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Abstract 

Small- and medium-sized enterprise (SME) manufacturing executives and managers are 

concerned with the rapid technological changes involving artificial intelligence (AI), 

machine learning, and big data. To compete in the global landscape, effectively managing 

digital and artificial intelligence changes among SME manufacturing executives and 

managers is critical for leaders to compete in 2023 and beyond. Grounded in the dynamic 

capabilities view theory, the purpose of this quantitative correlation study was to examine 

the relationship between strategic dexterity, absorptive capacity, and competitive 

advantage. The participants were 66 executives and managers of SME manufacturing 

organizations who use big data and analytics daily and agreed to complete the AI 

Analytics Survey Questionnaire using Wu et al.’s survey. The results of the multiple 

linear regression were significant F(2, 63) = 54.29, p < .001, R2 = .63. In the final model, 

both predictors were significant: strategic dexterity (t = 2.48, p = .02, ß = .391) and 

absorptive capacity (t = 2.61, p = .01, ß = .439). A key recommendation is for SME 

manufacturing executives and managers to understand how to integrate, build, and 

orchestrate their strategic digital assets when implementing absorptive capacity strategies 

within their organization. The implications for positive social change include the 

potential to provide SME manufacturing executives and managers with an understanding 

of how these technologies can be integrated into the future of data analytics and 

automation, the support towards a digital economy, and the social effects of artificial 

intelligence on the underserved and underrepresented groups.
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Section 1: Foundation of the Study  

Innovation is necessary for an organization’s continued relevance in the global 

business markets when seeking to disrupt their industry where customer needs and 

competitive forces exert pressure to meet critical success factors for sustained long-term 

performance, growth, and competitive advantage (CA). Business executives and 

managers continue to face difficulties related to rapid technological growth (Milan et al., 

2020), which requires data amalgamation of strategic dexterity (SD), absorptive capacity 

(AC), and CA in the United States. Atkinson et al. (2020) argued that critical market 

knowledge shifts an organization’s strategies towards using data as an asset, learning 

from successes and failures of multidisciplinary firms that enable achievable CA. More 

manufacturing executives and managers with small- and medium-sized enterprises 

(SMEs) acknowledge the importance of data as a sustainable CA and information 

technology (IT)-enabled dynamic capability in a fast-paced business environment as 

necessary to reap economic benefits (Mikalef et al., 2020; Zaki et al., 2019). For this 

reason, digital skills, big data (BD) asset management, and new IT development lead to 

business competitive growth that keeps up with the stakeholder demands through a 

renewed focus on human capital, investment alignment, and IT and data resources over 

time. The purpose of this quantitative correlational study was to examine the relationship 

between SD, AC, and CA. 

Background of the Problem 

CA is the integration and synchronization of resources, human capital, 

investments, research and development (R&D), and BD that gives the organization an 
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edge over competitive forces in the global marketplace. Manufacturing SMEs must use 

SD, finite resources, and highly specialized expertise to transform their organization 

through applying BD to varying individual and business entities as a CA. With the 

introduction of BD, organizational leaders have relied heavily on IT that can deliver 

value to consumers at unparalleled speed and innovation (both as an external and internal 

advantage for the organization), where IT becomes a strategic resource for companies 

willing to distinguish their brands from other competitors (Carr, 2003; Kozielski & Sarna, 

2020; Negulescu, 2019; Uden & Del Vecchio, 2018). Stalk (1998) stated that CA is a 

time-spectrum dependent on the following scale-based strategies: (a) low labor costs, (b) 

high-quality materials, and (c) just-in-time inventories. Companies must dictate their 

flexible IT strategies to reduce their market risk exposure while rewarding their 

workforce, seeking early IT adaptations, and continuously shifting their market focus. 

Spanaki et al. (2018) explained that new value creation exists by strengthening functional 

divisions’ asset and information operations and optimizing data integration. Zangiacomi 

et al. (2020) described that the digital transformation of manufacturing, pressed by rapid 

technological changes, resource scarcity, and globalization, will continue unless BD is 

part of the digital and agile solution within the manufacturing industry. The reliance of 

skilled executives and managers is important to execute a successive manufacturing 

strategy centered on human-machine teaming, digital transformation of the 

manufacturing landscape, and the customer-strategy alignment that supports business 

growth. The manufacturing industry must incorporate these transformative challenges in 

order to ensure failure through experimentation provides lessons-learned for iterative and 



3 

 

continuous modeling successes, however, it must be a human-centered digital 

transformation that integrates the use of BD, AI, and ML to have a competitive 

manufacturing environment long-term.  

Problem Statement 

The failed integration between BD and strategic flexibility by product-oriented 

SMEs leads to a lack of CA (Olszak & Zurada, 2020). With the accumulated information 

on the internet reaching 44 zettabytes in 2020 (Desjardins, 2019), only 8% of small 

businesses have added BD to transform their organization (Sun et al., 2018). The general 

business problem was that some SME manufacturing leaders did not know how to infuse 

BD structurally within their enterprise, resulting in a competitive disadvantage. The 

specific business problem was that some SME manufacturing senior executives and 

managers did not know whether a relationship existed between SD, AC, and CA.  

Purpose Statement 

The purpose of this quantitative correlational study was to examine the 

relationship between SD, AC, and CA. The independent variables were SD and AC, 

while the dependent variable was CA. The target population for the study were SME 

manufacturing senior executives and managers in the United States. The implications for 

positive social change include enhancing employee productivity in data usage and 

advocating for sustainability efforts within underserved and underrepresented communities 

towards a digital economy. 
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Nature of the Study 

I selected a quantitative methodology for this study. Using a quantitative approach 

enables a researcher to explain the degree of causality based on statistical significance 

testing (McCusker & Gunaydin, 2015). The quantitative method was appropriate for this 

study because I planned to conduct a holistic analysis of a phenomenon observed in time 

through measurable data to create new insights into previously held theories. The 

qualitative method is appropriate when researchers discuss individuals’ viewpoints using 

descriptive texts, not numerical data (Vaismoradi et al., 2016). The mixed method is 

appropriate when researchers combine quantitative and qualitative approaches as a hybrid 

bridge for more in-depth analysis (Harrison, 2013). The qualitative method and mixed 

method were inappropriate for this study because the descriptive context of data 

collection and theory development use inductive reasoning. 

I selected a correlational design for this study. Using the correlational design, a 

researcher measures the statistical linearity among variables (Seeram, 2019). The 

correlational design was appropriate for this study because it provides a statistical 

estimate of the relationship between a set of predictor variables and a dependent variable. 

The quasi-experimental design establishes a control causality without the assignment of 

random numbers (Head & Harsin, 2018). The causal-comparative design is used when 

seeking to discover a causative relationship involving at least one categorical variable 

(Fulmer, 2018). The quasi-experimental and causal-comparative designs were 

inappropriate for this study because there were no random assignments of SME 
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manufacturing leaders to specific groups or attempts to explain the known cause of the 

variables’ differences. 

Research Question and Hypotheses 

RQ: What is the relationship between SD, AC, and CA? 

 H0: There is no statistically significant relationship between SD, AC, and CA. 

H1: There is a statistically significant relationship between SD, AC, and CA.  

Theoretical Framework 

Teece et al. (1997) developed the dynamic capabilities view (DCV) theory 

through using the views of economic competition (Schumpeter, 1934), organizational 

resource value (Penrose, 1959), resource combination (Rubin, 1973), and routine 

behaviors and capabilities (Nelson & Winter, 1982). Teece et al. described the DCV 

theory as an improvement to the static nature of the resource-based view (RBV) theory. 

Teece et al. identified the following key constructs underlying the theory: (a) SD, (b) AC, 

and (c) CA. As applied to this study, the DCV theory holds that I could expect the 

independent variables (i.e., dynamic capabilities constructs), measured by the Big Data 

Analysis Adaptation Questionnaire (Shan et al., 2019), to predict the dependent variable 

of CA because organizations are forced to compete at a dynamic pace while establishing 

unique capabilities in BD towards sustainable CA. 

Operational Definitions 

Operational definitions refer to the clarification of terminology that allows for the 

critical operationalization found in the nexus between meanings, concepts, and 

assumptions (Slife et al., 2016). Operational definitions require researchers to 



6 

 

fundamentally understand their selected construct variables’ operational terms, the 

convergence of empirical outcomes, and scholarly definition through existing research 

(Peña et al., 2018). The operational definition demonstrates how to interpret the verbiage, 

distinctive scholarly opinions, and technical terms that I refer to in the research study. 

BD: The structured and unstructured sources of diverse information encompassed 

in the form of its volume, variety, value, veracity, and velocity that shows the scale of 

data found in nature (Grover et al., 2018). 

Assumptions, Limitations, and Delimitations 

A researcher assesses the effects of their assumptions, limitations, and 

delimitations by addressing readers’ fundamental skepticism about the credibility and 

trustworthiness of the research (T. J. Ellis & Levy, 2009). An unperceptive and 

inadequate approach to external incidences can affects the reader’s confidence in a study 

and allow for weaknesses and shortcomings through data misinterpretation, bias 

methodology, and split perceptual familiarity (Barnham, 2015). Bounding the research by 

a set of core limiters is done to identify and relieve the audience from any distractions 

through interwoven elements that seek to ensure the dependability and assurances of the 

study.  

Assumptions 

Assumptions are an individual’s perceptions and misunderstandings about the 

nature of the facts through presumptions (Gelo et al., 2008; Lau & Chiu, 2001). When a 

researcher can address the subject as an acceptance of truth without factual proof of 

evidence, it presents their belief system, diffused meaning, and abnormal conventions (T. 
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J. Ellis & Levy, 2009). I made three assumptions in this study. The first assumption was 

that each participant answered every survey question accurately, justly, and honorably. 

Another assumption was that participants understood the data collection questions posed 

to them with ease, largely because of their formal information and communication 

technologies (ICTs) background, expertise, and experiences. My assumption was that 

each company used machine learning to make informed executive and managerial 

decisions within their data adaptation processes. 

Limitations 

Within a study, the researcher presents the limits, problems, and issues that may 

have influenced the data interpretation as the limitations (T. J. Ellis & Levy, 2009). The 

researcher does not control the self-imposed factual tempo or the restricted stylistic 

dynamics found within the research; this includes the statistical model limits, research 

design selection, and geographic location confines (Theofanidis & Fountouki, 2018). I 

identified four limitations of this study. The first limitation was my inexperience as a 

researcher in completing a study. The second limitation was that the data collection 

questions may not have accounted for all SMEs’ attitudes or judgments regarding ICTs. 

The third limitation was that I had a time constraint to collect the data for the study, 

including accessibility issues because of an online disruption of the survey. The final 

limitation was in the geographic selection of SME executives and managers within the 

specific industry of manufacturing using machine learning in the United States. 
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Delimitations 

Delimitations refer to acknowledged elements of the study bounded by the 

researcher into manageable constructs, which affect the broad inference and external 

validity of the research (T. J. Ellis & Levy, 2009). Unlike limitations, a researcher 

controls the research scope, determining what to include and exclude in the doctoral 

study (McGregor, 2018). This study had five delimitations. The first delimitation related 

to the study population, where the focus was bounded only to U.S. executives and 

managers in the manufacturing sector. The second delimitation was that the data 

collection survey was in English, constraining participants to whom English was not their 

primary language when contextualizing the survey. The third delimitation was that many 

multiplicities have their own forms of CA that exists in varying constructs, but I focused 

only on SD and AC for this study. Excluding all manufacturing executives and managers 

who operated in United States outside of the data survey period was the fourth 

delimitation. The fifth delimitation was my focus on U.S. manufacturing executives and 

managers who were grounded on current technology growth, not those leaders who 

adopted emerging technologies. 

Significance of the Study 

This study could be valuable to business practice because the findings may be 

used by SMEs seeking to better understand how data can be employed as a strategic asset 

in the company and how machine learning can create insights, knowledge, and expertise 

for the organization’s employees. The implications for positive social change include the 
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potential to provide strategies that SME manufacturing senior executives and managers 

can use to enhance employee productivity in data utilization and digital training.  

Contribution to Business Practice 

The rate of technological change outpaced SMEs’ participation in a market that 

accounts for 43.5% of manufacturing businesses with 250 or more employees (U.S. 

Bureau of Labor Statistics, 2019). According to Čiutienė and Thattakath (2014), an 

organization’s dynamic capabilities must adapt to an ever-changing environment where 

disruptive innovation takes root as a foundation. SMEs may integrate BD while pursuing 

the learning technologies necessary to advance data transformation strategies. 

Implications for Social Change 

The strategic capability of BD can have an adverse microeconomic and 

macroeconomic effect on the manufacturing industry. SME executives and managers 

may have an inherent unwillingness to transform their organization and employees 

because they lack an understanding of BD realizations, perceptions, and comprehensions 

along with the expenses necessary to transform the organization to a digital firm. This 

study’s results contribute to positive social change by promoting effective hiring 

practices for potential SME senior and midlevel managers, employing successful SME 

business strategies, and creating opportunities for underserved populations. 

A Review of the Professional and Academic Literature 

 This professional and academic literature review includes a synthesis of the 

specified theoretical framework along with a comprehensive review of current 

manufacturing digitalization strategies. I begin the review with a discussion of the 
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literature search strategy. Next, I restate the purpose and hypotheses of this quantitative 

correctional study in relation to the literature to contextualize the organizational structure 

of the literature review. Detailed explanations of the DCV theory posited by Teece et al. 

(1997) and its opposing theories is provided through synthesizing previous empirical 

studies conducted by business scholars. After exploring the literature related to DCV, I 

discuss the study’s independent variables (i.e., SD and AC) and the dependent variable 

(i.e., CA) in the context of SME manufacturing organizations, their subconstructs, BD, 

AI, and ML. 

Literature Search Strategy 

My approach to the literature search strategy ensured a comprehensive and 

overarching review of all sources.  I used the following key terms in my search: 

relational embeddedness, learning orientation, absorptive capacity, competitive 

advantage, small and medium-sized enterprises, big data, strategic dexterity, and 

dynamic capabilities view theory. I searched the following databases accessible through 

the Walden University library that had full-text availability: Business Source Complete, 

ScienceDirect, IEEE Xplore Digital Library, and Emerald Insight. My search parameters 

were limited to resources published between 2019–2023. Ulrich’s Periodical Dictionary 

helped validate that 61.8% of the materials included in the literature review were from 

peer-reviewed journals (see Table 1). 
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Table 1  

Literature Review Source Content 

Literature review content No. of sources 

2018 and earlier 

No. of sources 

2019–2023 

% of total peer-

reviewed sources 

from 2019–2023 

Peer-reviewed journals 89 202 61.8% 

Books 8 4 0.33% 

Conference materials 0 11 3.36% 

Other 5 10 3.06% 

Total 102 227 68.6% 

 

Literature Organization to the Applied Business Problem 

 The purpose of this quantitative correlational study was to examine the 

relationship between SD, AC, and CA. The hypotheses developed for this study are the 

null and alternative propositions detailed, respectively, as (a) there is no relationship 

between SD, AC, and CA, and (b) there is a relationship between SD, AC, and CA. To 

determine the difference between the null and alternate hypotheses, in-depth scrutiny was 

required that could allow SME manufacturing leaders to understand how their current 

business problems tie to possible solutions in utilizing strategic management, resource 

capacities, and competitive technologies to operate regardless of the uncertainty in the 

global environment.  

In the following subsections, I first discuss the theoretical framework of the DCV 

theory that underpinned this research and describe the contrasting theories. Then, the 

importance of SMEs, including the vital contribution of the manufacturing sector and its 

strategic agility that leads to competitive growth, is highlighted. Finally, I discuss SD, 
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AC, and CA as they apply to SMEs and aggregate information on the variables to define 

how CA infused with BD supports resource allocations to meet high consumer demands. 

The population comprised of SME manufacturing senior executives and managers in the 

United States. This study’s implications for positive social change include supporting the 

CA, economic, and performance enhancement of manufacturing organizations to thrive in 

dissolute areas of the country that are suffering a digital manufacturing shock within 

once-established and thriving communities. 

Theoretical Framework 

 In this literature review, I discuss the importance of Teece et al.’s (1997) DCV 

theory that was used as the theoretical framework in this study. Throughout the 

discussion, I examine the independent variables of the theory as they related to the 

formation of this study. Teece et al.’s theoretical concepts and the correlated 

dependencies of the construct variables related to manufacturing SMEs are also 

described. Then, I consider contrasting theories of the DCV theory, including both RBV 

theory and knowledge-based view (KBV) theory, to provide a holistic review of current 

literature on the DCV theory. 

DCV Theory 

 The theoretical framework for this study comprised Teece et al.’s (1997) DCV 

theory. The DCV theory was grounded on an integrated resource management concept 

started with Teece and Pisano in 1994, which was extended to include internal and 

external resource reconfiguration and later defined to take structural commonalities found 

in the changing global environment, resource capacities, and knowledge acquisition for 
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high-competitive markets (Eisenhardt & Martin, 2000; Singh & Singh, 2019; Teece et al., 

1997). The DCV theory is used to consider a company’s aptitude to discover, integrate, 

transform, and reinvent itself using the combination of both internal resources (i.e., core 

competencies) and external resources (i.e., AC) towards achieving a competitive 

advantage in a volatile, uncertain, complex, and ambiguous environment (Gonyora et al., 

2022; Mikalef et al., 2019; Teece et al., 1997). The insights of DCV theory may help to 

better understand how a firm’s managerial competencies, business functionalities, and 

strategic competitiveness allow it to use its resources effectively and maximize its output 

levels steadily. The dynamic nature of a firm avoids the pursuance of incoherence in its 

business functions by exploring, exploiting, and expanding the combination of resources 

and capabilities towards strategic business competitive advantage over rival businesses. 

The DCV theory supports the strategic use of resources to aid business leaders in 

meeting critical business metrics that lead to CA. The strategic use could include resource 

orchestration (i.e., cloud computing), asset adaptation (via data integration), and 

management commitment, which help SMEs avoid conflicts internally between 

functional business units while pushing the boundaries of possibilities in organizational 

performance and opportunities (Kristoffersen et al., 2021a; Medeiros et al., 2020; Zeng et 

al., 2021). Executives and senior managers must have the capacity to sense and shape a 

firm’s prospects while overcoming pressures through market exploitation and the seizure 

of opportunities that reflect a proactive and competitive position towards enabling 

innovative products and enhancing value-added services (Cao et al., 2019; Grover et al., 

2018; Knudsen et al., 2021; Mikalef, Pateli, et al., 2020; Shan et al., 2019). The value of 
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resource exploitation comes from the executive, structural, and technical teams in the 

organization who see value in the resource exploitation to create new products and 

services. For critical business metrics, it is essential to have a dynamic approach to the 

competition using a combination of managerial, functional, and technical capabilities to 

create the capital outcomes necessary to sustain a competitive digital edge.  

In the expansive phase of the DCV theory, how managers and functional business 

units must use emerging technologies and innovative processes to mature and develop the 

firm’s business activities for competition in a digital business environment are defined. 

SMEs must attain emergent technological assets (i.e., path-dependent capabilities) and 

sustain insightful data (i.e., future-oriented capabilities) as part of their business acumen 

to survive in current and future business climates (Cao et al., 2022; Nayak et al., 2019). 

Both management- and resource-related theories of the past helped advance the 

development of the DCV theory, expanding opportunities through emergent technologies 

that lead to business growth (Mikalef et al., 2019). Because of expansive global growth, 

agile organizations must develop continuous strategic processes where resource 

flexibility and BD capabilities match or exceed the pace of technological change in their 

industry to compete in an uncertain global market (Shan et al., 2019). Teece et al. (1997) 

stated that organizations must define their internal and external strategic capabilities that 

are difficult to imitate yet create different opportunities by expanding prospects to 

improve, augment, and enhance their strategic value. For instance, Kristoffersen et al. 

(2021a) stated that a strong DCV, adequate management, data implementation, and 

innovation realization lead to positive BD enablement. The expansive landscape of 
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emerging technologies could require firm managerial commitments and pioneering 

functional units to emulate first-mover advantage within the defined industry, especially 

in manufacturing. The sole inclusion of the DCV theory cannot alone contribute to CA; 

however, it may determine the strategic direction necessary for a firm to compete with 

new technologies in an unpredictable business environment. 

The combination of the DCV and BD as a distinctive source of an organization’s 

strength allows interrelated functional business units to take advantage of their unique 

data as an asset while assessing their operational and strategic risks in attaining a 

competitive lead in their industry. The DCV theory contains a description of how internal 

and external resources shape the corporate environment through strategic learning and 

analytic services (i.e., advancing); respond to global environmental imperfections in 

business through ambidexterity, technological innovation, and adaptation (i.e., enabling); 

and meet the challenges and uncertainties with other internal factors, including continuity 

and differentiation (i.e., leveraging), resulting in sustained long-term advantage (Behl, 

2022; Teece et al., 1997; Wiener et al., 2020). Singh and Singh (2019) examined how 

inherent organizational knowledge, along with absorptive capabilities, enabled 

organizations to anticipate and mitigate disruptive events and build resilience, leading to 

CA. Medeiros et al. (2020) explained that there are five indicators that explain the 

benefits and dimensions of the DCV: (a) information integration, (b) communication and 

collaborative analysis, (c) knowledge generation, (d) data sharing, and (e) organizational 

learning. Each indicator becomes a part of an organization’s aptitude to use information 

in a transformative, experienced, and aspirational manner that enhanced CA for the 
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company (Luis Casarotto et al., 2021a; Vidgen et al., 2017). The aggregate of the 

information created data that became integral for an organization to exist in a digital 

economy and necessary for the continued survival of the enterprise in a value-oriented, 

competitive global environment.  

There are other components of the DCV theory that highlight the strength of this 

theory. Teece et al. (1997) described the DCV theory as an improvement to the static 

nature of the RBV theory. The advancement of the DCV theory defined the rate of 

change in the valuable, rare, imperfectly imitable, and imperfectly substitutable assets, 

resources, and capabilities found inside and outside organizations (Mikalef et al., 2019). 

Firms must determine the point in time when data as an asset advances their asset 

positions going forward in a fast-paced digital economy. Previous researchers reiterated 

the importance of establishing a rapid innovation cycle that accounts for the hyper-

turbulent environment as a dynamic process by shifting resources dynamically, applying 

adaptive capabilities, and determining competitive intelligence, which delivers rapid 

business-cycle execution and actionable decision-making for business leaders (Medeiros 

& Maçada, 2022; Nan & Tanriverdi, 2017; Reis et al., 2020). Wiener et al. (2020) stated 

that the path dependencies of DCV and BD implementation directly impact the 

anticipated benefits of BD deployment in an organization. Several researchers defined the 

ability of an organization to marshal its internal analysis of its (tangible and intangible) 

assets, organizational processes, and knowledge as necessary in order to develop 

organizational growth strategies and create adaptive market changes (Dahle et al., 2018; 

Dam et al., 2019; Madhani, 2022; Quaye & Mensah, 2019). Static resource assets and 
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capabilities served the past environments of pre- and post-industrial revolutions, where 

information was stagnant and only as good as its sources to advance valuable, rare, 

imperfectly imitable, and imperfectly substitutable assets across an organization’s 

horizontal and vertical structure. The theoretical advancements in Teece et al.’s DCV 

theory demonstrated the necessity of SD and absorptive capabilities to determine CA, 

making this theory appropriate and fitting for this study. 

Contrasting Theories 

 In this subsection, I discuss two theories that contrast with the DCV theory: the 

RBV theory and the KBV theory. Though these theories were not selected as the 

theoretical framework for this study, each provided varying frameworks of how data 

function as a foundation for an organization’s resource and knowledge expenditures. 

There are limitations to the RBV and KBV theories, insomuch as only the DCV theory 

resolved long-term competitive issues associated with a sustainable CA in a volatile, 

uncertain, complex, and ambiguous environment. In the following subsections, I describe 

each contrasting theory to establish why these theories were not appropriate, and as 

demonstrated below, not selected for this study.  

RBV Theory. Past business enterprises could not have anticipated the 

acceleration of information, advancements in technologies, the evolution of computing 

speed, and the degradation of environmental challenges to be as formidable as they are in 

the current, fast-paced, global market that challenges the CA of every organization. To 

explain the RBV theory, Barney (1991) described that the strategic nature of an 

organization operated on internal capabilities through which organizational identity, 
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growth development, and inimitability competencies made the capabilities of the 

organization rare and unique in dealing with external market forces. The RBV theory is a 

well-developed theory that contains an explanation of how an organization’s performance 

is partly due to a manager’s control and allocation of resources (Kristoffersen et al., 

2021a). In the RBV theory, the heterogeneity and fixity of resources within an 

organization, managed through functional units that create tangible and intangible assets 

for sustained and optimal performance, are defined (Akter et al., 2020; Al-Khatib, 2022; 

Gonyora et al., 2022; Mikalef et al., 2018). The RBV theory acts as a static orientation 

for businesses that seek to determine the strategic business value of their firm using the 

valuable, rare, imitable, and non-substitutable framework (Grover et al., 2018; 

Kristoffersen et al., 2021a; Shan et al., 2019). Although it deals with how SMEs allocate 

resources towards multiple tasks, the RBV theory is static, dormant, and abstract, failing 

to explain the strategic processes and deliberate procedures necessary to compete (Akter 

et al., 2020; Dubey et al., 2019; Hossain et al., 2021). Barney’s RBV theory is an 

excellent theory to use in a static environment that depends on the firm’s in-house 

capabilities and resources to provide systematic performance for the organization. 

However, the RBV theory fails to anticipate the dynamic environment of external market 

forces that influence how internal resources and capabilities should be developed to 

compete in innovative business markets properly. 

When the market environment grows in uncertainty with new information or the 

introduction of new technology, the administrative control by a leader is necessary to 

understand how best to explore and exploit current resources to gain a competitive 
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advantage, not just based on a performance-oriented market. RBV is invaluable to an 

organization, but it does not fully explain the intricate outputs that arrive at a competitive 

advantage because it fails to deal with certainty in external markets and data-rich global 

environments (Hossain et al., 2021; Mikalef et al., 2018). Mamonov and Triantoro (2018) 

explained that a deficiency of RBV is the obscurity of what constitutes an IT asset 

because it is a tangible asset that can be replicated within a short timeframe, resulting in a 

lack of competitive advantage. RBV firms do not use their internal capabilities alone with 

BD to attain competitive advantage because a lack of strategic processes, asset 

acquisition, accumulation, divestitures, and manager commitment can lead to some 

disastrous integration of large-scale data without understanding the dynamic environment 

(El-Kassar & Singh, 2019). RBV affirms its primary focus on resources as critical to 

business growth while accounting for the dynamic competence for new adaptive data to 

fuel long-term competition. In this study, Barney’s RBV does not meet the adequate 

requirements to dictate how strategic dexterity along with adaptive capabilities will 

determine competitive advantage because resources cannot keep pace with the rate of 

change in a manufacturing and data-enriched environment, which may result in slow 

adaptability to the evolving and competitive business market. 

KBV Theory. An institution’s knowledge is vital to the continuity of operations. 

An organization’s knowledge does not automatically translate to having a competitive 

advantage when dealing with other decisive mechanisms necessary for long-term 

organizational performance. The KBV theory refers to the knowledge held that is hard-

to-replicate and its exclusive knowledge resources that influence a company’s product 
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and performance outcomes (Côrte-Real et al., 2017). KBV, a competency-based theory, 

relies on the knowledge value an organization brings to create unique and inimitable 

outputs (Côrte-Real et al., 2020). Knowledge is both a static and an active derivative of 

information that is an enriched asset for an organization to explore and exploit 

dynamically when reacting to changes within technological, human, and organizational 

structures (Domagala, 2019). Côrte-Real et al. (2020) explained that KBV handles data 

quality, impacting data-driven decision-making and organizational knowledge based on 

process sophistication. Institutional knowledge is a critical asset that drives stakeholder 

confidence and promotes business growth within an organization. An organization's 

derived information may help to create unique capabilities as a source of innovation, 

leading to long-term performance growth for the firm.  

KBV creates an opportunity for a firm to treat its knowledge base as critical assets 

for exploration and exploitation to determine the best way. An organization can take its 

IT systems, knowledgeable staff, and historical data through a configuration of its current 

resources to implement changes in its production level based on its investments towards 

strategic dexterity (Côrte-Real et al., 2017). Strategic organizations utilize KBV to 

understand their knowledge management roles within new product development, the 

creation of BD analytics, market orientation, and resource allocations (Côrte-Real et al., 

2017; Q. Yan, 2020). The combination of these two theories, RBV and KBV, are 

valuable requirements for an organization looking inward towards developing in-house 

strategies to compete within their industry or rein in their competitors within their 

location; it is inadequate to handle external market forces using its current resources 
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(Hossain et al., 2021). The strength of an organization rests in its brain trust of people, 

processes, and technical capabilities, which have the current configuration of the 

knowledge map to sustain the firm through the turbulent and chaotic economic period. 

The combination of competence-based theories alone does not yield the fruitful results of 

long-term strategic growth for small and medium-sized enterprises, which can lead to 

inefficiencies in resource allocation and declines in knowledge as a service. 

Other Minor Theories Related to the Study. Though there are varying theories 

mentioned in my research, it is important to note their relevance to the topic as not to 

discount their future purpose towards employing a BD strategy. The first minor theory 

based on a physics theory is known as complex adaptive systems (CAS) theory. CAS 

theory defines how an organization changes its positive and negative interactions through 

mutual adaptability to help explain nonlinear causalities within a given system (Nan & 

Tanriverdi, 2017). Nan and Tanriverdi (2017) explained that the topic and purpose 

focused on the information systems (IS) strategic atmosphere, which acts as a new source 

of sustained competitive advantage for firms, seemed to explain firm deliberate actions 

within the hyper turbulence of complex business environments. Using agent-based 

modeling, this literature-based research looked at how business IT is a game-changer in 

firms providing the following organized information using the theory, CAS theory: (a) 

firm, (b) firm capability, (c) architectural IT innovation, (d) component IT innovation, (e) 

combined effect of component IT innovation, and (f) Opportunity for IT to afford 

competitive advantage (Nan & Tanriverdi, 2017). In this case, Nan and Tanriverdi 

described that IT acts as a conduit for promised success against other competitors or 
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peers in the same industry. CAS theory is accomplished in two pathways: (a) bottom-up 

causal paths based on firm-level IT-based strategic actions and (b) top-down causal paths 

based on IT-induced hyper turbulent environment (Nan & Tanriverdi, 2017). These two 

pathways are seen as cross-level nonlinear causality between interacting firms and 

individual firms where the promises and challenges of IT create a holistic view of what is 

possible among firms in a hyper turbulent environment (Nan & Tanriverdi, 2017). The 

main conclusions do suggest that hyper turbulent environments are likely to increase in 

the future, where IT will play an influential long-term role. Strategic IT alignment will 

need to occur to better deal with new strategic multilevel perspectives of IS and IT 

strategies in the future under the CAS theory perspective.   

Small- and Medium-Sized Enterprises 

Over the last few years, SMEs have been apprehensive in BD adoption, 

exploration and digital evolution. The digital pace and rate of BD accelerated the current 

digital transformation of SMEs who seek analytic efficiency and operational 

effectiveness within uncertain environments (Shah, 2022). Most SMEs did not 

understand what to do with these structured and unstructured data. SMEs do not know 

how best to adopt BD as a disruptive technology into their process flows and functional 

business units even though reductions in production time and lifecycle development have 

been proven as a successful fact (Sassi Hidri et al., 2018; van den Broek & van Veenstra, 

2018; Willetts et al., 2020). Because of the Coronavirus 2019 pandemic, the concept of 

geographic positioning declined, wherein a replacement, the digital environment, and 

data became necessary to sustain businesses at low cost while ensuring SMEs had the 
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same access and opportunities to suppliers, customers, and manufacturers, enabling long-

term digital competition in an ambiguous market (Shah, 2022). Though it does not 

guarantee success, technology is dependent on leadership’s actions to leverage the 

innovation of data as a competitive advantage against rival firms (Pham et al., 2022). 

These data points will interact within the business analytic ecosystem as SMEs pivot 

from disparate information sources to shared collective understandings while providing 

keen impactful insights. SMEs can incorporate BD as a strategic asset to meet long-term 

objectives, resulting in a dynamic and mature analytic ecosystem. 

Starting with its size, manufacturing SMEs are best positioned to take advantage 

of BD growth as a core strategic asset and value towards intelligence systems. The 

International Data Corporation, a premier global market intelligence provider, forecasted 

that the BD market would increase to $48.6 billion by 2019, excelling to a 23.1% growth 

(Grover et al., 2018). The combined insights across horizontal and vertical business lines 

and BD collaboration helped business leaders make prudent and transparent decisions 

about their vision and the direction for the organization (Ranjan & Foropon, 2021; van 

den Broek & van Veenstra, 2018). Advanced intelligence manufacturing requires SMEs 

to adopt new strategic designs and paradigm-thinking in real-time manufacturing, product 

lifecycle management, and cloud-based data integration to ensure operational data-driven 

integration in the organization (Adel, 2022; Chae & Olson, 2022; A. Wang & Gao, 

2022). If an organization had the appropriate and relevant data to be absorbed through 

BD analytics, this is critical to delivering value, providing insights, and ensuring digital 

capabilities within complex business environments (El Hilali et al., 2020). Organizations 
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seeking to remain competitive, must increase the use of data in their workflow, 

permitting differential business models to emerge that account for the wholistic view of 

their industry while providing targeted resources to ensure competitiveness in the digital 

economy (Somohano-Rodríguez & Madrid-Guijarro, 2022). SMEs must understand that 

the digital economy is rapidly innovating at a pace never acknowledged or seen before in 

human existence, moving from a traditional physical store to a digital e-commerce 

environment (Shah, 2022). The rapid pace of change involves the creation of a new 

digital collaborative environment. SMEs can accelerate their digital transformations by 

demonstrating the need for expanded digital marketplaces and continuous dependence on 

trusted and authoritative data for growth.  

