more efficiently, improve their profitability and enhance their competitiveness in the market.
This progressive application of BDC through organisational learning not only enhances firms' ability to innovate but also enables them to better cope with market volatility and uncertainty, which is especially critical in China's fast-growing economy.
H2: OL mediates the relationship between BDC and financial performance.
[bookmark: _Toc178258263]2.3.2 The Impacts of Big Data Capabilities on Innovation Performance 
With the in-depth research on BDC, scholars focus on studying the impact of BDC on innovation performance. Trabucchi and Buganza (2019), based on the exploratory multiple case study approach, propose a BD-driven approach to innovation where the need and the analysis of data letting begin the entire innovation process. Ghasemaghaei and Calic (2020) explore the main characteristics of BD (e.g., velocity, variety and volume) on innovation efficiency and efficacy by collecting primary data from questionnaire 239 managers, and their results indicate BDC significantly enhance innovation performance through its capabilities manifested based on three characteristics above. Zhang et al. (2022) use survey data from 229 participants working in the manufacturing sector in China to investigate how BDC interplays with ambidextrous innovation, and they argue that BDC promotes exploitative innovation to develop a sustainable competitive advantage, the relationship of which is partially mediated by the ambidextrous innovation strategy. 
Amid unprecedentedly fierce competition, enterprises are now expected to develop the ability to properly and promptly respond to any environmental shifts. BD resource integration capability allows the organisation to integrate all relevant data sources in a real-time manager, allowing organisations to develop greater sensitivity and responsiveness to changes in the business environment and initiate corresponding measures to establish a first-mover advantage over their competitors more quickly than they would otherwise be able to do (Hao, Zhang and Song, 2019). For example, to adapt to the diversity of customer needs, BD resource integration capability exploits the potential value of BD present in every touchpoint along the customer journey. Through the transformation, processing and integration of BD resources into the enterprise business processes, it forms new innovations (e..g products, services, business models) that cater for the emerging demands of customers ahead of customers and that are difficult to be imitated by rivals, fosters customer loyalty, and improves the overall innovation performance. As such, the ability to integrate resources is itself a form of knowledge that creates new ways of application, either on its own or in combination with other knowledge. Resource integration capability largely determines the conversion rate and effective utilisation of external knowledge, which focuses on integration and innovation, involves coordinating and matching resources from different sources, at different levels and with different contents and facilitates enterprises to reconfigure their resource portfolios, competence structures and business scopes, and to quickly identify innovative opportunities in the competitive environment to realise breakthrough innovations (Cadden et al., 2023; Xie et al., 2024). In this sense, enterprises are often able to effectively alleviate the pressure of resource constraints and break out of the original innovation paradigm by integrating existing internal and external resources and help enterprises avoid the rigidity of innovation capacity brought about by the accumulation of single knowledge.
In the dynamic environment of fierce competition, enterprises use BD in-depth analytical capability to collect, process and analyse information and can gain insights and identify business opportunities from BD. External knowledge, such as market knowledge and technological knowledge drawn from market orientation, needs to be processed and analysed in-depth before it can be extracted and summarised into the information needed by the organization (Hariri, Fredericks and Bowers, 2019). The knowledge extracted from data can help companies establish industry benchmarks, take the lead in emerging markets, and accelerate product development to meet changing customer needs. At the same time, BDA can enhance the flexibility and transparency of organisational operations, promote bilateral information flow within the system, and ensure the reliability and high quality of data through the application of BDA such as Hadoop to remove redundancy and reduce noise, thus effectively reducing the possibility of poor-quality data (Ohlhorst, 2012). Therefore, the stronger the in-depth analysis capability, the more efficient the use of data resources and the less likely the knowledge and decision-making errors are triggered, which will help enterprises to meet the market demand through innovation.
At the same time, the competitive environment faced by enterprises is dynamic, complex and changing, and real-time insights and forecasting capabilities can help enterprises identify innovation opportunities in the market in the fastest way and predict the future trend of the market so that they can better allocate innovation resources and plan innovation strategies and processes, thus realising the improvement of innovation performance (Erevelles, Fukawa and Swayne, 2016). The time-sensitive nature of BD, i.e., the state and value will evolve with the changes in time and space, also requires enterprises to build real-time insight and prediction capabilities to explore the hidden value within the data (Shahid and Sheikh, 2021). Therefore, the stronger the real-time insight and prediction capabilities, the more accurate enterprises can read consumer behaviour, preferences and other information, and the more conducive to market-oriented enterprises to grasp the market opportunities before competitors, discover emerging edge markets and customer groups on time, explore new profit models and transaction methods, and further redefine the value proposition of stakeholders. In addition, empirical studies such as Gupta et al. have shown that BD predictive analytics can significantly improve innovation performance.
In summary, this paper proposes the following hypotheses:
H3: There is a significant positive correlation between BDC and enterprise innovation performance.
H3a: There is a significant positive correlation between BD resource integration capability on enterprise innovation performance.
H3b: There is a significant positive correlation between BD analytical capability on enterprise innovation performance.
H3c: There is a significant positive correlation between BD real-time insights and prediction capability and enterprise innovation performance.
There is a huge advantage in the information collection and processing of enterprises with BDC, which has a facilitating effect on enterprise OL, and scholars have researched the practice of applying BDC to OL, such as the study regarding the theorisation of interpretive challenges using BDC under the conditions of dynamic complexity by Calvard (2016), the investigation of the mediating role of OL on BDA and firm performance by Garmaki, Gharib and Boughzala (2023), etc. The RBT also holds that both knowledge and capability are heterogeneous resources, and they are generated by continuous OL (Dubey et al., 2019; Shan et al., 2019a; Kamboj and Rana, 2023). Many scholars study the mediating role of OL between IT capabilities and firm performance. Argyris and Schön (1997) found that firms that value and actively engage in OL are more successful in their innovation activities compared to other firms. In the context of the BD era, organisations will be faced with an unprecedented amount of information. 
On the one hand, BDC provides companies with the ability to access, analyse and integrate large amounts of data, thus enabling them to rapidly gain knowledge about market changes, technological advances and customer needs. However, simply having this data and the ability to analyse it is not enough to directly improve innovation performance. Through OL, companies are able to transform this data into actionable knowledge that can be further internalised into core competencies. Through an effective OL process, organisations are able to extract valuable information from extensive multidimensional and even unstructured data and then apply it (through algorithm programs to support other functions such as modelling and prediction) to promptly into processes such as product development, process optimisation, and business model innovation, thereby improving an organisation's innovation performance (Trabucchi and Buganza, 2019).  OL also plays the role of helping companies to update and restructure their knowledge continuously, thus ensuring that the linkage between BDC and corporate innovation capabilities is maximised. The fierce market competition in the Chinese context requires companies to deploy continuous OL in order to transform insights provided by BD into BD insights and then into innovative practices. This continuous OL involves grasping market opportunities and optimising the allocation of innovation resources. Thus, OL serves as an intermediary that connects the development of an enterprise's BDC and the realisation of its innovation outcomes.
On the other hand, OL can also play the role of helping organisations to share and exchange knowledge across departments on the basis of BDC, thus improving synergetic collaboration and then stimulating creativity and innovation potential based on more integrated information and seamless cooperation. Through the OL mechanism, enterprises can share the results of BD analyses among different business units and use these results to drive product innovation, service optimisation and process improvement. As a result, organisational learning not only improves the efficiency of utilising BDC but also enhances the overall innovation capability of the enterprise.
Therefore, OL plays a key intermediary role between BDC and innovation performance, bringing the full potential of BDC into play through the learning and knowledge transformation process. This process, in turn, enhances the enterprise's innovation performance. Therefore, this paper proposes the following hypotheses. 
H4: OL mediates the relationship between BDC and innovation performance. 

