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ABSTRACT 

This study is positioned to propose the enabling factors leading to the practice of 

formulating an effective data-led strategy (EDLS). Through the theoretical lenses of the 

resource-based view, absorptive capacity and attention-based view, from information 

systems theory, suitable first order constructs are proposed in relation to the second order 

constructs of resources, absorptive capacity and attention. These form antecedents to the 

higher order construct of EDLS.  

Through a quantitative analysis, electronic surveys are used as a mechanism to collect 

data from managers within medium to large organisations, that have experience in both 

the elements of strategy and big data analytics. Leveraging a component analysis, 

reliability and validity testing, together with model assessment through the adoption of 

partial lease squares structural equation modelling, a structural model and associated 

measurement scale was developed, that has seven first order constructs which are related 

through the three second order constructs.  

Not only has the study provided a theoretical model for the practice of achieving an EDLS 

but also enables managers in pursuit of data-led strategies to effectively manage 

resources, absorb relevant knowledge and focus their attention, aligned with their big 

data-related activities, to achieve the desired outcome of a competitive advantage.  
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COVER LETTER 

Motivation of journal choice 

The journal chosen for this research article is Business Horizons which is Scopus 

indexed and has an Academic Journal Guide quality rating of 2 according to the 

March 2018 Association of Business Schools ranking. This research aims to bridge 

the gap between Information Systems and Management theory, focused on 

providing managers or strategy influencers a framework for developing a practice 

towards effective data-led strategy formulation. The type of research, the topic as 

well as the origin of the majority of referenced articles were all included as factors 

when choosing the journal.  

The selected journal, Business Horizons is focused in the domain of General and 

Strategy and had a call for papers focused on digital transformation and big data 

related topics. Through communication with the editor as well as the factors listed, 

Business Horizons is the most appropriate journal for this article. While there is, a 

similar methodology proposed in supporting research, a capabilities view has been 

taken towards Big Data and the articles are focused in the realm of IT systems, 

Knowledge Management and Operations. Journals such as International Journal of 

Production Economics, Information and Management and Journal of Business 

Research were key resources to develop this research. 

Article details 

The article was written in accordance with the Business Horizons journal guidelines, 

which was also confirmed with the editor of the journal, to eliminate any ambiguity. 

Attached in Appendix A is a copy of the guidelines together with the confirmation 

from the editor. The format of the article included a title page confirming the article 

title followed by the researcher details and supervisor details. In addition, a sample 

article, focused around the domain of Big Data, is included in Appendix B. 
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1. Literature review 

1.1 Introduction 

The chapter provides an overview by delving into the relevant literature related to the 

concepts, constructs and variables that underpin the proposed enabling factors that 

lead towards a practice of formulating an effective data-led strategy (EDLS). The aim 

of the research is to enable managers in medium to large organisations with the most 

effective organisational levers that could be used to exploit the value of big data (BD) 

and associated analytics capabilities. This is executed through the development of a 

conceptual framework and associated measurement scale, exploring and confirming 

relevant factors and associated measured variables. 

To commence, the guiding philosophy is unpacked through a definition of strategy 

and the concepts relating BD and analytics. Through this definition, it is further 

required that BD is defined and characterised in terms of the differences from the 

traditional realm of data analytics. The value of BD and some of the challenges 

experienced by organisations are explored to understand the overall impact of 

leveraging BD capabilities to enable effective strategy. Through an understanding of 

the resource-based view of organisations, the absorptive capacity of new knowledge 

and how decision-makers pay attention to the business environment, the link 

between these constructs, associated latent variables and the higher order construct 

of EDLS, is proposed through a structural model. This leads to the development of 

the guiding research questions and formulated hypotheses that model the research. 

1.2 The practice of strategy 

In order to understand some of the requisites to enable a practice of EDLS, a view 

of strategy needs to be proposed.  

Strategy has multiple definitions that differ based on the guiding philosophical school 

of thought underpinning the definition (Parnell & Lester, 2003). In one view by 

Casadesus-Masanell and Ricart (2009), strategy is defined as “the choice of 

business model, and the business model employed determines the tactics available 

to the firm to compete against, or cooperate with, other firms in the marketplace” 

(p.3). According to Mintzberg (1987) and Tawse, Patrick and Vera (2019), strategy 

formulation precedes action and should thus be deliberate in its purpose. However, 

it is also argued that intended strategy could result in both a deliberate and unrealised 

strategy (Mintzberg, 1987). This could lead to a strategy that is emergent and 
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thereafter realised (Mintzberg, 1987). Given this, the notion is that a finalised strategy 

is not always a prerequisite to strategy implementation. Strategy can be realised 

through the process of formulation or implementation and be adapted to suit the 

desired outcome. This is further expanded by Martin (2014), that posits that the ability 

for strategy to be adaptive is a concept that has always existed, as the environment 

of business has always been dynamic and complex in nature.  