Manufacturing and other SMEs must rely on BD to adopt innovative strategies to 

prevail over their competitors. SMEs seeking to transition to a BD strategy must use a 

technology roadmap that helps to build a data science architecture centered on data-

driven solutions, organizational structure, analytic tools, and BD (Kayabay et al., 2020, 

2022). In the field of manufacturing, data-driven manufacturing resource selection 

impacts technical/functional decision design criterion, product necessity data analysis, 

and product-process-material-machine data analysis, all necessary to improve supply 

chain management, gain product manufacturing efficiencies, and sustain competitive 

advantage in the long term (Uz Zaman et al., 2022). An SME's supply chain activities 

depend on the employment of a digital strategy using BD, digitization, upstream and 

downstream processes, and IT to keep up with the amount of information flowing from 

consumer to suppliers in a highly competitive and data-driven organization (Chae & 
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Olson, 2022; Younis et al., 2022; Zhuang & Ye, 2022). Manufacturing SMEs value 

digital transformation using varying strategic models like social capital optimization, 

collaborative production, service-oriented processes, or smart factory to enhance 

productivity, measure IT and innovation readiness, and support in-depth integration of 

human capital to move the industry forward (L. Li et al., 2022; Xue et al., 2022; Zhuang 

& Ye, 2022). Silvestri (2021) analyzed that in manufacturing, the use of computational 

fluid dynamics along with BD and cloud systems enabled an improved system analysis 

using digital twins, a virtual development model to support the management of smart 

factories through data optimization. In manufacturing, data-driven optimization 

synchronized among varying functional business units, will be essential to orchestrate 

digital strategies at speed to keep up with the complex global environment.  

Other SME industries, e-commerce, health care, and hospitality, are moving 

towards data-driven business models that have BD as a strategic asset, increasing 

productivity and innovation for organizations. Within e-commerce, SMEs realized the 

importance of combining social media and BD through early adoption that increased 

customer value, measured consumer behavior, and generated new business revenues for 

companies and e-vendors (Alrumiah & Hadwan, 2021; van den Broek & van Veenstra, 

2018). In health care, wearable technology is transforming how strategic businesses 

approach customization of care for patients through new digital business models and 

establishing a first-mover advantage in the industry to include using machine learning 

models for anomaly detection in medical image datasets and classification in the 

clustering of patients’ records (Nayak et al., 2019; Y. Zhou & Varzaneh, 2022). Within 
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time-sensitive service industries like tourism and hospitality, service organizations are 

BD-reliant, both the internal and external dynamics of a diverse sensitive ecosystem, 

where real market intelligence, smart data-driven strategies, business intelligence 

analysis, and integrated functional silos exist to be successful within dynamic business 

complexities (Najdawi & Patkuri, 2021; Stylos et al., 2021). The data strategy for the 

industry will depend on how valuable their datasets are to their daily business functions 

holistically. The siloed approach of disparate organizations holding on to their data will 

not yield the intended successes of BD management and opportunities to establish a 

competitive advantage over rival peers. New BD strategies for SMEs is a development 

priority to determine the positives and negatives of implementing multiple business tasks 

through better data integration with an organization. 

The application of BD has many practical benefits and limitations that must be 

addressed when implementing data within any SME. Benefits of BD comprise the 

following: (a) dynamic pricing, (b) predictive analysis, (c) security and fraud detection, 

(d) supply chain visibility, (e) customization and personalization, (f) customer behavior 

and interest, (g) customer loyalty, (h) trend forecasting, and (i) innovating business 

models (Alrumiah & Hadwan, 2021; Sivarajah et al., 2017). A SMEs’ BDA orchestration 

and synchronization of dynamic resource management, permits them to approach 

maintenance through a different lens of predictive, preventive, and corrective actions, and 

develop innovative growth strategies for better manufacturing operations (Akpan et al., 

2022). Another benefit, the concept of smart circular economy emerged where the finite 

resources of earth’s resources are taken into consideration when leveraging BD to 
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connect information and material data, increasing the operationalization of resource 

capabilities in decision making for senior executives and senior managers, but also 

improving sustainability and enhancing supply chain management (Kristoffersen et al., 

2021b). For SMEs, some limitations of BD include the following: (a) data growth and 

analysis challenges, (b) high cost of BD tools, capabilities, and personnel, (c) data 

privacy, (d) data volume, (e) talent and skills shortage, and (f) data integration (Alrumiah 

& Hadwan, 2021; Sivarajah et al., 2017). SME leaders are constantly striving to stay 

ahead of the latest innovation in products and services out in the market that allows for 

competition, team works, or partnership in improving their return on investments and 

revenue growth. For this reason, the modern perspective on IT could involve keeping up 

with the velocity, veracity, volume, and variety of data and information that exists in the 

natural environment and how best to extract, process, and analyze these vital assets. 

When organizations understand how the benefits and limitations affect their data as an 

asset, it may allow for product and service innovations to be the source of functional 

business units’ high performance and profitability.  

Big Data 

 BD is the modern data analytic frontier within the IT environment where the data 

are necessary for business competitiveness and growth expansion during the digital era of 

the 21st century. Data can be considered an asset class similar to oil, where companies 

have large amounts of data at rest, which reflects BD as immeasurable, a data deluge 

phenomenon, no fixed data threshold, and central to the core business performance of an 

organization over time through datafication (Alharthi et al., 2017; Carillo, 2017; Kugler 
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& Plank, 2022; Sheng et al., 2017; Sivarajah et al., 2017). In the 1980s, BD began largely 

because of the emergence of business intelligence, and later within the new century, the 

focus was on business analytics and competitive intelligence (Barham, 2017; Luis 

Casarotto et al., 2021b). BD has been around for decades dating back to early 1960s; 

because of the limitations of aggregating data, computing power, and low-order data 

interactions, it was not constituted as a requirement by large corporations (Barham, 2017; 

Koman et al., 2022; Kopalle & Lehmann, 2021). El-Kassar and Singh (2019) stated that 

there are three utilization stages of working with large-scale data: (a) BD acceptance – 

stakeholder engagement with management assurances, (b) BD routinization – 

organizational governance systems for technology integration, and (c) BD assimilation – 

the concerned extension of BD technology spread across the organization. Likewise, 

three levels of BD maturity define how organizations using BD should be classified: (a) 

aspirational – low BD adoption, but high IT focus on efficiency and automation; (b) 

experienced – high efficiency and automation, but remains steady-state with few BDA 

injections; and (c) transformed – high BDA use, high automation, and high efficiency 

(Barham, 2017). BD evolved to be an integral asset to fast-paced SMEs seeking to 

leverage data into the new era. There is no shortage of data garnered by one entity when 

every node can act as a valuable data point for firms to explore and exploit towards high-

dynamic competitive advantages.  

The amount of data created daily by the world exceeded 2.5 quintillion bytes of 

data, with 90% being unstructured data, becoming vastly large to handle for SMEs in a 

digitalized economics (Bartosik-Purgat & Ratajczak-Mrożek, 2018; Sivarajah et al., 
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2017). Data is considered a new asset class in data science, data analytics, and artificial 

intelligence, where the scarcity of talent and skills calls into question SME’s ability to 

employ powerful analyzes to predict the future, find trends, and develop insights (Behl, 

2022; Madhani, 2022). Manufacturing SMEs have large amounts of data that fit under the 

definition of BD where the raw data is insurmountable to process manually in a timely 

manner to make informed critical decisions. Dahiya et al. (2022) acknowledged the 

importance of the data, information, knowledge, wisdom pyramid which applies observed 

facts, generated knowledge, and accumulated learning to current business dilemmas. BD 

differs from the traditional static nature of data in three specific ways: (a) the size and 

volume of data in scale of publicly available information and commercially available 

information; (b) historical retrieval of data and data analytics; and (c) BD – unstructured 

and structured data (Knudsen et al., 2021; Kopalle & Lehmann, 2021; Puneeth Kumar et 

al., 2018). BD can be characterized with other data types to be haphazard, trans-semiotic, 

and homogeneous; it is this complex combination of data which makes BD distinctive 

and generates insights for decision-makers in an organization (Kugler & Plank, 2022). 

SMEs still seek the strategic key to success in the digital transformation of their firms to 

survive the changing business environment and achieve sustainable competitive 

advantage, and BD assists in the innovative process of this transition that can occur for 

data-driven organizations (Dahiya et al., 2022; El Hilali et al., 2020; Knudsen et al., 

2021). With the increase of data, the traditional ways of analytics must transform to 

consider the rise and frequency of new data created each day, but most importantly, the 

way to create those business drivers using data is undecided within SMEs (Bartosik-
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Purgat & Ratajczak-Mrożek, 2018; Côrte-Real et al., 2019). BD is not typical traditional 

data analytics but an integration of people, processes, and technologies transformed to 

value digital outputs that augment human computational knowledge, enhance decision-

making, and unlock new organizational capabilities, resulting in the adoption of new 

business plans and strategic perspectives (El-Kassar & Singh, 2019; Horng et al., 2022). 

The research scarcity of BD must move past post-adoption stages, aligned more towards 

competitiveness in the business market regardless of the data adoption stage to give 

executives and managers confidence in their BD capabilities and analytic information 

(Côrte-Real et al., 2017; Madhani, 2022). The daily rate of creation, recurrence, and 

expansion of data in a digital environment known as BD does call for more analytics, 

faster algorithm developments, and deeper insights into the gathered information. 

Data's structured and unstructured evolution will thrive among consumers and 

businesses daily, delivering critical information to decision-makers who may not have 

understood what they had in their possession in previous decades. BD is the overarching 

terminology to describe technologies that capture, store, transform, analyze complex 

datasets of high volume, variety, veracity, value, and velocity within different formats 

with three types of BD: (a) machine-generated data – sensors, streaming, video, and 

satellites: (b) human-generated data – social media content: and (c) business-generated 

data – transactional, corporate, and government agencies' data (Bartosik-Purgat & 

Ratajczak-Mrożek, 2018; Koman et al., 2022; Mikalef et al., 2018; Willetts et al., 2020). 

It is on par with the importance of quantum computing and nanotechnology with the BD 

scale reaching in 2020 to over 40 Zettabytes or 40 trillion gigabytes, with the number set 
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to expand exponentially by 2022 to $274.3 billion (Akter et al., 2020; Sivarajah et al., 

2017). BD does relate to the concept of competitive intelligence. BD is about the 

competitive nature of varying parties to use data as an asset to glean new information for 

decision-making purposes to serve strategic managers at all hierarchal levels of business 

rather than dependence on intuition-based experiences alone (Horng et al., 2022; Luis 

Casarotto et al., 2021b). SMEs use BD to deliver hidden insights into the data by 

exploring new market opportunities and exploiting in-depth global knowledge about the 

external environment, leading to a competitive advantage (Lin et al., 2020). The larger 

the BD that resides in an organization, the greater the resource capacity needed to explore 

and exploit the data for executives and senior managers to understand the world around 

them. BD may continue to be an emerging research field where varying data sources 

create unique relationship associations that help SMEs leverage insights into key business 

metrics, leading to decision advantage over competitors. 

Big Data Analytics 

BD analytics (BDA) is a management research field that deals with data storage 

and handling through data visualization and integration to provide critical information 

within knowledge and business intelligence organizations. BDA defines the evolutionary 

infrastructure, technical tools, and architecture that normalizes large volumes of data into 

manageable information through the discovery, analysis, and dissemination of data as a 

service to the end-user (Knudsen et al., 2021; Mikalef et al., 2019; Yanamandra, 2019). 

BD is a critical strategic innovation for organizations, the parameters for both its 

performance in efficiency and desired results in effectiveness are tremendously 
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underutilized by most firms (Gupta et al., 2022; Shah, 2022). BDA resides in the ability 

of firms to use analytic tools to generate insights or outcomes through the investigation of 

numerous data sources in different domains (Willetts et al., 2020; Zhuang & Ye, 2022). 

BDA is the next digital edge for productivity, competition, and innovation that provides 

advantages in product and services improvements, faster innovation periodicities, 

customer-focused business models, and acceptable data-replication costs (Knudsen et al., 

2021; Luis Casarotto et al., 2021b; Shan et al., 2019). BDA is nascent in its analytic 

approach for SMEs, and the rate of adoption is slow by horizontal and vertical business 

units where organizations determine their deployment success among the workforce to 

build analytical models, create distributional reports, explore data visualization, and 

better integrate data into their business workflows (Sivarajah et al., 2017; Willetts et al., 

2020). BDA is the aggregate of multiple layered BD sets that service to enhance SME's 

innovative process through alignment of both adopting data as a service and to realize 

data as a service within their organization.  

Likewise, data integration is the aim of organizations seeking to integrate their 

unstructured, semi-structured, and structured data into a cohesive understanding of the 

dynamic business environment (Alrumiah & Hadwan, 2021). The future of data 

integration and digital technologies is critical in determining how companies plan to use 

the information towards driving competitive advantage over competitors in a versatile 

and open innovative market. SMEs are realizing the power of analytics and human 

resource to mature their analytic capabilities towards a predictive and prescriptive model 

over time, and not reactive in nature to internal or external challenges (Arora et al., 
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2021). The uniqueness of an organization’s BD capabilities could allow for data analytics 

through visualization and integration of data to serve the organization’s dynamic 

requirements, valuable insight extractions, and sensemaking of the information to enable 

executives and managers in their decision-making process for the company. 

The utility of IT may determine growth within a business, which is in keeping 

with the demands of the consumers through a renewed focus on investment, human 

capital, and resources to maintain a competitive edge. BDA acts as the lifeblood to an 

organization’s continued relevance in the global business markets, seeking to disrupt their 

industry with real-time digital data streams, where customer needs (psychological) and 

competitive forces (structural) exert pressure to meet critical success factors for sustained 

long-term competitive advantage (Dubey et al., 2019; Raguseo et al., 2021). For this 

reason, BDA capabilities must ensure that a synchronization and orchestration of both 

strategic dexterity (talent/resource mobilization) and absorptive capacity (data 

management/business intelligence) to enable strategic competitive advantage (informed 

decisions/timely business value) using advanced analytics and computational data models 

to generate critical decisions that drive insights for executives and managers (Hopf et al., 

2022; Mikalef et al., 2018). SMEs depend on BDA capabilities to enhance, augment, and 

improve managers’ decision-making, customer preferences, operational efficiency, BD 

assimilation, and predictive analytics (Jha et al., 2020). The competitive environment for 

an organization changed from the industrial revolution to the digital and information 

revolution, where the strategic scope of an organization aims to adapt to the constant 

ambiguity within the market at a rate of speed equal to the dynamic nature of the situation 
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(Ranjan & Foropon, 2021). The accumulation of IT and BDA resources within SMEs can 

indicate the possible occurrences of IT innovation being established and potential 

exposure of strategic talent and data orchestration that redefine how BD interacts with the 

spatial formation of an adaptive competitive advantage over time. What makes an 

excellent company is an organization that can exceed its dynamic capabilities in response 

to varying market forces using data to enhance its operational decision-making processes 

and procedures, leading to control of hyper-turbulent environments and data-agnostic 

challenges.  

Big Data: Five Levels of Analytics Maturity 

 Data analytics is the summation of information into crucial actionable techniques. 

Though BDA is constrained by the accessibility of skills, technologies, and tools, data 

constituted as an evidence-based analysis, allows for the potential towards sensemaking 

insight extractions from raw data that enhance cognitive processing, intensifies 

organizational-collective efforts, and surges competitive productivity through different 

analytic methods (Al-Khatib, 2022; Sivarajah et al., 2017). BDA denotes the analytic 

application methods that address the consumption and diversity of actionable data based 

on five different methods (Mikalef et al., 2018). There are five different types of data 

analytics: (a) predictive analytics, (b) inquisitive analytics, (c) preventive analytics, (d) 

prescriptive analytics, and (e) descriptive analytics (Cabrera-Sánchez & Villarejo-Ramos, 

2020). This section discussed how each of the different analytic methods factors into the 

decision-making and productivity of a firm’s understanding of the environmental 

complexities with the business markets. 
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 The first three analytic methods, predictive, inquisitive, and preventive analytics 

can be examined by executives and managers to enhance their decision-making 

competencies. Predictive analytics refers to algorithm models that use past reports to 

forecast future estimates, conduct demand sensing, and provide root-cause based 

analysis, using machine learning techniques or regression techniques to discover patterns 

and capture data relationships (Grover et al., 2018; Medeiros & Maçada, 2022; Sivarajah 

et al., 2017). Etihad Airways conducted predictive maintenance on their extended air 

fleets to determine appropriate routine upkeep of their assets that go to 89 destinations 

worldwide with an average of 10 million customers per year (Alharthi et al., 2017). 

Yanamandra (2019) presented that risk assessment, procurement, and management 

benefit from predictive analytics to forecast future trends utilizing BD, allowing 

executives and managers to gauge their next strategic moves towards establishing a 

competitive advantage over their industry peers. The next analytic method is inquisitive 

analytics. Inquisitive analytics provides data analysis of why something is occurring, 

combining both descriptive and historical data analyses about the company's 

organizational processes (Cabrera-Sánchez & Villarejo-Ramos, 2020). The inquiry 

format of data analytics allows SMEs to statistically drill down into bits of information 

that are deemed qualified or excluded depending on the business project (Sivarajah et al., 

2017). As part of preventive analytics, executives and managers of SMEs learn what 

needs to be done, how to do it using data structures, and what options are available to 

make decisions for the organization (Cabrera-Sánchez & Villarejo-Ramos, 2020). Human 

input will be crucial to determining the best strategy.  
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Two of the five analytic methods, prescriptive and descriptive, can help SMEs 

make sound and transparent decisions about the phenomenon of BD. Prescriptive 

analytics develops a behavior framework or model that informs the optimal behavior and 

action through future-optimization alternatives (Grover et al., 2018; Medeiros & Maçada, 

2022). Yanamandra (2019) stated that logistics, warehousing, transportation, and 

manufacturing could benefit from prescriptive analytics, allowing for the narrow focus of 

raw data sources to solve particular issues using BD. The Dublin City Council adopted 

the concept of prescriptive analytics when providing innovative city services that allow 

geospatial data and other real-time data sets to best determine the optimized needs for the 

consumer (Alharthi et al., 2017). Descriptive analytics provides information on past 

reports and helps managers understand what may have occurred in the executive of an 

organization’s strategy (Cabrera-Sánchez & Villarejo-Ramos, 2020; Grover et al., 2018). 

This analytic utilizes statistical math like frequency, variance, standard deviation, mode, 

mean, and median to develop visual dashboards for SME executives and managers to 

digest meaningful business intelligence data to make profound decisions about the 

company (Sivarajah et al., 2017). BDA ensures that reports can provide current 

information through raw data to generate timely data that is valuable and advantageous to 

the organization (Sivarajah et al., 2017; Yanamandra, 2019). These options support 

SMEs in comprehending which analytic maturity method using raw data to answer 

business complexity problems while using data to validate their decisions. BDA acquired, 

stored, processed, optimized, and developed, help to determine how resourceful 

organizations can become in understanding their intricate value and the information 
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gleaned from data to make holistic forecasts, inquiries, and recommendations about the 

organization’s future directions.  

Big Data Analytics Capability 

IT is an internal and external tool that connects human capital, financial capital, 

projects, investments, and other resources through a defined business model, where 

organizations leverage BD analytics capability (BDAC) to capitalize on productivity and 

profitability. BDAC refers to the transformative nature of a competitive organization 

seeking to use BD to uncover new product lines and service assets through three main 

elements: (a) human knowledge - managerial skills and technical skills, (b) tacit 

knowledge - culture and organizational learning, and (c) explicit knowledge - data and 

technology (L. Li et al., 2022; Upadhyay & Kumar, 2020). Medeiros and Maçada (2022) 

explained that effective BDACs are continuous sequences of operationalized data science 

techniques through which SMEs acquire insights towards innovative opportunities, 

contributing to an organization’s competitive advantage. For SMEs, the primary 

organizational foundation is human talent (human skills), financial and capital investment 

(tangible resources), and data assets (intangible resources) that leverage the BDA’s value, 

BDA infrastructure, and BDAC for strategic optimization, accelerated innovation, 

enhanced profitability, and accelerated growth of the business (Behl et al., 2022; Grover 

et al., 2018; Horng et al., 2022; Zhang et al., 2022). Numerous vital concepts align to the 

creation of new business models and IT to modern theoretical concepts using data to 

include learning environment, knowledge management, internet of things (IOT), 

customer intelligence, smart cities, artificial intelligence, data management, and business 
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intelligence (Bartosik-Purgat & Ratajczak-Mrożek, 2018; Luis Casarotto et al., 2021b; 

Shah, 2022). There will be four analytic concepts highlighted BD intelligence integrated 

process framework (BDIIPF), digital data stream (DDS), strategic alignment, intellectual 

and social capital integration and technology integration (SIST), data driven integrated 

product-process design framework (DD-IPPD), clustering based classifier ensemble 

method for cost of defect prediction and strategic approach of value identification BD 

framework (SAVI-BIGD).  

Next, I discussed the BDIIPF, DDS, SIST, DD-IPPD, and SAVI-BIGD models. 

Luis Casarotto et al. (2021b) stated that BDIIPF is a developmental and open system 

concept where intelligence search, strategic management, BD universe technologies, BD 

characteristics, and competitive intelligence cycle make up the outline of how an 

organization constructs a logical path with BD to develop the intelligent needs of the 

organization, tailored to be an operationalized structure for adaptive BD analysis. Next, 

Raguseo et al. (2021) explained that the DDS, evolutive business, and competitive 

intelligence are the object-class representation of digital data streamed through machine 

encoding and transmission of human behavior that supports digital data strategy, data 

readiness, and high-quality data conversion at tactical (individual), operational (team), 

and strategic (organizational) levels of an organization. Barham (2017) defined BD into 

three stages of analytics adoption by organizations: (a) aspirational, (b) experienced, and 

(c) transformed. Shi and Wang (2018) proposed another BD analytic concept known as 

the SIST model, which will evolve strategic management and continuous data 

management blueprint that allows companies to determine how resource orchestration of 
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internal and external centers demonstrate value over the timeframe of financial 

investment, human talent, and leadership skills. Uz Zaman et al. (2022) described that the 

DD-IPPD framework contained a multi-stage decision process for BD design 

manufacturing where DD-MRS with the right integrated DA PN and DA PPMM 

supported the technological amalgamation of unexplored opportunities for a firm to 

succeed in an era of immense datasets focused on design decision space, and data-driven 

requirements. 

Another concept is the CBCEM-CoD model. It is an evidence-based operations 

management of the core manufacturing challenges using varying BDA techniques for 

inputs and outputs, numerous BDA insights, and ensemble learning for algorithmic 

aggregation to support effective decision making and reduce bias in the model for 

business value (Sariyer et al., 2022). The last analytic concept is the SAVI-BIGD model. 

SAVI-BIGD is about the value proposition of BD strategic alignment to an SME's 

business strategic objectives over time-based on five key phases (Lakoju & Serrano, 

2017). The five phases can be viewed as a strategic framework for the digital alignment 

of BD to an organization's requirements, based on the following: (a) strategic vision, (b) 

implementation road map for BIGD, (c) generation of strategic BIGD goals, (d) 

determination of data sources, and (e) BD implementation plan (Lakoju & Serrano, 

2017). The generation of BD assets can be valued as a potential value to an organization 

if the organization has several data as a service (DaaS) champions who take the 

organization's strategic vision and map out cost savings and implementation plans that 

lead to competitive strategic BD plans. Out of 300 organizations, Lakoju and Serrano 
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(2017) confirmed that only 45% of successful BD projects reach the completion stage, 

limiting BDAC opportunities and tools for more strategic operations. Different 

organizations take each analytic adoption model to justify their operational level of 

proficiency to determine the maturity state necessary to consider the value, cost, 

technology, challenges, and benefits that lead to data-centric organizational changes 

(Barham, 2017). In the subsequent paragraph, the level of analytic adoption is explained 

for business leaders to better gauge where they are in the spectrum of adopting BD in 

their organizations. 

I elaborated on the background behind each analytic adoption stage, aspirational, 

experienced, or transformed, centered on defining each data-centric hierarchical level 

found in any organization. The concept of aspirational analytics adoption resided in 

analytics with a justified action where leaders determine whether the value of the 

business using data is worth investing in; Yet, the people, culture, and technology are 

limited in scope leading to challenges in cost efficiency and revenue growth (Barham, 

2017). Experienced analytics adoption defines the guided action through which 

organizations understand their data and utilize it in their day-to-day operations, but 

hesitant to fully commit resources to convert to a data-driven centric organization, limited 

by a lack of technical skills, cost efficiencies, data governance, and revenue generation 

that affect organizational innovation (Barham, 2017; Li et al., 2022). Lastly, transformed 

analytics adoption defines the prescribed actions through which managers have accepted 

data as an essential fabric of the organization’s identity and brand management, leading 

to business challenges in revenue growth, profitability, and customer retention, while 
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dealing with issues about data accessibility and competing requirements (Barham, 2017). 

As a strategic value, BDA served as another business model combining three elements: 

environment factors, IT-enabled dynamic capabilities, and IT resources to achieve 

competitive advantage (Bartosik-Purgat & Ratajczak-Mrożek, 2018). The varying 

business models of BD demonstrated that there are different pathways to achieve 

competitive success with data in any industry, but the key to outperforming competitors 

still lies in the people, processes, and procedures strategy of an organization. 

Organizations can establish varying adoption strategies as part of an IT competitive 

strategy to understand the nexus between their dynamic capabilities and the level of 

competitive advantage they may face within the changing global market.  

BDA is a powerful statistical analytic tool that combines multiple data types, 

points, and styles in order to solve critical business problems that result in a competitive 

advantage for the company (Grover et al., 2018). The competitive nature of the digital 

economy requires a transformation among manufacturing SMEs to embrace BD 

visualization from disparate sources and formats for actionable insights, adopt the 

principles of concurrent engineering, and embrace data-driven decision to bring value and 

optimization for the organizations (Briasouli et al., 2021; Iosif et al., 2021; Madhani, 

2022; Medeiros & Maçada, 2022). Organizations determine BD innovation through their 

contribution to acquiring new capabilities and service generation through the 

characteristics of volume, variety, velocity, and value using the cloud, high-velocity 

discovery, and novel data processing algorithms (Luis Casarotto et al., 2021b). Dubey et 

al. (2019) explained that supply chain management requires BD analytics to help 
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business leaders make better decisions on the strategic direction of their organization. 

The rapid pace of change involving the digital collaborative environment, does accelerate 

the nature of digital transformation in a traditional enterprise seeking to understand their 

adoption status, whether as aspirational, experienced or transformed within the digital 

marketplace. The modern perspective on IT does involve keeping up with the value, 

velocity, veracity, volume, variety of data and information that exists in the natural 

environment and how best to extract, process, and analyze this vital asset. Organizations 

can thrive and do excel towards high business performance and profitability. 

BD Five Characteristics 

 BD is characterized by five key characteristics, which must be analyzed to 

understand the generational architecture, technologies, and techniques of BD that define 

how information is collected, stored, processed, and disseminated as time-sensitive and 

critical informational packages for decision-makers in any organization, especially 

manufacturing. With the exponential daily growth of data, there is a paradigm shift 

among the organization of how to value and represent data within their organization, 

whereby the end of 2025, it is projected that 463 exabytes of data are created each day 

(Almeida & Low-Choy, 2021). A recent study defined the 10 dimensions of BD: value, 

variety, vulnerability, veracity, volume, volatility, visualization, validity, vulnerability, 

and velocity (Almeida & Low-Choy, 2021; Hassanin & Hamada, 2022). The scope of 

this research outlined five key elements of BD that reinforced the use of artificial 

intelligence and large data sets: (a) value, (b) velocity, (c) veracity, (d) volume, and (e) 

variety. BD characteristics will be expounded below in a detailed description. 
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Value. Data has a value that SMEs could consider as a growth asset to create new 

services and products for the organization. The expected value of data is integral to the 

confidence and trust placed by an organization in decision-making scenarios that lead to a 

competitive advantage over time for SMEs (Bartosik-Purgat & Ratajczak-Mrożek, 2018; 

Elia et al., 2020; Li et al., 2022; Uden & Del Vecchio, 2018). There are five dimensions 

of BD adoption value to highlight along with their definitions: (a) information value – 

leads to transparency creation of accessible data to support knowledge discovery, (b) 

infrastructural value – discusses how experimentation enablement leads to improvement 

of the current infrastructure, (c) transactional value – denotes the customization and 

personalization of consumers’ goods and services which lead to growing revenue streams 

and gains in productivity, (d) transformational value – extends to new business 

innovation for the benefit of the organization, and (e) strategic value – combined human-

machine support teaming where the IT and business strategies are aligned to be 

responsive to the business environment (Elia et al., 2020; Li et al., 2022; Symitsi et al., 

2021). These are central to understanding and representing BD techniques as a rate of 

investment and rate of return for the organization. Côrte-Real et al. (2019) determined 

that less than half (43%) of BDA initiatives by organizations achieve their strategic goal 

because they lack talent management, mainly in technical skills comprised of data 

science, machine learning, and statistical analysis. 

Velocity. Data velocity refers to the rate of BD change relative to the 

organization's internal asset and external data requirements to improve its sensemaking of 

the business environment. Velocity defines the periodicity and rate of data source 
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formulation and accumulation over a specific period, leading to a defined data stream for 

an organization (Bartosik-Purgat & Ratajczak-Mrożek, 2018). Mikalef et al. (2018) 

explained that the rate of real-time data versus the rate of superseded data makes a 

difference in accepting new data that can improve intraday decision-making and increase 

business agility. Elia et al. (2020) stated that SMEs could use BD to analyze data 

gathered, exploited, and disseminated to transmit information and exchange information 

in real-time.  

Veracity. Veracity is the scrutiny of the data asset acquired by an SME to 

determine its reliability in data prediction. Researchers use veracity to explain the 

credibility, reliability, and integrity of the data acquired and obtained through varying 

methods (Bartosik-Purgat & Ratajczak-Mrożek, 2018). The veracity of the data can be 

compromised, as 20-25% of the information on the internet is untrue; BD algorithms and 

tools control for uncertainty and ambiguity in the data structure (Elia et al., 2020; Grover 

et al., 2018). Because of the constant threat of cyber-attacks on a network, data security is 

paramount to safeguard prosperity information and core company secrets to remain 

competitive in an ever-evolving and changing global market (Grover et al., 2018; 

Sivarajah et al., 2017). 

Volume. Volume refers to the unlimited data sourced from publicly available 

information to sensors, put together that define an entity’s collection of information 

(Bartosik-Purgat & Ratajczak-Mrożek, 2018; Mikalef et al., 2018). The term volume is 

centered on collecting digital information, including unstructured and structured data that 

are hard to analyze and derive meaningful insights using existing IT tools (Alharthi et al., 
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2017). Hassanin and Hamada (2022) explained that BD challenges are in the numerous 

structured and unstructured data facing organizations. More importantly, an increased 

flow of data created each day becomes unmanageable by one person alone because of the 

dispositions and dimensions of datasets stored in immeasurable amounts (Côrte-Real et 

al., 2019; Madhani, 2022). When raw data overwhelms because of data integration or 

data acquisition and warehousing, the difficulty becomes the ability to trust such data; 

part of external data collection is based on human-interpreted data (Grover et al., 2018; 

Sivarajah et al., 2017).  

Variety. Variety constitutes the structured and unstructured diversity of data and 

its accumulative properties (e.g., commercial data, city data, and manufacturing notes) 

based on varying levels of formats (Bartosik-Purgat & Ratajczak-Mrożek, 2018; Mikalef 

et al., 2018). Each day, organizations create disparate data sources resulting in a 

variegation state of data readily available for utilization and application to improve 

business performance (Madhani, 2022). It is not limited to only known data sources but 

has expanded to include digital data streams and varying quantitative data sources 

(Alharthi et al., 2017). 

BD Challenges and Benefits 

Some SMEs observed BD as a hindrance and barrier to competitive advantage, 

but other SMEs understood the business value of BD to provide benefit and cost analysis 

for the organization. BD is an emergent topic for business leaders within a complex 

business environment because the millions of raw data points based on structured and 

unstructured data, is a major challenge for SMEs (Bartosik-Purgat & Ratajczak-Mrożek, 
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2018). The obstacles of BD exist with the following challenges including: (a) lack of data 

mining ethical principles; (b) alignment of people, processes, and procedures; (c) privacy 

issues; (d) BD conceptualization; (e) data processing system limitations; and (f) lack of 

knowledge in data-centric customer analytical approaches (Hossain et al., 2021; Sivarajah 

et al., 2017). The barrier for BD exists with the following challenges: (a) infrastructure 

high costs; (b) lack of people and technical tools in data science; (c) lack of 

organizational cultures centered on data-driven strategic management; (d) shortfalls in 

multiple data objectives and interpretations; (e) Artificial intelligence and analytics do 

not gather or create data; (f) human-machine job security debate; (g) regulatory – ethical, 

legal, and privacy issues; and (h) enterprise cyber and data breaches (Alharthi et al., 

2017; Kayabay et al., 2022; Kopalle & Lehmann, 2021; Malthouse et al., 2019; Sivarajah 

et al., 2017; Willetts et al., 2020). 

There are both benefit and cost analyses associated with the use of BD. The 

benefit analysis of BD includes: (a) reduction of time and cost, (b) increased sales 

probability, (c) new customers, (d) improved financial performance, and (e) better market 

information (Bartosik-Purgat & Ratajczak-Mrożek, 2018). Alharthi et al. (2017) 

examined the three main data characteristics: velocity, volume, and variety among BD 

versus business intelligence. They found that BD constitutes infinite, real-time, and 

unstructured data sources, while business intelligence is limited to finite, offline, and 

structured data sources. The cost analysis of BD includes: (a) data storage, (b) data 

analytics, tools, and systems, (c) data complexity, adaption, and conversion, and (d) data 

management access (Bartosik-Purgat & Ratajczak-Mrożek, 2018). Grover et al. (2018) 



47 

 

explained that there are value propositions of BDA: (a) BDA can be valuable, (b) BDA 

can be rare, (c) BDA can be inimitable, and (d) BDA can be organizationally embedded. 

Organizations view the critical success factors for considerations center on the following: 

(a) leadership, (b) functionality, (c) flexibility, (d) time, (e) culture, and (f) cost (Ranjan 

& Foropon, 2021). Barham (2017) noted that BD is not only imitable and unique as an 

operational and strategic resource for organizations, but it can enhance, improve, or 

extend an SME's competitive advantage for a considerable amount of time. The 

information dominance of an organization does not necessarily lead to a strong 

performance; it is a mixture of management, technical skills, and processes that achieves 

the desired benefits and dynamic capabilities for resource allocations. To overcome any 

limitations, a company’s competitive advantage could originate from creating a value-

purposed and data-driven strategy based on BD analytics and innovative technologies 

while ensuring product and service heterogeneity and resource immobility over rivals.  