[bookmark: _Toc178258264]2.4 Summary of Literature Review 
In summary, in reviewing the literature, this study focuses on the conceptualisation, dimensional classification and impact of BDC on business performance, including financial performance and innovation performance. First, from the perspectives of RBT, DCT and OLT, BDC is not only reflected in the ability of enterprises to collect, integrate, analyse and predict insights from data but also emphasises the ability of enterprises to dynamically adjust and integrate resources with the aim of continuously promoting performance growth by enhancing their competitive advantage. Second, by analysing existing research, the literature reveals a three-dimensional division of BDC under different theoretical frameworks, namely resource integration capabilities, in-depth analysis capabilities, and real-time insight and prediction capabilities. Based on these studies, this research proposes several hypotheses to explore how BDC affects the financial and innovative performance of enterprises through these dimensions.
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Figure 2-1: Conceptual Framework 
Source: own generation based on literature review and synthesis 
However, although existing research has extensively explored the mechanism of BDC's effect on enterprise performance, there are still several obvious gaps in the research. First, most of the current literature focuses on the analytical capabilities of BDC, and there is a lack of in-depth discussion on its synergy with other organisational capabilities, especially the role of non-analytical capabilities in the strategic decision-making process has not been fully studied. Second, although some studies have shown that BDC can improve an enterprise's innovation performance, the specific mechanism of how BDC further promotes enterprise innovation through OL ability has not been thoroughly explored. Finally, existing studies are mainly based on empirical analysis of a single industry or region, and the generalisability and applicability of the impact of BDC in different contexts (such as enterprises of different sizes or industries) still need to be further verified and expanded. This study can fill in the gaps in research by expanding the multi-dimensional understanding of BDC and transcending the traditional framework of analytical capabilities. It also reveals the mechanism by which BDC promotes different business performances through OL.

[bookmark: _Toc178258265]Chapter Three: Methodology
Saunders, Lewis and Thornhill (2009) introduce the research onion to visually depict the layered consideration involved in the determination of techniques for data collection and data analysis, which is perceived by them as the centre of the research onion (as shown in the Appendix, Figure 3-1). Issues underlying the choice of data collection and analysis technique start with the discussion of the research philosophy, the research approach, the research strategy, the research choice, time horizons, and then data collection and analysis techniques and procedures. The chapter follows the logic involved in the research onion by systematically addressing each layer of the research onion from the outer to the inner, ensuring a clear and logical progression of the research design. Aside from adhering to the research onion framework, the chapter also reflects on the possible research concerns throughout the research to uphold academic integrity and reflects on the research quality issues (measured by validity, reliability and generalizability) to inform future studies. 
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Figure 3-1: Research Onion
Source: (Saunders, Lewis and Thornhill, 2009)

[bookmark: _Toc178258266]3.1 Research Philosophy 
Research philosophy refers to the researcher's basic beliefs and assumptions about reality, knowledge and the way it is acquired (Saunders, Lewis and Thornhill, 2009). This philosophical stance determination influences how the researcher understands the research topic, designs the research method and interprets the research results (Ibid). Research philosophy mainly explores the nature of and existence of reality (ontological assumption), the nature and source of knowledge (epistemological assumption), and the methodological tool and techniques used in the research process (methodological assumption) (Carr, 2007; Edson, Henning and Sankaran, 2016). By choosing different research philosophies, researchers clarify their understanding of research questions and provide a theoretical basis for their research methods and analysis. Based on the differences in the ontological assumption, the epistemological assumption and the methodological assumption, Saunders, Lewis and Thornhill (2009) synthesise five distinct philosophical underpinnings, including positivism, critical realism, interpretivism, post-modernism, and pragmatism. The present study is based on the positivist stance. 
Positivism holds the idea that reality has inherent and fixed laws that can be generalised and repeated (Comte and Bridges, 2015). As such, this specific stance defines knowledge as propositions that relate to abstract concepts and shed light on the cause-effect relationships of social constructs (Bryman, 2016). Epistemologically, positivism maintains that empirical theories must be tested through experience (Saunders, Lewis and Thornhill, 2009). Researchers should position themselves as being value-neutral and should prevent the involvement and interference from personal values in the research process (Bryman, 2016). 
The reason why this study applies positivism is that positivism emphasises understanding reality through objective and measurable methods and enriching or constructing knowledge based on empirical data for verification and inference. When studying the impact of BDC on corporate financial and innovation performance, positivism can provide systematic and scientific methodological support for the study, ensuring that the research conclusions are universally applicable and reproducible. 
Specifically, on the one hand, this study involves specific variables such as BDC, financial performance, and innovation performance. Through literature review, this study finds that these variables can be objectively measured by quantitative data (such as financial indicators, innovation outputs, and the degree of OL. Previous studies have proposed different measurement methods, which have also been shown to be effective and stable in different research scenarios. Empiricism supports this research method based on empirical data, which can verify the causal relationship between variables through statistical analysis. For example, the relationship between different dimensions of BDC and financial performance and the relationship with innovation performance. 
On the other hand, empiricism emphasises the general applicability of research results. Previous research has generally focused on a specific research scenario, such as a specific industry. Based on positivism, the BDC and enterprise performance indicators in this study can be repeatedly measured and verified at different points in time, in different industries, or in different enterprise contexts, which meets the positivist requirements for universality and generalisation.