Based on this, it is argued that strategic decision-making is a critical process that 

requires purposeful strategic choice with the ability to adapt based on the 

environment of business operation (Martin, 2014). The value of BD and the ability to 

achieve a competitive advantage by effectively leveraging BD capabilities, is widely 

understood and accepted by organisations as a non-negotiable strategy to employ 

(Srivastava & Gopalkrishnan, 2015). 

1.3 The value of Big Data  

Prior to articulation of the potential value from BD, a view on what defines BD is 

provided. The most common view defines BD as the collection of large amounts of 

data that requires specialised computing platforms and skills to analyse the data, 

based on the size of the data sets (Chen & Zhang, 2014). According to Chen and 

Zhang (2014), the ability to derive insights from this data is critical yet challenging. 

There are a host of prerequisites that organisations require such as capabilities and 

operations, to support BD strategies, before value can be derived (Mazzei & Noble, 

2017). According to Lee (2017) and Chen and Zhang (2014), the five defining 

characteristics to qualify BD are volume, velocity, variety, veracity and value. These 

characteristics are summarised as follows:  

Volume refers to the quantity of data available for processing, which traditional 

database platforms are unable to support based on the scale of the data sets (Lee, 

2017; Chen & Zhang, 2014).  

Velocity refers to how quickly data is generated and required to be processed, which 

in some instances requires real-time availability and analysis to generate insights for 

decision-making (Lee, 2017; Chen & Zhang, 2014). 

Variety is based on the various types of data and sources that could be regarded as 

being both structured and unstructured in nature, where examples of unstructured 

data is voice, video and text (Lee, 2017).  
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Veracity links to the inaccuracy and ambiguity of data that results in inaccuracy of 

insights hence leading to a low adoption in organisations (Lee, 2017).  

Value is based on the competitive advantage that can be created for organisations 

(Lee, 2017). This value is created through insights gained, to enable effective 

strategic decision-making (Chen & Zhang, 2014). 

While these are posited to be the five main characteristics for the definition of BD, 

this list is not exhaustive. Further insights from Lee (2017), mentions the expansion 

of these characteristics to include complexity and variation, however these could be 

combined in the definitions presented by velocity and variety. 

In the context of value, access to the large amounts of high integrity customer data 

is the foundational layer in building a data-led strategy (Mazzei & Noble, 2017). 

Understanding the definition of customer value and how to engineer this by 

leveraging BD capabilities, becomes the next critical step in becoming data-led 

(Mazzei & Noble, 2017).  

Using this data to innovate is the evolution that organisations must adopt to remain 

relevant (Fink, Reeves, Palma, & Farr, 2017; Mikalef, Boura, Lekakos, & Krogstie, 

2019). The key insights gained through access to large amounts of conformed quality 

data, holds the promise of the ability to enable insights that lead to dynamic decision-

making and the ability to increase the productivity within organisations (Mcabee, 

Landis, & Burke, 2017). Further to this, organisations operate in an environment of 

business that is riddled with complexity, variability, uncertainty and ambiguity and 

therefore there is a need for strategy to be adaptive in these complex environments 

(Martin, 2014). This ability to be adaptive is critical, and the capability of having 

dynamic data-driven insights is mentioned to be a primary driver to enable 

organisations to be agile in their decision-making process when adapting strategy 

(Kitchens, Dobolyi, Li, & Abbasi, 2018). 

1.4 Challenges in building an EDLS 

The concept of leveraging data to enlighten decision-making is one that 

organisations have been accustomed to (Mazzei & Noble, 2017). Through the 

evolution of the environment we live and operate in, the volumes and types of data 

available have also evolved (Wamba et al., 2017). The ability to derive insights from 

this scale and form of data requires a shift in technology, capabilities, resources, 
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culture as well organisational focus and capacity, to enable effective value creation 

for organisations (Carruthers & Jackson, 2018). 

Based on this, organisations are required to build new capabilities and require both 

technical and non-technical competencies that may not already be available to them 

(Wang, Xu, Fujita, & Liu, 2016).  

At a technical level, skills and IT infrastructure is required to manage the large 

complex structured and unstructured nature of data and develop the ability to 

generate insights from this, for strategic decision-makers (Wang et al., 2016). Further 

to this, if organisations have already been in operation, they have existing IT 

infrastructure and systems that need to evolve and interact with BD enabled 

platforms and systems, to effectively build the capability to use data as a tool (Mazzei 

& Noble, 2017; Wang et al., 2016).  