Machine Learning 

ML is a subset of AI, where though limited in scope to narrow AI, it is focused on 

using reinforced learning to help understand the data environment and ecosystem. BD, 

cloud computing, and the IOT are three fundamental pillars to the strength of ML, in 

particular exploring and exploiting data at a faster rate of speed using the cloud, 

enhancing operational efficiencies, and providing information through cyber-physical 

systems as the catalyst for sensor generation throughout the manufacturing ecosystem 

(Akpan et al., 2022; Pham et al., 2022; Roy & Roy, 2019; Stroumpoulis & Kopanaki, 

2022; T. Wang et al., 2021). Within the manufacturing ecosystem; the hardware 



48 

 

infrastructure; data extraction, transformation, and load; and data analysis involve smart 

manufacturing, where controllers, sensors, and machines move rapid BD processing from 

device to the cloud, attempting to maximize system-level and device-level performance 

towards a unique competitive advantage (Saez et al., 2018). To improve manual tasks in 

manufacturing production lines, ML can assist using computer vision to detect anomalies, 

automate multi-tasks in classification of parts, identify inefficiencies, and provide critical 

and timely solutions to resolve problems before they end of the production cycle, leading 

to an increased fold in competitive advantage for an SME (A. Walker et al., 2021; Younis 

et al., 2022). Likewise, ML uses minimal human intervention while continually 

improving its algorithm to provide data-driven insights to senior executives and managers 

(Jakhar & Kaur, 2020; Lesort et al., 2020; Reis et al., 2020). ML should not be 

considered a restricted tool only dedicated to financial and health care sectors; it is a 

cyclical and iterative development that other industries can use to include the 

manufacturing sector (Chae & Olson, 2022; Patel, 2020). SMEs can construct their ML 

models to be versatile, predictable, and adaptive to the data environment, though varying 

variables limit traditional ML techniques to both structured and unstructured datasets 

(Kitchens et al., 2018). SME executives and managers must be consulted early about their 

business requirements to apply the proper ML technique and tools to the problem. ML 

will provide organizations the opportunity to build competitive advantages that lead to 

market growth, stable R&D innovations, and unique data collection to improve their 

internal algorithms.  
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SMEs use ML and multiple data structures to improve the decision-making for 

executives and managers. There are three defined elements with ML that are part of a 

data environment: (a) supervised learning – future predictor of events using learning 

models and BD to improve the trained algorithm, (b) unsupervised learning – unlabeled 

data used to cluster information for future predictions, and (c) semi-supervised learning – 

adaptive labeled-data used to correct event predictions (Cabrera-Sánchez & Villarejo-

Ramos, 2020; Jakhar & Kaur, 2020). Each of these elements uses the programming 

language of R/Python to help solve complex and intensive problems involving BD and 

ML (Farrokhi et al., 2020; Saputra et al., 2022). Likewise, real-time BD streams allow for 

the execution of timely decision-making and insightful sensemaking for SME executives 

and managers (Mehmood & Anees, 2020; Rana et al., 2022). Younis et al. (2022) 

confirmed that ML demand forecasts were more accurate to their defined real-time 

measurement than traditional forecast models, suggesting accuracy in using ML for value 

creation while reducing the risk to an organization. Organizations process BD 

information using clustering, classification or association to improve the accuracy of the 

models over time through algorithms, ML and statistics, enhancing the data-driven 

decision for executives and managers and enriching the capabilities of multiple target 

tracking algorithms through computer vision (F. Li et al., 2021; Rana et al., 2022; Saputra 

et al., 2022). Long-term ML unification strategies require SMEs to accept 

experimentation failures as powerful insights and algorithm modifications as a business 

norm using data professionals, investments, cloud-based metadata registry, and time to 

build an industry competitive advantage (Patel, 2020; A. Walker et al., 2021). The 
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importance of ML to an SME does highlight that data-driven ecosystems through the 

integration of BD provide the following benefits along with deep learning applicability in 

businesses: (a) agile and speed, (b) sustainable and profitable, (c) versatile and scalable, 

(d) lean and efficient, (e) automated and networked, (f) remotely operated, (g) transparent 

and ethical, (h) customized and innovative, (i) worker’s safety and well-being, (j) reliable 

forecasting, and (k) automated translation (Priya et al., 2022; Reis et al., 2020; Roy & 

Roy, 2019). BDA investments can enhance ML business values, where SMEs seek 

repetitive competitive advantage through reinvigoration of current service and product 

offerings, new revenue streams, and modernization of their business models. 

Strategic Dexterity (SD) 

 The SD of SMEs can be enriched by offsetting the competitive environment using 

knowledge resources to set relational embeddedness and learning orientation as the 

primacy for future digital economies. Strategic dexterity is synonymous with strategic 

agility, where SMEs must completely understand both the internal and external 

environment, using knowledge as an asset to drive competitiveness among businesses in 

the right direction. Kale et al. (2019) defined strategic agility as the organizational 

fortitude to use in-house assets, external assets, and data to perceive the ambiguous 

environment and respond quickly to multiple changes, both known and unknown 

activities, within the firm. Likewise, Medeiros and Maçada (2022) found that data-driven 

cultures are a set of beliefs and ultimately, data analytic attitudes towards how SMEs 

embrace the strategic value, responsibility, and management of data utilizations to 

improve, change, or enhance data-driven decisions through a shared collective set of 
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mannerisms that reinforces cultural norms. Anca-Ioana (2019) discussed how 

organizations are successful when decision-making, flexibility, and adaptability are 

executed at the speed of relevancy. For this reason, strategic agility is required in varying 

marketplaces where firms must surge their resource capacities to keep pace with or 

exceed rival SMEs, support management control functions through dynamic simulations 

and real-time analysis, focus boundary spanning behaviors towards partner organizations, 

and ensure a strong market lead towards widening their competitive advantage (Clauss et 

al., 2020; Dehbi et al., 2022; Xue et al., 2022). Regardless of the market type, a common 

trend of strategic organizational dexterity could start with the organization as an entity to 

bring managers, employees, and other external stakeholders towards achieving similar 

data-driven goals. It is not about crisis planning operations, but it is centered on strategic 

dexterity, where reacting meticulously and diligently to market changes of foreseeable 

and unforeseeable events proactively through BDAC with holistic resource plans allows 

SMEs to achieve success through strategic data behavioral changes and analytic 

importance to solve SME business problems. 

SD is an important concept of strategic management to include its metamorphoses 

into developed and shared networks of data-driven SMEs. SME managers and executives 

are provided the flexibility to configure the organization’s resources, impact and execute 

enterprise innovation, and develop enterprise networks that adapt to ambiguous market 

conditions and uncertain global environments (Lin et al., 2020). SD is about firm leaders’ 

flexibility in responding to volatile and complex market environments that exploit 

existing resources and capabilities through a cohesive and shared network to explore new 
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opportunities through a desired, visionary, and committed learning system (Ahammad et 

al., 2021). The nature of SMEs’ digital network supports the efforts for competitive 

advancement in manufacturing that transcend the typical call for differentiation, cost, and 

institutional advantages within a given market; the enhancement and adaptability of a 

digital strategy allows an SME to compete on a global scale (Ighravwe & Oke, 2018; Sun 

& Wang, 2022). In this subsection, the expansion on relational embeddedness and 

learning orientation will be related to the strategic dexterity of an organization in an 

uncertain business environment. 

Relational Embeddedness 

The rapid evolution of data and the pace of technology are not surprising in a 

networked business environment. Disruptive technologies involve data-driven 

efficiencies in the system that support access to new information, provide real-time 

understanding, and transform data as part of its core values through BDA and the IOT 

(Aryal et al., 2018). Organizations have begun to seek other methods to gain competitive 

advantage, firm agility, and responsiveness in the global business market to determine 

how best to tailor their strategies. Relational embeddedness is about the strong ties, trust, 

and shared system found in a competitive and data-driven organization seeking long-term 

success to transform their internal and external perspective of the global market 

environment (Dhanaraj et al., 2004). Strong ties refer to an organization that builds 

strong, cohesive ties rooted in a firm’s networks through exploiting and exploring 

knowledge (Sheng et al., 2017; Wu et al., 2020). Trust is about the social relationship 

built over time among managers and employees, and stakeholders and external networks 
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that share information exchange to reduce impediments towards a firm’s success (Wu et 

al., 2020). Shared trust is about allowing organizations deployment of resources and 

capital to improve societal challenges in return for securing long-term competitiveness 

through product reexamination, value chain enhancements, and collaborative partnerships 

(Omar & Madzimure, 2022). A notable area involves SMEs that seek organizational 

stability in the long-term through talent analysis planning of key skillsets and talents to 

help shape future growth of the organization (Saputra et al., 2022). There is no doubt 

where demand for manufacturing human resource talents and skillsets in data science, AI, 

and algorithmic techniques will come, only leading to growth in SMEs. 

A firm creates success when network cohesion and organizational conviction are 

realized and aligned with the internal and external resources of the organization centered 

on a standard set of values among its networks that reduces mistrust and enhances the 

company’s mission and enterprise knowledge (Wu et al., 2020). Knudsen et al. (2021) 

summarized that the digital environment strengthened self-reinforcing network effects 

that amplified the creation of data-driven and automated demand-side economies of scale 

regardless of physical location. Sheng et al. (2017) explained that SMEs could integrate 

business management and digital transformation through the fusion of disparate data 

sources to be flexible in their responses to reshaping the strategic actions of executives 

and managers. For this reason, a firm’s relational network, shared mission, value, and 

purpose can help senior executives and managers use all available data, creating cultural 

norms and mutual recognition to drive business growth and make informed decisions for 

the organization’s benefit. Through the normalization of an organization’s social capital, 
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cohesive mutual networks, and shared understanding, internal and external stakeholders 

will buy into creating a digital management strategy that seeks to use the hybrid 

interactions of knowledge and information to create new insights and drive future market 

opportunities.  

Learning Orientation 

The future of data integration is defined by how a firm creates a competitive 

advantage through a learned system that molds and conceptualizes into a versatile and 

open innovative structure. Russell and Smorodinskaya (2018) stated that organizational 

leaders that forecast plans are doomed to fail and need to focus on nonlinear innovation 

to create new knowledge and diversify the innovation ecosystem. Out of the four 

typologies of firms using digital technologies based on BD and network effects, Knudsen 

et al. (2021) described that the most stable competitive advantage typology is data-driven 

network firms, and their exploitation and exploration of active learning systems. A 

systematic integration of IT assets helps in packaging data streams (real-time access), 

developing information (data authenticity), and creating knowledge (versatility of 

applicability of the captured data) towards active, actionable, and data-driven insights 

that support the digital transformation of SMEs (Dahiya et al., 2022; Shah, 2022). The 

innovation system of learning requires good data quality and management practices to 

increase an SME’s internal and external processes, while shoring up its firm’s 

knowledge, performance, and capabilities. An SME builds knowledge creation systems 

that enhance its dimensionality of value, velocity, veracity, volume, and variety to 



55 

 

support higher readiness in implementing and executing data-driven competencies 

towards a sustainable competitive advantage for the organization. 

Learning is part of an evolutionary cycle regardless of the organizational strategy. 

Lesort et al. (2020) detailed that continual learning within data-driven organizations 

involves disparate and small datasets through specified algorithmic developments 

focused on prior knowledge, data availability, memory, and AI supervisions centered on 

ML. For this reason, Thomas (2019) stated that technology convergence is the fusion of 

complementary technologies that enable the creation of new activities towards a pathway 

of competitive advantage, where digital technology acts as an enabler of different 

business units’ synergies and integration of information to help decisions, plans, and 

strategies interconnect for a smooth execution flow. SMEs can permit active data 

ecosystems using an application programming interface that provides real-time data 

sources to create complementary BD innovation systems (Huang et al., 2020). Data 

convergence is vital for organization to better understand their strategic assets. This will 

be critical as SMEs move data sources from descriptive in nature to predictive to 

comprehend the complexities of the business manufacturing landscape.  

In a complex business environment, relationships, trust, and communication will 

assist senior executives and managers in navigating the uncertainty terrains their 

organization may stumble across conducting business activities locally or regionally. An 

organization can pivot through uncertainty by determining its learning orientation 

through three ordinal subscales; commitment to learning, shared vision, and open-

mindedness (Baker & Sinkula, 1999). Wu et al. (2020) described that firms’ local and 



56 

 

global perspectives on competitive advantage require diversification, learning systems, 

and internationalization to adapt and adjust resources through continuous organizational 

learning. An organization will begin to learn and share its vision by acquiring knowledge 

internally. Arora et al. (2021) stated that internal interactive training and new e-learning 

methods in data analytics, ML, or AI can help organizations build up cost-effective, 

rewarding, and efficient results that contribute to an organization’s success in 

performance appraisal and employee retention. As an SME reaches capacity through data 

mining, it must expand to absorb and tolerate external data sources of quality and 

substance that provide insights into the current business problem through learning 

analytics (Matsebula & Mnkandla, 2017; Shah, 2022). A firm’s business culture, shared 

network, and trust does ensure an organization does not operate in a vacuum but thrives 

with relational nodes of shared purpose among internal and external stakeholders into a 

better state of business affairs. This study may be beneficial because it could contribute to 

a better understanding of strategic dexterity, which looks at the flexibility of management 

to shift resources, skills, talents, labor, and costs to meet ongoing challenges within a 

dynamic global environment. 

Absorptive Capacity (AC) 

 The power of data analytics does remain in retrieving data-rich information, 

which a company can collect from an individual or an entity to expand data to wisdom 

within the complex business environment. AC defines the level of resource capacity that 

SMEs can absorb (identify, assimilate, and transform) as knowledge through the 

equilibrium discontinuities of uncertainty for both exploratory and exploitative BD 
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ecosystems (Grover et al., 2018; Shah, 2022; Y. Yan & Guan, 2018). AC is about the 

iterative process of conducting exploration and exploitation of external knowledge to 

determine varying learning techniques that create new assets resulting from the previous 

information through exploratory, transformative, and exploitative discoveries (M. Y.-P. 

Peng & Lin, 2021). When the market will saturate with multiple opportunities for goods 

and services to be exchanged, customers are in control, leading organizations to compete 

faster to keep up with market expectations, demands, and reactions in a timely fashion. 

SMEs need to develop knowledge management and business intelligence strategy based 

on BD that allows for accelerants in innovation to compete with uncertainties in the 

global market (Quaye & Mensah, 2019). Within AC, data are a crucial element for the 

survival of digital businesses in the future. Data must be inclusive of its environment. 

BD is a common theme in today’s IT environment, where data has become the 

new strategic asset to a business' competitive nature and expansion. Organizations are 

responsible for ensuring the abundant data is not saturated in its collection, resulting in 

stale and insufficient outcomes. AC ordinal subscales are diffused into two higher-order 

constructs, potential absorptive capacity and realized absorptive capacity, which has the 

following sub-variables of acquisition, assimilation, transformation, and application 

(Camisón & Forés, 2010; Cohen & Levinthal, 1990). Wu et al. (2020) explained that AC 

is about how an organization conducts resource intake management of data to create 

value. This is done through three approaches: (a) resource integration, (b) resource 

reconfiguration, and (c) acquisition and merger. This is aligned to the three subvariables 

above: (a) acquisition and assimilation – defines the acquisition and merger approach of 
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data management; (b) transformation – refers to the resource integration of data; and (c) 

lastly, application – denotes the resource reconfiguration that is required to ensure data 

success for the organization (Harris & Yan, 2019). Wu et al. described IT assimilation as 

data storage with no value, meaning it has no dynamic capability, while IT business value 

is taking data as an asset with an IT tool to understand how best to leverage information 

through the following: (a) electronic data interchange, (b) knowledge management 

systems, and (c) enterprise resource planning. Wu et al. presented their main research 

findings centered on relational embeddedness positively affecting PAC and RAC, while 

AC allows an organization to conduct knowledge activities and create new perspectives. 

The importance of AC lies in the organization’s dependability, internal and external data, 

and its cross-functional and operational data to advance knowledge into wisdom. By 

absorbing information into the organization, there will be an opportunity for an 

organization to either take the direction of IT assimilation or IT business value. 

Competitive Advantage (CA)  

 CA is the spatial and time dimensions of Porter’s theory of CA, where 

nonlinearity gives an advantage to those SMEs based on network effects, integrated 

strategies, and knowledge absorption to compete in an open digital market and era of 

digital transformation. Porter introduced the term CA as the aggregation of an SME's 

self-reinforcing and networked ecosystem of dynamic resources that are hard to imitate or 

replicate by rival organizations (Porter, 2001). CA defines the internal and external 

dynamic capabilities of a firm that will not erode over time, maintain a tenable position, 

and overcome limitations in creating value over rivals through three absorbed and 
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integrated strategies: (a) differentiation, (b) cost, and (c) institutional (Knudsen et al., 

2021; Madhani, 2022; Mikalef et al., 2018; Shan et al., 2019). In manufacturing, SME 

leaders develop their competitive advantages through internal core competencies, unique 

specializations, ACs, and customizations strategies to vary from their business and 

industry rivals through knowledge absorption, creating new and different product 

offerings and service advances (Gonyora et al., 2022; Ighravwe & Oke, 2018). The age of 

digital transformation coupled with BD and the IOT will ensure manufacturing SMEs 

gain knowledgeable insights, expansive datasets, and skilled employees to take the 

organization to the next strategic level.  

Manufacturing SME leaders constantly pursued emerging technologies to develop 

novel outcomes that improve productivity while gaining a CA. CA is about the finite 

resources, unique human talent, and networked strategy that establishes hard to imitate 

organizational products and services provides cost advantage for competent 

organizational outcomes and finds new opportunities to overcome complex and 

unambiguous business challenges to outperform rival competitors (Barham, 2017; 

Kristoffersen et al., 2021b; Liu et al., 2018). The pursuit of a data-centric approach 

allows disparate business functions to address complex issues and challenges in a timely 

manner through BDAC, discovering new insights, finding new materials, and 

establishing stronger internal and external processes, which lead to a better operational 

and strategic understanding of the business environment, leading to competitive 

advantage (Al-Khatib, 2022; Dong et al., 2022). A firm’s positionings revolve around 

differentiation, cost, and institutional advantages found in the theory of CA, which are 
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based on the business environment, resource access, and time management available to 

SMEs (Bartosik-Purgat & Ratajczak-Mrożek, 2018). In the subsequent paragraphs, the 

CA ordinal subscales are highlighted: (a) differentiation advantage, (b) cost advantage, 

and (c) institutional advantage. 

Differentiation Advantage 

  SMEs will seek to differentiate themselves over rivals in products and services to 

consumers and business through BDAC capabilities, IT convergence and digital fusion, 

and cloud computing using BD as a strategic asset. SMEs develop differentiation 

strategies through a comparison of other competitors’ offerings by expanding their 

loyalty reward programs, achieving inimitable product status, skilling employees to 

support quality services and learn new innovative techniques, lowering service-cost 

pricings, exploring data-driven optimization models for low-cost solutions, branding the 

organization effectively, and meeting the consumer expectations on a timely and 

consistent basis (Pu & Yan, 2021; Wanjogo & Muathe, 2022). With the evolving 

business environment, organizations could strive to use new emerging technologies, 

procedures, and techniques to differentiate themselves from competitors (Thomas, 2019). 

BD has led SMEs to adopt BDAC capabilities to differentiate services and provide 

distinctive product value from entrants using BD (Kaleka & Morgan, 2017; Razaghi & 

Shokouhyar, 2021). Thomas (2019) suggested that IT convergence and digital fusion 

strategies based on Chesbrough’s open innovation concept allow organizations to conduct 

BDA to enrich their optimization for customers and clients rather than dwindling limited 

SME resources. As the globe moves to hyper-competition, data processing using the 
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cloud will be necessary to enhance customer satisfaction, accelerate innovation, and 

compel global consumers to be part of an experience (Power & Weinman, 2018). SME 

leaders will develop their BD strategy as differentiation from others because the focus of 

internal boundaries only limits the capability of SMEs seeking to succeed in the long 

term.  

Cost Advantage 

There are two foundational types of cost-efficiency strategies, bargain pricing to 

reduce cost and differentiation strategy to charge more for premium, that link cost 

leadership to CA which are essential to maintain dynamic cost pricing for consumers and 

command market share (Madhani, 2022). T. Wang and Gao (2022) explained that there 

are several cost management methods in enterprise manufacturing that SME leaders must 

consider in their strategy development to include actual cost, standard cost, and testing 

cost. Each cost strategy is vital to better understand how best to manage cost, utilize data 

effectively, promote BDA decision-making, narrow the solution space of complex 

problems, and obtain satisfactory results within an advanced intelligence manufacturing 

(T. Wang & Gao, 2022). Export-oriented SME manufacturing leaders can adopt a wider 

range of cost advantages and leadership in delivery dependability, cost-reduction 

strategies, competitive pricing, customized production, and quality because of their 

agility, responding nimbly to consumer demands and getting faster outcomes within 

product development (Jahed et al., 2022; Wanjogo & Muathe, 2022). The confirmation of 

cost leadership for an SME is ineffective alone and must be combined with 

differentiation advantage to be a force multiplier to be considered a competitive 



62 

 

advantage (Ighravwe & Oke, 2018). Varying international sourcing strategies are 

essential for SME leaders to diversify their sourcing strategies using BDA to achieve 

high-quality product manufacturing and low costs to consumers (Kaleka & Morgan, 

2017; Razaghi & Shokouhyar, 2021). SME leaders could view pricing innovation as a 

reaction to customer demand in the digital environment and enhance ways to provide 

alternative cost mechanisms to deliver strategic competition for the organization (Jahed et 

al., 2022; Quaye & Mensah, 2019).  

Institutional Advantage 

Organization leaders can enhance their BD competitiveness when executives and 

senior managers acknowledge the institutional advantage of their human talent, capital 

resource, and authoritative permission as part of their dynamic capabilities to generate 

value for long-term strategy growth. An organization can lack strategic focus towards 

digital innovation when they do not have employees with knowledge, skills, expertise, 

and specialization in BDA for competitive advantage (Willetts et al., 2020). Executives 

and senior managers could develop a capital resource plan that transitions the institution 

from a stovepipe framework to a digital data fabric that weaves the BD assets of the 

organization seamlessly together. Behl (2022) explained that organizational culture is 

essential for any SME’s business survival focused on team agility, dynamic 

competitiveness, and IT adoption as institutional advantages. For this reason, companies 

must learn to have a cooperative style of engaging their business, environmental, and 

regulatory pillars, which leads companies to be valued and trusted members of societal 

change leading to an authoritive permission to push the boundaries of science and 



63 

 

technology towards actionable insights and competitive advantage (Bartosik-Purgat & 

Ratajczak-Mrożek, 2018; Willetts et al., 2020). By placing people, processes, and 

procedures first, executives and managers can leverage the organization’s dynamic 

capabilities to gain momentum using their BD strategy to gain a competitive edge over 

time. Disruption can be a nonlinear vector and approach in data management which may 

require organizations to break through the hype to realize their full potential in the 

marketplace, and expanding the opportunities with clients and consumers to gain a 

relational outlook of the domestic market.  

Organizations can seek to maintain an SME competitive and diversification 

strategy against business failure prospects through strategic alignment of AI and ML as 

central to corporate success. The utilization of cloud, BD, digital empowerment, and AI 

are vital components to an SME’s strength where the organization leaders propagate their 

strategic acceleration of enterprise data to gain value and competitive advantage in the 

digital business environment (Sun & Wang, 2022). An organization’s AI/ML system 

development based on the integration of real-time data, ML, and automation allows 

SMEs to be competitive where emerging patterns reveal quickly, allowing institutions to 

build a comprehensive plan prior to execution with authoritative consent (Farrokhi et al., 

2020). An organization’s leaders must understand the market by sensing, seizing, and 

reconfiguring dynamic resources capabilities to achieve a first-mover advantage, 

necessary to have a competitive edge over rivals (Akter et al., 2020; Cao et al., 2022). An 

organization’s agility is about its dexterity and flexibility in varying business functions of 

AI and ML necessary to keep pace with changes in the IT environment. By 
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acknowledging the institutional advantage, company leaders can develop unique 

capabilities central to their operations that allow for continuity of business with little to 

no downtime while enhancing the BD operational functions of the company, protecting 

people, equipment, and intellectual property, and dealing with finite resources constraints 

effectively. 

Transition  

In Section 1 I demonstrated the critical argument regarding AI, ML, and BD to 

transform manufacturing SMEs into competitive leaders within the future digital 

economy. Some SME manufacturing senior executives and managers in the United States 

do not know whether a relationship exists between SD, AC, and CA. I used a quantitative 

correlational study to examine if a relationship exists between SD, AC, and CA. I 

described Teece et al.’s DCV theory that examines the interdependencies of firm 

resources, the internal and external knowledge of the environment, and the augmented 

path dependencies, to handle rapid technological changes. 

 Section 2 will include the justifications about the role of the researcher, list 

participant criteria, and describe the research method and design along with the 

population and sampling. I will address the components of ethical research, data 

collection instruments and technique, data analysis, and the data’s reliability and validity. 

Section 3 will comprise of the findings’ presentation, applications to professional 

practices, implications of social change, recommendations for action, recommendations 

for research, reflections, and conclusion of the study. 
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Section 2: The Project 

This section starts with a reiteration of the purpose of the quantitative study. In 

this section, I discuss the researcher’s role, research method and design, population and 

sampling, and data analysis strategy. A detailed description of the research ethics and the 

data collection instruments, techniques, and analysis are also provided. This section 

concludes with an explanation of the validity and reliability of the study.  

Purpose Statement 

The purpose of this quantitative correlational study was to examine the 

relationship between SD, AC, and CA. The independent variables were SD and AC, 

while the dependent variable was CA. The target population for the study were SME 

manufacturing senior executives and managers in the United States. The implications for 

positive social change include enhancing employee productivity in data usage and 

advocating for sustainability efforts within underserved and underrepresented 

communities towards a digital economy. 

Role of the Researcher 

In quantitative research, the role of the researcher consists of (a) measuring the 

operationally defined constructs, (b) describing the level of measurement and statistical 

analysis of the variables, and (c) presenting an objective interpretation of the study results 

(Abulela & Harwell, 2020; Zyphur & Pierides, 2020). I used Statistical Package for the 

Social Sciences (SPSS) software to manage and analyze the data (see Bala, 2016). I had 

SME participants from the United States fill out and complete an online survey through 

SurveyMonkey (see Appendix B). I used multiple social media sites, such as Twitter and 



66 

 

LinkedIn, to send out the invitation to participants. I do not have any affiliations, 

principal holdings, or shares with any manufacturing industry sectors or did I know the 

SME executives and managers who participated in the research study. The data collected 

will be stored securely for 5 years while adhering to strict ethical principles. 

The role of a quantitative researcher centers on research integrity and ethics, 

which requires them to be unbiased, valid, and truthful to potential participants in the 

study (Braun et al., 2020; Edwards, 2020). Ethics are a set of guiding principles that 

morally and virtuously expresses the morals, characters, and values of a researcher 

(Scipanov & Nistor, 2020). Because there are inadvertent consequences that can occur in 

a research study leading to distrust (P. Ellis, 2019a), it is important to follow guidelines, 

like The Belmont Report, which centers on respect for persons, magnanimity, and justice 

(Brien, 2008; National Commission for the Protection of Human Subjects of Biomedical 

and Behavioral Research, 1979; Saunders et al., 2015; U.S. Department of Health & 

Human Services, 2020). There are also professional standards to adhere to when dealing 

with a population or sample size, where ethical behavior is paramount (Samuel & 

Derrick, 2020). A researcher must consider the treatment of a targeted population through 

providing unbiased information, limiting language barriers, and ensuring voluntary 

survey participation (P. Ellis, 2019b; National Commission for the Protection of Human 

Subjects of Biomedical and Behavioral Research, 1979). I completed my Collaborative 

Institutional Training Initiative program on The Belmont Report and received a 

certification for my completion of the ethics course with the ID# 36545289 (see 

Appendix A). During the study, I respected the autonomy of participants by not placing 
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any pressure on them to participate, and all participants were explained their rights as 

participants found within The Belmont Report. I was honest and respectful with my 

participants, provided an unbiased letter of invitation and asked volunteers to participate 

in the study based on anonymity without reprisal or undue influence of their responses.  

Participants 

Study participation is important to research and requires participants’ consent to 

minimize harm (P. Ellis, 2019a; Peled-Raz et al., 2021; Wendler, 2020; Xu et al., 2020). 

The participants’ eligibility criteria help advance the generalizability of the research 

study (Weng et al., 2010). The participants in this study included SME manufacturing 

senior executives and managers in the United States who dealt with the North American 

Industry Classification System (NAICS) 334, labeled computer and electronic product 

manufacturing. NAICS is a job standardization occupation system used in the U.S. 

economy, with its last update in 2017 (North American Industry Classification System, 

2017; U.S. Census Bureau, 2020a). NAICS 334 has 30 different submanufacturing 

industries associated with communications, computers, electronics, and semiconductors 

(NAICS, 2017; U.S. Census Bureau, 2020b). Participants had to meet the subsequent 

inclusion criteria: (a) be a SME executive and/or manager in the United States; (b) use 

BD, ML, or AI daily in business processes and workflows; (c) have management or IS 

experience within their business; and (d) be classified as part of NAICS 334.  

As a doctoral student, it was important to present ethical questionnaires as to not 

to bias the outcomes of the study. With this doctoral research study, I aimed to provide 

business strategies to SME chief executive officers (CEOs) who seek to effectively train 



68 

 

their employees in AI. The procedures for access to these participants requires informed 

consent, ensuring the study’s reliability and validity (Snell, 2018). Research must protect 

the privacy of individually identifiable health information and human subjects involved 

(National Commission for the Protection of Human Subjects of Biomedical and 

Behavioral Research, 1979). Since I conducted a quantitative study, the questionnaire 

was stored on SurveyMonkey to collect data anonymously. The survey was distributed to 

unspecified personnel using social media with a 6-month deadline ending November 27, 

2022. 

The strategies employed for establishing a working relationship with participants 

during the current, global, COVID-19 pandemic adhered to the Centers for Disease 

Control and Prevention guidelines. First, I developed a data use agreement and letter that 

informed all participants about the intent of the research and their voluntary participation 

with no monetary incentives. I also included publication restrictions stating that no 

company’s information or affiliates would appear in this study. All feasible precautions 

were followed and the study data will be stored within a safe for the next 5 years to 

include any employee data. The study has merits with proper adherence to the rights of 

participants and local laws being followed based on Centers for Disease Control and 

Prevention policies and regulations.   

Research Method and Design  

Depending on a researcher’s worldview, research can be conducted using one of 

three methods: quantitative, qualitative, and mixed (Folajogun, 2020). A researcher 

chooses a method based on how best to frame the questions toward possible solutions 
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(Monroe et al., 2019; Rechberg, 2018; Rumens & Kelemen, 2012). I chose a quantitative 

correlational design because it allowed for the collection and analysis of numeric data to 

create new insights into previously held theories, explaining the phenomena observed in 

this research study. 

Research Method 

In this study, I employed the quantitative research method. Edwards (2020) stated 

that quantitative research is about the pragmatic inquiry of observations evaluated 

through various statistical analyses and packages to draw extrapolations between the 

relationships of theoretical constructs based on concrete empirical parameters. 

Researchers are allowed to infer on these constructs’ definitions and meanings that can 

hold a numeric value for future comparative analysis. A quantitative researcher uses 

deductive reasoning based on probabilistic and empirical evidence to understand the 

specific phenomena and ensure the generalizability, replicability, validity, and reliability 

of the research study (Kankam, 2020). Because of the particularistic nature and objective 

approach of quantitative research, the magnitude of the data allows researchers to 

determine the cause-and-effect nature of the analyses between multiple independent and 

dependent variables to determine the research’s final statistical outcome with a degree of 

certainty (Ahmad et al., 2019). I tested whether there is a statistical relationship between 

SD, AC, and CA by using the quantitative method.  

Conversely, qualitative research methodology involves narrative summaries, 

personal experiences, and interviews among people, entities, and groups to understand 

the phenomena in its natural setting (Cecez-Kecmanovic et al., 2020). Qualitative 
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research is the best approach to answer a research question in two ways: (a) capture 

participants’ positions through their words to help explain a phenomenon and (b) provide 

a deeper subjective understanding of participants’ observations and experiences on a 

topic (Denny & Weckesser, 2019; Pieridou & Kambouri-Danos, 2020). Qualitative 

research relies on words and narratives to tell a story (Morgan, 2018). Use of qualitative 

research allows interviewees to provide exhaustive rigor by expressing their thoughts in 

response to open-ended questions (Ahmad et al., 2019; Roberts et al., 2019). The current 

study’s objectives were not based on a storyline or historical account about SD, AC, and 

CA; therefore, the qualitative method was not appropriate for this study. 

Mixed-method research involves integrating quantitative and qualitative 

methodologies as a hybrid format and used by a researcher to balance the outcome that 

emerges to answer a research problem through careful consideration of the evidence 

(Kluge et al., 2019; Morgan, 2018; Sahin & Öztürk, 2019). Mixed-method approaches 

can be time-consuming, complex, and challenging when dealing with multiple 

quantitative and qualitative data sets to address research questions (McKenna et al., 

2020). Using a mixed-method approach would have limited me in my objective approach 

and timely delivery of the study, which would require both in-depth investigations and 

interviews to include the statistical surveys of the relationship between SD, AC, and CA, 

so this method was not appropriate for this study.  

Research Design 

I selected the correlational research design for this study to account for the 

strengths and weaknesses among two or more variables because I was seeking to 
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understand the statistical test related to each association’s strength, significance, 

direction, and degree (see Seeram, 2019). A critical aspect of this design rests on not 

determining cause and effect based on situational phenomena (Bloomfield & Fisher, 

2019). The variables’ characteristics, multiple relationships, and predictions are part of 

the correlational design (Martin & Bridgmon, 2012; Watson, 2015), and I used this 

design to examine the relationships among SD, AC, and CA.  

I also considered the quasi-experimental and causal-comparative research designs 

for this study. When there is a lack of strict conditional controls found in the 

experimental research design, a researcher uses two comparative groups to examine the 

quasi-experimental relationship, which determines the effects that one variable has on the 

other variable (Abramson et al., 2018; Bloomfield & Fisher, 2019; Kluge et al., 2019). 

There was no controlling variable associated with the current study, but this would have 

limited the measurement and operationalization of the dichotomous variables toward a 

possible outcome (see Field, 2013; Head & Harsin, 2018). A researcher uses causal-

comparative research to investigate the pretest and posttest design of the variables to 

determine the utility of the dichotomous measure of two groups (Blakeslee, 2020; J. Lee, 

2008). The quasi-experimental and causal-comparative designs were inappropriate for the 

current study because they both lack the statistical significance of relationships and 

random data sampling among variables. 

Population and Sampling  

The target population for the study was SME manufacturing senior executives and 

managers in the United States. The SME workforce distribution ranges in the following 
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number of employees and size class: (a) under 10 (Size Class 1 to 2); (b) 10–24 (Size 

Class 3 to 4); (c) 25–99 (Size Class 4 to 5); (d) 100–499 (Size Class 6 to 7); (e) 500–999 

(Size Class 8); and (f) 1,000 or more (Size Class 9; (Gartner, 2021; Headd, 2000; U.S. 