[bookmark: _Toc178258267]3.2 Research Approaches
The onion model relates to the second layer, which is about research approaches, referring to the overall strategy adopted by researchers when designing and implementing research (Saunders, Lewis and Thornhill, 2009). Research methods can be differentiated according to different research philosophies and different ways of involving theories. There are three common research methods: induction, deduction and abduction (Bryman, 2016). The present research is based on the deductive approach to reasoning. Specifically, deduction is a research method that starts from existing theories or hypotheses and tests or verifies these hypotheses through data. In deduction, researchers usually rely on existing theoretical frameworks, propose hypotheses related to research questions in a specific research context, provide reasonable explanations for the hypotheses, and then design experiments or collect data to verify the rationality of the hypotheses. 
This study examines the impact of BDC on corporate financial and innovative performance, taking into account the mediating role of OL. The review of relevant concepts in the previous chapter explains the fact that the concepts of BDC, OL and firm performance all have relatively mature theoretical foundations, such as RBT, DCT and so on. Therefore, existing research has laid a certain theoretical foundation for this study, and in particular, the present study can propose some research hypotheses based on existing research. The other two research methods are suitable for emerging fields with little research theory. Due to the lack of support from existing theories, they will construct theories based on data based on logic opposite to deduction. 

[bookmark: _Toc178258268]3.3 Research Methodological Choice
Research method selection refers to the specific research strategies or tools that researchers decide to use when conducting research (Saunders, Lewis and Thornhill, 2009). It usually includes qualitative research, quantitative research or mixed methods. Choosing the appropriate research method depends on the research question and the research philosophy or approach adopted by the researcher. Specifically, qualitative research is interpretive research that observes and interprets things and social phenomena using methods such as observation, case studies, interviews, literature analysis, and text analysis; quantitative research is descriptive research that describes and verifies things and social phenomena using methods such as field surveys, content analysis, controlled experiments, and statistical analysis (Bryman, 2016).
Aligned with the choice of positivist stance and deductive approach, the present research is based on the quantitative methodological choice. Specifically, in terms of the relationship between facts and values, laws and norms, and description and interpretation, positivism focuses on facts and on using laws to describe one aspect of social phenomena, i.e., discovering laws through the observation of the correlations between facts, trying to express the laws in mathematical formulas as much as possible, and predicting events that will occur, thereby confirming or falsifying related theories (Saunders, Lewis and Thornhill, 2009). From the perspective of quantitative research design under the positivist paradigm, the present study is centred on the verification process of ‘hypothesis testing’ for the hypothesis raised above. This study involves multiple quantifiable variables, such as different dimensions of BDC, financial performance, innovation performance and OL, and all of these variables can be measured by quantitative indicators. Furthermore, aside from the alignment with the philosophical underpins and deductive reasoning, the results of the quantitative data-driven analysis are considered to be more objective, avoiding the subjective influence of researchers or research participants, and can provide a solid foundation for subsequent theoretical verification of BDC-related theories and suggestions for enterprises to establish and enhance, and leverage BDC more effectively.

[bookmark: _Toc178258269]3.4 Research Strategies
The next layer that needs to be peeled off is the strategic choice, which is the plan of action to answer the research question. As indicated by Saunders, Lewis and Thornhill (2009), quantitative design and deductive reasoning are also associated with survey strategy. More specifically, the present research uses an online questionnaire to collect primary insights. The questionnaire approach has been credited for its ability to gather quantitative data that allows for the further deduction of causal effect relationships between constructs such as three dimensions of BDCs, financial performance and innovation performance; in addition, the questionnaire approach also has the merits in obtaining insights from a sizeable population in a highly economical way (Saunders, Lewis and Thornhill, 2009). 
The present research leverages the Big Data Analytics Competency Scale developed by Akter et al. (2016) and Wamba et al. (2017), and the OL Scale in this study refers to Lin & Lee (2005) and Lee et al. (2007). The measurement of financial performance is based on the scale developed by Gunasekaran et al. (2017), Zhu and Yang (2021), and Garmaki et al. (2023). The measurement of innovation performance is based on the scale developed by Mikalef et al. (2019), Ghasemaghaei and Calic (2019), and Shan et al. (2019). On the one hand, different studies have developed and validated these scales in their respective fields, proving their reliability (consistency) and validity (validity) when measuring specific variables. By using these rigorously tested scales, it can be ensured that the measurement of each variable in the questionnaire in this study is reliable.
On the other hand, this study covers multiple variables, including BD analysis capabilities, OL, financial performance and innovation performance. Each of the variables measured by previous scholars has its own unique complexity and research context, so it is impossible to use a single scale to cover all these different dimensions. The use of multiple validated scales in this study can more accurately measure each specific dimension, ensuring that each variable is captured appropriately. An English version of the questionnaire is included in Appendix 1.  

[bookmark: _Toc178258270]3.5 Time Horizon 
When designing the research, it is important to consider does the research focuses on a snapshot taken at a particular time or does the research wants to be akin to the investigation of a specific phenomenon over time (Saunders, Lewis and Thornhill, 2009). The present research is cross-sectional, given the employment of the survey approach, involving the investigation of the BDC deployment and development and its corresponding impacts on financial and innovation performance at the contemporary time. The present research does not shed any light on the longitudinal dynamism, such as the development of BDCs over time to capture changes. 