Bureau of Labor Statistics, 2021). The NAICS, size standards, and table of small business 

standards determines the classification of a company’s employee size and size class (U.S. 

Small Business Administration, 2021). The Small Business Administration’s (2021) 

classification of NAICS 334 is a label for an organization with more than 1,000 

employees and size class of 9 (U.S. Department of State, 2019).  

I conducted a power analysis to determine the minimum sample size needed for 

this study using the G*Power tool, which is software used to compare varying 

correlational constructs (see Faul et al., 2009). The sample size is a portion or a part of a 

population represented within a collected data. The holistic concept requires the sample 

design and sample size to be acceptable to determine the population’s confidence and 

precision (Bougie & Sekaran, 2020). The purpose of a power analysis is to estimate the 

sample size for a given population through practical and prospective statistical tests (C.-

Y. Peng et al., 2012). The relationship between sample size and statistical power lies in 

the effects of increasing either element’s sizes; the statistical power refers to the 

probability of the rejection of the null hypothesis when it is untrue (Boukrina et al., 

2020). I used G*Power Version 3.1.9.4 to calculate the sample size, setting the F test 

power (1-β) at .80 for the two independent variables and one dependent variable to verify 

a medium effect size of f2 = .15 at a 5% level of significance in order to quantify the 

distance between variables, resulting in a minimum sample size of 68 (see Figure 1).  
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Figure 1  

Graphical Model of G*Power Analysis 

 

Ethical Research  

The care of the participant should be a priority of researchers. The Belmont Report 

recognizes the importance of research ethics, human dignity, risk-benefit assessment, and 

research boundaries (Beauchamp, 2020). Conclusions, believability, and reliability center 

on moral and ethical considerations that establish credibility (Firestone, 1987). 

Researchers must follow ethical guidelines for the responsible treatment of human 

subjects to ensure research ethics and integrity. I conducted this study after receiving the 

approval to do so from the Walden Institutional Review Board (IRB; IRB Approval 

Number: 04-29-22-1022915). 
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I provided participants with an informed consent form as part of their survey. 

Samuel and Derrick (2020) stated that the informed consent form provides participants 

with an explanation of the study’s purpose, confidentiality, data collection, and data 

usage. All participants were over the age of 18 years old. Saunders et al. (2015) stated 

that participants must voluntarily take the survey and have the option to withdraw from 

the survey if requested. Researchers have obligations to ensure the safety and security of 

their participants from any harm when using digital technology for surveys (Curran et al., 

2019; Kraft et al., 2019). I used SurveyMonkey to anonymously collect data. Having the 

participants complete data use agreements was also a part of taking the survey.  

Establishing good data security measures also requires researchers to think of 

ethical compliance procedures, data retention protocols, and the storage of sensitive data 

(Briney et al., 2020; Cockcroft & Russell, 2018). I will store participants’ information 

and all data collected on a secure, removable, password-protected USB drive along with 

all physical notes and documents in a personal safe in my home office for the next 5 

years. As a storage backup, I will have a digital, password-protected cloud storage file 

using Apple cloud storage to secure the data and information from unauthorized access. I 

also satisfied cautionary data requirements by using an independent data survey tool to 

collect personal data online. After 5 years, I will permanently delete all electronic files 

and shred all notes and printed documents. 

Instrumentation  

Quantitative instrumentation refers to the appraisal of the concrete data analysis 

alongside varying variable domains to decide how the psychometric properties result in 
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the validity and reliability of the data (MacGregor, 2020). I will use the instrumentation 

developed by Wu et al. (2020) concerning SMEs’ strategic agility, BD, and CA (See 

Appendix B). Wu et al.’s survey contains four sets of construct variable domains and 13 

ordinal subscale domains including SD (relational embeddedness and learning 

orientation), AC, and CA (See Appendix D). The 13 ordinal subscale domains refer to 

their associated high-level construct in relational embeddedness, learning orientation, 

AC, and CA. Relational embeddedness ordinal subscales are strong ties, trust, and shared 

system (Dhanaraj et al., 2004). Learning orientation ordinal subscales are the following 

sets, commitment to learning, shared vision, and open-mindedness (Baker & Sinkula, 

1999). Absorptive capacity ordinal subscales are diffused into two higher-order 

constructs, potential AC and realized AC, which has the following subvariables of 

acquisition, assimilation, transformation, and application (Camisón & Forés, 2010; 

Cohen & Levinthal, 1990). CA ordinal subscales are differentiation advantage, cost 

advantage, and institutional advantage (K, Z. Zhou & Li, 2010).  

Based on a confirmatory factor analysis, Cronbach’s alpha coefficients for the 

instrument are .770 and .0896, which indicate high reliability, great convergent validity, 

and good discriminant validity (Wu et al., 2020). Cronbach’s alpha measures the internal 

consistency of the population estimate through a continuous construct scale, normal 

distribution, adherence to tau equivalence that tests the index of the composite reliability 

higher than .70 (McNeish, 2018), with a minimum variance of above .50 (Olvera Astivia 

et al., 2020). To increase confirmatory factor analysis reliability and validity, quantitative 

researchers developed the use of Cronbach’s alpha score as the best instrument to 
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measure similar characteristics found in constructs of a survey that are fit for purpose 

(Benek & Akcay, 2019; Taber, 2018). Cronbach’s alpha determines the internal 

consistency levels within interrelationship questions (Emerson, 2019). Though a high 

Cronbach’s alpha value may occur between 0 to 1, it only indicates a high correlation 

between the participant’s survey responses and does not need more than one data 

collection to determine reliability and validity (Emerson, 2019; Schrepp, 2020). The 

Cronbach alpha scores of Wu et al.’s (2020) study enhanced the need to use the survey in 

other global locations. 

Each independent variable composite scoring reinforced SD, which consists of 

relational embeddedness (RE) and learning orientation (LO).AC is the second 

independent variable providing a reliable instrumentation process. My research will 

include the exact composite scoring domain connected to the dependent variable (CA) 

measurable within this study. Two changes need to occur to ensure the instrument reflects 

the locality of the population and intentions of this research involving BD, which consists 

of first changing the word foreign to domestic. Though the study focused on international 

SMEs, it lacked the understanding of how the complexities of the business environment 

could affect the domestic SMEs competing within global, volatile, and uncertain global 

markets. For this reason, the study will focus on a domestic audience, and RE and LO 

combine into a single term known as SD. SD, as a construct, is abstract and subjective. 

RE and LO measures will not cause issues and are inferred as SD to understand their 

relationship better. Both variables define how senior managers view the combination of 

labor, knowledge, and organization as part of a working strategy for success. Wu et al. 
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(2020) required no publisher permission to use the survey instrument, only that their 

work is cited appropriately in any future study (See Appendix C). Since this is an open-

access research article, no license statement or publisher’s consent is required for this 

survey instrument. 

The Likert-type scale refers to the data that respondents provide, which translated 

to the possible calculation of the statistical scores of the information. The original 

concept of the scale developed by Likert measured the objective attitudes of anonymous 

respondents to certain psychometric properties of the subscales, which sums up to the 

exploratory factor analysis or confirmatory factor analysis in testing both theories and 

construct validities (Ivanov et al., 2018; Leon-Mantero et al., 2020; Michalopoulou & 

Symeonaki, 2017; Walsh et al., 2021). The Likert scale defines how a quantitative 

methodological tool collects data based on behavioral measurements (Bougie & Sekaran, 

2020; Pescaroli et al., 2020). One of the important goals of the Likert scale is that surveys 

allow participants to critically thinking of the questions, and bring their own experiences 

to bare while responding to each question, leading to a learning path, shared trust, and 

professional growth by each respondent. The research survey will include Likert-type 

scale responses to each question using Wu et al.’s questionnaires. Wu et al. (2020) have 

responses to 52 questions ranging from 1 (strongly disagree) and 5 (strongly agree) on a 

5-point Likert-type scale. Simms et al. (2019) explained that there are no additional 

benefits in scales larger than six options because any increase in the number of scales 

creates participant confusion and scale wording responses namely strongly disagree as 

opposed to very strongly disagree. The Wu et al. scales included 1 = strongly disagree, 2 
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= disagree, 3 = neither agree nor disagree, 4 = agree, 5 = strongly agree. When the 

Likert-type scale value is large, a higher degree of strength and confidence is realized in 

competitive advantage, resulting in SMEs executives and managers utilizing SD and AC 

systems to transform the organization into a digital company, part of a CA strategy.  

Data Collection Technique  

I conducted an online survey using SurveyMonkey to collect data in order to 

ensure the safety of all participants. With internet connectivity, participants provided data 

through multiple avenues, whether online or through a smartphone or web kiosk, 

especially during the COVID-19 pandemic, which was a reality of research during the 

pandemic crisis (Mouchantaf, 2020). Bougie and Sekaran (2020) confirmed that the 

repeatability, dependability, and consistency of reliable instrumentation provides trust in 

the results, which leads to fewer errors and limits inconsistencies during the data 

collection. Within quantitative research, SurveyMonkey, a survey tool processes 

participants’ data collection through a methodological format ensuring the reliability and 

viability of the data’s quality and analysis of the information presented to researchers 

(Otero Varela et al., 2021; Sipes et al., 2020). The data collection was an integral part of 

my study, where the collected information was analyzed, processed, and evaluated to 

determine if a phenomenon had occurred in nature or related to a preexisting theory. Data 

collection permits the researcher to examine the relationships between multiple variables, 

emphasizing data transparency and data integrity, while conducting survey safety and 

ethics of participant’s involvement during a pandemic.  
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There are advantages and disadvantages of conducting data collection through an 

online survey. Ball (2019) explained that there are additional advantages of data 

collection, especially online: (a) the expedient diffusion of the survey’s reach, (b) 

flexibility, and (c) automation, and (d) removal of cumbersome paper-based surveys. 

Mouchantaf (2020) reinforced that most participants during the coronavirus 2019 

pandemic could instead fill the survey online regardless of location, reinforcing their 

safety and permitting ease of use. K. L. Walker (2016) wrote that transparency is about 

knowledge and data, made available to all respondents without a hidden agenda or 

authoritative restriction to its content or context among both internal and external 

stakeholders. For instance, data collection utilizing an online survey, helps to ensure 

inclusivity in the data process, 24/7 availability to participants, and ease of access to 

online survey portal, ultimately providing a broader range of certainty in the information 

and reducing data errors (Rees-Punia et al., 2020; Sipes et al., 2020). There are also 

disadvantages of conducting data collection: (a) lack of time; (b) data distortion, 

information bias, and knowledge concealment; (c) no immediate follow-up questions; 

and (d) accumulation of biased responses in the data (Ball, 2019; Gardner, 2019; Turilli 

& Floridi, 2009). Fischer and Kleen (2021) provided additional challenges of data 

collection to include lack of proper mobile internet connection, potential data loss, and 

lack of understanding by multilingual and multibackground participants of the research 

questions. The data collection performed by the researcher demonstrates how quick, 

concise, and reliable research with multiple participants can be while taking a 

questionnaire during a crisis and what actions or inactions the researcher can take to 
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address severe survey issue that can be vital to completing a well-documented and 

trustworthy research. Data collection will be critical to any reader because it informs 

them about the origins of the information, the source’s credibility, and researcher’s 

trustworthiness. 

Though there are advantages and disadvantages cited about data collection, 

participants must understand their role in the research through the collection process 

while using SurveyMonkey. For this reason, the data collection included a letter of 

invitation with clear instructions about the process, usage, security, and privacy of the 

research data collected from the participant (see Appendices E and F). I utilized 

SurveyMonkey to collect the necessary data from SME manufacturing senior executives 

and managers in the United States. The SME participants aligned with the population 

sample boundaries for this research study.    

Data Analysis 

The research question is: What is the relationship between SD, AC, and CA? The 

hypotheses were as follows: 

H0: There is no statistically significant relationship between SD, AC, and CA. 

H1: There is a statistically significant relationship between SD, AC, and CA. 

I conducted a multiple regression analyzing the statistical data from this study. 

Multiple regression is a statistical analysis conducted to gain insight among predictor 

variables and their relational estimates (Lien et al., 2021; Pedraza-Rodríguez et al., 2021), 

valued as an ambivalent tool for research and statistical inference (Snell, 2020), and 

decreased the misinterpretation risks from any omitted factors (Pedraza-Rodríguez et al., 



81 

 

2021). The data analysis will be part of a multilayered methodology within this research. 

The goal was to understand the outcome of the data in its totality and holistic approach 

towards the research question. Because there is not an infinite amount of time to go 

through an entire population, the inference made on a study’s sample allows for the 

projection of the statistical outcome of the data. Comparing predictors justifies using 

multiple regression to determine a statistical outcome when defining which predictor is 

stronger (Murrah, 2020). The criterion variable in this study is competitive advantage, 

which has an ordinal level of measurement. The predictor variables in this study are SD 

and AC, which have ordinal measurement levels. Nonparametric simple regression 

analysis was not feasible for this research because this study involved a quantitative 

response variable and two predictor variables (Fox, 2000; Tanti et al., 2020). I analyzed 

the collected survey data and conduct a multiple linear regression (MLR) analysis for this 

study.  

Analysis of variance (ANOVA) and simple linear regression are two quantitative 

statistics; it will not suffice for this study. ANOVA is a method widely used for testing 

the statistical significance of three or more independent groups with no main effects and 

no interactions while ensuring a similar sample size to determine Gaussian and omnibus 

tests (Frane, 2021; Mayer & Thoemmes, 2019; Mishra et al., 2019). Researchers conduct 

division of groups using ANOVA to find the mean through between-group variances and 

within-group variances (Mayer & Thoemmes, 2019), which is not part of this study. For 

simple linear regression, the objective is to predict the outcome of a single dependent 

variable centered on two different assumptions, independence and equality of variance, to 
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determine the independent variable value (Aslan, 2018; H. Kim, 2019). The use of simple 

linear regression for this study was both distinct and irrelevant. This study examined two 

independent variables, SD and AC, and one dependent variable, CA, resulting in the 

acceptable use of a MLR analysis.  

Assumptions 

MLR consists of the parametric technique, where it is vital to understand the 

variable relationships. Researchers understand how to operationalize their constructs 

given certain assumptions while minimizing their errors. Statistical data carries a set of 

assumptions that account for its totality within parametric testing, especially when 

dealing with multiple regression analysis, which consists of four underlying assumptions 

(Chung et al., 2020; Hu & Plonsky, 2021). Salkind (2010) stated that parametric analysis 

infers what has occurred in a sample to a population, where parametric includes 

assumptions based on random sampling, while nonparametric does not include 

assumptions. I randomly selected SME manufacturing senior executives and managers 

who resided in the United States. Black (2004) wrote that parametric analysis is both 

continuous data and the normal distribution of groups. A nonparametric analysis is 

nominal data based on the data frequencies in categories, ordinal data, and non-

distributive data incurs a Type II error than a parametric analysis (Black, 2004). 

Researchers test their assumptions when trying to validate the practicality of using 

multiple regression in a statistical analysis, which includes: (a) linearity, (b) 

homoscedasticity, (c) multicollinearity, and (d) normality (Chung et al., 2020; Kong et 

al., 2019; Olvera Astivia & Kroc, 2019). Salkind cautioned that the wrong statistical 
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approach increases the likelihood of the outcome being unsuitable, erroneous, and 

improper in understanding the phenomena's occurrence. The subsequent paragraphs will 

highlight how each assumption affected the multiple regression analysis within this 

study’s given parametric statistical test. 

Linearity and Homoscedasticity  

In this subsection, I discuss the two assumptions, linearity and homoscedasticity, 

and their importance to the study. In business research, multiple regression analysis 

began with the conceptual model developed by a researcher in the early stage of the 

research process, which allowed multiple independent variables to explain the variances 

in the dependent variable and deepen the relationship among predictors and criteria 

(Bougie & Sekaran, 2020; Ionescu & Iliescu, 2021). Any effort to model the statistical 

relationship between SD, AC, and CA without careful consideration of other factors 

affected the CA elements through the following assumptions, linearity and 

homoscedasticity, perhaps diminishing the statistical problem and omitting the variables 

biases.  

The first assumption was linearity. Linearity defines the computational 

practicality and direct analysis of quantitative variables through the goodness of fit in 

regression analysis (Chen et al., 2021; Ekwaru & Veugelers, 2018; Kuhfeld & Soland, 

2021). Since this was a non-experimental research study, there was no baseline for the 

research to start from as a foundation for comparison as a controlling factor. Ionescu and 

Iliescu (2021) stated that the assumption of nonexperimental research is that any 

quantitative deviations found within the variables reduce information loss, allow 
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precision, and account for population growth relative to its size. If the assumption 

resulted in a non-violated and non-curvilinear pattern, then the proof within the linear 

equation determined linearity (Bond, 2019; Chen et al., 2021). A positive or negative 

linearity result must be determined to ensure the construction of a good fit line model that 

can be applied to other non-experimental research studies. This allows researchers to 

better understand how this BD, ML, and AI model involving the manufacturing industry 

can apply to other similar industries.  

The second assumption was homoscedasticity. Although linearity was equally 

distributed, the homoscedasticity assumption referred to examining the standardized 

residual distribution and placed evidential validity of its impact on linear regression 

(Kong et al., 2019; Yang et al., 2019). Regardless of how large the sample size of a study, 

homoscedasticity remains difficult to isolate in any statistical research model with 

equally scattered values from the estimated regression line and requires a stabilized 

variance for the analytic model to provide value to researchers (D. K. Lee, 2020; Schmidt 

& Finan, 2018). Homoscedasticity ensures that the singular study can be evaluated to 

determine if there is a significant violation through inferential understanding of the 

relationship between multiple variable constructs. This can be determined by 

understanding the descriptive statistical and inferential results of the data analysis, where 

data errors must be tested if they meet data reliability and validity.  

Multicollinearity 

The third assumption was multicollinearity. Multicollinearity denoted the 

coefficient estimates in the multiple regression analysis that suffer from accurate data 
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approximation being unreliable, unbalanced standard errors, and the expected presence of 

outliers (Guan & Zhao, 2020; Hui et al., 2020). A chief concern of statistical analysis is 

the centering of a regression model and multicollinearity, where centering is a viable tool 

between predictors and criteria. Graphical representation of the variables determines 

symmetry, and the presence of nonclustering will occur in the data (Olvera Astivia & 

Kroc, 2019). For the data accuracy of the study, multicollinearity determines if any 

residual errors hinder or support the study through the variable’s interactions and 

correlation among each other. Though it was a concern, multicollinearity ensured clarity 

of the variables and detected any ingenuous violations that may have harmed the 

research’s outcomes.  

Normality  

The fourth and last assumption was normality. Normality defined the inspection 

of the residual distribution reliant on the regression errors, sample size, and the 

distribution of the predictors (Knief & Forstmeier, 2021), SD and AC. Kolkiewicz et al. 

(2021) explained that the normality assumption allows for the calculation and validation 

of complex functional data and high-dimensional constructs based on two characteristics, 

the goodness-of-fit test and the non-Gaussianity measure. Schmidt and Finan (2018) 

stated that violations of normality are common within linear regression models dealing 

with large sample size settings. The normality test weighed the sample size against Type 

I and Type II errors, determining how the collected data supported and satisfied the 

parametric assumptions during hypothesis testing (T. K. Kim & Park, 2019). Perfect 

multicollinearity would be uncommon and rare; there is no perfect linear normality and 
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equidistant data between any two independent variables (Bougie & Sekaran, 2020). It 

was essential to detect the varying assumptions mentioned because the interpretation of 

the data reflected real-world data. I completed a multiple regression analysis to determine 

any parametric-testing violations based on these four assumptions within the research 

study.  

Study Validity 

The research study validity required that the selected instrumentation and defined 

data analysis mature the study’s concept through the operationalized constructs, SD, AC, 

and CA. The research validity determined how the statistical data meets the principled 

assumptions, as transparency for readers and oversight for any potential violations as 

crucial considerations for the study (Hu & Plonsky, 2021). The scale-based construct 

processed unequal measurements and contaminated factors through randomization results 

in an even spread of these disparities across the randomized cause-and-effect relationship 

questioned within any research (Bougie & Sekaran, 2020). The validity of a research 

study can involve establishing a consistent construct measurement process through a 

unified standard towards empirical theories and flexible methodologies (L. D. Walker, 

2020). The degree to which both theory and evidence can support different outcomes 

results in validity construct-irrelevant variances, invalidating how each construct 

interpretation will demonstrate different psychometric properties (Gómez-Benito et al., 

2018). All statistical concepts associate one or more assumptions as part of their data 

analysis, resulting in any failure to check preliminary statistical analysis as a threat to the 

internal and external validity of the study (Garavan et al., 2019; Hu & Plonsky, 2021). 
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The process of the study validity assessed both accuracy and quality to ensure a proper 

and robust measurement tool. Because it is an estimation towards the truth, the study 

validity requires an examination as to the causation of a phenomenon for there are many 

reasons apart from the stated variable why a situation occurred. 

Internal Validity  

Internal validity is about the operational integrity of generalized variables to 

determine their predefined tolerance levels which can be exported to other external 

constructs of an environment. Internal validity projects a cause-and-effect relationship 

between two variables generalizable to other populations outside the study (Urban & van 

Eeden-Moorefield, 2018). A correlational design was associated with this study. Taylor 

(2013) stated that statistical data highlighted exploratory reasons to depict a logical and 

justified attribution of the current phenomena in nature by conducting a correlational 

design. Internal validity ensures the data inquiry and analysis test the goodness of 

measures (Bougie & Sekaran, 2020). Internal validity is attributable to the identified 

variables within a study under three types of validity: (a) content validity, (b) criterion-

related validity, and (c) construct validity (Bougie & Sekaran, 2020; Taylor, 2013). 

Artvinli and Demir (2018) explained that the content validity attested by a group of 

experts certifies the instrumentation measures through the recognition of the 

representative scale items to develop the concept. Face validity does accompany content 

validity to ensure that the measurement in the survey through the origins of the 

instrumentation complements facts by robust professionals and experts (Barnoux et al., 

2020; Bougie & Sekaran, 2020; Yusoff, 2019).   
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Criterion-related validity defines the logical justification of criterion variables, 

despite biasing contextual factors, to validate the concurrent and predictive correlation 

among construct variables, similar to the specific scaled-based measures in the 

assessment (Bougie & Sekaran, 2020; Cooper et al., 2019; Weekley et al., 2019). 

Construct validity refers to the evidentiary content of the construct to fit the goodness of 

measures by determining the correlative scores of the construct and matching the 

constructs to specified theories in a study (Grimley, 2019; Stone, 2019). To improve 

internal validity, researchers require randomized control of participants using selection 

criteria and conditional assessments of any potential inferences (Fredericks et al., 2019). 

Through an in-depth understanding of the internal validity’s components (content, 

criterion-related, and construct validities), research validity will hold intact by mitigating 

contextual bias factors and ensuring statistical correlations within the intended variables 

of this quantitative research.  

External Validity  

Bougie and Sekaran (2020) posited that external validity concerns the 

generalizability of variables from one instrument to other populations. The reproduction 

of an instruments’ outcome used in external environments with a different population and 

demographic characteristics allows external validity to exist within other observable 

studies (Fell et al., 2020; Fredericks et al., 2019). I mitigated any concerns on external 

validity through a specified study proposition, hypothesis, and construct variables, which 

permitted generalization to external populations. The construct variables, SD, AC, and 

CA, represented the ability to generalize each characteristic to varying SMEs, aside from 
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the manufacturing industry. External validity relates to applied research where the 

primary objectives are taking the findings’ generalizability towards action 

recommendations and multiple geographic localities (Fell et al., 2020; Malizia & 

Motoyama, 2019). There are threats to external validity, which apply to factors that can 

reduce the generalization of key constructs to a larger population or limit the 

advancement of knowledge necessary for critical inquiries (Hayes-Larson et al., 2019; 

Klink & Smith, 2001). For this quantitative study, I addressed the research purpose and 

any issues with external validity to explain the research intentions and significance to 

SME executives and managers in the United States. 

Transition and Summary 

In Section 2, I began with a restatement of the purpose, explained the role of the 

researcher and participants, highlighted the importance of the research design and method 

while applying it to the right population and sampling group. Next, I emphasized the 

significance of ethics, the study’s instrumentation, and data collection strategy within this 

study. Then, the explanation of the study’s validity presented an opportunity to explain 

both the internal and external rationality of the study.  

Section 3 will comprise a presentation of the findings, their applications to 

professional practice, and the implications for social change. There will be a section on 

recommendations for action and recommendations for research. Next, I will provide a 

section known as reflections that examined what I have learned from my study. Lastly, 

the conclusion of the study described the relationships of the three primary constructs, 

SD, AC, and CA.
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Section 3: Application to Professional Practice and Implications for Change 

Introduction 

The purpose of this quantitative correlational study was to examine the 

relationship between SD, AC, and CA. The study showed that positive social change can 

occur when executives and managers work to enhance and embrace human-machine 

teaming (HMT) in BDA and manufacturing to support a firm’s competitiveness over 

time. The first independent variable was SD, which consisted of two subdomains, 

relational embeddedness and learning orientation, with six predictor variables: (a) strong 

ties, (b) trust, (c) shared system, (d) commitment to learning, (e) shared vision, and (f) 

open-mindedness. The second independent variable was AC, which comprised two 

subdomains, potential AC and realized AC, with four predictor variables: (a) acquisition, 

(b) assimilation, (c) transformation, and (d) application. The dependent variable was CA, 

which included three criteria: (a) differentiation advantage, (b) cost advantage, and (c) 

institutional advantage. The null hypothesis was that there is no statistically significant 

relationship between SD, AC, and CA, while the alternative hypothesis was that there is a 

statistically significant relationship between SD, AC, and CA. Based on the current 

results, SD and AC significantly predicted CA, so I rejected the null hypothesis.  

Presentation of the Findings 

In this subsection, I present the deviation I made from my original plan for the 

study, descriptive statistics, the evaluation of statistical assumptions, inferential statistics 

results, analysis summary, and a theoretical discussion on the findings. The current 

version of SPSS was used to test the violation of the study’s assumptions. The following 
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subsections also contain the statistical outcomes, tables, and figures that correspond to 

each evaluation of the assumption violations during the MLR examination. To address 

the possible influence of assumption violations, I used bootstrapping by means of 2,000 

samples, resulting in a 95% confidence interval when bootstrapping is suitable. 

Deviation From the Plan  

As a new entrant to manufacturing, I researched the state of the manufacturing 

industry 2 years prior to starting my doctoral program in 2019. It was amazing to me to 

see the inconsistencies in productivity, labor, material costs, and overhead costs shift 

frequently as the U.S. manufacturing economy withered slowly because of globalization, 

labor costs, and advanced manufacturing incentives for a few decades. With the 

economic and pandemic crises of 2008 and 2022, respectively, taking place, the global 

environment has never been on shakier ground since the 1990s. Organizations are slowly 

bringing manufacturing back to the United States with multiple investments going back 

into rural communities. Originally, my projected plan for this study was to obtain survey 

responses from a well-known manufacturing association in the United States. This was in 

order to get access to some SME company executives and managers who may be based, 

have relocated, or are thinking of relocating to Austin, Texas and fall under NAICS 334 

that has 30 different submanufacturing industries associated with communications, 

computers, electronics, and semiconductors. There were three deviations that occurred 

within the study that are worth mentioning to capture my experience as a researcher: (a) 

the impact of only using 66 responses versus 68 as originally planned; (b) being denied 
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the ability to survey its members by a manufacturing association after a 6-week attempt; 

and (c) receiving only four responses from social media (i.e., LinkedIn).  

First, my original plan was to use 68 participants. I calculated the sample size 

using the G*Power Version 3.1.9.4. to arrive at this specific number. I planned on using 

the instrument to survey a total of more than 68 participants who shared the qualities of 

being an SME manufacturing executive and/or manager; having management or IS 

experiences in the last 5 years; using AI, ML, or BD in the last 5 years; and classifying 

their industry within NAICS 334. I was unsuccessful in both trying to conduct the survey 

through a manufacturing association or ask for voluntary participation within LinkedIn. I 

had sent my survey through a manufacturing association but failed to get any results. I 

received permission to attempt on recruiting participants through social media focusing 

on LinkedIn. I endeavored to get professional assistance recruiting through LinkedIn, but 

this failed as well, resulting in only four participants taking the survey after multiple tries. 

After the multiple attempts described in the subsequent paragraphs, I resorted to using 

SurveyMonkey’s built-in capabilities to recruit participants and get the permission 

necessary from the Walden University IRB to use random participants for the study. The 

total came out to 66 respondents (i.e., 62 from SurveyMonkey and four from LinkedIn). 

The 66 participants did not affect the study’s outcomes like 68 participants would have 

because of bootstrapping, which does not affect the final outcomes of the data analysis 

for the study.  

The survey responses I would have collected from this association could have 

been fruitful in understanding their quantitative value for strong management, BD, AI, 
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ML, and competitive cost strategies to compete in a realignment of the global business 

manufacturing market. I attempted to contact the association for about 8 weeks, both 

emailing and calling them numerous times. In the 8th week, I received an email 

discussing the inappropriateness of the association asking its members to respond to any 

survey. I thanked them for taking the time to read my email request and providing me 

with a response about surveying their members. I immediately stopped all contact and 

moved on to another avenue to collect this information.  

The latitude given to attempt a social media survey through LinkedIn afforded me 

the opportunity to get a variety of respondents in different IS career fields that are 

focused on AI, ML, and BD. While granted permission by the Walden University IRB to 

use this medium, unfortunately, after multiple attempts to have varying groups and 

communities participate in the survey, there were only four participants after a 2.5-month 

attempt. These four participants were part of the large collection effort to get to 68 total 

respondents. Though this did not offer the opportunities I thought it would, it was another 

experience I gained as a researcher in understanding that research is hard and gets 

complex when it is about a personal or professional connection. I was granted permission 

to conduct survey collections using both mediums, LinkedIn and SurveyMonkey. 

Because of the extended time period necessary to find 68 qualified participants 

and the extensive loss of time to find a partnering organization to work with me on this 

study, I was granted permission to conduct and complete the data analysis phase of the 

study with two fewer participants than originally required by both my chair and second 

committee member. This resulted in using SurveyMonkey’s survey system to collect the 
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data after 6 months of various attempts, rewrites, ethics resubmissions, and acceptance of 

a validated survey framework of 66 participants out of a total of 68 to be accepted as the 

final tally. 

Descriptive Statistics  

These descriptive statistics centered on analyzing the research data that were 

collected over a 6-month period to determine if any relationship exists between SD, AC, 

and CA. The response rate was 36% for the research study, with a completion rate of 

100%. I distributed the survey using both SurveyMonkey and the social media platform, 

LinkedIn, to a total of 184 SMEs executives and managers. There were about 66 survey 

responses that were returned complete and focused on the United States. Approximately 

64% of the survey responses were rejected because of incompletion, inconclusiveness, 

data error, and/or completion by nonmanufacturing SME executives and managers who 

did not qualify to take the survey. The results of the descriptive analysis show the means 

and standard deviations of the independent variables and subvariables of SD and AC and 

the dependent variable and subvariables of CA, which are depicted in Table 2. 

Table 2  

Means and Standard Deviations for Independent and Dependent Variables 

Variable M SD 

SD 

 

 

 

3.566 .6677 

AC 3.558 .6244 
CA 3.439 .6530 
Note. N = 66. 
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Based on the results of the data analysis, I rejected the null hypothesis and found 

that SD and AC had a significant positive relationship on predicting CA in the United 

States. 

Test of Assumptions  

Five principal assumptions of MLR exist where the first three are fixed effects 

and the last two are random effects. MLR holds the following assumptions: 

multicollinearity, normality, linearity, homoscedasticity, and independence of errors and 

outliers (Green & Salkind, 2017; Li et al., 2017). In this research study, I used SPSS 

Version 28 to analyze the data for this specific MLR model. I assumed that the random 

effects could be used to determine linearity since this was a nonexperimental study. 

Multicollinearity  

The multicollinearity assumption was met and tested by examining the diagnostic 

methodology of the variance inflation factor (VIF), tolerance, the Pearson correlation, 

and the correlation coefficients. Marcoulides and Raykov (2019) stated that VIF and 

tolerance are two frequent and relevant indices used to examine individual predictors’ 

potential for strong contributions to near multicollinearity and interrelationship degree 

among explanatory variables in MLR. Gokmen et al. (2022) summarized that 

multicollinearity has multiple criteria that must be deduced to determine if the observable 

variables are error free because of misreporting by participants, data collection errors, or 

miscoding by collectors. In this subsection, I clarify how these observable variables are 

error free through the analytic resolution found in testing my assumptions annotated in 

Sections 1 and 2 of this study.  
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VIF is calculated as 1-R2, where R2 represents the coefficient of determination 

and degree of variance inflation (Gwelo, 2019; Thompson et al., 2017). VIF represents 

the probable collinearity that occurs among predictor and criterion variables, which can 

lead to standard error increases and inflated coefficient variances (Gwelo, 2019). If the 

variances of two explanatory variables are greater than 10, then VIF would result in a 

significant collinearity between the variables (García et al., 2020; Nguyen & Ng, 2020). 

If the collinearity of two variables is equal, then there is a perfect collinearity; if the 

variables are not equal, then there is a near collinearity also known as imperfect (García 

et al., 2020). Based on the analytic results, there is a perfect collinearity that exists 

between SD (VIF = 4.459) and AC (VIF = 4.459), and the variances are less than 10 (see 

Table 3). This represents a correlation between the predictor variables, SD and AC. 

Lastly, VIF can be observed because there are no problems with multicollinearity. 

Researchers must investigate any standard errors that may occur elsewhere in the 

explanatory variables. Next, it is important to examine the tolerance of the analysis.  

Tolerance is a function of VIF (1/VIF), where the smaller the variance of the tolerance 

level is, then the likelihood increases that the regression model is multicollinear (Gokmen 

et al., 2022; Thompson et al., 2017). If the tolerance is less than 0.10, this indicates a 

serious collinearity problem among the explanatory variables of a study (Marcoulides & 

Raykov, 2019). The tolerance of the analysis was .224 for both predictor variables of SD 

and AC (see Table 3). Though the tolerance is an inverse of VIF with less significance in 

the interpretation of the results, as a researcher, I had to consider all factors to determine 

if multicollinearity does or does not exist. The Pearson correlation test provides the 
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statistical assessment between two variables that signal the direction, strength, and 

significance of their connections (Bougie & Sekaran, 2020). For the Pearson correlation, 

the scrutiny of the bivariate correlations among independent variables looks at how large 

R2 is to be evidence of multicollinearity (Thompson et al., 2017). Results of the analysis 

illustrated in Table 3 show that SD and AC have a value of .881, indicating the variables 

have a positive direction, with a strong strength at 88.1%, and a positive significance 

between each other. The multicollinearity assumption violation was not evident. Table 3 

depicts the VIF, tolerance levels, and Pearson correlation coefficient of the predictor 

variables. 

Table 3  

Multicollinearity Statistics for Criterion Variable 

Variable VIF Tolerance Pearson 

correlation 

SD 4.459 .224 .881 

AC 4.459 .224 .881 
Note. N = 66. 
 

I evaluated multicollinearity by displaying the correlation coefficients among the 

predictor variables. All bivariate correlations were large (see Table 4). The pairwise 

correlations illustrate that the criterion variable, CA, exhibits strong marginal correlations 

where SD (r = 0.770) and AC (r = 0.773). In this instance, because of the correlation 

coefficients being medium, there are likely signs that minimum multicollinearity among 

SD, AC, and CA exist, resulting in a linear dependence among all three variables. 
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Table 4  

Correlation Coefficients Among Study Predictor Variables 

Variable SD AC CA 

SD 1.00 .881 .770 

AC .881 1.00 .773 

CA .770 .773 1.00 
Note. N = 66. 
 

There are no violations of the multicollinearity assumption that are of significance 

existing between the predictor variables for this study. 

Normality, Linearity, Homoscedasticity, Independence of Residuals, and Outliers 

 I assessed the normality, linearity, homoscedasticity, independence of residuals, 

and outliers by examining the normal probability plot (P-P) of the regression standardized 

residual (see Figure 2) and the scatterplots/histogram of the linearity, homoscedasticity, 

and standardized residuals (see Figure 3). These graphs indicated there were no major 

violations of these five assumptions. First, the tendency of the points to lie in a 

reasonably straight line (see Figure 2), diagonal from the bottom left to the top right, 

provides supportive evidence that the assumption of normality was normally distributed. 

Second, the linearity of the residuals has a straight-line relationship with the predicted 

CA scores. Third, the test of homoscedasticity is satisfied in this outcome because of the 

points being in the shape of a rectangle, demonstrating homoscedasticity (see Figure 3). 

Fourth, the transparent or systematic pattern in the scatterplot of the independent 

residuals (see Figure 3) supports the tenability of the assumptions being met. Lastly, 

according to Rodu and Kafadar (2022), boxplots are well-known visualization graphics 
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that help to quickly exhibit the median, interquartile ranges, limits, and observations 

outside the boundaries. I tested the assumption of the outliers using the boxplot method 

(see Figure 4). The outliers refer to the visualization and communication of the data 

collected over 8 weeks. My interpretation of the boxplot (see Figure 4) is that the 

variables for SD and AC confirmed that no outliers were present, and the assumption was 

not violated.  
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Figure 2  

Normal Probability Plot (P-P) of the Regression Standardized Residuals  
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Figure 3  

Scatterplots of the Linearity, Homoscedasticity, and Standardized Residuals 

 

Note. Scatterplot visualization illustrates the positive direction and strength of the good fit line where the 

increase in both SD and AC leads to an increase in CA. 

 

Figure 4  

Boxplot of Strategic Dexterity and Absorptive Capacity 
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Inferential Statistics Results  

I conducted standard MLR to interpret the results. MLR is an extension of the 

bivariate linear regression and uses the independent variables (i.e., predictors) to predict 

the outcomes within the dependent variables (i.e., criteria) through a fitted-linear analysis 

while minimizing the inaccuracies (Bougie & Sekaran, 2020). Standard MLR, α = .05 

(two-tailed) was used to examine the efficacy of SD and AC (i.e., the independent 

variables) in predicting CA (i.e., the dependent variable).  The totality of the quantitative 

research design allowed me to better understand what measures needed to be taken to 

complete the research study on time and answer the research question thoroughly. The 

research question was: What is the relationship between SD, AC, and CA? The null 

hypothesis was that SD and AC would not significantly predict CA. The alternative 

hypothesis was that SD and AC would significantly predict CA. The sample size 

consisted of 66 executives and managers equally represented across the public, private, 

and nonprofit sectors. The vital point of MLR is to understand the data set associations 

where the best-fit line is necessary to minimize residual errors and the specified 

constructs can be operationalized against a given phenomenon (Nhung et al., 2022).  

The standard MLR was performed using SPSS Version 28 to answer my research 

question. Preliminary analyses were conducted to assess whether the assumptions of 

multicollinearity, outliers, normality, linearity, homoscedasticity, and independence of 

residuals were met. A significant and meaningful relationship was identified between 

strategic dexterity, absorptive capacity, and competitive advantage, where the F(2, 63) = 

54.29, p = .001, r2 = .63 (see Table 5). Since this was the first test type performed in the 
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United States, the research study was deemed exploratory in nature, where the confidence 

level was at 95% (i.e., α = .05). It is estimated that 63% of the variation in competitive 

advantage was accounted for by the linear combination of the independent variables, SD 

and AC (see Table 6). In the analysis, under the model summary (see Table 6), r = 0.795, 

which implies a moderate correlation that the linear combination of SD and AC perfectly 

predict CA. The final model, CA, was significantly correlated with AC (beta = .439, p = 

.011) and with SD (beta = .391, p = .016) in this study (see Table 7). The final predictive 

equation was: CA = .481 + .391(SD) + .439(AC). The test concluded no serious violation 

of the test assumptions noted within the MLR analysis. The study results demonstrate that 

as levels of strategic dexterity increases and absorptive capacity surges, substantial 

competitive advantage is possible for executives and managers in the manufacturing 

sector and the communities they serve.  

SD 

The positive slope for SD (.391) as a predictor of CA indicated a .391 increase in 

CA for each point increase in SD. In other words, CA tends to increase as SD increases. 

AC 

The positive slope for AC (.439) as a predictor of CA indicated there was about a 

.439 increase in CA for each point increase in AC. 

Table 5  

Analysis of Variance (ANOVA) 

Model Sum of Squares DF Mean Square F Sig. 

1 Regression 17.538 2 8.769 54.285 <.001b 

Residual 10.177 63 .162   
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Totala 27.714 65    
Note. N = 66 
a Criterion variable: CA 
b Predictors: (Constant), AC, SD 

 

Table 6  

Model Summary With Dependent Variable 

Model r r2 Adjusted r2 Std. Error of 

the Estimates 

1a .795a .633 .621 .4019 
Note. N = 66 
a Criterion variable: CA 
 

Table 7  

Coefficient of the Independent Variables 

Variable B Unstandardized 

Coefficients 

Std. Error 

Standardized 

Coefficients 

Beta 

t Sig. 

1 (Constant) a .481 .290  1.656 .103 

SD .391 .158 .400 2.482 .016 

AC .439 .169 .420 2.606 .011 
Note. N = 66 
a Criterion variable: CA 

 

Table 8  

Descriptive Statistics – Outliers with Z-scores 

Variable Minimum Maximum Mean Std. Deviation 

SD 1.68 5.00 3.5655 .66774 

AC 2.11 5.00 3.5580 .62436 

CA 1.67 5.00 3.4394 .65297 

Zscore(SD) -2.82363 2.14836 .0000000 1.00000000 

Zscore(AC) -2.31737 2.30960 .0000000 1.00000000 

Zscore(CA) -2.71485 2.39000 .0000000 1.00000000 

Valid N (listwise)     
Note. N = 66 
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 As stated above in Table 7, each predictor at alpha = .05, where for SD, t = 2.482, 

p < .016 and AC, t = 2.606, p < .011. The hypothesis is rejected with the probability of 

rejection occurring at SD = 60% and AC = 58% respectively, and retain the alternative 

hypothesis that there is a statistically significant relationship between strategic dexterity, 

absorptive capacity, and competitive advantage.  

Analysis Summary  

 In this subsection, I provided a summary of the statistical analysis for the research 

study. Data analysis is not simply causal inferences, where varying data is comparable to 

determine a correlational relationship, but it is a consideration of causality, correlation, 

and responsiveness of other factors that play a central role using specific statistical tools 

(Lübke et al., 2020). I selected IBM SPSS to determine the effects correlation has on the 

causation of the phenomena and discovered a strong correlation among the independent 

(SD and AC) and dependent variables (CA). When two separate variables, have a strong 

association as evidence of the cause of a different variable, then it adds integrity to the 

research study (Bailey et al., 2018). There are cases when a weak association occurs, and 

researchers have to suspect other areas, e.g., the level of significance chosen, magnitude 

of the effect size, and confounding bias. These are weak causal associations to the larger 

population, but it demonstrates the importance of internal validity (Bailey et al., 2018). 

This is because researchers are inferencing the causality to assist in providing answers to 

the correlation. Unlike an experiment, observable research studies need to be 

generalizable, regardless of its weak association, I used MLR to examine SD and AC to 

predict CA. Assumptions related to MLR were explored, with no serious violations 
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noted. The model was able to predict CA significantly, F(2) = 54.29, p < .001 (see Table 

5). Both independent variables, SD and AC (p < .05) were statistically significant 

predictors of an organization gaining a CA.  

Within the study, there were no outliers identified as part of the analysis (see 

Figure 4). An exploratory data analysis of the study deals with nonparametric methods to 

help understand the data and identify any ambiguous trends (Lewandowski & Bolt, 

2022). We can expand our understanding of this through the normality and assumptions 

of outliers and their values through a random sample of the survey to be taken as the 

deterministic value of a given population. The graphical illustration of the box plots used 

depicted no outliers as shown in Figure 4. We exploit the findings in Table 8 of the z 

score. The z score has a standard deviation of 1 and mean value of 0, which help to 

normalize any residual errors in the data (Abdi & Williams, 2022; Richard, 2022). In 

Table 8, I added the z score table to show no outliers in the data exist, comparing the 

mean and standard deviation of 0 and 1 respectively. There was no abnormality within 

the data points. 

Theoretical Discussion on Findings 

The findings indicated that the relationship between strategic dexterity and 

absorptive capacity as a statistically significant predictor of CA, F(2) = 54.29, p < .001), 

which supports Teece et al.’s (1997) DCV theory, and the relevance and suitability of the 

theory towards competitive advantage. Teece et al. stated that the central inquiry for 

organizations seeking an understanding of adaptive and active strategic management, is 

how SMEs endure and attain competitive advantage over time through the development 
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of DCV theory. Because of the rapid pace of technological innovations within society, 

manufacturing executives and managers must continually keep pace with the latest 

emerging technologies in BD, AI, and ML in order to gain a competitive advantage. DCV 

theory takes into account both internal and external environment factors that could affect 

company performance, while shifting the paradigm towards approaches in strategic 

interactions, defensible competitive forces, and protective in-capital resources for 

organizational competitive successes (Gonyora et al., 2022; Mikalef et al., 2019; Teece et 

al., 1997). For this reason, Teece et al. described DCV as an essential foundation for 

organizations for the following reasons: (a) to compete in timely reactions to market 

growths and complications and (b) make near-real time data available for decision 

makers through sensemaking of the numerous sensors within the manufacturing 

assemblies to support organizational competitiveness. SME manufacturing executives 

and managers can apply the DCV theory as a framework towards understanding which 

path dependencies and digital assets are necessary for their firms to remain competitive, 

determining how to position their manufacturing products to gain market advantage, and 

defining how best to amalgamate, shape, and reconstruct both internal and external 

competences to address an ever-changing business landscape.  

Resource exploration is critical for managers to discover their hidden assets and 

capabilities to compete dynamically in a broad business market. The DCV theory 

describes how a firm can conduct strategy adroitness at the forefront of an organization's 

functional capabilities, where managers take risks and prudent actions towards creating 

an organic CA (Dubey et al., 2019; Teece et al., 1997). Managers with autonomy can 
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leverage untapped potential through the trust placed on them by stakeholders and 

employees looking to advance the strategic nature of the organization. The DCV theory 

acts as an innovative bridge for SMEs to determine the governing structure of its 

workforce architecture and the business decision-making strategic system to employ in 

the organization as found within the study. The digital transformation of today's 

companies must take mundane tasks away from employees, permitting organizational 

leaders to focus on increased operations, which leads to faster adoption and BD creativity 

towards new products or services and a true competitive advantage (Leavy, 2020). Lin et 

al. (2020) stated that managers trusted by their organization with greater executive power 

thrive in environmental uncertainty, leading to confidence in resource allocations, rapport 

with external industry partners, and greater decision-making capacities to set the right 

direction for the company. DCV tenets stress the importance of how a business manager 

creatively capitalizes on the exploratory competitiveness of the firm based on its 

strengths and opportunities for potential future business growth. The advantage of having 

a manager focused on a firm may be that it elevates the business conversation about 

exploiting those resources and capabilities to strengthen its competitiveness. 

Applications to Professional Practice 

The purpose of this quantitative correlational study was to examine the 

relationship between SD, AC, and CA in the United States. SME manufacturing leaders 

and managers will find the results of the study applicable to their industry, where mutual 

trust and shared understanding of managers are vital to support BD and AI/ML 

algorithms. SMEs should value BD as a strategic asset for their organization, ensuring it 
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aligns to their data strategy, organizational culture, executive and managerial 

administrative roles, and decision-making culture throughout the enterprise (Kugler & 

Plank, 2022). This study demonstrated that an applicable BD and AI/ML blueprint for 

SME manufacturing ecosystems exists in the relationships between SD, AC, and CA 

during times of great societal shock and uncertainty, namely COVID-19. A key factor in 

aiding SME leaders to understand the dynamic nature of their industry is data, while 

investing in both intangible and tangible resources to be agile, distinct, and competitive 

(Behl, 2022; Munir et al., 2022). SMEs can enhance the decision advantage for 

executives and managers by establishing a competitive data and ML roadmap for 1–5 

years, creating opportunities for the flourishment of employees’ education and training 

opportunities, and developing new innovative IT tools and capabilities within their 

manufacturing ecosystem.  

The specific business problem is that some SME manufacturing senior executives 

and managers do not know whether a relationship exists between SD, AC, and CA. Based 

on this study, I can confirm that such a relationship exists that is positive in their 

interrelationships and the interdependences of the predictor (SD and AC) and criterion 

(CA) variables for SME manufacturing organizations. The digital transformation in 

manufacturing is part of an evolutionary continuum with defined standard operating 

procedures, mature policies, BD sets, and key manufacturing practices, essential to not 

only codify organizational knowledge, but increase innovation and competitiveness along 

with absorptive capacity internally and externally for SMEs to thrive long-term (Shah, 

2022). Because this study has demonstrated that SD and AC are statistically predictors of 



110 

 

CA, much of the specific business problem statement are valid. Based on the findings of 

this research, SME manufacturing senior executives and managers should examine ways 

that enable them to increase their SD and AC levels through differentiating their AI/ML 

product offerings and portfolios, while assessing cost advantages through economics of 

scale using high-quality competitive data sets to reduce cost expenses. 

Implications for Social Change 

The changing landscape of manufacturing demonstrates the need for a new digital 

engine that supports communities once devastated by organizational departures, 

signifying an industry evolution taking place amongst the new digital economy where the 

needs and consumption of society service towards cloud, sustainability, BD, and 

automation. Villegas et al. (2007) explained that the purpose of social change in research 

is to act as a dialogue among researchers and other active stakeholders on the 

development of concrete actions, steps, and advocacy works that can be carried out to 

bring change in society. With increased focus on engineering process to aid 

manufacturers, clients and civil society are better supported through numerous cloud 

solutions, AI/ML innovations, and digital transformation, which help integrate disparate 

devices and platforms together for business operations in local communities (Nti et al., 

2022). Sustainable additive manufacturing demonstrates three key principles, social, 

economic, and environmental, focused on the human aspect of manufacturing, where 

executives and managers can start to reduce their carbon footprint, and replace it with 

stronger quality materials utilizing AI/ML and BD towards data-driven manufacturing (T. 

Li & Yeo, 2021). This transformation facilitates the importance of HMT on the factory 
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floors, reassures employees of better life-work balance, helps to upskill the workforce, 

automates future model developments, improves workforce collaboration, and integrates 

various functional units, all supporting the communities they serve (Ulas, 2019). The 

positive social change can be viewed as economy mobility of wage workers to higher 

wages, support to high quality goods, and upskill and training in the new century of 

digital manufacturing.  

Within manufacturing, employees must be the beneficiaries of the social digital 

change, where the perceptions must match the actions of employers towards employing 

successful AI/ML, cloud, and BD strategies that lead to successful business practices. 

Though today’s employee contracts may not explicitly support career progressions in 

AI/ML manufacturing centers, the relationship between employees and organizations 

may start the social relationship dynamics of the goodwill of executive and managers to 

support their employee’s long-term growth (Lu et al., 2019). In the literature review, I 

discussed the transformative nature of AI/ML and its persistent presence in 

manufacturing and society. The increased frequency of smart manufacturing and 

intelligence manufacturing explores the notion of using cyber-physical systems, cloud, 

AI/ML, and BD to support human knowledge, experiences, and critical thinking towards 

resolving complex enterprise challenges (Sharma & Villányi, 2022; Yao et al., 2017). 

Multiple manufacturing industries will evolve depending on sustainability practices and 

models that help to advance human society, yet ensure differentiate pricing and cost 

advantages, good quality purchases, and greater profit margins for executives and 

managers. Human cognition and logic are necessary for a manufacturing organization to 
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survive. Likewise, the workforce must buy into the strategy that not only advances 

AI/ML, BD, and cloud, but that it serves the communities’ interest for the long term.  

Recommendations for Action 

In this study, the findings showed that SD and AC were statistically significant 

predictors of CA. Executives and managers should interpret the results as a call to action 

to reinvigorate SME manufacturing at an accelerated rate, instituting a culture of trust, 

innovation, and digital upskilling, centered in the middle of HMT. SME manufacturers 

should view digital transformation as an opportunity to use AI and BD to reinvigorate 

business operational models, change the consumer-business digital paradigm, create 

personalized services for customers, and optimize business experiences, towards 

competitive advantage (Grover et al., 2022). Another area of consideration is the data 

standardization that must occur to seamlessly have disparate data sources communicate 

with each other, to give a concrete, timely, and actionable wisdom for an executive or 

manager to act upon. To clarify, SME manufacturing organizations can take action to 

institute knowledge graph, decomposed data objects from the original data sources that 

allow machine-to-machine translation to occur. Data science teams can apply AI, ML, 

and DL to calculate various algorithms to get to predictive analytics, inquisitive analytics, 

preventive analytics, prescriptive analytics, and descriptive analytics (Abu-Rasheed et al., 

2022). SME manufacturing organizations are beginning to see fruitful benefits on a small 

scale with the introduction of HMT as a central component along with BD, absorptive 

capacity, AI/ML, and cloud to support future manufacturing development. This will be 
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fundamentally important for SME manufacturers to consider in their daily operational 

models.  

Recommendations for Further Research 

The objective of the study was to examine the relationship between SD, AC, and 

CA. A limitation of my study was on my inexperience of as a novice researcher in 

completing a study. Because the manufacturing community is based on trust, reputations, 

and knowledge of the industry, the infusion of AI, ML, and data may not be trustworthy 

yet in many institutions, resulting in a lack of understanding about how best to phrase the 

structure and questions of the survey. I recommend additional research include partnering 

with an experienced manufacturing expert knowledgeable about the technology used on 

the manufacturing floor and starting with a qualitative survey to build trust with 

executives and supervisors in the manufacturing business community prior to sending out 

quantitative surveys.  

The second recommendation for future research is to narrow the field of questions 

out to the manufacturing business community from 56 to 23 questions. On average, it 

took executives and supervisors about 10 minutes to complete the survey. The less time 

spent on the survey the better; the word of mouth could have been in reaching more 

participants. In the future, it would be best to streamline the questions for an average of 

5-6 minutes to take the entire survey. The last recommendation for future research is to 

examine the geographic selection of SME executives and managers within manufacturing 

using machine learning across the global. The digital economy will not only affect the 

United States, but it has a large impact on the world. Similar to the airplane, which 



114 

 

shaped transportation of goods and services, the power of AI, ML, and BD will shape 

how ecommerce, manufacturing, retail, logistics, space, and broader digital market, 

functions with its environment in the larger global market.  

Reflections 

The doctoral study journey is a challenging endeavor that required me to step 

away from other researchers’ works and focus on my own relevant research topic that can 

support many communities and businesses who want to better explore, examine, and 

understand BD, ML, and AI in an ever-changing and complex business environment. 

This was especially true in my interest of the manufacturing industry that has been 

battered and plagued with globalization, loss of jobs, skills/training shortages, and 

productivity disruptions. Researchers have come to appreciate the unembellished and 

factual understanding of a doctoral study while pursuing a life-long goal. As a student of 

higher education for over 20 years, my interest has been to know if SME manufacturing 

executives and managers’ SD attributes along with AC in-depth orchestration of data 

analytics, can lead organizations toward a competitive advantage. As a military service 

member, manufacturing was a new dimension for me, but an area of interest that my 

journey has led me to better understand how businesses operate in a global environment. 

During the conduct of my study, I found my professional expertise and personal interest 

distracted me constantly, increasing the level of research bias within the study. The use of 

MLR helped me to compare and contrast quantitative data of my target population to 

remove biases predetermined about the manufacturing industry.  
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In my doctoral journey, I faced difficulties as a quantitative researcher that was 

unexpected throughout my study. My initial biases were that all manufacturing 

associations seek to expand their knowledge of the complex environment and welcome 

researchers and doctoral candidates to explore and examine how technology can support 

the assembly line worker or factory employee. I found that it is harder to break into the 

manufacturing sector to seek help or acceptance from senior association members to 

conduct studies that support the digital evolution of manufacturing. This led to a 6-month 

delay in pursuing the manufacturing association’s assistance for survey participation that 

can benefit their members. Even, when I offered to write a summarized report with 

quantitative data that anonymizes their members’ data and information, this was rejected. 

I had to rely on other venues to quickly collect data through social media or a survey 

platform to complete the study. It was not an easy process, yet I am fulfilled by what has 

transpired because I learned a lot of lessons about the state of manufacturing through my 

interactions, research, and in-depth reading about the digital landscape shaping the 

industry today and into the future. Lastly, there is more to learn about what causes 

competitive advantage specifically within larger manufacturing organizations, expanded 

production line, and data-driven production floors, the findings in this study acts a strong 

foundation for SME executives and managers. 

Conclusion 

In this quantitative study, I examined the relationship among SD, AC, and CA. 

This study established that SME manufacturing executives and managers SD and AC 

were both statistically significant predictors of CA. Both the independent variables of SD 
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and AC were statistically significant predictors of CA. Since SD and AC justify Teece et 

al.’s (1997) DCV theory as a paradigm for a successful digital economy, SME 

manufacturing executives and managers should consider integrating, building, 

orchestrating, and synchronizing internal and external resource capacities, path 

dependencies, and market positions towards a transition into high-end digital 

manufacturing focused on BD, AI, and ML, as a key strategic tenants and digital assets 

for their organizations.  

This study may be valuable to manufacturing businesses because it considers the 

strong adoption of BD, AI, and ML as strategic assets to advance productivity in an 

organization. SME manufacturing leaders have considerable interest in a future digital 

workforce and robust AI adoption strategies. This study could improve business practices 

by providing an innovative approach to the training, hiring, and reskilling of an IT 

workforce that can be an asset to the SMEs’ long-term successes leading to high-quality 

designs, high manufacturing standards, improved safety records, and high customer 

demands of products. Change is constant in business, and social change is an ongoing 

discussion daily with senior executives; technology should not be used as a 

discriminative tool in business hiring practices, promotion boards, or bonus pools. The 

results might contribute to positive social change by ensuring every worker can benefit 

from the future of BD, ML, and AI to help their long-term careers, which helps build 

healthy, strong, and foundational interconnected social communities and systems. 

The principal objective was to provide SME executives and manager with 

extensive knowledge and data analyses about how SD, AC, and CA aligned to current 
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and future digital innovations in BD, AI, and ML leading to increase organizational 

competitiveness and success. Strategic enterprise leaders are always seeking the next 

technological catalyst that will give them an advantage and a competitive edge in 

business over their competitors. I pursued the doctoral study from a business perspective 

of how BD, AI, and ML affect the strategic calculus of business leaders who struggle to 

implement technology changes in their business cycle whether it is training their 

employees or executing complex tasks in order to compete within the uncertain and 

ambiguous business environment. The results of this study strongly supported Teece et 

al.’s (1997) DCV theory. Strategic organizations make a societal impact on future 

employees in the United States’ workforce when they become responsible corporate 

citizens bound by ethics, values, and morals in unleashing the full potential of BD, AI, 

and ML in future Science, Technology, Engineering, and Math STEM talents across their 

organizations.  



118 

 

References 

Abdi, H., & Williams, L. (Eds.). (2022). Normalizing data. In B. B. Frey (Ed.), The sage 

encyclopedia of research design (Vols. 1-4, pp.148-152). SAGE Publications, Inc. 

https://doi.org/10.4135/9781071812082  

Abramson, E. L., Paul, C. R., Petershack, J., Serwint, J., Fischel, J. E., Rocha, M., Treitz, 

M., McPhillips, H., Lockspeiser, T., Hicks, P., Tewksbury, L., Vasquez, M., 

Tancredi, D. J., & Li, S.-T. T. (2018). Conducting quantitative medical education 

research: From design to dissemination. Academic Pediatrics, 18(2), 129–139. 

https://doi.org/10.1016/j.acap.2017.10.008  

Abulela, M. A. A., & Harwell, M. M. (2020). Data analysis: Strengthening inferences in 

quantitative education studies conducted by novice researchers. Educational 

Sciences: Theory & Practice, 20(1), 59–78. 

https://doi.org/10.12738/jestp.2020.1.005   

Abu-Rasheed, H., Weber, C., Zenkert, J., Dornhöfer, M., & Fathi, M. (2022). 

Transferrable framework based on knowledge graphs for generating explainable 

results in domain-specific, intelligent information retrieval. Informatics, 9(6), 1–

29. https://doi.org/10.3390/informatics9010006  

Adel, A. (2022). Future of industry 5.0 in society: Human-centric solutions, challenges 

and prospective research areas. Journal of Cloud Computing, 11(1), 1–15. 

https://doi.org/10.1186/s13677-022-00314-5  

Ahammad, M. F., Basu, S., Munjal, S., Clegg, J., & Shoham, O. B. (2021). Strategic 

agility, environmental uncertainties and international performance: The 

https://doi.org/10.4135/9781071812082
https://doi.org/10.1016/j.acap.2017.10.008
https://doi.org/10.12738/jestp.2020.1.005
https://doi.org/10.3390/informatics9010006
https://doi.org/10.1186/s13677-022-00314-5


119 

 

perspective of Indian firms. Journal of World Business, 56(4), 1–13. 

https://doi.org/10.1016/j.jwb.2021.101218    

Ahmad, S., Wasim, S., Irfan, S., Gogoi, S., Srivastava, A., & Farheen, Z. (2019). 

Qualitative v/s. quantitative research - A summarized review. Journal of Evidence 

Based Medicine and Healthcare, 6(43), 2828–2832. 

https://doi.org/10.18410/jebmh/2019/587   

Akpan, I. J., Udoh, E. A. P., & Adebisi, B. (2022). Small business awareness and 

adoption of state-of-the-art technologies in emerging and developing markets, and 

lessons from the COVID-19 pandemic. Journal of Small Business & 

Entrepreneurship, 34(2), 123–140. 

https://doi.org/10.1080/08276331.2020.1820185  

Akter, S., Gunasekaran, A., Wamba, S. F., Babu, M. M., & Hani, U. (2020). Reshaping 

competitive advantages with analytics capabilities in service systems. 

Technological Forecasting & Social Change, 159(1), 1–12. 

https://doi.org/10.1016/j.techfore.2020.120180   

Alharthi, A., Krotov, V., & Bowman, M. (2017). Addressing barriers to big data. 

Business Horizons, 60(3), 285–292. https://doi.org/10.1016/j.bushor.2017.01.002 

Al-Khatib, A. W. (2022). Can big data analytics capabilities promote a competitive 

advantage? Green radical innovation, green incremental innovation and data-

driven culture in a moderated mediation model. Business Process Management 

Journal, 28(4), 1025–1046. https://doi.org/10.1108/BPMJ-05-2022-0212  

https://doi.org/10.1016/j.jwb.2021.101218
https://doi.org/10.18410/jebmh/2019/587
https://doi.org/10.1080/08276331.2020.1820185
https://doi.org/10.1016/j.techfore.2020.120180
https://doi.org/10.1016/j.bushor.2017.01.002
https://doi.org/10.1108/BPMJ-05-2022-0212


120 

 

Almeida, F., & Low-Choy, S. (2021). Exploring the relationship between big data and 

firm performance. Management Research & Practice, 13(3), 43–57. 

Alrumiah, S. S., & Hadwan, M. (2021). Implementing big data analytics in e-commerce: 

Vendor and customer view. IEEE Access, 9(1), 37281–37286. 

https://doi.org/10.1109/ACCESS.2021.3063615   

Anca-Ioana, M. (2019). A review of organizational agility concept and characteristics. 

Annals of the University of Oradea: Economic Science, 28(1), 335–341. 

Arora, M., Prakash, A., Mittal, A., & Singh, S. (2021). HR analytics and artificial 

intelligence-transforming human resource management. 2021 International 

Conference on Decision Aid Sciences and Application, 1(1), 288–293. 

https://doi.org/10.1109/DASA53625.2021.9682325  

Artvinli, E., & Demir, Z. M. (2018). A study of developing an environmental attitude 

scale for primary school students. Journal of Education in Science, Environment 

and Health, 4(1), 32–45. https://doi.org/10.21891/jeseh.387478   

Aryal, A., Liao, Y., Nattuthurai, P., & Li, B. (2018). The emerging big data analytics and 

IoT in supply chain management: A systematic review. Supply Chain 

Management: An International Journal, 25(2), 141–156. 

https://doi.org/10.1108/SCM-03-2018-0149     

Aslan, S. (2018). The relationship between critical thinking skills and democratic 

attitudes of 4th class primary school students. International Journal of 

Progressive Education, 14(6), 61–69. https://doi.org/10.29329/ijpe.2018.179.5 

https://doi.org/10.1109/ACCESS.2021.3063615
https://doi.org/10.1109/DASA53625.2021.9682325
https://doi.org/10.21891/jeseh.387478
https://doi.org/10.1108/SCM-03-2018-0149
https://doi.org/10.29329/ijpe.2018.179.5


121 

 

Atkinson, P., Hizaji, M., Nazarian, A., & Abasi, A. (2020). Attaining organisational 

agility through competitive intelligence: The roles of strategic flexibility and 

organisational innovation. Total Quality Management & Business Excellence, 

1(1), 1–21. https://doi.org/10.1080/14783363.2020.1842188 

Bailey, D. H., Duncan, G. J., Watts, T., Clements, D. H., & Sarama, J. (2018). Risky 

business: Correlation and causation in longitudinal studies of skill development. 

American Psychologist, 73(1), 81–94. https://doi.org/10.1037/amp0000146  

Baker, W. E., & Sinkula, J. M. (1999). The synergistic effect of market orientation and 

learning orientation on organizational performance. Journal of the Academy of 

Marketing Science, 27(4), 411–427. https://doi.org/10.1177/0092070399274002   

Bala, J. (2016). Contribution of SPSS in social sciences research. International Journal of 

Advanced Research in Computer Science, 7(6), 250–254.  

Ball, H. L. (2019). Conducting online surveys. Journal of Human Lactation, 35(3), 413–

417. https://doi.org/10.1177/0890334419848734 

Barham, H. (2017). Achieving competitive advantage through big data: A literature 

review. 2017 Portland International Conference on Management of Engineering 

and Technology, 1(1), 1–7. https://doi.org/10.23919/PICMET.2017.8125459  

Barney, J. (1991). Firm resources and sustained competitive advantage. Journal of 

Management, 17(1), 99–120. 

Barnham, C. (2015). Quantitative and qualitative research. International Journal of 

Market Research, 57(6), 837–854. https://doi.org/10.2501/IJMR-2015-070  

https://doi.org/10.1080/14783363.2020.1842188
https://doi.org/10.1037/amp0000146
https://doi.org/10.1177/0092070399274002
https://doi.org/10.1177/0890334419848734
https://doi.org/10.23919/PICMET.2017.8125459
https://doi.org/10.2501/IJMR-2015-070


122 

 

Barnoux, M., Alexander, R., Bhaumik, S., Devapriam, J., Duggan, C., Shepstone, L., 

Staufenberg, E., Turner, D., Tyler, N., Viding, E., & Langdon, P. E. (2020). The 

face validity of an initial sub-typology of people with autism spectrum disorders 

detained in psychiatric hospitals. Autism: The International Journal of Research 

& Practice, 24(7), 1885–1897. https://doi.org/10.1177/1362361320929457   

Bartosik-Purgat, M., & Ratajczak-Mrożek, M. (2018). Big data analysis as a source of 

companies’ competitive advantage: A review. Entrepreneurial Business & 

Economics Review, 6(4), 197–215. https://doi.org/10.15678/EBER.2018.060411  

Beauchamp, T. L. (2020). The origins and drafting of the Belmont Report. Perspectives 

in Biology and Medicine, 63(2), 240–250. https://doi.org/10.1353/pbm.2020.0016   

Behl, A. (2022). Antecedents to firm performance and competitiveness using the lens of 

big data analytics: A cross-cultural study. Management Decision, 60(2), 368–398. 

https://doi.org/10.1108/MD-01-2020-0121  

Behl, A., Gaur, J., Pereira, V., Yadav, R., & Laker, B. (2022). Role of big data analytics 

capabilities to improve sustainable competitive advantage of MSME service firms 

during COVID-19 – A multi-theoretical approach. Journal of Business 

Research, 148(1), 378–389. https://doi.org/10.1016/j.jbusres.2022.05.009 

Benek, I., & Akcay, B. (2019). Development of STEM attitude scale for secondary 

school students: Validity and reliability study. International Journal of Education 

in Mathematics, Science and Technology, 7(1), 32–52. 

https://doi.org/10.18404/ijemst.509258  

https://doi.org/10.1177/1362361320929457
https://doi.org/10.15678/EBER.2018.060411
https://doi.org/10.1353/pbm.2020.0016
https://doi.org/10.1108/MD-01-2020-0121
https://doi.org/10.1016/j.jbusres.2022.05.009
https://doi.org/10.18404/ijemst.509258


123 

 

Black, T. (2004). Nonparametric statistics. In M. S. Lewis-Beck, A. Bryman & T. F. Liao 

(Eds.), The SAGE encyclopedia of social science research methods (Vol. 1, pp. 1–

8). SAGE Publications. https://doi.org/10.4135/9781412950589.n630     

Blakeslee, J. R. (2020). Effects of high-fidelity simulation on the critical thinking skills 

of baccalaureate nursing students: A causal-comparative research study. Nurse 

Education Today, 92(1). 1–7. https://doi.org/10.1016/j.nedt.2020.104494 

Bloomfield, J., & Fisher, M. J. (2019). Quantitative research design. Journal of the 

Australasian Rehabilitation Nurses’ Association, 22(2), 27–30. 

https://doi.org/10.33235/jarna.22.2.27-30   

Bond, S. S. (2019). The decades‐long dispute over scale effects in the theory of economic 

growth. Journal of Economic Surveys, 33(5), 1359–1388. 

https://doi.org/10.1111/joes.12329   

Bougie, R., & Sekaran, U. (2020). Research methods for business: A skill-building 

approach (8th ed.). John Wiley & Sons. 