[bookmark: _Toc178258271]3.6 Data Collection and Analysis 
The present research targets managerial roles and front-line employees who have an understanding and insights regarding the above three aspects. Specifically, on the one hand, management is usually involved in the decision-making process, especially in terms of BDC, resource allocation, and strategic planning on how to improve enterprise performance through these technologies. Managers can provide a macro perspective on how BDC affect the overall financial and innovative performance of the enterprise. On the other hand, frontline employees are the ones who have direct contact with BD systems and OL processes. They have accumulated rich practical experience in BDC in actual operation and can provide a brief introduction to the effects and practical challenges of using BD technology in daily work. Through their feedback, a better understanding of the operational performance of BDC in different dimensions can be obtained. In summary, selecting management and frontline employees as the target groups can help this study comprehensively understand the relationship between BDC, OL and enterprise performance from different perspectives of strategy and execution so as to draw more extensive and practically applicable conclusions.
Before the official distribution of the questionnaire, the researcher performed a small-scale pilot study with 5 participants involved. Although the authors of this study designed the questionnaire based on the quantitative science developed by previous scholars, a pilot study helps researchers further test and optimise the questionnaire. In particular, pilot studies help researchers identify potential problems, improve research tools, and ensure the feasibility and reliability of formal research. Some of the problems reflected in the pilot study included the question options were not set up properly, the meaning of the questions was not clear, and the meanings of some questions being repetitive. Based on this feedback, the researcher further revised the questionnaire. The questionnaire in the appendix is the final version after the researcher's revision.
The revised questionnaire was then distributed using the Wenjuanxing platform. A hybrid of convenience sampling and snowball sampling was used. On the one hand, the researcher posted the link to the questionnaire on personal social media platforms (especially popular social media platforms in China such as WeChat, QQ, and Weibo) and industry-related forums (such as professional forums on BD analysis and enterprise management) to facilitate self-selection of respondents. This is a convenience sample, which relies mainly on the circles and network resources that the researcher personally has direct access to to obtain the initial sample. On the other hand, the researcher also used personal and professional networks to directly send the questionnaire to familiar business managers and practitioners in the field of BD, inviting them to participate in filling out the questionnaire. After these initial participants completed the questionnaire, the researcher encouraged them to further forward the questionnaire to friends, colleagues or other relevant people in the industry who they thought met the criteria. This referral mechanism is a snowball sampling method that can help this study further expand the sample population. 
The raw data collected from the questionnaire was then analysed using SPSS and AMOS. The empirical analyses were carried out in the following ways. On the one hand, the collected socio-demographical information is analysed descriptively to derive its distribution pattern. On the other hand, correlation and regression analysis are performed to verify the causal effect of BDC and each dimension on firm performance and to test the impacts of adding the mediator variable of OL.

[bookmark: _Toc178258272]3.7 Ethical Concerns 
The ethical issues involved in the present study's collection of primary data through questionnaires include informed consent, privacy, and confidentiality, and they have been addressed through the following actions. 
· The researcher attached an information sheet along with the questionnaire when distributing. The information sheet debriefed information including research background, research purpose, research procedure, the rights of individuals to participate or withdraw at their willingness, the contacts if they want to complain, etc. Based on the information sheet, individuals could decide whether to participate and if they do. The researcher did not force any participants to contribute to the present study against their will. 
· The researcher upheld the research ethics by not collecting any sensitive data related to individuals, e.g., the companies they work within, names, contacts, gender, etc. All data has been anonymised throughout the research.  
· The researcher has stored the collected data in a password-protected personal computer and memory disk. Authorisation of access is not granted to any third parties.




[bookmark: _Toc178258273]Chapter Four: Analysis and Discussion
The purpose of this analysis is to investigate the mediating role of BDC on financial and innovation performance in organizations. The dissertation specifies BDC as the organizational ability to collect, collate and analyze extensive data for competitive advantage. The role of OL is being investigated as the mediator to help firms systematically acquire and apply new knowledge from BD, which in turn enhances their operational efficiency and innovation activities. The initial purpose of this study is to apply the theoretical framework (in particular RBT and DCT) which offers a basis for our hypotheses testing. These theories imply that companies which are better at using their own resources will perform better than others. Numerous financial and innovation outcomes are predicted to be the result of these capabilities being available, with OL argued to be central in delivering them. The present research firstly analyses the demographic variables of the respondents through descriptive analysis, and it then delves into reliability analysis to evaluate how much the data can be relied upon on various scales and measure the relationship between key variables. Then, regression analysis will be carried out to test the indirect and direct impact of BDC on performance measures.

1. [bookmark: _Toc177989769][bookmark: _Toc178258229][bookmark: _Toc177995901][bookmark: _Toc178258274]
1. [bookmark: _Toc178258230][bookmark: _Toc178258275][bookmark: _Toc177989770][bookmark: _Toc177995902]
1. [bookmark: _Toc177995903][bookmark: _Toc178258276][bookmark: _Toc178258231][bookmark: _Toc177989771]
1. [bookmark: _Toc178258277][bookmark: _Toc177989772][bookmark: _Toc178258232][bookmark: _Toc177995904]
0. [bookmark: _Toc178258278]Descriptive Analysis
The data collection process collects 156 responses. Those with the same answers across all questions are eliminated for the purpose of ensuring the validity of the dataset, which reduces the final dataset to 128 samples. At the same time, factoring in demographic variables seems to indicate that the sample is reasonably well spread out across some of the most important determinants. The group of 26-35-year-olds constitutes the largest respondent group in respect to age, taking up a strong share of the sample. The rest are generated by the next set of respondents (aged 36 to 45). While the skew is to either early or mid-career stages of development there are cohorts represented on both ends (18 to 25 and 46 to 55). The number of males (55% respondents) is similar to the number of females (45%). This approach not only helps us limit the skewness of gender and fundamentally balance our analytical sample, but it also broadens the viewpoints of both men and women. Education-wise, the sample exhibits a high level of academic ability with more than 90% of respondents protected holding at least an undergraduate degree from college. A minimum of thirty-two (15.4%) held a master's/doctorate degree, illustrating that this is a highly educated sample across the board. That seems like a safe bet since the participants are likely experienced in using and exploiting advanced business capabilities.
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Table 4-1. Descriptive analysis 
In terms of representation within the industry, nearly 60% of the total sample came from technology and finance (and related). These sectors are particularly pertinent to BDC due to their data-driven decision-making and the frequent infusion of advanced analytics into operations. Healthcare, retail and manufacturing sectors also feature but less so. These industries serve as a good portrayal of a larger scale of how BDC is used through fields. When examining the logical order held by respondents in their organization, 50 per cent are in mid-management positions. This would imply that a large sample is participating in day-to-day operational decision-making as well as strategic planning. The remainder of respondents are spread across entry-level, senior management and executive roles to ensure that the data is capturing insight from all levels of an organization.
Experience with the organization is rather well-lit, most people mention that they have been in their current company for 1 to 5 years. This suggests that the sample ranges from newer employees to those with more experience, offering a balanced perspective on how BDCs are implemented and experienced early as well as in the later stages of an employee's tenure. Examination of the demographic insights from this sample reinforces that the data is wide-ranging and contributes to a decent representativeness of organizations and industries likely dependent upon BDC. As a diverse sample with an even representation of respondents with respect to enterprise roles, industry, male and female gender and educational attainment levels, the data provides an excellent basis for statistical examination.
Responses to BDC and OL items were obtained by Likert scales where potential answers 1as Strongly Disagree to 5 as Strongly Agree. Most respondents highly rated the BDC dimensions such as data integration, use of analytics tools, and time to insights. The scores in these areas were more consistent, with an average range of 3.5 to 4, suggesting most organizations involved demonstrated at least reasonable applicability and competence relating to BD management and use cases. Now, few companies, ones in the leading group in particular, are very likely to have incorporated this aspect of data analysis into their day-to-day operations, which gives us an idea that they may derive actionable insights from data for business decisions. Average scores around 3.7 were also measured for OL-related responses. This indicates that most organizations in the sample promote continuous learning and offer BD training solutions. Although the overall scores trend positively, some variation in responses signals that these capabilities are not being used equally effectively by all organizations included in the survey. Several organizations are further along in instilling a learning culture than others because some are still just beginning to embed OL practices in their processes.
This data is from 128 respondents across a variety of industries and roles, giving us an evenly distributed table to explore further with some statistical analysis. This demographic diversity, along with the overwhelmingly positive views held of BDC and OL capabilities, indicates that our sample is representative of organizations successfully using BD to perform at higher levels. With this dense dataset, the hypotheses presented in the dissertation can be tested and there is ample opportunity to investigate how BDC relates to OL as well as organisational performance. The positive rating for BDC and OL, on the whole, suggests that organizations within this study are leveraging BD competencies and progressing to a stage where they will, in future, be able to develop business models which fully exploit these capabilities. Nonetheless, the differences in responses between BDCs indicate opportunities for future research, particularly when it comes to examining how OL practices can increase or decrease the effectiveness of BDC across sectors and industries.