Boukrina, O., Kucukboyaci, N. E., & Dobryakova, E. (2020). Considerations of power 

and sample size in rehabilitation research. International Journal of 

Psychophysiology, 154(1), 6–14. https://doi.org/10.1016/j.ijpsycho.2019.08.009  

Braun, R., Ravn, T., & Frankus, E. (2020). What constitutes expertise in research ethics 

and integrity? Research Ethics Review, 16(1-2), 1–16. 

https://doi.org/10.1177/1747016119898402 

Briasouli, A., Minkovska, D., & Stoyanova, L. (2021). Development on advanced 

technologies – Design and development of cloud computing model. Technology 

https://doi.org/10.4135/9781412950589.n630
https://doi.org/10.1016/j.nedt.2020.104494
https://doi.org/10.33235/jarna.22.2.27-30
https://doi.org/10.1111/joes.12329
https://doi.org/10.1016/j.ijpsycho.2019.08.009
https://doi.org/10.1177/1747016119898402


124 

 

Transfer: Fundamental Principles and Innovative Technical Solutions, 1(1), 13–

16. https://doi.org/10.21303/2585-6847.2021.002228  

Brien, J. E. (2008). What is ethical research? Journal of Pharmacy Practice & Research, 

38(3), 178. 

Briney, K., Coates, H., & Goben, A. (2020). Foundational practices of research data 

management. Research Ideas and Outcomes, 6(1), 1–17. 

https://doi.org/10.3897/rio.6.e56508   

Cabrera-Sánchez, J.-P., & Villarejo-Ramos, Á. F. (2020). Acceptance and use of big data 

techniques in services companies. Journal of Retailing and Consumer Services, 

52(1), 1–8. https://doi.org/10.1016/j.jretconser.2019.101888   

Camisón, C., & Forés, B. (2010). Knowledge absorptive capacity: New insights for its 

conceptualization and measurement. Journal of Business Research, 63(7), 707–

715. https://doi.org/10.1016/j.jbusres.2009.04.022   

Cao, G., Duan, Y., & El Banna, A. (2019). A dynamic capability view of marketing 

analytics: Evidence from UK firms. Industrial Marketing Management, 76(1), 

72–83. https://doi.org/10.1016/j.indmarman.2018.08.002   

Cao, G., Tian, N., & Blankson, C. (2022). Big data, marketing analytics, and firm 

marketing capabilities. Journal of Computer Information Systems, 62(3), 442–

451. https://doi.org/10.1080/08874417.2020.1842270  

Carillo, K. D. A. (2017). Let’s stop trying to be “sexy” - Preparing managers for the (big) 

data-driven business era. Business Process Management Journal, 23(3), 598–622. 

https://doi.org/10.1108/BPMJ-09-2016-0188    

https://doi.org/10.21303/2585-6847.2021.002228
https://doi.org/10.3897/rio.6.e56508
https://doi.org/10.1016/j.jretconser.2019.101888
https://doi.org/10.1016/j.jbusres.2009.04.022
https://doi.org/10.1016/j.indmarman.2018.08.002
https://doi.org/10.1080/08874417.2020.1842270
https://doi.org/10.1108/BPMJ-09-2016-0188


125 

 

Carr, N. G. (2003). IT doesn't matter. Harvard Business Review, 81(5), 41–49. 

Cecez-Kecmanovic, D., Davison, R. M., Fernandez, W., Finnegan, P., Pan, S. L., & 

Sarker, S. (2020). Advancing qualitative IS research methodologies: Expanding 

horizons and seeking new paths. Journal of the Association for Information 

Systems, 21(1), 246–263. https://doi.org/10.17705/1jais.00599  

Chae, B., & Olson, D. (2022). Technologies and applications of Industry 4.0: Insights 

from network analytics. International Journal of Production Research, 60(12), 

3682–3704. https://doi.org/10.1080/00207543.2021.1931524  

Chen, G., Nash, T. A., Cole, K. M., Kohn, P. D., Wei, S.-M., Gregory, M. D., Eisenberg, 

D. P., Cox, R. W., Berman, K. F., & Shane Kippenhan, J. (2021). Beyond 

linearity in neuroimaging: Capturing nonlinear relationships with application to 

longitudinal studies. NeuroImage, 233(1), 1–14. 

https://doi.org/10.1016/j.neuroimage.2021.117891 

Chung, S., Park, Y. W., & Cheong, T. (2020). A mathematical programming approach 

for integrated multiple linear regression subset selection and validation. Pattern 

Recognition, 108(1), 1–16. https://doi.org/10.1016/j.patcog.2020.107565  

Čiutienė, R., & Thattakath, E. W. (2014). Influence of dynamic capabilities in creating 

disruptive innovation. Economics & Business, 26(1), 15–21. 

https://doi.org/10.7250/eb.2014.015   

Clauss, T., Kraus, S., Kallinger, F. L., Bican, P. M., Brem, A., & Kailer, N. (2020). 

Organizational ambidexterity and competitive advantage: The role of strategic 

https://doi.org/10.17705/1jais.00599
https://doi.org/10.1080/00207543.2021.1931524
https://doi.org/10.1016/j.neuroimage.2021.117891
https://doi.org/10.1016/j.patcog.2020.107565
https://doi.org/10.7250/eb.2014.015


126 

 

agility in the exploration-exploitation paradox. Journal of Innovation & 

Knowledge, 1(1), 1–11. https://doi.org/10.1016/j.jik.2020.07.003  

Cockcroft, S., & Russell, M. (2018). Big data opportunities for accounting and finance 

practice and research. Australian Accounting Review, 28(3), 323–333. 

https://doi.org/10.1111/auar.12218  

Cohen, W. M., & Levinthal, D. A. (1990). Absorptive capacity: A new perspective on 

learning and innovation. Administrative Science Quarterly, 35(1), 128–152. 

https://doi.org/10.2307/2393553   

Cooper, M. D., Collins, M., Bernard, R., Schwann, S., & Knox, R. J. (2019). Criterion-

related validity of the cultural web when assessing safety culture. Safety Science, 

111(1), 49–66. https://doi.org/10.1016/j.ssci.2018.09.013   

Côrte-Real, N., Oliveira, T., & Ruivo, P. (2017). Assessing business value of big data 

analytics in European firms. Journal of Business Research, 70(1), 379–390. 

https://doi.org/10.1016/j.jbusres.2016.08.011   

Côrte-Real, N., Ruivo, P., & Oliveira, T. (2020). Leveraging internet of things and big 

data analytics initiatives in European and American firms: Is data quality a way to 

extract business value? Information & Management, 57(1), 1–16. 

https://doi.org/10.1016/j.im.2019.01.003   

Côrte-Real, N., Ruivo, P., Oliveira, T., & Popovič, A. (2019). Unlocking the drivers of 

big data analytics value in firms. Journal of Business Research, 97(1), 160–173. 

https://doi.org/10.1016/j.jbusres.2018.12.072  

https://doi.org/10.1016/j.jik.2020.07.003
https://doi.org/10.1111/auar.12218
https://doi.org/10.2307/2393553
https://doi.org/10.1016/j.ssci.2018.09.013
https://doi.org/10.1016/j.jbusres.2016.08.011
https://doi.org/10.1016/j.im.2019.01.003
https://doi.org/10.1016/j.jbusres.2018.12.072


127 

 

Curran, D., Kekewich, M., & Foreman, T. (2019). Examining the use of consent forms to 

promote dissemination of research results to participants. Research Ethics, 15(1), 

1–28. https://doi.org/10.1177/1747016118798877    

Dahiya, R., Le, S., Ring, J. K., & Watson, K. (2022). Big data analytics and competitive 

advantage: The strategic role of firm-specific knowledge. Journal of Strategy & 

Management, 15(2), 175–193. https://doi.org/10.1108/JSMA-08-2020-0203  

Dahle, Y., Duc, A. N., Steinert, M., & Chizhevskiy, R. (2018). Resource and competence 

(internal) view vs. environment and market (external) view when defining a 

business. 2018 IEEE International Conference on Engineering, Technology and 

Innovation, 1(1), 1–9. https://doi.org/10.1109/ICE.2018.8436318      

Dam, N. A. K., Le Dinh, T., & Menvielle, W. (2019). A systematic literature review of 

big data adoption in internationalization. Journal of Marketing Analytics, 7(3), 

182–195. https://doi.org/10.1057/s41270-019-00054-7   

Dehbi, S., Lamrani, H. C., Belgnaoui, T., & Lafou, T. (2022). Big data analytics and 

management control. Procedia Computer Science, 203(1), 438–443. 

https://doi.org/10.1016/j.procs.2022.07.058  

Denny, E., & Weckesser, A. (2019). Qualitative research: What it is and what it is not: 

Study design: Qualitative research. BJOG : An International Journal of Obstetrics 

and Gynaecology, 126(3), 369. https://doi.org/10.1111/1471-0528.15198  

Desjardins, J. (2019). How much data is generated each day? World Economic Forum. 

https://www.weforum.org/agenda/2019/04/how-much-data-is-generated-each-

day-cf4bddf29f/  

https://doi.org/10.1177/1747016118798877
https://doi.org/10.1108/JSMA-08-2020-0203
https://doi.org/10.1109/ICE.2018.8436318
https://doi.org/10.1057/s41270-019-00054-7
https://doi.org/10.1016/j.procs.2022.07.058
https://doi.org/10.1111/1471-0528.15198
https://www.weforum.org/agenda/2019/04/how-much-data-is-generated-each-day-cf4bddf29f/
https://www.weforum.org/agenda/2019/04/how-much-data-is-generated-each-day-cf4bddf29f/


128 

 

Dhanaraj, C., Lyles, M. A., Steensma, H. K., & Tihanyi, L. (2004). Managing tacit and 

explicit knowledge transfer in IJVs: The role of relational embeddedness and the 

impact on performance. Journal of International Business Studies, 35(5), 428–

442. https://doi.org/10.1057/palgrave.jibs.8400098   

Domagala, P. (2019). Internet of things and big data technologises as an opportunity for 

organizations based on knowledge management. 2019 IEEE 10th International 

Conference on Mechanical and Intelligent Manufacturing Technologies, 1(1), 

199–203. https://doi.org/10.1109/ICMIMT.2019.8712060   

Dong, Q., Wu, Y., Lin, H., Sun, Z., & Liang, R. (2022). Fostering green innovation for 

corporate competitive advantages in big data era: The role of institutional 

benefits. Technology Analysis & Strategic Management, 1(1), 1–14. 

https://doi.org/10.1080/09537325.2022.2026321  

Dubey, R., Gunasekaran, A., & Childe, S. J. (2019). Big data analytics capability in 

supply chain agility: The moderating effect of organizational flexibility. 

Management Decision, 57(8), 2092–2112. https://doi.org/10.1108/MD-01-2018-

0119   

Edwards, J. R. (2020). The peaceful coexistence of ethics and quantitative research. 

Journal of Business Ethics, 167(1), 31–40. https://doi.org/10.1007/s10551-019-

04197-6   

Eisenhardt, K. M., & Martin, J. A. (2000). Dynamic capabilities: What are they? 

Strategic Management Journal, 21(10/11), 1105–1121. 

https://doi.org/10.1057/palgrave.jibs.8400098
https://doi.org/10.1109/ICMIMT.2019.8712060
https://doi.org/10.1080/09537325.2022.2026321
https://doi.org/10.1108/MD-01-2018-0119
https://doi.org/10.1108/MD-01-2018-0119
https://doi.org/10.1007/s10551-019-04197-6
https://doi.org/10.1007/s10551-019-04197-6


129 

 

https://doi.org/10.1002/1097-0266(200010/11)21:10/11<1105::AID-

SMJ133>3.0.CO;2-E    

Ekwaru, J. P., & Veugelers, P. J. (2018). The overlooked importance of constants added 

in log transformation of independent variables with zero values: A proposed 

approach for determining an optimal constant. Statistics In Biopharmaceutical 

Research, 10(1), 26–29. https://doi.org/10.1080/19466315.2017.1369900   

El Hilali, W., El manouar, A., & Janati Idrissi, M. A. (2020). Big data for sustainability: 

A qualitative analysis. 2020 5th International Conference on Cloud Computing 

and Artificial Intelligence: Technologies and Applications (CloudTech), 1(1), 1–

4. https://doi.org/10.1109/CloudTech49835.2020.9365889   

Elia, G., Polimeno, G., Solazzo, G., & Passiante, G. (2020). A multi-dimension 

framework for value creation through big data. Industrial Marketing 

Management, 90(1), 508–522. https://doi.org/10.1016/j.indmarman.2019.08.004  

El-Kassar, A.-N., & Singh, S. K. (2019). Green innovation and organizational 

performance: The influence of big data and the moderating role of management 

commitment and HR practices. Technological Forecasting & Social Change, 

144(1), 483–498. https://doi.org/10.1016/j.techfore.2017.12.016   

Ellis, P. (2019a). Ethical aspects of research. Wounds UK, 15(3), 87–88. 

Ellis, P. (2019b). Ethical aspects of research (Part 2). Wounds UK, 15(4), 66–67. 

Ellis, T. J., & Levy, Y. (2009). Towards a guide for novice researchers on research 

methodology: Review and proposed methods. Issues in Informing Science & 

Information Technology, 6(1), 323–337. https://doi.org/10.28945/1062  

https://doi.org/10.1002/1097-0266(200010/11)21:10/11%3c1105::AID-SMJ133%3e3.0.CO;2-E
https://doi.org/10.1002/1097-0266(200010/11)21:10/11%3c1105::AID-SMJ133%3e3.0.CO;2-E
https://doi.org/10.1080/19466315.2017.1369900
https://doi.org/10.1109/CloudTech49835.2020.9365889
https://doi.org/10.1016/j.indmarman.2019.08.004
https://doi.org/10.1016/j.techfore.2017.12.016
https://doi.org/10.28945/1062


130 

 

Emerson, R. W. (2019). Cronbach’s alpha explained. Journal of Visual Impairment & 

Blindness, 113(3), 327. https://doi.org/10.1177/0145482X19858866 

Farrokhi, A., Shirazi, F., Hajli, N., & Tajvidi, M. (2020). Using artificial intelligence to 

detect crisis related to events: Decision making in B2B by artificial intelligence. 

Industrial Marketing Management, 91(1), 257–273. 

https://doi.org/10.1016/j.indmarman.2020.09.015    

Faul, F., Erdfelder, E., Buchner, A., & Lang, A.-G. (2009). Statistical power analyses 

using G*Power 3.1: Tests for correlation and regression analyses. Behavior 

Research Methods, 41(4), 1149–1160. https://doi.org/10.3758/BRM.41.4.1149   

Fell, M. J., Pagel, L., Chen, C., Goldberg, M. H., Herberz, M., Huebner, G. M., Sareen, 

S., & Hahnel, U. J. J. (2020). Validity of energy social research during and after 

COVID-19: Challenges, considerations, and responses. Energy Research & Social 

Science, 68(1), 1–7. https://doi.org/10.1016/j.erss.2020.101646   

Field, A. (2013). Discovering statistics using IBM SPSS statistics. Sage Publications. 

Firestone, W. A. (1987). Meaning in method: The rhetoric of quantitative and qualitative 

research. Educational Researcher, 16(7), 16–21. 

Fischer, F., & Kleen, S. (2021). Possibilities, problems, and perspectives of data 

collection by mobile apps in longitudinal epidemiological studies: Scoping 

review. Journal of Medical Internet Research, 23(1), Article e17691. 

https://doi.org/10.2196/17691   

https://doi.org/10.1177/0145482X19858866
https://doi.org/10.1016/j.indmarman.2020.09.015
https://doi.org/10.3758/BRM.41.4.1149
https://doi.org/10.1016/j.erss.2020.101646
https://doi.org/10.2196/17691


131 

 

Folajogun, F. V. (2020). Researching educational issues: An analysis of methods used in 

conducting doctoral research. Journal of the International Society for Teacher 

Education, 24(1), 9–22. 

Fox, J. (2000). What is nonparametric regression? In Nonparametric simple regression 

(pp. 1-8). SAGE Publications. https://doi.org/10.4135/97814129   

Frane, A. V. (2021). Experiment-wise type I error control: A focus on 2 × 2 designs. 

Advances in Methods and Practices in Psychological Science, 4(1), 1–20. 

https://doi.org/10.1177/2515245920985137   

Fredericks, S., Sidani, S., Fox, M., & Miranda, J. (2019). Strategies for balancing internal 

and external validity in evaluations of interventions. Nurse Researcher, 27(4), 19–

23. https://doi.org/10.7748/nr.2019.e1646   

Fulmer, G. W. (2018). Causal-comparative research. In B. Frey (Ed.), The SAGE 

encyclopedia of educational research, measurement, and evaluation (Vols. 1-4, 

pp. 252–254). SAGE Publications. https://doi.org/10.4135/9781506326139  

Garavan, T., McCarthy, A., Sheehan, M., Lai, Y., Saunders, M. N. K., Clarke, N., 

Carbery, R., & Shanahan, V. (2019). Measuring the organizational impact of 

training: The need for greater methodological rigor. Human Resource 

Development Quarterly, 30(3), 291–309. https://doi.org/10.1002/hrdq.21345   

García, C. B., Salmerón, R., García, C., & García, J. (2020). Residualization: 

Justification, properties and application. Journal of Applied Statistics, 47(11), 

1990–2010. https://doi.org/10.1080/02664763.2019.1701638  

https://doi.org/10.4135/97814129
https://doi.org/10.1177/2515245920985137
https://doi.org/10.7748/nr.2019.e1646
https://doi.org/10.4135/9781506326139
https://doi.org/10.1002/hrdq.21345
https://doi.org/10.1080/02664763.2019.1701638


132 

 

Gardner, N. (2019). New divisions of digital labour in architecture. Feminist Review, 

123(1), 106–125. https://doi.org/10.1177/0141778919879766   

Gartner. (2021). Small and midsize business (SMB). 

https://www.gartner.com/en/information-technology/glossary/smbs-small-and-

midsize-

businesses#:~:text=The%20attribute%20used%20most%20often,with%20100%2

0to%20999%20employees     

Gelo, O., Braakmann, D., & Benetka, G. (2008). Quantitative and qualitative research: 

Beyond the debate. Integrative Psychological & Behavioral Science, 42(3), 266–

290. https://doi.org/10.1007/s12124-008-9078-3  

Gokmen, S., Dagalp, R., & Kilickaplan, S. (2022). Multicollinearity in measurement 

error models. Communications in Statistics: Theory & Methods, 51(2), 474–485. 

https://doi.org/10.1080/03610926.2020.1750654  

Gómez-Benito, J., Sireci, S., Padilla, J.-L., Hidalgo, M. D., & Benítez, I. (2018). 

Differential item functioning: Beyond validity evidence based on internal 

structure. Psicothema, 30(1), 104–109. 

https://doi.org/10.7334/psicothema2017.183   

Gonyora, A. M., Migiro, S., Mashau, P., & Ngwenya, B. (2022). The impact of open 

innovation challenges on automotive component manufacturers’ competitiveness: 

An insight from the South African automotive industry. African Journal of 

Science, Technology, Innovation & Development, 14(4), 1139–1148. 

https://doi.org/10.1080/20421338.2021.1937814  

https://doi.org/10.1177/0141778919879766
https://www.gartner.com/en/information-technology/glossary/smbs-small-and-midsize-businesses#:~:text=The%20attribute%20used%20most%20often,with%20100%20to%20999%20employees
https://www.gartner.com/en/information-technology/glossary/smbs-small-and-midsize-businesses#:~:text=The%20attribute%20used%20most%20often,with%20100%20to%20999%20employees
https://www.gartner.com/en/information-technology/glossary/smbs-small-and-midsize-businesses#:~:text=The%20attribute%20used%20most%20often,with%20100%20to%20999%20employees
https://www.gartner.com/en/information-technology/glossary/smbs-small-and-midsize-businesses#:~:text=The%20attribute%20used%20most%20often,with%20100%20to%20999%20employees
https://doi.org/10.1007/s12124-008-9078-3
https://doi.org/10.1080/03610926.2020.1750654
https://doi.org/10.7334/psicothema2017.183
https://doi.org/10.1080/20421338.2021.1937814


133 

 

Green, S. B., & Salkind, N. J. (2017). Using SPSS for Windows and Macintosh: 

Analyzing and understanding data (8th ed.). Pearson. 

Grimley, B. (2019). The need for neuro-linguistic programming to develop greater 

construct validity. International Coaching Psychology Review, 14(1), 31–44. 

Grover, P., Kar, A. K., & Dwivedi, Y. K. (2022). Understanding artificial intelligence 

adoption in operations management: Insights from the review of academic 

literature and social media discussions. Annals of Operations Research, 308(1/2), 

177–213. https://doi.org/10.1007/s10479-020-03683-9  

Grover, V., Chiang, R. H. L., Liang, T.-P., & Zhang, D. (2018). Creating strategic 

business value from big data analytics: A research framework. Journal of 

Management Information Systems, 35(2), 388–423. 

https://doi.org/10.1080/07421222.2018.1451951  

Guan, J., & Zhao, Y. (2020). Parameter estimation approaches to tackling measurement 

error and multicollinearity in ordinal probit models. Communications in Statistics: 

Theory & Methods, 49(16), 3835–3859. 

https://doi.org/10.1080/03610926.2019.1592193   

Gupta, M., Fan, W., & Tiwari, A. K. (2022). Analytics for business decisions. 

Management Decision, 60(2), 297–299. https://doi.org/10.1108/MD-02-2022-174  

Gwelo, A. S. (2019). Principal components to overcome multicollinearity problem. 

Oradea Journal of Business and Economics, 4(1), 79–91.  

https://doi.org/10.1007/s10479-020-03683-9
https://doi.org/10.1080/07421222.2018.1451951
https://doi.org/10.1080/03610926.2019.1592193
https://doi.org/10.1108/MD-02-2022-174


134 

 

Harris, R., & Yan, J. (2019). The measurement of absorptive capacity from an economics 

perspective: Definition, measurement and importance. Journal of Economic 

Surveys, 33(3), 729–756. https://doi.org/10.1111/joes.12296  

Harrison, I. R. L. (2013). Using mixed methods designs in the Journal of Business 

Research, 1990–2010. Journal of Business Research, 66(11), 2153–2162. 

https://doi.org/10.1016/j.jbusres.2012.01.006  

Hassanin, M. E., & Hamada, M. A. (2022). A big data strategy to reinforce self-

sustainability for pharmaceutical companies in the digital transformation era: A 

case study of Egyptian pharmaceutical companies. African Journal of Science, 

Technology, Innovation & Development, 1(1), 1–13. 

https://doi.org/10.1080/20421338.2021.1988409  

Hayes-Larson, E., Kezios, K. L., Mooney, S. J., & Lovasi, G. (2019). Who is in this 

study, anyway? Guidelines for a useful Table 1. Journal of Clinical 

Epidemiology, 114(1), 125–132. https://doi.org/10.1016/j.jclinepi.2019.06.011   

Head, K. J., & Harsin, A. M. (2018). Quasi-experimental design. In M. Allen (Ed.), The 

SAGE encyclopedia of communication research methods (pp. 1384–1387). 

https://doi.org/10.4135/9781483381411  

Headd, B. (2000). The characteristics of small-business employees. Monthly Labor 

Review, 1(1), 13–18. https://www.bls.gov/opub/mlr/2000/04/art3full.pdf  

 

https://doi.org/10.1111/joes.12296
https://doi.org/10.1016/j.jbusres.2012.01.006
https://doi.org/10.1080/20421338.2021.1988409
https://doi.org/10.1016/j.jclinepi.2019.06.011
https://doi.org/10.4135/9781483381411
https://www.bls.gov/opub/mlr/2000/04/art3full.pdf


135 

 

Hopf, K., Weigert, A., & Staake, T. (2022). Value creation from analytics with limited 

data: A case study on the retailing of durable consumer goods. Journal of 

Decision Systems, 1(1), 1–37. https://doi.org/10.1080/12460125.2022.2059172  

Horng, J.-S., Liu, C.-H., Chou, S.-F., Yu, T.-Y., & Hu, D.-C. (2022). Role of big data 

capabilities in enhancing competitive advantage and performance in the 

hospitality sector: Knowledge-based dynamic capabilities view. Journal of 

Hospitality and Tourism Management, 51(1), 22–38. 

https://doi.org/10.1016/j.jhtm.2022.02.026  

Hossain, M. A., Akter, S., & Yanamandram, V. (2021). Why doesn’t our value creation 

payoff: Unpacking customer analytics-driven value creation capability to sustain 

competitive advantage. Journal of Business Research, 131(1), 287–296. 

https://doi.org/10.1016/j.jbusres.2021.03.063  

Hu, Y., & Plonsky, L. (2021). Statistical assumptions in L2 research: A systematic 

review. Second Language Research, 37(1), 171–184. 

https://doi.org/10.1177/0267658319877433   

Huang, L., Zhao, Y., He, G., Lu, Y., Zhang, J., & Wu, P. (2020). Data access as a big 

competitive advantage: Evidence from China’s car-hailing platforms. Data 

Technologies and Applications, 55(2), 192–215. https://doi.org/10.1108/DTA-01-

2019-0013  

Hui, Y. L., Pei, S. F., Javaid, A., & Majahar Ali, M. K. (2020). Ridge regression as 

efficient model selection and forecasting of fish drying using v-groove hybrid 

https://doi.org/10.1080/12460125.2022.2059172
https://doi.org/10.1016/j.jhtm.2022.02.026
https://doi.org/10.1016/j.jbusres.2021.03.063
https://doi.org/10.1177/0267658319877433
https://doi.org/10.1108/DTA-01-2019-0013
https://doi.org/10.1108/DTA-01-2019-0013


136 

 

solar drier. Pertanika Journal of Science & Technology, 28(4), 1179–1202. 

https://doi.org/10.47836/pjst.28.4.04   

Ighravwe, D. E., & Oke, S. A. (2018). A multi-attribute framework for determining the 

competitive advantages of products using grey-TOPSIS cum fuzzy-logic 

approach. Total Quality Management & Business Excellence, 29(7/8), 762–785. 

https://doi.org/10.1080/14783363.2016.1234348  

Ionescu, A.-F., & Iliescu, D. (2021). LMX, organizational justice and performance: 

Curvilinear relationships. Journal of Managerial Psychology, 36(2), 197–211. 

https://doi.org/10.1108/JMP-03-2020-0154 

Iosif, G., Iordache, I., Suciu, G., Cheveresan, R., Bucur, G., Petre, I., & Bosoc, S. (2021). 

Concurrent engineering and based applications for 3D big data. INCAS Bulletin, 

13(4), 87–97. https://doi.org/10.13111/2066-8201.2021.13.4.8  

Ivanov, O. A., Ivanova, V. V., & Saltan, A. A. (2018). Likert-scale questionnaires as an 

educational tool in teaching discrete mathematics. International Journal of 

Mathematical Education in Science and Technology, 49(7), 1110–1118. 

https://doi.org/10.1080/0020739X.2017.1423121   

Jahed, M. A., Quaddus, M., Suresh, N. C., Salam, M. A., & Khan, E. A. (2022). Direct 

and indirect influences of supply chain management practices on competitive 

advantage in fast fashion manufacturing industry. Journal of Manufacturing 

Technology Management, 33(3), 598–617. https://doi.org/10.1108/JMTM-04-

2021-0150  

https://doi.org/10.47836/pjst.28.4.04
https://doi.org/10.1080/14783363.2016.1234348
https://doi.org/10.1108/JMP-03-2020-0154
https://doi.org/10.13111/2066-8201.2021.13.4.8
https://doi.org/10.1080/0020739X.2017.1423121
https://doi.org/10.1108/JMTM-04-2021-0150
https://doi.org/10.1108/JMTM-04-2021-0150


137 

 

Jakhar, D., & Kaur, I. (2020). Artificial intelligence, machine learning and deep learning: 

Definitions and differences. Clinical & Experimental Dermatology, 45(1), 131–

132. https://doi.org/10.1111/ced.14029   

Jha, A. K., Agi, M. A. N., & Ngai, E. W. T. (2020). A note on big data analytics 

capability development in supply chain. Decision Support Systems, 138(1), 1–9. 

https://doi.org/10.1016/j.dss.2020.113382 

Kale, E., Aknar, A., & Başar, Ö. (2019). Absorptive capacity and firm performance: The 

mediating role of strategic agility. International Journal of Hospitality 

Management, 78, 276–283. 

Kaleka, A., & Morgan, N. A. (2017). Which competitive advantage(s)? Competitive 

advantage-market performance relationships in international markets. Journal of 

International Marketing, 25(4), 25–49. https://doi.org/10.1509/jim.16.0058  

Kankam, P. K. (2020). Approaches in information research. New Review of Academic 

Librarianship, 26(1), 165–183. https://doi.org/10.1080/13614533.2019.1632216   

Kayabay, K., Gokalp, M. O., Gokalp, E., Eren, P. E., & Kocyigit, A. (2020). Data science 

roadmapping: Towards an architectural framework. 2020 IEEE International 

Conference on Technology Management, Operations and Decisions, 1(1), 1–6. 

https://doi.org/10.1109/ICTMOD49425.2020.9380617   

Kayabay, K., Gökalp, M. O., Gökalp, E., Erhan Eren, P., & Koçyiğit, A. (2022). Data 

science roadmapping: An architectural framework for facilitating transformation 

towards a data-driven organization. Technological Forecasting & Social 

Change, 174(1), 1–18. https://doi.org/10.1016/j.techfore.2021.121264  

https://doi.org/10.1111/ced.14029
https://doi.org/10.1016/j.dss.2020.113382
https://doi.org/10.1509/jim.16.0058
https://doi.org/10.1080/13614533.2019.1632216
https://doi.org/10.1109/ICTMOD49425.2020.9380617
https://doi.org/10.1016/j.techfore.2021.121264


138 

 

Kim, H. (2019). Statistical notes for clinical researchers: Simple linear regression 3 – 

Residual analysis. Restorative Dentistry & Endodontics, 44(1), 1–8. 

https://doi.org/10.5395/rde.2019.44.e11   

Kim, T. K., & Park, J. H. (2019). More about the basic assumptions of t-test: Normality 

and sample size. Korean Journal of Anesthesiology, 72(4), 331–335. 

https://doi.org/10.4097/kja.d.18.00292 

Kitchens, B., Dobolyi, D., Li, J., & Abbasi, A. (2018). Advanced customer analytics: 

Strategic value through integration of relationship-oriented big data. Journal of 

Management Information Systems, 35(2), 540–574. 

https://doi.org/10.1080/07421222.2018.1451957   

Klink, R. R., & Smith, D. C. (2001). Threats to the external validity of brand extension 

research. Journal of Marketing Research (JMR), 38(3), 326–335. 

https://doi.org/10.1509/jmkr.38.3.326.18864   

Kluge, A., Schüffler, A. S., Thim, C., Haase, J., & Gronau, N. (2019). Investigating 

unlearning and forgetting in organizations: Research methods, designs and 

implications. The Learning Organization, 26(5), 518–533. 

https://doi.org/10.1108/TLO-09-2018-0146   

Knief, U., & Forstmeier, W. (2021). Violating the normality assumption may be the 

lesser of two evils. Behavior Research Methods, 1(1), 1–15. 

https://doi.org/10.3758/s13428-021-01587-5  

Knudsen, E. S., Lien, L. B., Timmermans, B., Belik, I., & Pandey, S. (2021). Stability in 

turbulent times? The effect of digitalization on the sustainability of competitive 

https://doi.org/10.5395/rde.2019.44.e11
https://doi.org/10.4097/kja.d.18.00292
https://doi.org/10.1080/07421222.2018.1451957
https://doi.org/10.1509/jmkr.38.3.326.18864
https://doi.org/10.1108/TLO-09-2018-0146
https://doi.org/10.3758/s13428-021-01587-5


139 

 

advantage. Journal of Business Research, 128(1), 360–369. 

https://doi.org/10.1016/j.jbusres.2021.02.008   

Kolkiewicz, A., Rice, G., & Xie, Y. (2021). Projection pursuit based tests of normality 

with functional data. Journal of Statistical Planning and Inference, 211(1), 326–

339. https://doi.org/10.1016/j.jspi.2020.07.001   

Koman, G., Tumová, D., Jankal, R., & Mičiak, M. (2022). Business-making supported 

via the application of big data to achieve economic sustainability. 

Entrepreneurship and Sustainability Issues, 9(4), 336–358. 

https://doi.org/10.9770/jesi.2022.9.4(18)  

Kong, Y. S., Abdullah, S., Schramm, D., Omar, M. Z., & Haris, S. M. (2019). 