0. [bookmark: _Toc178258279]Correlation Analysis 
Correlation analysis is used to investigate the correlational relationships amongst BDC, OL and organizational performance outcomes in terms of financial and innovation. To answer the first question, this analysis aims to build an answer quite simply by identifying how strongly and in what direction these variables are associated with each other, initially revealing a clear image of the contribution that BDC and OL have on organizational performance. Consequently, we examine those relationships that explain how tightly BDC is aligned with the performance measures as well as the role of OL in strengthening these capabilities.
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Table 4-2. Correlation analysis 
The primary components are at three levels; namely, BDC, OL and performance measures, being investigated. This dimension contains elements such as acquiring and integrating BD resources, bringing the information from the data into business processes, and having special teams for BD management (BDC), the latter of which is represented in the focus of OL. This further culminated into two dimensions: innovation performance by new BD-enabled products and improved competitiveness, and financial performance measured from augmented revenue and cost reductions imparted under the influence of decisions made upon available data.
The results of the correlation analysis offer important information about the relationships between these variables. One of the first insights was a small and positive correlation between BD search and analysis resources acquisition/integration ability with innovation performance (r = 0.093). Organizations that are better able to acquire and transact on BD outperform their peers in the innovation process; the relationship is insignificant. Finally, the correlation between obtaining and assimilating BD and financial performance is a slightly negative one (r = -0.101), which represents a very weak inverse connection among these constructs. This seems paradoxical, but it indicates that simply getting and combining BD sources never translates to immediate profitability, as this study shows. Instead, it suggests that the presence of these capabilities matters less than how well they are utilized together to optimize financial results in the organization.
One of the comments while going through the correlation analysis is also that BD integration on business processes and financial performance are very poorly related (r = -0.083). Organizations may be investing in BD and building it into core business functions, however, by itself, this integration is not sufficient to deliver financial success. Rather, the effectiveness of these efforts will depend on other things like corporate culture, the decision-making process, and their capacity to use the insights that BD provide. The absence of a strong positive correlation indicates that additional research is needed to determine how organizations may develop their BDC in line with financial objectives. On the other hand, there seems to be weak support for the positive association between BD integrating into business processes and innovation performance (r = 0.005). The strength of this relationship is very low, but its positive direction indicates that those organizations able to integrate BD within their processes thoroughly might achieve some positive effects in terms of innovation performance. This still leads to the argument that other variables could be more crucial than dynamic capabilities in getting a desired effect on innovation outcomes due to their low strength of correlation. Finally, this observation brings attention to the intricate nature of connecting BDC directly with innovation performance and indicates that factors beyond IT capability like organizational agility, creativity, and leadership support, may influence the impact of BD on innovation.
In addition, such a relationship was explored in the correlation analysis for the following covariate: dedicated teams and organizational performance. There is a very weak negative correlation between dedicated teams and financial performance (r = -0.048) as well as between those two variables with innovation performance (r = -0.113 for combination). This indicates that even when dedicated teams are present, it does not mean that performance outcomes will be better. However, the negative correlations make us wonder if these teams are being optimally utilized or whether there are translation difficulties hampering their ability to convert efforts into financial or innovation results. This suggests that, while dedicated teams are necessary to handle extensive data, their effectiveness in doing so might be contingent on how well they are integrated into overall organizational strategies and decision-making. Results, with respect to the relationship between OL variables and performance, provide some important insights. Continuous learning is weakly positively correlated (r = 0.070) with financial performance, meaning that organizations prioritizing continuous learning are likely to experience marginally positive impacts on their financial results. However, the magnitude of this correlation is relatively weak and suggests that, although profitable, learning itself cannot be the sole force behind financial gain. Continuous Learning, in turn, reflects a low positive correlation with Innovation Performance (r = 0.170), showing that organizations geared towards learning are more likely to see boosts in their innovation levels as well. While the relationship is not super-strong, it implies that creating a learning culture is associated with stronger innovation performance but in connection with other factors. The relationship between access to BD training and financial performance is stronger (r = 0.181), reinforcing the need for organizations to empower their employees with the skills and capabilities for effectively leveraging BD. The relationship between the two is indicative that organizations successfully investing in such training can most likely realize incremental financial gains by enabling staff to make data-driven decisions on new ways of generating revenue and improving cost efficiencies. One curious thing to note is the inverse correlation between general BD training and innovation performance, r = -0.220; this means that training, in the end, may buttress financial performance but leave less room for further victorious outcomes from an innovation perspective. 
This unexpected outcome may suggest that while workers get better at their current jobs through training, it does not necessarily promote the experimentation and innovative thinking needed to come up with better approaches. This serves to emphasise that for firms, there is a clear trade-off between training that enhances efficiency and the alternative competitive advantage of creativity and innovation. Organizations that apply lessons learned from past projects are slightly more likely to achieve better financial performance (r=0.063). However, the strength of this relationship is fairly weak, which means that extracting wealth using nothing more than one's calculation does not work. Similarly, the correlation of applying lessons learned with innovation performance is almost zero (r=-0.015), indicating that this variable has no significant impact on the ability of an organization to innovate. 
In sum, the correlation analysis provides some valuable insights into the connections among BDC, OL and organizational performance. In terms of financial performance, however, relationships were negative or weak even when BDC and innovation performance were positively correlated. This indicates that simply having BDC is not sufficient to ensure financial success and that organizations must consider where they deploy and how they use these capabilities in their processes. The OL learning style profiles showed significant positive correlations to performance measures, especially financial performance supporting the idea that all organizations need a learning culture. Nevertheless, due to the negative correlations between OL variables, training and learning do not look sufficient in themselves to contrive organizations over the hedge of being enough creative, innovative spirit. The contribution ends by suggesting the necessity of a holistic mix of technical capacities as well as an organizational learning culture and innovative behaviours to exploit this complex meeting point over time. This analysis provides the foundation for further inquiry of regression analysis to determine the mediating effect of potential OL on mediating the relationship between BDC and performance outcomes. Correlation analysis found some positive relationships between the variables; however, results are generally mixed and vague, which indicated that there is a need to explore additional channels for improvement towards organisational performance by adopting BDC.

0. [bookmark: _Toc178258280]Regression and Mediation Analysis 
The regression and mediation analysis form a critical part of understanding the relationships between BDC, OL, and organizational performance in both financial and innovation contexts. Regression analysis allows us to investigate the direct effects of BDC and OL on performance, while mediation analysis helps assess whether OL mediates the relationship between BDC and performance, providing a more comprehensive view of how these variables interact. The first step in this analysis is to perform multiple regression to examine the direct effects of BDC and OL on organizational performance, which is divided into two primary measures: financial performance and innovation performance. In the regression models, the dependent variables are financial performance and innovation performance, while the independent variables include various dimensions of BDC, such as the ability to acquire and integrate BD, the integration of BD into business processes, and the presence of dedicated teams for BD management and OL variables, such as continuous learning, access to BD training, and applying lessons from past projects.
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Table 4-3. Regression analysis summary 
Looking at the regression analysis of financial performance, model 1 shows that BDC variables do not have a robust impact in terms of direct effects on economic results. More precisely, whether a firm has sought and incorporated BD, integrated BD into business processes, or formed a dedicated unit for managing BD are all negatively signed coefficients, although not significant at the 1% level. In this analysis, examples include the coefficient of acquiring and integrating BD, which is −0.088 (p > 0.05), as well as that of integrating BD into business processes as −0.079 (p > 0.05), meaning they do not matter if influencing financial performance alone. These findings are consistent with previous results from the bivariate analysis where a negative or not significant correlation between BDC variables and financial performance emerged (Shan et al., 2019b).
These results show that simply implementing BDC is not enough to ensure bottom-line success. The question is how such capabilities have been or could be operationalized within organizations and what some barriers are to BD being effectively used for financial returns. Organizations might struggle to use input from BD in strategic decision-making or extracting the value of their BD team. The results also suggest that the financial impact of BD, if any, may be more contingent than direct. On the other hand, the regression model for innovation performance tells a slightly different story. The coefficient of the direct effect of obtaining and absorbing BD is a positive sign (0.107), but it is not significant, so obtaining and absorbing BD have some weak positive effect on innovation performance. The rest of the BDC coefficients are still also small, and none shows statistical significance. This implies that BDC might benefit the innovation performance but not as strong as it originally thought. The small direct impact of BDC on innovation performance is likely due to the fact that innovation requires more than only technical competencies but also necessary organizational agility, creativity, and evidence-based knowledge conversion behaviours to propose innovative products and services.
It is found that OL variables have a more significant impact on FS performance than BDC variables. For access to training in BD, the coefficient is 0.181, and it is significant at the 0.05 level (p = 0.049), which means that relating employees with appropriate training leads a firm to achieve better financial outcomes. This research suggests that employees need to be trained in how to use BD this way and that such training will pay off in terms of higher revenue and lower costs. Conversely, the coefficient for continuous learning is positively signed but not statistically significant (0.070), denoting only a marginally positive effect on financial performance. The positive sign of the coefficient nevertheless means that supporting a culture of continuous learning should, in all likelihood, be good for financial outcomes, even if this is not immediate or necessarily obvious. However, applying knowledge and lessons learned from past projects also has a positive coefficient of almost the same magnitude (0.063). However, it is statistically significant only at p < 30%, which means that learning is definitely important but not enough to explain financial performance completely. 
The second contextual difference is that the regressions wherein we introduce OL variables into the regression model for innovation performance provide somewhat mixed results as well. Continuous learning has a positive coefficient of 0.170, but the impact is not statistically significant (p = 0.077), meaning that over and above reporting attendance, acknowledging you have learned along the way can add something towards good inquiries being done. Significantly, the coefficient on BD training by itself is negative and significant (-0.220, p = 0.026), indicating that training helps improve financial performance but does not necessarily drive innovation. The results were counter-intuitive, but the authors suggest that this may be because BD training can be about efficiency and follow-through rather than confronting the uncertain and irrational nature of innovation, which demands creative thinking, experimentation, and failure. Especially when it comes to learning or training data-related knowledge, organizations may need to combine with measures that support a culture of risk-taking and exploration which is crucial for innovation (Ghasemaghaei and Calic, 2019).
The negative BD training coefficient and positive innovation performance suggest just how difficult it is to walk the fine line between operational excellence and innovation. However, in serving to enable employees to make better use of data now, the data shows a downside: it might help explain why so many seem to be unable to unleash creativity. These findings highlight the importance of companies taking a more holistic approach when it comes to boosting employee development and training not in silos but accompanied by programs that cultivate and reinforce innovation or creativity.
The first step is to explore the direct effect of BDC on performance and OL on performance; the second step is to analyze the mediating role of organizational learning. This study tests the direct effect of BDC on performance without OL, followed by testing the indirect effect of BDC on performance through OL. According to the results of the mediation analysis, OL only partially mediates the relationship between BDC and financial performance. For example, the coefficient of BDC with sub-item 26 is -0.088. This implies that BDC itself is not necessarily directly driving financial performance, but a strong learning culture underpinning these more efficient competencies can increase their efficacy, thereby improving the bottom line.
Similarly, the mediation analysis for innovation performance indicates that OL acts as a partial mediator in the relationship between BDC and innovation results. The net positive effects of BDC on innovation performance appear to be slightly strengthened when OL variables are incorporated into the model, indicating a potential enhancement in the influence of BDC for innovation fueled by OL. For instance, the coefficient for Big data acquisition was at 0.107 and slightly increased when OL variables were entered as a part of the model, indicating the strengthening of organizational learning processes to improve BDC exploitation towards innovation ends. Mediation effects of OL, however, are not that strong, which indicates that good performance outcomes are achieved through the mediation of other factors too. Organizational culture, leadership, and decision-making processes are examples of how the organizational context may interact with both BDC and OL in relation to performance. This complexity underscores the need for a multi-dimensional approach that investigates how BDC and OL interact with multiple performance leverage points.
The results from the regression and mediation analyses offer several important implications for researchers and practitioners. They also propose that deploying BDC in isolation is unlikely to improve outcomes, especially financial outcomes. The integrated nature of these capabilities notwithstanding, organizations will still have to respond to questions about how these capabilities are linked back into broader strategies and operational processes, as well as about what is needed in terms of upskilling employees so that they can effectively leverage these capabilities. Second, OL has a definite role in improving performance, which includes influencing financial results. BDC implemented in training not only ensures that BDC functions at an optimum level for your organization but also equips leadership to make faster and better-informed decisions. As the above-mentioned study highlights, there is a deeper connection when it comes to understanding OL and its relationship with innovation, and we must make sure that our training programs open up for ideas rather than kill creativity by encouraging efficiency and execution.
Overall, the regression and mediation analyses brought out deeper associations between BDC, OL and performance. According to Hypothesis 3 (H3), OL moderates the relationships between BDC and the financial performance and innovation performance of firms. To squeeze the most value out of BDC, organizations need a start-to-end lifecycle that combines deep technical capabilities with a thick learning culture and an environment conducive to being creative and innovative. The results of this study have important implications for researchers and practitioners, reinforcing the importance of a more holistic view in using BD to enhance organizational performance.
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Table 4-4. Hypothesis testing summary  