Development of multiple linear regression-based models for fatigue life 

evaluation of automotive coil springs. Mechanical Systems and Signal 

Processing, 118(1), 675–695. https://doi.org/10.1016/j.ymssp.2018.09.007   

Kopalle, P. K., & Lehmann, D. R. (2021). Big data, marketing analytics, and public 

policy: Implications for health care. Journal of Public Policy & Marketing, 40(4), 

453–456. https://doi.org/10.1177/0743915621999031  

Kozielski, R., & Sarna, N. (2020). The role of technology in building a competitive 

advantage – Programmatic buying and its impact on the competitiveness of an 

organization. Folia Oeconomica Stetinensia, 20(2), 216–229. 

https://doi.org/10.2478/foli-2020-0045  

Kraft, S. A., Garrison, N. A., & Wilfond, B. S. (2019). Understanding as an ethical 

aspiration in an era of digital technology-based communication: An analysis of 

https://doi.org/10.1016/j.jbusres.2021.02.008
https://doi.org/10.1016/j.jspi.2020.07.001
https://doi.org/10.9770/jesi.2022.9.4(18)
https://doi.org/10.1016/j.ymssp.2018.09.007
https://doi.org/10.1177/0743915621999031
https://doi.org/10.2478/foli-2020-0045


140 

 

informed consent functions. American Journal of Bioethics, 19(5), 34–36. 

https://doi.org/10.1080/15265161.2019.1587035   

Kristoffersen, E., Mikalef, P., Blomsma, F., & Li, J. (2021a). Towards a business 

analytics capability for the circular economy. Technological Forecasting & Social 

Change, 171(1), 1–17. https://doi.org/10.1016/j.techfore.2021.120957 

Kristoffersen, E., Mikalef, P., Blomsma, F., & Li, J. (2021b). The effects of business 

analytics capability on circular economy implementation, resource orchestration 

capability, and firm performance. International Journal of Production Economics, 

239(1), 1–19. https://doi.org/10.1016/j.ijpe.2021.108205   

Kugler, P., & Plank, T. (2022). Coping with the double-edged sword of data sharing in 

ecosystems. Technology Innovation Management Review, 11(11–12), 5–16. 

https://doi.org/10.22215/timreview/1470  

Kuhfeld, M., & Soland, J. (2021). The learning curve: Revisiting the assumption of linear 

growth during the school year. Journal of Research on Educational Effectiveness, 

14(1), 143–171. https://doi.org/10.1080/19345747.2020.1839990   

Lakoju, M., & Serrano, A. (2017). Saving costs with a big data strategy framework. 2017 

IEEE International Conference on Big Data (Big Data), 1(1), 2340–2347. 

https://doi.org/10.1109/BigData.2017.8258188   

Lau, I. Y.-M., & Chiu, C. (2001). I know what you know: Assumptions about others’ 

knowledge and their effects on message construction. Social Cognition, 19(6), 

587–600.  

https://doi.org/10.1080/15265161.2019.1587035
https://doi.org/10.1016/j.techfore.2021.120957
https://doi.org/10.1016/j.ijpe.2021.108205
https://doi.org/10.22215/timreview/1470
https://doi.org/10.1080/19345747.2020.1839990
https://doi.org/10.1109/BigData.2017.8258188


141 

 

Leavy, B. (2020). Marco Iansiti and Karim Lakhani: Strategies for the new breed of “AI 

first” organizations. Strategy & Leadership, 48(3), 11–18. 

https://doi.org/10.1108/SL-02-2020-0026 

Lee, D. K. (2020). Data transformation: A focus on the interpretation. Korean Journal of 

Anesthesiology, 73(6), 503–508. https://doi.org/10.4097/kja.20137   

Lee, J. (2008). Is test-driven external accountability effective? Synthesizing the evidence 

from cross-state causal-comparative and correlational studies. Review of 

Educational Research, 78(3), 608–644. 

https://doi.org/10.3102/0034654308324427   

Leon-Mantero, C., Casas-Rosal, J. C., Pedrosa-Jesus, C., & Maz-Machado, A. (2020). 

Measuring attitude towards mathematics using Likert scale surveys: The weighted 

average. PLoS ONE, 15(10), 1–15. https://doi.org/10.1371/journal.pone.0239626   

Lesort, T., Lomonaco, V., Stoian, A., Maltoni, D., Filliat, D., & Díaz-Rodríguez, N. 

(2020). Continual learning for robotics: Definition, framework, learning 

strategies, opportunities and challenges. Information Fusion, 58(1), 52–68. 

https://doi.org/10.1016/j.inffus.2019.12.004  

Lewandowski, S., & Bolt, S. (Eds.). (2022). Box-and-whisker plot. In B. B. Frey (Ed.), 

The sage encyclopedia of research design (Vols. 1-4, pp.148-152). SAGE 

Publications, Inc. https://doi.org/10.4135/9781071812082  

Li, B., Wang, M., & Yang, Y. (2017). Multiple linear regression with correlated 

explanatory variables and responses. Survey Review, 49(352), 1–8. 

https://doi.org/10.1179/1752270615Y.0000000006 

https://doi.org/10.1108/SL-02-2020-0026
https://doi.org/10.4097/kja.20137
https://doi.org/10.3102/0034654308324427
https://doi.org/10.1371/journal.pone.0239626
https://doi.org/10.1016/j.inffus.2019.12.004
https://doi.org/10.4135/9781071812082
https://doi.org/10.1179/1752270615Y.0000000006


142 

 

Li, F., Deng, X., Shi, F., Zhou, X., Xia, K., & Hu, G. (2021). Simple online real-time 

tracking algorithm with improved YOLOV4 as extractor. 2021 International 

Conference on Electronic Communications, Internet of Things and Big Data, 

1(1), 266–270. https://doi.org/10.1109/ICEIB53692.2021.9686388  

Li, L., Lin, J., Ouyang, Y., & Luo, X. (Robert). (2022). Evaluating the impact of big data 

analytics usage on the decision-making quality of organizations. Technological 

Forecasting & Social Change, 175(1), 1–9. 

https://doi.org/10.1016/j.techfore.2021.121355 

Li, T., & Yeo, J. (2021). Strengthening the sustainability of additive manufacturing 

through data-driven approaches and workforce development. Advanced Intelligent 

Systems (2640-4567), 3(12), 1–12. https://doi.org/10.1002/aisy.202100069   

Lien, N., Thi To Khuyen, N., Thi Tho, N., Ngan Hoa, N., Thi Hanh, N., Cam Tho, C., 

Duy Hai, T., & Van Bien, N. (2021). Teachers’ feelings of safeness in school-

family-community partnerships: Motivations for sustainable development in 

moral education. International Journal of Evaluation and Research in Education, 

10(1), 97–107. https://doi.org/10.11591/ijere.v10i1.20798   

Lin, R., Xie, Z., Hao, Y., & Wang, J. (2020). Improving high-tech enterprise innovation 

in big data environment: A combinative view of internal and external governance. 

International Journal of Information Management, 50(1), 575–585. 

https://doi.org/10.1016/j.ijinfomgt.2018.11.009 

Liu, C.-H., Horng, J.-S., Chou, S.-F., Huang, Y.-C., & Chang, A. Y. (2018). How to 

create competitive advantage: The moderate role of organizational learning as a 

https://doi.org/10.1109/ICEIB53692.2021.9686388
https://doi.org/10.1016/j.techfore.2021.121355
https://doi.org/10.1002/aisy.202100069
https://doi.org/10.11591/ijere.v10i1.20798
https://doi.org/10.1016/j.ijinfomgt.2018.11.009


143 

 

link between shared value, dynamic capability, differential strategy, and social 

capital. Asia Pacific Journal of Tourism Research, 23(8), 747–764. 

https://doi.org/10.1080/10941665.2018.1492943 

Lu, X., Zhu, W., & Tsai, F.-S. (2019). Social responsibility toward the employees and 

career development sustainability during manufacturing transformation in 

China. Sustainability, 11(17), 4778. https://doi.org/10.3390/su11174778  

Lübke, K., Gehrke, M., Horst, J., & Szepannek, G. (2020). Why we should teach causal 

inference: Examples in linear regression with simulated data. Journal of Statistics 

Education, 28(2), 133–139. https://doi.org/10.1080/10691898.2020.1752859 

Luis Casarotto, E., Binotto, E., Cunha Malafaia, G., & Pagán Martínez, M. (2021a). Big 

data and competitive advantage: Some directions and uses. Revista FSA, 18(1), 3–

24. https://doi.org/10.12819/2020.18.01.1  

Luis Casarotto, E., Cunha Malafaia, G., Pagán Martínez, M., & Binotto, E. (2021b). 

Interpreting, analyzing and distributing information: A big data framework for 

competitive intelligence. Journal of Intelligence Studies in Business, 11(1), 6–18. 

MacGregor, S. (2020). An overview of quantitative instruments and measures for impact 

in coproduction. Journal of Professional Capital and Community, 6(2), 179–199. 

https://doi.org/10.1108/JPCC-06-2020-0042   

Madhani, P. M. (2022). Big data usage and big data analytics in supply chain: Leveraging 

competitive priorities for enhancing competitive advantages. IUP Journal of 

Supply Chain Management, 19(2), 7–41. 

https://doi.org/10.1080/10941665.2018.1492943
https://doi.org/10.3390/su11174778
https://doi.org/10.1080/10691898.2020.1752859
https://doi.org/10.12819/2020.18.01.1
https://doi.org/10.1108/JPCC-06-2020-0042


144 

 

Malizia, E., & Motoyama, Y. (2019). Vibrant centers as locations for high-growth firms: 

An analysis of thirty U.S. metropolitan areas. Professional Geographer, 71(1), 

15–28. https://doi.org/10.1080/00330124.2018.1501708   

Malthouse, E. C., Buoye, A., Line, N., El-Manstrly, D., Dogru, T., & Kandampully, J. 

(2019). Beyond reciprocal: The role of platforms in diffusing data value across 

multiple stakeholders. Journal of Service Management, 30(4), 507–518. 

https://doi.org/10.1108/JOSM-12-2018-0381   

Mamonov, S., & Triantoro, T. M. (2018). The strategic value of data resources in 

emergent industries. International Journal of Information Management, 39(1), 

146–155. https://doi.org/10.1016/j.ijinfomgt.2017.12.004   

Marcoulides, K. M., & Raykov, T. (2019). Evaluation of variance inflation factors in 

regression models using latent variable modeling methods. Educational & 

Psychological Measurement, 79(5), 874–882. 

https://doi.org/10.1177/0013164418817803  

Martin, W. E., & Bridgmon, K. D. (2012). Quantitative and statistical research methods: 

From hypothesis to results. Jossey-Bass. 

Matsebula, F., & Mnkandla, E. (2017). A big data architecture for learning analytics in 

higher education. 2017 IEEE AFRICON, 1(1), 951–956. 

https://doi.org/10.1109/AFRCON.2017.8095610   

Mayer, A., & Thoemmes, F. (2019). Analysis of variance models with stochastic group 

weights. Multivariate Behavioral Research, 54(4), 542–554. 

https://doi.org/10.1080/00273171.2018.1548960   

https://doi.org/10.1080/00330124.2018.1501708
https://doi.org/10.1108/JOSM-12-2018-0381
https://doi.org/10.1016/j.ijinfomgt.2017.12.004
https://doi.org/10.1177/0013164418817803
https://doi.org/10.1109/AFRCON.2017.8095610
https://doi.org/10.1080/00273171.2018.1548960


145 

 

McCusker, K., & Gunaydin, S. (2015). Research using qualitative, quantitative or mixed 

methods and choice based on the research. Perfusion, 30(7), 537–542. 

https://doi.org/10.1177/0267659114559116  

McGregor, S. (2018). Introduction and research questions. In Understanding and 

evaluating research (pp. 139-175). SAGE Publications, Inc. 

https://doi.org/10.4135/9781071   

McKenna, L., Copnell, B., & Smith, G. (2020). Getting the methods right: Challenges 

and appropriateness of mixed methods research in health-related doctoral studies. 

Journal of Clinical Nursing. https://doi.org/10.1111/jocn.15534   

McNeish, D. (2018). Thanks coefficient alpha, we’ll take it from here. Psychological 

Methods, 23(3), 412–433. https://doi.org/10.1037/met0000144   

Medeiros, M. M. D., Hoppen, N., & Maçada, A. C. G. (2020). Data science for business: 

Benefits, challenges and opportunities. The Bottom Line, 33(2), 149–163. 

https://doi.org/10.1108/BL-12-2019-0132 

Medeiros, M. M. D., & Maçada, A. C. G. (2022). Competitive advantage of data-driven 

analytical capabilities: The role of big data visualization and of organizational 

agility. Management Decision, 60(4), 953–975. https://doi.org/10.1108/MD-12-

2020-1681  

Mehmood, E., & Anees, T. (2020). Challenges and solutions for processing real-time big 

data stream: A systematic literature review. IEEE Access, 8(1), 119123–119143. 

https://doi.org/10.1109/ACCESS.2020.3005268   

https://doi.org/10.1177/0267659114559116
https://doi.org/10.4135/9781071
https://doi.org/10.1111/jocn.15534
https://doi.org/10.1037/met0000144
https://doi.org/10.1108/BL-12-2019-0132
https://doi.org/10.1108/MD-12-2020-1681
https://doi.org/10.1108/MD-12-2020-1681
https://doi.org/10.1109/ACCESS.2020.3005268


146 

 

Michalopoulou, C., & Symeonaki, M. (2017). Improving Likert scale raw scores 

interpretability with k-means clustering. Bulletin de Me´thodologie Sociologique, 

135(1), 101–109. https://doi.org/10.1177/0759106317710863   

Mikalef, P., Boura, M., Lekakos, G., & Krogstie, J. (2019). Big data analytics capabilities 

and innovation: The mediating role of dynamic capabilities and moderating effect 

of the environment. British Journal of Management, 30(2), 272–298. 

https://doi.org/10.1111/1467-8551.12343   

Mikalef, P., Krogstie, J., Pappas, I. O., & Pavlou, P. (2020). Exploring the relationship 

between big data analytics capability and competitive performance: The 

mediating roles of dynamic and operational capabilities. Information & 

Management, 57(2), 1–15. https://doi.org/10.1016/j.im.2019.05.004   

Mikalef, P., Pappas, I. O., Krogstie, J., & Giannakos, M. (2018). Big data analytics 

capabilities: A systematic literature review and research agenda. Information 

Systems & E-Business Management, 16(3), 547–578. 

https://doi.org/10.1007/s10257-017-0362-y   

Mikalef, P., Pateli, A., & van de Wetering, R. (2020). I.T. architecture flexibility and I.T. 

governance decentralisation as drivers of IT-enabled dynamic capabilities and 

competitive performance: The moderating effect of the external environment. 

European Journal of Information Systems, 1(1), 1–29. 

https://doi.org/10.1080/0960085X.2020.1808541   

Milan, E., Ulrich, F., Faria, L. G. D., & Li-Ying, J. (2020). Exploring the impact of 

organisational, technological and relational contingencies on innovation speed in 

https://doi.org/10.1177/0759106317710863
https://doi.org/10.1111/1467-8551.12343
https://doi.org/10.1016/j.im.2019.05.004
https://doi.org/10.1007/s10257-017-0362-y
https://doi.org/10.1080/0960085X.2020.1808541


147 

 

the light of open innovation. Industry and Innovation, 27(7), 804–836. 

https://doi.org/10.1080/13662716.2020.1754170  

Mishra, P., Singh, U., Pandey, C. M., Mishra, P., & Pandey, G. (2019). Application of 

student’s t -test, analysis of variance, and covariance. Annals of Cardiac 

Anaesthesia, 22(4), 407–411. https://doi.org/10.4103/aca.ACA_94_19   

Monroe, M. C., Adams, A. E., & Greenaway, A. (2019). Considering research paradigms 

in environmental education. Environmental Education Research, 25(3), 309–313. 

https://doi.org/10.1080/13504622.2019.1610863   

Morgan, D. L. (2018). Living within blurry boundaries: The value of distinguishing 

between qualitative and quantitative research. Journal of Mixed Methods 

Research, 12(3), 268–279. https://doi.org/10.1177/1558689816686433   

Mouchantaf, M. (2020). The COVID-19 pandemic: Challenges faced and lessons learned 

regarding distance learning in Lebanese higher education institutions. Theory & 

Practice in Language Studies, 10(10), 1259–1266. 

https://doi.org/10.17507/tpls.1010.11   

Munir, S., Rasid, S. Z. A., Aamir, M., & Ahmed, I. (2022). Big data analytics 

capabilities, innovation and organizational culture: Systematic literature review 

and future research agenda. 3C Tecnologia, 1(1), 209–235. 

https://doi.org/10.17993/3ctecno.2022.specialissue9.209-235  

Murrah, W. M. (2020). Compound bias due to measurement error when comparing 

coefficients. Education and Psychological Measurement, 80(3), 548–577. 

https://doi.org/10.1177/0013164419874494   

https://doi.org/10.1080/13662716.2020.1754170
https://doi.org/10.4103/aca.ACA_94_19
https://doi.org/10.1080/13504622.2019.1610863
https://doi.org/10.1177/1558689816686433
https://doi.org/10.17507/tpls.1010.11
https://doi.org/10.17993/3ctecno.2022.specialissue9.209-235
https://doi.org/10.1177/0013164419874494


148 

 

 

Najdawi, A., & Patkuri, S. K. (2021). Modeling business intelligence process: Toward 

smart data-driven strategies. 2021 International Conference on Computational 

Intelligence and Knowledge Economy (ICCIKE), 1(1), 198–202. 

https://doi.org/10.1109/ICCIKE51210.2021.9410804   

Nan, N., & Tanriverdi, H. (2017). Unifying the role of it in hyperturbulence and 

competitive advantage via a multilevel perspective of IS strategy. MIS Quarterly, 

41(3), 937–958. https://doi.org/10.25300/MISQ/2017/41.3.12 

National Commission for the Protection of Human Subjects of Biomedical and 

Behavioral Research. (1979). The Belmont report: Ethical principles and 

guidelines for the protection of human subjects of research. U.S. Department of 

Health and Human Services. https://www.hhs.gov/ohrp/regulations-and-

policy/belmont-report/read-the-belmont-report/index.html  

Nayak, B., Bhattacharyya, S. S., & Krishnamoorthy, B. (2019). Integrating wearable 

technology products and big data analytics in business strategy: A study of health 

insurance firms. Journal of Systems and Information Technology, 21(2), 255–275. 

https://doi.org/10.1108/JSIT-08-2018-0109   

Negulescu, O. H. (2019). The importance of competitive advantage assessment in 

selecting the organization’s strategy. Review of General Management, 29(1), 70–

82. http://www.managementgeneral.ro/pdf/1-2019-8.pdf 

Nelson, R. R., & Winter, S. G. (1982). An evolutionary theory of economic change. 

Harvard University Press. 

https://doi.org/10.1109/ICCIKE51210.2021.9410804
https://doi.org/10.25300/MISQ/2017/41.3.12
https://www.hhs.gov/ohrp/regulations-and-policy/belmont-report/read-the-belmont-report/index.html
https://www.hhs.gov/ohrp/regulations-and-policy/belmont-report/read-the-belmont-report/index.html
https://doi.org/10.1108/JSIT-08-2018-0109
http://www.managementgeneral.ro/pdf/1-2019-8.pdf


149 

 

Nguyen, V. C., & Ng, C. T. (2020). Variable selection under multicollinearity using 

modified log penalty. Journal of Applied Statistics, 47(2), 201–230. 

https://doi.org/10.1080/02664763.2019.1637829  

Nhung, H. L. T. K., Van Hai, V., Silhavy, R., Prokopova, Z., & Silhavy, P. (2022). 

Parametric software effort estimation based on optimizing correction factors and 

multiple linear regression. IEEE Access, 10(1), 2963–2986. 

https://doi.org/10.1109/ACCESS.2021.3139183  

North American Industry Classification System. (2017). 334 - Computer and electronic 

product manufacturing. https://www.naics.com/naics-code-description/?code=334 

Nti, I. K., Adekoya, A. F., Weyori, B. A., & Nyarko-Boateng, O. (2022). Applications of 

artificial intelligence in engineering and manufacturing: A systematic review. 

Journal of Intelligent Manufacturing, 33(6), 1581–1601. 

https://doi.org/10.1007/s10845-021-01771-6  

Olszak, C. M., & Zurada, J. (2020). Big data in capturing business value. Information 

Systems Management, 37(3), 240-254. 

https://doi.org/10.1080/10580530.2020.1696551  

Olvera Astivia, O. L., & Kroc, E. (2019). Centering in multiple regression does not 

always reduce multicollinearity: How to tell when your estimates will not benefit 

from centering. Educational and Psychological Measurement, 79(5), 813–826. 

Olvera Astivia, O. L., Kroc, E., & Zumbo, B. D. (2020). The role of item distributions on 

reliability estimation: The case of Cronbach’s coefficient alpha. Educational and 

https://doi.org/10.1080/02664763.2019.1637829
https://doi.org/10.1109/ACCESS.2021.3139183
https://www.naics.com/naics-code-description/?code=334
https://doi.org/10.1007/s10845-021-01771-6
https://doi.org/10.1080/10580530.2020.1696551


150 

 

Psychological Measurement, 80(5), 825–846. 

https://doi.org/10.1177/0013164420903770   

Omar, M. S., & Madzimure, J. (2022). Exploring the performance of shared-value 

banking at discovery bank: A leadership perspective. EUREKA: Social & 

Humanities, 2(1), 26–45. https://doi.org/10.21303/2504-5571.2022.002330  

Otero Varela, L., Doktorchik, C., Wiebe, N., Quan, H., & Eastwood, C. (2021). 

Exploring the differences in ICD and hospital morbidity data collection features 

across countries: An international survey. BMC Health Services Research, 21(1), 

1–9. https://doi.org/10.1186/s12913-021-06302-w  

Patel, J. (2020). Unification of machine learning features. 2020 IEEE 44th Annual 

Computers, Software, and Applications Conference, 1(1), 1201–1205. 

https://doi.org/10.1109/COMPSAC48688.2020.00-93   

Pedraza-Rodríguez, J. A., Bolcha, P., & Santos-Roldán, L. (2021). From strategies to 

innovation: An empirical study from Spain. Technology Analysis & Strategic 

Management, 33(2), 134–147. https://doi.org/10.1080/09537325.2020.1795112   

Peled-Raz, M., Tzafrir, S. S., Enosh, G., Efron, Y., & Doron, I. (2021). Ethics review 

boards for research with human participants: Past, present, and future. Qualitative 

Health Research, 31(3), 590–599. https://doi.org/10.1177/1049732320972333  

Peña, E., Stapleton, L., Brown, K. R., Broido, E., Stygles, K., & Rankin, S. (2018). A 

universal research design for student affairs scholars and practitioners. College 

Student Affairs Journal, 36(2), 1–14. https://doi.org/10.1353/csj.2018.0012  

https://doi.org/10.1177/0013164420903770
https://doi.org/10.21303/2504-5571.2022.002330
https://doi.org/10.1186/s12913-021-06302-w
https://doi.org/10.1109/COMPSAC48688.2020.00-93
https://doi.org/10.1080/09537325.2020.1795112
https://doi.org/10.1177/1049732320972333
https://doi.org/10.1353/csj.2018.0012


151 

 

Peng, C.-Y., Long, H., & Abaci, S. (2012). Power analysis software for educational 

researchers. Journal of Experimental Education, 80(2), 113–136. 

https://doi.org/10.1080/00220973.2011.647115   

Peng, M. Y.-P., & Lin, K.-H. (2021). International networking in dynamic 

internationalization capability: The moderating role of absorptive capacity. Total 

Quality Management & Business Excellence, 32(9/10), 1065–1084. 

https://doi.org/10.1080/14783363.2019.1661239   

Penrose, E. T. (1959). The theory of growth of the firm. Oxford. 

Pescaroli, G., Velazquez, O., Alcántara-Ayala, I., Galasso, C., Kostkova, P., & 

Alexander, D. (2020). A Likert scale-based model for benchmarking operational 

capacity, organizational resilience, and disaster risk reduction. International 

Journal of Disaster Risk Science, 11(3), 404–409. https://doi.org/10.1007/s13753-

020-00276-9   

Pham, C. T. A., Magistretti, S., & Dell’Era, C. (2022). The role of design thinking in big 

data innovations. Innovation: Organization & Management, 24(2), 290–314. 

https://doi.org/10.1080/14479338.2021.1894942  

Pieridou, M., & Kambouri-Danos, M. (2020). Qualitative doctoral research in educational 

settings: Reflecting on meaningful encounters. International Journal of 

Evaluation and Research in Education, 9(1), 21–31. 

https://doi.org/10.11591/ijere.v9i1.20360  

Porter, M. E. (2001). Strategy and the Internet. Harvard Business Review, 79(3), 62-78. 

https://doi.org/10.1080/00220973.2011.647115
https://doi.org/10.1080/14783363.2019.1661239
https://doi.org/10.1007/s13753-020-00276-9
https://doi.org/10.1007/s13753-020-00276-9
https://doi.org/10.1080/14479338.2021.1894942
https://doi.org/10.11591/ijere.v9i1.20360


152 

 

Power, B., & Weinman, J. (2018). Revenue growth is the primary benefit of the cloud. 

IEEE Cloud Computing, 5(4), 89–94. 

https://doi.org/10.1109/MCC.2018.043221018   

Priya, P. S., Malik, P., Mehbodniya, A., Chaudhary, V., Sharma, A., & Ray, S. (2022). 

The relationship between cloud computing and deep learning towards 

organizational commitment. 2022 2nd International Conference on Innovative 

Practices in Technology and Management, 2(1), 21–26. 

https://doi.org/10.1109/ICIPTM54933.2022.9754046  

Pu, W., & Yan, X. (2021). A data-driven optimization model for e-commerce based on 

hybrid ALNS-PSO algorithms. 2021 IEEE 2nd International Conference on 

Information Technology, Big Data and Artificial Intelligence, 2(1), 731–735. 

https://doi.org/10.1109/ICIBA52610.2021.9688316  

Puneeth Kumar, T., Manjunath, T. N., & Hegadi, R. S. (2018). Literature review on big 

data analytics and demand modeling in supply chain. 2018 International 

Conference on Electrical, Electronics, Communication, Computer, and 

Optimization Techniques,1(1), 1246–1252. 

https://doi.org/10.1109/ICEECCOT43722.2018.9001513  

Quaye, D., & Mensah, I. (2019). Marketing innovation and sustainable competitive 

advantage of manufacturing SMEs in Ghana. Management Decision, 57(7), 1535–

1553. https://doi.org/10.1108/MD-08-2017-0784   

Raguseo, E., Pigni, F., & Vitari, C. (2021). Streams of digital data and competitive 

advantage: The mediation effects of process efficiency and product effectiveness. 

https://doi.org/10.1109/MCC.2018.043221018
https://doi.org/10.1109/ICIPTM54933.2022.9754046
https://doi.org/10.1109/ICIBA52610.2021.9688316
https://doi.org/10.1109/ICEECCOT43722.2018.9001513
https://doi.org/10.1108/MD-08-2017-0784


153 

 

Information & Management, 58(4), 1–13. 

https://doi.org/10.1016/j.im.2021.103451  

Rana, N. P., Chatterjee, S., Dwivedi, Y. K., & Akter, S. (2022). Understanding dark side 

of artificial intelligence (AI) integrated business analytics: Assessing firm’s 

operational inefficiency and competitiveness. European Journal of Information 

Systems, 31(3), 364–387. https://doi.org/10.1080/0960085X.2021.1955628  

Ranjan, J., & Foropon, C. (2021). Big data analytics in building the competitive 

intelligence of organizations. International Journal of Information Management, 

56(1), 1–13. https://doi.org/10.1016/j.ijinfomgt.2020.102231   

Razaghi, S., & Shokouhyar, S. (2021). Impacts of big data analytics management 

capabilities and supply chain integration on global sourcing: A survey on firm 

performance. The Bottom Line, 34(2), 198–223. https://doi.org/10.1108/BL-11-

2020-0071   

Rechberg, I. (2018). Knowledge management paradigms, philosophical assumptions: An 

Outlook on future research. American Journal of Management, 18(3), 61–74.  

Rees-Punia, E., Patel, A. V., Beckwitt, A., Leach, C. R., Gapstur, S. M., & Smith, T. G. 

(2020). Research participants’ perspectives on using an electronic portal for 

engagement and data collection: Focus group results from a large epidemiologic 

cohort. Journal of Medical Internet Research, 22(10), Article e18556. 

https://doi.org/10.2196/18556   

https://doi.org/10.1016/j.im.2021.103451
https://doi.org/10.1080/0960085X.2021.1955628
https://doi.org/10.1016/j.ijinfomgt.2020.102231
https://doi.org/10.1108/BL-11-2020-0071
https://doi.org/10.1108/BL-11-2020-0071
https://doi.org/10.2196/18556


154 

 

Reis, C., Ruivo, P., Oliveira, T., & Faroleiro, P. (2020). Assessing the drivers of machine 

learning business value. Journal of Business Research, 117(1), 232–243. 

https://doi.org/10.1016/j.jbusres.2020.05.053   

Richard, D. (Ed.). (2022). Standardized score. In B. B. Frey (Ed.), The sage encyclopedia 

of research design (Vols. 1-4, pp.148-152). SAGE Publications, Inc. 

https://doi.org/10.4135/9781071812082  

Roberts, K., Dowell, A., & Nie, J. (2019). Attempting rigour and replicability in thematic 

analysis of qualitative research data: A case study of codebook development. 

BMC Medical Research Methodology, 19(1), 1–8. https://doi.org/10.1186/s12874-

019-0707-y   

Rodu, J., & Kafadar, K. (2022). The q–q boxplot. Journal of Computational & Graphical 

Statistics, 31(1), 26–39. https://doi.org/10.1080/10618600.2021.1938586  

Roy, M., & Roy, A. (2019). Nexus of internet of things (IoT) and big data: Roadmap for 

smart management systems (SMgS). IEEE Engineering Management Review, 

47(2), 53–65. https://doi.org/10.1109/EMR.2019.2915961   

Rubin, P. H. (1973). The expansion of firms. Journal of Political Economy, 81(4), 936–

949. 

Rumens, N., & Kelemen, M. (2012). Pragmatism and heterodoxy in organization 

research: Going beyond the quantitative/qualitative divide. International Journal 

of Organizational Analysis, 20(1), 5–12. 

https://doi.org/10.1108/19348831211215704   

https://doi.org/10.1016/j.jbusres.2020.05.053
https://doi.org/10.4135/9781071812082
https://doi.org/10.1186/s12874-019-0707-y
https://doi.org/10.1186/s12874-019-0707-y
https://doi.org/10.1080/10618600.2021.1938586
https://doi.org/10.1109/EMR.2019.2915961
https://doi.org/10.1108/19348831211215704


155 

 

Russell, M. G., & Smorodinskaya, N. V. (2018). Leveraging complexity for ecosystemic 

innovation. Technological Forecasting & Social Change, 136(1), 114–131. 

https://doi.org/10.1016/j.techfore.2017.11.024  

Saez, M., Lengieza, S., Maturana, F., Barton, K., & Tilbury, D. (2018). A data 

transformation adapter for smart manufacturing systems with edge and cloud 

computing capabilities. 2018 IEEE International Conference on 

Electro/Information Technology, 1(1), 519–524. 

https://doi.org/10.1109/EIT.2018.8500153   

Sahin, M. D., & Öztürk, G. (2019). Mixed method research: Theoretical foundations, 

designs and its use in educational research. International Journal of 

Contemporary Educational Research, 6(2), 301–310. 

https://doi.org/10.33200/ijcer.574002   

Salkind, N. J. (2010). Parametric statistics. In Encyclopedia of research design (Vol. 1, 

pp. 1000-1003). SAGE Publications. 

https://doi.org/10.4135/9781412961288.n303  

Samuel, G., & Derrick, G. (2020). Defining ethical standards for the application of digital 

tools to population health research. Bulletin of the World Health Organization, 

98(4), 239–244. https://doi.org/10.2471/BLT.19.237370  

Saputra, A., Wang, G., Zhang, J. Z., & Behl, A. (2022). The framework of talent 

analytics using big data. TQM Journal, 34(1), 178–198. 

https://doi.org/10.1108/TQM-03-2021-0089  

https://doi.org/10.1016/j.techfore.2017.11.024
https://doi.org/10.1109/EIT.2018.8500153
https://doi.org/10.33200/ijcer.574002
https://doi.org/10.4135/9781412961288.n303
https://doi.org/10.2471/BLT.19.237370
https://doi.org/10.1108/TQM-03-2021-0089


156 

 

Sariyer, G., Kumar Mangla, S., Kazancoglu, Y., Xu, L., & Ocal Tasar, C. (2022). 

Predicting cost of defects for segmented products and customers using ensemble 

learning. Computers & Industrial Engineering, 171(1), 1–13. 

https://doi.org/10.1016/j.cie.2022.108502  

Sassi Hidri, M., Zoghlami, M. A., & Ben Ayed, R. (2018). Speeding up the large-scale 

consensus fuzzy clustering for handling big data. Fuzzy Sets and Systems, 348(1), 

50–74. https://doi.org/10.1016/j.fss.2017.11.003   

Saunders, M. N. K., Lewis, P., & Thornhill, A. (2015). Research methods for business 

students (7th ed.). Pearson Education Limited. 

Schmidt, A. F., & Finan, C. (2018). Linear regression and the normality assumption. 

Journal of Clinical Epidemiology, 98(1), 146–151. 

https://doi.org/10.1016/j.jclinepi.2017.12.006   

Schrepp, M. (2020). On the usage of Cronbach’s alpha to measure reliability of UX 

scales. Journal of Usability Studies, 15(4), 247–258.  

Schumpeter, J. A. (1934). The theory of economic development. Harvard University 

Press. 

Scipanov, L. V., & Nistor, F. (2020). Implications of ethics in the academic scientific 

research. ELearning & Software for Education, 1(1), 589–596. 

https://doi.org/10.12753/2066-026X-20-077   

Seeram, E. (2019). An overview of correlational research. Radiologic Technology, 91(2), 

176–179. 

https://doi.org/10.1016/j.cie.2022.108502
https://doi.org/10.1016/j.fss.2017.11.003
https://doi.org/10.1016/j.jclinepi.2017.12.006
https://doi.org/10.12753/2066-026X-20-077


157 

 

Shah, T. R. (2022). Can big data analytics help organisations achieve sustainable 

competitive advantage? A developmental enquiry. Technology in Society, 68(1), 

1–13. https://doi.org/10.1016/j.techsoc.2021.101801    

Shan, S., Luo, Y., Zhou, Y., & Wei, Y. (2019). Big data analysis adaptation and 

enterprises' competitive advantages: The perspective of dynamic capability and 

resource-based theories. Technology Analysis & Strategic Management, 31(4), 

406–420. https://doi.org/10.1080/09537325.2018.1516866  

Sharma, R., & Villányi, B. (2022). Evaluation of corporate requirements for smart 

manufacturing systems using predictive analytics. Internet of Things, 19(1), 1–15. 

https://doi.org/10.1016/j.iot.2022.100554  

Sheng, J., Amankwah-Amoah, J., & Wang, X. (2017). A multidisciplinary perspective of 

big data in management research. International Journal of Production Economics, 

191(1), 97–112. https://doi.org/10.1016/j.ijpe.2017.06.006   

Shi, Z., & Wang, G. (2018). Integration of big-data ERP and business analytics (BA). 

Journal of High Technology Management Research, 29(2), 141–150. 

https://doi.org/10.1016/j.hitech.2018.09.004   

Silvestri, L. (2021). CFD modeling in industry 4.0: New perspectives for smart factories. 