[bookmark: _Toc178258281]Chapter Five: Conclusion 
In the previous chapters, the present research examined how BDC affects firms' financial performance and innovation performance through OL through statistical analysis. Based on the analysis, this chapter summarises the research outcomes to answer the two research questions directly. Subsequently, the chapter discusses the managerial implications directed from the empirical analysis. In addition, the chapter discusses the inherent limitations of the present research and points out the potential directions for future research.

[bookmark: _Toc178258282]5.1 Concluding Remarks 
The present research aims to answer two main research questions: First, how does BDC adoption affect the enterprise performance of Chinese firms? Second, does OL play a mediating role between BDC capabilities and firm performance? The present study obtained the following key findings through statistical analyses of the questionnaire data to test the hypotheses.
The present study systematically analyses the impact of BDC on firms' financial performance and innovation performance and explores the mediating role played by OL in this process. By applying RBT, DCT and OLT, a BDC model containing three dimensions: resource integration capability, in-depth analytical capability, and real-time insight and prediction capability were constructed. The data for the study was obtained from an online questionnaire survey of management and frontline employees whose job responsibilities are closely related to the development, enhancement or overseeing of BDC, and the data was analysed through structural equation modelling (SEM).
The research outcomes show that BDC has a significant positive effect on innovation performance, especially resource integration capability and real-time insight and prediction capability, which are two dimensions crucial for driving innovation in a firm. Specifically, resource integration capability enables firms to effectively utilise and integrate BD resources to drive new product development and innovation processes. In contrast, real-time insight and prediction capability enables firms to capture changes in market demand in a timely manner, identify innovation opportunities in advance, and enhance market competitiveness.
However, the direct impact of BDC on financial performance is not significant. Although companies have high BDC, this does not directly convert into short-term financial gains. This result suggests that financial performance improvement may take longer or rely on a combination of other factors, such as operational efficiency, market strategy, etc. 
In addition, OL was found to play an important partial mediating role between BDC and financial and innovation performance. By facilitating employees' learning and knowledge uptake of BD, organisations can better convert and consolidate BDC into tangible financial returns and innovation outcomes. The research outcomes validate the significant impact of BDC on innovation performance and further reveal the importance of OL as a key enhancement factor.

[bookmark: _Toc178258283]5.2 Managerial Implications 
Besides the theoretical contribution in narrowing the previous research gap, the research findings above can also afford some practical recommendations that can guide businesses operating in China. These recommendations are particularly relevant given that the state has continuously promulgated the development and enhancement of BDC. Based on the above research outcomes, the following managerial implications are then generated. 
Enhancing Resource Integration Capabilities to Drive Innovation: the above findings suggest that resource integration capability is one of the most significant dimensions of Big Data Capability (BDC) that affects innovation performance. Therefore, Chinese enterprises, those that already have a BD infrastructure in place, should prioritise how to effectively integrate and utilise internal and external BD resources to enhance the breadth and depth of data. Specifically, Chinese business managers can improve the accessibility and operability of data by building a cross-functional data integration platform and strengthening cooperation between different functional departments. Encouraging data sharing and cross-departmental cooperation will help Chinese companies reduce the formation of data silos, thus improving the efficiency of data utilisation, identifying market changes faster and gaining rapid market adaptability and responsiveness through data-driven innovation.
Strategically investing in real-time insights and predictive capabilities: Empirical research also confirms that real-time insights and forecasting capabilities have been shown to contribute to innovation performance significantly. Therefore, Chinese companies should consider prioritising the allocation of resources, such as capital and manpower, to technologies and tools that enhance real-time analytics and forecasting. By introducing advanced predictive analytics tools, such as artificial intelligence and machine learning technologies, Chinese business managers can more efficiently help their organisations accurately predict market trends and changes in consumer demand based on data integration so that they can make timely adjustments to their product development and innovation strategies. In addition, Chinese business managers should ensure that their technology infrastructure is capable of supporting real-time data processing, as the above process involves the continuous introduction of cutting-edge data advancements. This includes, among other things, that companies should provide appropriate training to relevant employees to enhance their real-time ability to utilise these tools.
Constructing a supportive culture and structure for continuous OL: The above empirical study reveals the important mediating role of organisational learning between BDC and financial and innovative performance. To maximise the positive impact of BDC on business performance, Chinese business managers should actively foster an organisational learning culture and structure. Specific practices could include establishing a knowledge management system, conducting regular BD-related training and workshops, and encouraging employees to share and apply what they learn. This continuous learning process, as well as culture, will help Chinese organisations to remain competitive in the fast-changing market environment through continuous learning of Big Data-related capabilities and knowledge.
Perceiving BDC as a long-term strategic investment: Although the present study shows that BDC has a limited direct impact on financial performance, it indirectly affects financial performance through innovation performance. This implies that managers should not only focus on the short-term financial return of BDC investment but also make long-term plans and focus on the strategic value of BDC. For example, Chinese firms should view BDC as a long-term investment that will ultimately lead to improved financial performance through enhanced innovation capabilities as well as other capabilities and should not be myopically hampered by the investment involved in building BDC. In addition, Chinese enterprises should evaluate how to embed BDC into their business processes and drive company-wide digital transformation so as to achieve long-term and sustainable financial returns from the deeper integration of BDC into the business over the long term.