Procedia Computer Science, 180(1), 381–387. 

https://doi.org/10.1016/j.procs.2021.01.359   

Simms, L. J., Zelazny, K., Williams, T. F., & Bernstein, L. (2019). Does the number of 

response options matter? Psychometric perspectives using personality 

https://doi.org/10.1016/j.techsoc.2021.101801
https://doi.org/10.1080/09537325.2018.1516866
https://doi.org/10.1016/j.iot.2022.100554
https://doi.org/10.1016/j.ijpe.2017.06.006
https://doi.org/10.1016/j.hitech.2018.09.004
https://doi.org/10.1016/j.procs.2021.01.359


158 

 

questionnaire data. Psychological Assessment, 31(4), 557–566. 

https://doi.org/10.1037/pas0000648   

Singh, N. P., & Singh, S. (2019). Building supply chain risk resilience: Role of big data 

analytics in supply chain disruption mitigation. Benchmarking: An International 

Journal, 26(7), 2318–2342. https://doi.org/10.1108/BIJ-10-2018-0346   

Sipes, J. B., Mullan, B., & Roberts, L. D. (2020). Ethical considerations when using 

online research methods to study sensitive topics. Translational Issues in 

Psychological Science, 6(3), 235–239. https://doi.org/10.1037/tps0000266   

Sivarajah, U., Kamal, M. M., Irani, Z., & Weerakkody, V. (2017). Critical analysis of big 

data challenges and analytical methods. Journal of Business Research, 70(1), 

263–286. https://doi.org/10.1016/j.jbusres.2016.08.001       

Slife, B. D., Wright, C. D., & Yanchar, S. C. (2016). Using operational definitions in 

research: A best-practices approach. The Journal of Mind and Behavior, 37(2), 

119–139. 

Snell, J. (2018). A paradigm for avoiding spurious outcomes. Education, 139(1), 15–18. 

Snell, J. C. (2020). Multiple regression: Evolution and analysis. Education, 140(4), 187–

193.  

Somohano-Rodríguez, F. M., & Madrid-Guijarro, A. (2022). Do industry 4.0 

technologies improve Cantabrian manufacturing SMEs performance? The role 

played by industry competition. Technology in Society, 70(1), 1-13. 

https://doi.org/10.1016/j.techsoc.2022.102019  

https://doi.org/10.1037/pas0000648
https://doi.org/10.1108/BIJ-10-2018-0346
https://doi.org/10.1037/tps0000266
https://doi.org/10.1016/j.jbusres.2016.08.001
https://doi.org/10.1016/j.techsoc.2022.102019


159 

 

Spanaki, K., Gürgüç, Z., Adams, R., & Mulligan, C. (2018). Data supply chain (DSC): 

Research synthesis and future directions. International Journal of Production 

Research, 56(13), 4447-4466. https://doi.org/10.1080/00207543.2017.1399222  

Stalk, G. (1998). Time – The next source of competitive advantage. Harvard Business 

Review. https://hbr.org/1988/07/time-the-next-source-of-competitive-advantage  

Stone, C. (2019). A defense and definition of construct validity in psychology. 

Philosophy of Science, 86(5), 1250–1261. https://doi.org/10.1086/705567   

Stroumpoulis, A., & Kopanaki, E. (2022). Theoretical perspectives on sustainable supply 

chain management and digital transformation: A literature review and a 

conceptual framework. Sustainability, 14(8), 1-30. 

https://doi.org/10.3390/su14084862  

Stylos, N., Zwiegelaar, J., & Buhalis, D. (2021). Big data empowered agility for 

dynamic, volatile, and time-sensitive service industries: The case of tourism 

sector. International Journal of Contemporary Hospitality Management, 33(3), 

1015–1036. https://doi.org/10.1108/IJCHM-07-2020-0644 

Sun, L., & Wang, Y. (2022). Improving and evaluating business management in the 

digital economy based on data analysis. Security and Communication Networks, 

2022(1), 1–7. https://doi.org/10.1155/2022/5908877  

Sun, S., Cegielski, C. G., Jia, L., & Hall, D. J. (2018). Understanding the factors affecting 

the organizational adoption of big data. Journal of Computer Information 

Systems, 58(3), 193-203. https://doi.org/10.1080/08874417.2016.1222891 

https://doi.org/10.1080/00207543.2017.1399222
https://hbr.org/1988/07/time-the-next-source-of-competitive-advantage
https://doi.org/10.1086/705567
https://doi.org/10.3390/su14084862
https://doi.org/10.1108/IJCHM-07-2020-0644
https://doi.org/10.1155/2022/5908877
https://doi.org/10.1080/08874417.2016.1222891


160 

 

Symitsi, E., Stamolampros, P., Daskalakis, G., & Korfiatis, N. (2021). The informational 

value of employee online reviews. European Journal of Operational Research, 

288(2), 605–619. https://doi.org/10.1016/j.ejor.2020.06.001   

Taber, K. S. (2018). The use of Cronbach’s alpha when developing and reporting 

research instruments in science education. Research in Science Education, 48(6), 

1273–1296. https://doi.org/10.1007/s11165-016-9602-2   

Tanti., Maison., Syefrinando, B., Daryanto, M., & Salma, H. (2020). Students’ self-

regulation and motivation in learning science. International Journal of Evaluation 

and Research in Education, 9(4), 865–873. 

Taylor, C. S. (2013). Validity and validation. Oxford University Press. 

Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic 

management. Strategic Management Journal, 18(7), 509–533. 

Theofanidis, D., & Fountouki, A. (2018). Limitations and delimitations in the research 

process. Perioperative Nursing, 7(3), 155–163. 

https://doi.org/10.5281/zenodo.2552022   

Thomas, A. (2019). Convergence and digital fusion lead to competitive differentiation. 

Business Process Management Journal, 26(3), 707–720. 

https://doi.org/10.1108/BPMJ-01-2019-0001 

Thompson, C. G., Kim, R. S., Aloe, A. M., & Becker, B. J. (2017). Extracting the 

variance inflation factor and other multicollinearity diagnostics from typical 

regression results. Basic & Applied Social Psychology, 39(2), 81–90. 

https://doi.org/10.1080/01973533.2016.1277529  

https://doi.org/10.1016/j.ejor.2020.06.001
https://doi.org/10.1007/s11165-016-9602-2
https://doi.org/10.5281/zenodo.2552022
https://doi.org/10.1108/BPMJ-01-2019-0001
https://doi.org/10.1080/01973533.2016.1277529


161 

 

Turilli, M., & Floridi, L. (2009). The ethics of information transparency. Ethics & 

Information Technology, 11(2), 105–112. https://doi.org/10.1007/s10676-009-

9187-9   

Uden, L., & Del Vecchio, P. (2018). Transforming the stakeholders’ big data for 

intellectual capital management. Meditari Accountancy Research, 26(3), 420–

442. https://doi.org/10.1108/MEDAR-08-2017-0191   

Ulas, D. (2019). Digital transformation process and SMEs. Procedia Computer Science, 

158(1), 662–671. https://doi.org/10.1016/j.procs.2019.09.101  

Upadhyay, P., & Kumar, A. (2020). The intermediating role of organizational culture and 

internal analytical knowledge between the capability of big data analytics and a 

firm’s performance. International Journal of Information Management, 52(1), 1–

16. https://doi.org/10.1016/j.ijinfomgt.2020.102100   

Urban, J. B., & van Eeden-Moorefield, B. M. (2018). Establishing validity for 

quantitative studies. In Designing and proposing your research project (pp. 111–

117). American Psychological Association. https://doi.org/10.1037/0000049-009   

U.S. Bureau of Labor Statistics. (2019). 43.5 percent of manufacturing workers in 

establishments with 250 or more workers in March 2018. The Economic Daily, 

U.S. Bureau of Labor. https://www.bls.gov/opub/ted/2019/43-point-5-percent-of-

manufacturing-workers-in-establishments-with-250-or-more-workers-in-march-

2018.htm  

U.S. Bureau of Labor Statistics. (2021). National business employment dynamics data by 

firm size class. https://www.bls.gov/bdm/bdmfirmsize.htm#SIZE1 

https://doi.org/10.1007/s10676-009-9187-9
https://doi.org/10.1007/s10676-009-9187-9
https://doi.org/10.1108/MEDAR-08-2017-0191
https://doi.org/10.1016/j.procs.2019.09.101
https://doi.org/10.1016/j.ijinfomgt.2020.102100
https://doi.org/10.1037/0000049-009
https://www.bls.gov/opub/ted/2019/43-point-5-percent-of-manufacturing-workers-in-establishments-with-250-or-more-workers-in-march-2018.htm
https://www.bls.gov/opub/ted/2019/43-point-5-percent-of-manufacturing-workers-in-establishments-with-250-or-more-workers-in-march-2018.htm
https://www.bls.gov/opub/ted/2019/43-point-5-percent-of-manufacturing-workers-in-establishments-with-250-or-more-workers-in-march-2018.htm
https://www.bls.gov/bdm/bdmfirmsize.htm#SIZE1


162 

 

U.S. Census Bureau. (2020a). Introduction to NAICS. 

https://www.census.gov/eos/www/naics/  

U.S. Census Bureau. (2020b). 2017 NAICS definition: Search results for 334. 

https://www.census.gov/eos/www/naics/  

U.S. Department of Health & Human Services. (2020). Research. 

https://www.hhs.gov/hipaa/for-professionals/special-topics/research/index.html 

U.S. Department of State. (2019). What is a small business? https://www.state.gov/what-

is-a-small-business/   

U.S. Small Business Administration. (2021). Size standards. 

https://www.sba.gov/federal-contracting/contracting-guide/size-standards    

Uz Zaman, U. K., Ghoto, M. R., Siadat, A., Baqai, A. A., Aqeel, A. B., & Qamar, U. 

(2022). Integrated product-process design: Conceptual framework for data driven 

manufacturing resource selection. 2022 2nd International Conference on Digital 

Futures and Transformative Technologies, 1(1), 1–7. 

https://doi.org/10.1109/ICoDT255437.2022.9787394  

Vaismoradi, M., Jones, J., Turunen, H., & Snelgrove, S. (2016). Theme development in 

qualitative content analysis and thematic analysis. Journal of Nursing Education 

and Practice, 6(1), 100–110. https://doi.org/10.5430/jnep.v6n5p100  

van den Broek, T., & van Veenstra, A. F. (2018). Governance of big data collaborations: 

How to balance regulatory compliance and disruptive innovation. Technological 

Forecasting & Social Change, 129(1), 330–338. 

https://doi.org/10.1016/j.techfore.2017.09.040   

https://www.census.gov/eos/www/naics/
https://www.census.gov/eos/www/naics/
https://www.hhs.gov/hipaa/for-professionals/special-topics/research/index.html
https://www.state.gov/what-is-a-small-business/
https://www.state.gov/what-is-a-small-business/
https://www.sba.gov/federal-contracting/contracting-guide/size-standards
https://doi.org/10.1109/ICoDT255437.2022.9787394
https://doi.org/10.5430/jnep.v6n5p100
https://doi.org/10.1016/j.techfore.2017.09.040


163 

 

Vidgen, R., Shaw, S., & Grant, D. B. (2017). Management challenges in creating value 

from business analytics. European Journal of Operational Research, 261(2), 626–

639. https://doi.org/10.1016/j.ejor.2017.02.023   

Villegas, M., Sullivan, T. K., Fuxman, S., & Dewhurst, M. (2007). Re-Envisioning 

research as social change: Four students’ collaborative journey. Journal of 

Research Practice, 3(1), 1–7. 

Walker, A., Maeda, D., & Acharya, J. (2021). Lightweight video analytics for cycle time 

detection in manufacturing. 2021 IEEE International Conference on Big Data, 

1(1), 3615–3618. https://doi.org/10.1109/BigData52589.2021.9671658 

Walker, K. L. (2016). Surrendering information through the looking glass: Transparency, 

trust, and protection. Journal of Public Policy & Marketing, 35(1), 144–158. 

https://doi.org/10.1509/jppm.15.020   

Walker, L. D. (2020). Communication inefficiencies and research validity in international 

studies. International Studies Review, 22(2), 236–249. 

https://doi.org/10.1093/isr/viaa015 

Walsh, P., Owen, P., & Mustafa, N. (2021). The creation of a confidence scale: The 

confidence in managing challenging situations scale. Journal of Research in 

Nursing, 1(1), 1–14. https://doi.org/10.1177/1744987120979272   

Wang, A., & Gao, X. (2022). A variable-scale data analysis-based identification method 

for key cost center in intelligent manufacturing. Computational Intelligence & 

Neuroscience, 1(1), 1–10. https://doi.org/10.1155/2022/1897298  

https://doi.org/10.1016/j.ejor.2017.02.023
https://doi.org/10.1109/BigData52589.2021.9671658
https://doi.org/10.1509/jppm.15.020
https://doi.org/10.1093/isr/viaa015
https://doi.org/10.1177/1744987120979272
https://doi.org/10.1155/2022/1897298


164 

 

Wang, T., Ma, Q., & Li, J. (2021). Optimization of STP innovation management 

mechanisms driven by advanced evolutionary IoT arithmetic. Computational 

Intelligence & Neuroscience, 1(1), 1–10. https://doi.org/10.1155/2021/1698089  

Wanjogo, J. W., & Muathe, S. M. (2022). Gaining competitive advantage through generic 

strategies in medical training colleges in Kenya. International Journal of 

Research in Business and Social Science, 11(2), 29–41. 

https://doi.org/10.20525/ijrbs.v11i2.1681  

Watson, R. (2015). Quantitative research. Nursing Standard, 29(1), 44–52. 

https://doi.org/10.7748/ns.29.31.44.e8681   

Weekley, J. A., Labrador, J. R., Campion, M. A., & Frye, K. (2019). Job analysis ratings 

and criterion‐related validity: Are they related and can validity be used as a 

measure of accuracy? Journal of Occupational & Organizational Psychology, 

92(4), 764–786. https://doi.org/10.1111/joop.12272   

Wendler, D. (2020). Minimizing risks is not enough: The relevance of benefits to 

protecting research participants. Perspectives in Biology and Medicine, 63(2), 

346–358. https://doi.org/10.1353/pbm.2020.0023   

Weng, C., Tu, S. W., Sim, I., & Richesson, R. (2010). Formal representation of eligibility 

criteria: A literature review. Journal of Biomedical Informatics, 43(3), 451–467. 

https://doi.org/10.1016/j.jbi.2009.12.004   

Wiener, M., Saunders, C., & Marabelli, M. (2020). Big-data business models: A critical 

literature review and multiperspective research framework. Journal of 

https://doi.org/10.1155/2021/1698089
https://doi.org/10.20525/ijrbs.v11i2.1681
../../../D41170741/AppData/Local/Microsoft/Windows/INetCache/Content.Outlook/UX4I3NHT/
../../../D41170741/AppData/Local/Microsoft/Windows/INetCache/Content.Outlook/UX4I3NHT/
https://doi.org/10.7748/ns.29.31.44.e8681
https://doi.org/10.1111/joop.12272
https://doi.org/10.1353/pbm.2020.0023
https://doi.org/10.1016/j.jbi.2009.12.004


165 

 

Information Technology (Palgrave Macmillan), 35(1), 66–91. 

https://doi.org/10.1177/0268396219896811   

Willetts, M., Atkins, A. S., & Stanier, C. (2020). Barriers to SMEs adoption of big data 

analytics for competitive advantage. 2020 Fourth International Conference On 

Intelligent Computing in Data Sciences, 1(1), 1–8. 

https://doi.org/10.1109/ICDS50568.2020.9268687    

Wu, G.-S., Peng, M. Y.-P., Chen, Z., Du, Z., Anser, M. K., & Zhao, W.-X. (2020). The 

effect of relational embeddedness, absorptive capacity, and learning orientation 

on SMEs’ competitive advantage. Frontiers in Psychology, 11(1), 1–15. 

https://doi.org/10.3389/fpsyg.2020.01505   

Xu, A., Baysari, M. T., Stocker, S. L., Leow, L. J., Day, R. O., & Carland, J. E. (2020). 

Researchers’ views on, and experiences with, the requirement to obtain informed 

consent in research involving human participants: A qualitative study. BMC 

Medical Ethics, 21(1), 1–11. https://doi.org/10.1186/s12910-020-00538-7    

Xue, F., Zhao, X., & Tan, Y. (2022). Digital transformation of manufacturing enterprises: 

An empirical study on the relationships between digital transformation, boundary 

spanning, and sustainable competitive advantage. Discrete Dynamics in Nature & 

Society, 1(1), 1–16. https://doi.org/10.1155/2022/4104314  

Yan, Q. (2020). Revisiting the mediating effect between market orientation and new 

product innovation performance: Competitive intensity and sensemaking as 

moderator. 2020 International Conference on Big Data Economy and Information 

Management, 1(1), 202–205. https://doi.org/10.1109/BDEIM52318.2020.00053   

https://doi.org/10.1177/0268396219896811
https://doi.org/10.1109/ICDS50568.2020.9268687
https://doi.org/10.3389/fpsyg.2020.01505
https://doi.org/10.1186/s12910-020-00538-7
https://doi.org/10.1155/2022/4104314
https://doi.org/10.1109/BDEIM52318.2020.00053


166 

 

Yan, Y., & Guan, J. (2018). Social capital, exploitative and exploratory innovations: The 

mediating roles of ego-network dynamics. Technological Forecasting And Social 

Change, 126(1), 244–258. https://doi.org/10.1016/j.techfore.2017.09.004   

Yanamandra, R. (2019). A framework of supply chain strategies to achieve competitive 

advantage in digital era. 2019 International Conference on Digitization, 1(1), 

129–134. https://doi.org/10.1109/ICD47981.2019.9105913   

Yang, K., Tu, J., & Chen, T. (2019). Homoscedasticity: An overlooked critical 

assumption for linear regression. General Psychiatry, 32(5), 1–6. 

https://doi.org/10.1136/gpsych-2019-100148 

Yao, X., Zhou, J., Zhang, J., & Boer, C. R. (2017). From intelligent manufacturing to 

smart manufacturing for industry 4.0 driven by next generation artificial 

intelligence and further on. 2017 5th International Conference on Enterprise 

Systems, 1(1), 311–318. https://doi.org/10.1109/ES.2017.58  

Younis, H., Sundarakani, B., & Alsharairi, M. (2022). Applications of artificial 

intelligence and machine learning within supply chains: Systematic review and 

future research directions. Journal of Modelling in Management, 17(3), 916–940. 

https://doi.org/10.1108/JM2-12-2020-0322  

Yusoff, M. S. B. (2019). ABC of response process validation and face validity index 

calculation. Education in Medicine Journal, 11(3), 55–61. 

https://doi.org/10.21315/eimj2019.11.3.6   

Zaki, M., Theodoulidis, B., Shapira, P., Neely, A., & Tepel, M. F. (2019). Redistributed 

manufacturing and the impact of big data: A consumer goods perspective. 

https://doi.org/10.1016/j.techfore.2017.09.004
https://doi.org/10.1109/ICD47981.2019.9105913
https://doi.org/10.1136/gpsych-2019-100148
https://doi.org/10.1109/ES.2017.58
https://doi.org/10.1108/JM2-12-2020-0322
https://doi.org/10.21315/eimj2019.11.3.6


167 

 

Production Planning & Control, 30(7), 568–581. 

https://doi.org/10.1080/09537287.2018.1540068   

Zangiacomi, A., Pessot, E., Fornasiero, R., Bertetti, M., & Sacco, M. (2020). Moving 

towards digitalization: A multiple case study in manufacturing. Production 

Planning & Control, 31(2-3), 143–157. 

http://doi.org/10.1080/09537287.2019.1631468 

Zeng, J., Mahdi Tavalaei, M., & Khan, Z. (2021). Sharing economy platform firms and 

their resource orchestration approaches. Journal of Business Research, 136(1), 

451–465. https://doi.org/10.1016/j.jbusres.2021.07.054   

Zhang, Z., Shang, Y., Cheng, L., & Hu, A. (2022). Big data capability and sustainable 

competitive advantage: The mediating role of ambidextrous innovation strategy. 

Sustainability, 14(8249), 8249-8266. https://doi.org/10.3390/su14148249  

Zhou, K. Z., & Li, C. B. (2010). How strategic orientations influence the building of 

dynamic capability in emerging economies. Journal of Business Research, 63(3), 

224–231. https://doi.org/10.1016/j.jbusres.2009.03.003   

Zhou, Y., & Varzaneh, M. G. (2022). Efficient and scalable patients clustering based on 

medical big data in cloud platform. Journal of Cloud Computing: Advances, 

Systems and Applications, 11(1), 1–10. https://doi.org/10.1186/s13677-022-

00324-3  

Zhuang, Y., & Ye, L. (2022). Building social capital for a proactive environmental 

strategy: A multidisciplinary perspective. IEEE Engineering Management 

Review, 50(1), 201–210. https://doi.org/10.1109/EMR.2022.3141995  

https://doi.org/10.1080/09537287.2018.1540068
http://doi.org/10.1080/09537287.2019.1631468
https://doi.org/10.1016/j.jbusres.2021.07.054
https://doi.org/10.3390/su14148249
https://doi.org/10.1016/j.jbusres.2009.03.003
https://doi.org/10.1186/s13677-022-00324-3
https://doi.org/10.1186/s13677-022-00324-3
https://doi.org/10.1109/EMR.2022.3141995


168 

 

Zyphur, M. J., & Pierides, D. C. (2020). Making quantitative research work: From 

positivist dogma to actual social scientific inquiry. Journal of Business Ethics, 

167(1), 49–62. https://doi.org/10.1007/s10551-019-04189-6   

https://doi.org/10.1007/s10551-019-04189-6


169 

 

Appendix A: CITI Program – Belmont Report and Its Principles 

 

 



170 

 

Appendix B: Wu et al.’s (2020) Survey Instrument 

Mark the appropriate selection to the following statements below by a tick ( ) to each 

statement. Please respond to all questions accurately. Surveys not completed will be 

discarded. 

 

1. What is your industrial sector? 

 Motor manufacturing 

 Electronic parts 

 Chemicals 

 Semiconductors 

 Precision machinery 

 Information Technology 

 Other 

 

2. What is your profitability? 

 Low profit 

 Medium profit 

 High profit 

 

3. What is your organization’s marketing proportion to total costs? 

 <1% 

 1-3% 

 3-5% 

 5-7% 

 >10% 

 

4. What is your organization’s research & development (R&D) proportion to total costs? 

 <1% 

 1-3% 

 3-5% 

 5-7% 

 >10% 

 

5. Please indicate your level of agreement with the following statement regarding your 

management experiences in the transition of manufacturing sector to incorporate Big 

Data, Machine Learning, and Artificial Intelligence within the organization (choose 

the response that most closely applies to your level of agreement): 
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Strongly 

Disagree 

Disagree Neither 

Agree or 

Disagree 

Agree Strongly 

Agree 

        

Strategic 

Dexterity 

Strong Ties  Our company received support from 

our domestic partners in managerial 

resources. 

          

  
Our company received support from 

our domestic partners in emotional 

support. 

          

  
Our company received support from 
our domestic partners in time. 

          

 
Trust Because of doing business for so long, 

our company and partners understand 
each other well and quickly. 

          

  
In our contacts with domestic partners, 

we have never had the feeling of being 

misled. 

          

  
Both sides are expected not to make 

demands that can seriously damage the 

interests of the other. 

          

  
The strongest side is expected not to 
pursue its interest at all costs.  

          

  
Informal agreements have the same 

significance as formal contracts.  

          

  
Both sides know the weaknesses of the 
other and do not take advantage of 

them.  

          

 
Shared System The systems have been tailored to using 

the systems brought from domestic 

partners 

          

  
The domestic partners developed 
specific procedures for us to follow. 

          

  
The domestic partners have made 

efforts to instill its business philosophy 

in our managers. 

          

 
Commitment to 

Learning 

The sense around here is that employee 

learning is an investment, not an 

expense. 

          

  
The basic values of this organization 
include learning as key to 

improvement. 

          

  
Learning in my organization is seen as 
a key commodity necessary to 

guarantee organizational survival. 

          

  
Managers basically agree that our 

organization's ability to learn is the key 
to our competitive advantage. 

          

 
Share Vision All employees are committed to the 

goals of the organization. 

          

  
There is total agreement on our 
organizational vision across all levels, 

functions, and divisions. 

          

  
There is a commonality of purpose in 
my organization. 

          

  
Employees view themselves 

responsible for the direction of the 
organization. 

          

  
Employees view themselves as partners 

in charting the direction of the 

organization.  
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Open-
mindedness 

Managers basically agree that it is 
important to accept diverse viewpoints. 

          

  
We are not afraid to reflect critically on 

the shared assumptions we have made 
about our customers. 

          

  
Our organization pays much attention 

to original ideas. 

          

  
The culture in our organization 
emphasizes continuous innovation. 

          

        

Absorptive 
Capacity 

Acquisition We have the capacity to capture 
relevant, continuous, and up-to-date 

information and knowledge on current 

and potential competitors involving 
machine learning and big data.  

          

  
There is a degree of management 

orientation toward waiting to see what 
happens within machine learning and 

big data, instead of concern for and 

orientation toward their environment to 
monitor trends continuously and at a 

wide range and to discover new 

opportunities to be exploited 
proactively.  

          

  
The organization has taken a role in 

ensuring the frequency and importance 
of cooperation with R&D organizations 

on machine learning and big data - 

universities, business schools, 
technological institutes, etc., as a 

member or sponsor to create knowledge 

and innovations.  

          

  
There is effectiveness in establishing 
programs oriented toward the internal 

development of technological 

acquisitions of competences from R&D 
centers, suppliers or customers on 

machine learning and big data.  

          

 
Assimilation We have the capacity to assimilate new 

technologies and innovations such as 

machine learning and big data that are 

useful or have proven potential. 

          

  
There is the ability to use employee's 

level of knowledge, experience, and 

competencies in the assimilation of 
machine learning and big data, and 

interpretation of new knowledge.  

          

  
There is a degree to which company 

employees attend and present papers on 
machine learning and big data at 

scientific conferences and congresses 

are integrated as lecturers at universities 
or business schools or receive outside 

staff on research attachments. 

          

  
Our organization has attendance in 
training courses, trade fairs, and 

meetings on machine learning and big 

data. 

          

  
We have the ability to develop 

knowledge management programs, 

guaranteeing the company's capacity 

for understanding and carefully 
analyzing knowledge and technology 

from other organizations.  
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Transformation There is the capacity of the company to 

use information technologies involving 

machine learning and big data in order 

to improve information flow, develop 
the effective sharing of knowledge, and 

foster communication between 

members of the firm.  

          

  
Our company’s awareness of its 

competencies in innovation, especially 

with respect to key technologies such as 
machine learning and big data, and 

capability to eliminate obsolete internal 

knowledge is vital, thereby stimulating 
the search for alternative innovations 

and their adaptation.  

          

  
There is the capacity to adapt 
technologies such as machine learning 

and big data, designed by others to the 

company's particular needs.  

          

  
There is a degree to which the company 
prevents all employees voluntarily 

transmitting useful scientific and 

technological information shared by 
each other.  

          

  
The company has the capacity to 

coordinate and integrate all phases of 
the R&D process and its interrelations 

with the functional tasks of 

engineering, production, and marketing.  

          

 
Application The organization's capacity to use and 

exploit new knowledge in the 

workplace to respond quickly to 

environment changes.  

          

  
There is a degree of application of 

knowledge and experience acquired in 

the technological and business fields 
prioritized in the company's strategy 

that enables it to keep itself at the 

technological leading edge in the 
business.  

          

  
The company has the capacity to put 

technological knowledge into products 
and process patents.  

          

  
The company has the ability to respond 

to the requirements of demand or to 

competitive pressure, rather than 
innovating to gain competitiveness by 

broadening the portfolio of new 

products, capabilities, and technology 
ideas.  

          

        

Competitive 

Advantage 

Differentiation 

Advantage 

Compared to competing products, our 

products offer superior benefits to 

customers using machine learning and 
big data.  

          

  
Our products are unique, and nobody 

but our company can offer them.  

          

  
We take great efforts in building a 
strong brand name -nobody can easily 

copy that.  

          

  
We successfully differentiate ourselves 

from others through effective 
advertising and promotion campaigns.  
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Cost Advantage Our manufacturing costs are lower than 

our competitors due to machine 

learning and big data. 

          

  
Our efficient internal operation system 
has decreased the cost of our products.  

          

  
Our economy of scale enables us to 

achieve a cost advantage.  

          

  
We have achieved a cost leadership 
position in the industry.  

          

 
Institutional 

Advantage 

Compared to our competitors, we have 

advantages In: Securing local resources 

such as land, electricity, and human 

resources; Obtaining external fund and 

financing; Gaining government support 
and approval; expediting project 

approval from relevant authorities. 
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Appendix D: Survey Questions Analysis Key 

This analysis is a representation key of the Wu et al.’s survey instrument. Each key 

represents part of the survey taken by participants. This key is developed for ease of 

computation within the statistical analysis found in the doctoral study. 

 

  Key 

Strategic Dexterity 

Strong Ties Our company received support from our domestic partners in managerial 

resources. 

SD1 

  Our company received support from our domestic partners in emotional 

support. 

SD2 

  Our company received support from our domestic partners in time. SD3 

Trust Because of doing business for so long, our company and partners 

understand each other well and quickly. 

SD4 

  In our contacts with domestic partners, we have never had the feeling of 

being misled. 

SD5 

  Both sides are expected not to make demands that can seriously damage 

the interests of the other. 

SD6 

  The strongest side is expected not to pursue its interest at all costs.  SD7 

  Informal agreements have the same significance as formal contracts.  SD8 

  Both sides know the weaknesses of the other and do not take advantage 

of them.  

SD9 

Shared System The systems have been tailored to using the systems brought from 

domestic partners 

SD10 

  The domestic partners developed specific procedures for us to follow. SD11 

  The domestic partners have made efforts to instill its business philosophy 

in our managers. 

SD12 

Commitment to 

Learning 

The sense around here is that employee learning is an investment, not an 

expense. 

SD13 

  The basic values of this organization include learning as key to 

improvement. 

SD14 

  Learning in my organization is seen as a key commodity necessary to 

guarantee organizational survival. 

SD15 

  Managers basically agree that our organization's ability to learn is the 

key to our competitive advantage. 

SD16 

Share Vision All employees are committed to the goals of the organization. SD17 

  There is total agreement on our organizational vision across all levels, 

functions, and divisions. 

SD18 

  There is a commonality of purpose in my organization. SD19 

  Employees view themselves responsible for the direction of the 

organization. 

SD20 

  Employees view themselves as partners in charting the direction of the 

organization.  

SD21 
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Open-

mindedness 

Managers basically agree that it is important to accept diverse 

viewpoints. 

SD22 

  We are not afraid to reflect critically on the shared assumptions we have 

made about our customers. 

SD23 

  Our organization pays much attention to original ideas. SD24 

  The culture in our organization emphasizes continuous innovation. SD25 

Absorptive Capacity 

Acquisition Capacity to capture relevant, continuous, and up-to-date information and 

knowledge on current and potential competitors involving machine 

learning and big data.  

AC1 

  Degree of management orientation toward waiting to see what happens 

within machine learning and big data, instead of concern for and 

orientation toward their environment to monitor trends continuously and 

at a wide range and to discover new opportunities to be exploited 

proactively.  

AC2 

  Frequency and importance of cooperation with R&D organizations on 

machine learning and big data - universities, business schools, 

technological institutes, etc., as a member or sponsor to create 

knowledge and innovations.  

AC3 

  Effectiveness in establishing programs oriented toward the internal 

development of technological acquisitions of competences from R&D 

centers, suppliers or customers on machine learning and big data.  

AC4 

Assimilation Capacity to assimilate new technologies and innovations such as 

machine learning and big data that are useful or have proven potential. 

AC5 

  Ability to use employee's level of knowledge, experience, and 

competencies in the assimilation of machine learning and big data, and 

interpretation of new knowledge.  

AC6 

  Degree to which company employees attend and present papers on 

machine learning and big data at scientific conferences and congresses 

are integrated as lecturers at universities or business schools or receive 

outside staff on research attachments. 

AC7 

  Attendance of training courses, trade fairs, and meetings on machine 

learning and big data. 

AC8 

  Ability to develop knowledge management programs, guaranteeing the 

firm's capacity for understanding and carefully analyzing knowledge and 

technology from other organizations.  

AC9 

Transformation Capacity of the company to use information technologies involving 

machine learning and big data in order to improve information flow, 

develop the effective sharing of knowledge, and foster communication 

between members of the firm.  

AC10 

  Firm's awareness of its competencies in innovation, especially with 

respect to key technologies such as machine learning and big data, and 

capability to eliminate obsolete internal knowledge, thereby stimulating 

the search for alternative innovations and their adaptation.  

AC11 
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  Capacity to adapt technologies such as machine learning and big data, 

designed by others to the firm's particular needs.  

AC12 

  Degree to which firm prevents all employees voluntarily transmitting 

useful scientific and technological information shared by each other.  

AC13 

  Capacity to coordinate and integrate all phases of the R&D process and 

its interrelations with the functional tasks of engineering, production, and 

marketing.  

AC14 

Application The organization's capacity to use and exploit new knowledge in the 

workplace to respond quickly to environment changes.  

AC15 

  Degree of application of knowledge and experience acquired in the 

technological and business fields prioritized in the firm's strategy that 

enables it to keep itself at the technological leading edge in the business.  

AC16 

  Capacity to put technological knowledge into products and process 

patents.  

AC17 

  Ability to respond to the requirements of demand or to competitive 

pressure, rather than innovating to gain competitiveness by broadening 

the portfolio of new products, capabilities, and technology ideas.  

AC18 

Competitive Advantage 

Differentiation 

Advantage 

Compared to competing products, our products offer superior benefits to 

customers using machine learning and big data.  

CA1 

  Our products are unique, and nobody but our company can offer them.  CA2 

  We take great efforts in building a strong brand name -nobody can easily 

copy that.  

CA3 

  We successfully differentiate ourselves from others through effective 

advertising and promotion campaigns.  

CA4 

Cost Advantage  Our manufacturing costs are lower than our competitors due to machine 

learning and big data. 

CA5 

  Our efficient internal operation system has decreased the cost of our 

products.  

CA6 

  Our economy of scale enables us to achieve a cost advantage.  CA7 

  We have achieved a cost leadership position in the industry.  CA8 

Institutional 

Advantage 

Compared to our competitors, we have advantages In: Securing local 

resources such as land, electricity, and human resources; Obtaining 

external fund and financing; Gaining government support and approval; 

expediting project approval from relevant authorities. 

CA9 
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