[bookmark: _Toc178258284]5.3 Limitations of the Research and Future Research Directions 
The data for this study was collected mainly through an online questionnaire, and convenience sampling and snowball sampling methods were used. This sampling method, despite its economy and convenience in obtaining a sample, may result in an underrepresentative sample. Factors such as cultural background, industry distribution, and firm size of the sample may not fully reflect the differences in BDC and organisational learning across different types of firms. Therefore, the extrapolation of the findings is somewhat limited, and future research should try to expand the data sample to include evidence of Chinese enterprises from different regions, industries, and sizes in order to improve the generalisability of the findings in the Chinese context.
In the meantime, this study uses cross-sectional data. While this approach provides a snapshot of the relationship between the variables of interest, it is difficult to capture the dynamic impact of BDC on firm performance over the long term, e.g., the financial impact of BDC on firms may be effective in the short term but not in the long term. The implementation of BDC and its impact on innovation and financial performance cam take a longer time to be manifested. Based on this study, future related research could combine cross-sectional as well as longitudinal studies to explore the causal relationship between BDC and the different organiztional outcomes and how this relationship changes over time.
In addition, based on a review and synthesis of existing literature, the present study classifies BDC into three dimensions. Although these dimensions provide a theoretical framework for analysing BDC, in practical applications, BDC may involve more levels of complexity and uncertainty, such as BD corporate culture, BD talent pool, BD leadership, etc., etc. These uncovered dimensions may have a significant impact on firms' financial and innovation performance. Therefore, based on this study, future research could consider a more nuanced and comprehensive decomposition of BDC to explore its more nuanced dimensions and its more comprehensive impact on firm performance.
Finally, this study targets Chinese firms, but it does not discuss the impact of industry heterogeneity, size heterogeneity, or even ownership heterogeneity (whether it is a state-owned enterprise, a listed enterprise, or a private enterprise) on the construction and development of BDC, as well as the impact of BDC on firm performance. Therefore, future research can further consider the general patterns under different dimensions of heterogeneity, e.g., focusing on a certain Chinese industry, a certain type of enterprise (e.g., state-owned enterprises), a certain medium-sized enterprise (e.g., small and medium enterprises), and so on. Such studies and research can provide more concrete implications for specific contexts.
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Hypothesis Outcome Correlation/Effect Significance

H1: BDC positively affects innovation

performance

Supported r = 0.107 (weak positive) Not significant

H2: BDC positively affects financial

performance

Not supported r = -0.101 (weak negative) Not significant

H3: OL mediates the relationship

between BDC and financial

performance

Partially supported Coefficients become less negative Significant changes observed

H4: OL mediates the relationship

between BDC and innovation

performance

Partially supported Slightly strengthens effect Not strongly significant

H5: Continuous learning positively

affects financial performance

Supported r = 0.070 (weak positive) Not significant

H6: Access to big data training

positively affects financial

performance

Supported r = 0.181 (positive) Significant (p = 0.049)

H7: OL negatively impacts innovation

performance

Not supported r = -0.220 (negative) Significant (p = 0.026)

H8: Applying lessons learned impacts

innovation performance

Not supported r = -0.015 (almost zero) Not significant
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Questionnaire about big data capabilities on
enterpriese performance

Thank you for taking the time to participate in this research study. This questionnaire is part of an
academic investigation into the impact of big data capabilties on enterprise performance, with a particular
focus on financial and innovation outcomes. The purpose of this study is to explore how organizations
leverage big data and how It contributes to enhancing their overall performance, as well as the role of
organizational leaming in this process. Your responses will provide valuable insights and contribute to a
deeper understanding of how big data capabilities influence decision-making and innovation within
enterprises. All data collected will be treated with strict confidentiality and used solely for academic
purposes. Your participation is voluntary, and you are free to withdraw at any time.

1. What s your age?
OA. 1825

B.2635

D) C.3645
() D.46-55

() E. 56 and above

2. What s your gender?

A Male

O B. Female

(O C. Prefer not to say
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3. Whatis your highest level of education?
O A. High school diploma
) B. Bachelor's degree

O C. Master's degree

(O D. Doctorate

(O E. Other (please specify)

4. What s your current position in the company?
O A Entry-level
) B. Middle management
_) C. Senior management

O D. Executive

) E. Other (please specify)

5. How long have you been working in your current company?
) A Less than 1 year
(O B.13years
O C.35years
0 D.5-10 years

O E. More than 10 years
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6. Which industry does your organization operate within?
A Technology
B. Healthcare
C. Finance
D. Retail
E. Manufacturing
F. Education

G. Other

*7. Our company continuously acquires and integrates internal and external Big Data
resources.

- Strongly Disagree - Strongly Agree

~8. Big Data resources are well integrated into our business processes.

- Strongly Disagree - Strongly Agree

9. We have dedicated teams responsible for managing Big Data resources.

- Strongly Disagree - Strongly Agree
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*10. The company utiizes data analysis tools (e.g., Hadoop, visualization techniques) for
analyzing big data

- Strongly Disagree - Strongly Agree

“11. We regularly use data mining and predictive analytics to gain insights.

- Strongly Disagree - Strongly Agree

*12. Data analytics helps us in making informed business decisions.

- Strongly Disagree - Strongly Agree

*13. Our company is capable of generating real-time insights from Big Data

- Strongly Disagree - Strongly Agree

*14. We use real-time data to predict market trends and customer behaviors

- Strongly Disagree - Strongly Agree
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*15. Real-time data insights help us to adapt to market changes quickly.

- Strongly Disagree - Strongly Agree

*16. We provide customers with relevant and successful service experiences based on Big
Data

- Strongly Disagree - Strongly Agree

*17. Our company encourages continuous learning and knowledge sharing.

- Strongly Disagree - Strongly Agree

*18. Employees have access to training and development programs related to Big Data.

- Strongly Disagree - Strongly Agree
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*19. We apply lessons learned from past projects to improve current practices.

- Strongly Disagree - Strongly Agree

*20. Big Data capabilities have improved our company's financial performance.

- Strongly Disagree - Strongly Agree

*21. Our revenue has increased as a result of utilizing Big Data

- Strongly Disagree - Strongly Agree

22 We have seen cost reductions due to better data-driven decision-making.

- Strongly Disagree - Strongly Agree
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~23. Big Data capabilities have enhanced our company's innovation performance.

- Strongly Disagree - Strongly Agree

*24. We have developed new products or services using insights from Big Data capabilities

- Strongly Disagree - Strongly Agree

*25. Our company is more competitive in the market due to big data-driven innovations.

- Strongly Disagree - Strongly Agree
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