Wang et al. (2016), further postulates that organisations are also faced with non-

technical challenges that arise when there is an intention of building out a data-led 

strategy and BD capability. These challenges relate to leadership focus on driving 

organisational transformation and effectively driving a change in culture that is 

needed to effectively build out a data capability (Carruthers & Jackson, 2018). In 

addition, the element of resources becomes critical in developing a capability to 

enable strategy. According to Mazzei and Noble (2017), the old paradigm of strategy 

driving the data requirements in an organisation has shifted to data-driven insights 

driving strategy formulation and implementation. Further to this, the roadmap for 

building out a data capability within an organisation can happen at various value 

levels. Organisations need to be very specific on their strategic intent for their data 

capability, to assess the extent of their organisational transformation required. These 

levels are defined by data being a tool to enable decision-making, data creating new 

industries or forming pure data-led organisations (Mazzei & Noble, 2017). Each of 

these levels requires varying levels of transformation. At a data-led strategy level, 

there is a critical reliance on the impact of leadership in driving change of culture and 

engaging the right level of skills and resources to execute on a BD enabled 

transformation (Carruthers & Jackson, 2018; Mazzei & Noble, 2017). Therefore, 

managers need to be armed with the relevant knowledge that allows them to 

effectively manipulate the correct levers within an organisation, to reap the promise 

of an EDLS.  
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1.5 Resource-based view 

The theory of the resource-based view (RBV) of a firm postulates that organisations 

are able to gain a competitive advantage from a strategic lens, through in-depth 

understanding, strategic placement and utilisation of resources, throughout an 

organisation (Barney, 1991; Raguseo & Vitari, 2018). Through active management 

of the resources, decision-makers and influencers to organisational strategy are able 

to drive the desired outcome (Akter, Wamba, Gunasekaran, Dubey, & Childe, 2016; 

Barney, 1991; Raguseo & Vitari, 2018).  

The RBV theory postulated by Barney (1991), which is further expanded through 

academic research by Raguseo and Vitari (2018) and Rivard, Raymond and 

Verreault (2006), considers the diverse nature of resources and immobility through 

the understanding of four key characteristics:  

• Value: This is defined as the ability to enable effectiveness through specific 

resources. 

• Rarity: This factor considers the shortage of resources in comparison to 

competitors. 

•  Imperfectly imitability: Suggests that other organisations cannot easily gain 

access to these resources that are considered valuable and uncommon. 

• Non-substitutable: These are resources that do not have alternate options to 

enable a competitive advantage. 

Given this view on resources, BD related enabling factors are considered through 

the RBV theoretical lens, to determine the influence towards developing a practice 

for formulation of an EDLS. These factors are posited to form precursors to the 

construct of resources. Through the theoretical lens of RBV, the factors are assessed 

to determine their level of influence towards the overall management practice in 

formulation of an EDLS. In order to measure the impacts of resources on EDLS, big 

data as an asset, data infrastructure, technical skills of employees in relation to BD 

and data culture, are considered as factors for evaluation (Dubey, Gunasekaran, 

Childe, Blome, & Papadopoulos, 2019; Ghasemaghaei, 2019; Gupta & George, 

2016; Wamba et al., 2017).  

Big Data 

Data is considered a fundamental resource and asset, required for enabling a data-

led strategy (Ghasemaghaei, 2019; Ghasemaghaei, Hassanein, & Turel, 2017; 
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Gupta & George, 2016). As described in scholarly literature, regarding the concept 

of BD, both structured and unstructured data, from internal and external sources, 

lead to the formulation of a strategic data asset, within an organisation (Chen & 

Zhang, 2014; Gupta & George, 2016; Lee, 2017; Mazzei & Noble, 2017). The value 

of this asset is a result of access to large data sets, a variety of data, in high volumes 

that has high accuracy, to enable effective value creation (Ghasemaghaei, 2019; 

Mazzei & Noble, 2017). Based on this, big data as an asset is explored, through the 

lens of RBV, to understand the impact on strategy in a BD enabled environment. 

Given the view proposed by the RBV, big data as an asset should be unique to the 

organisation and have the ability to provide value to its customers that is unable to 

be supplied by competitors. 

Data Infrastructure 

As suggested by Wang et al. (2016), data infrastructure in the form of platforms and 

systems is an example of a critical resource in the domain of managing BD elements. 

According to McAfee and Brynjolfsson (2012) and Wamba et al. (2017), technology 

in the form IT infrastructure, specifically data infrastructure, is a critical resource that 

requires integration into the organisations IT landscape, to manage data assets and 

enable value creation. Further to this, IT infrastructure within an organisation is 

positioned to be one of the necessary factors in the construct of structural readiness, 

to enable value creation through big data analytics (BDA) (Ghasemaghaei, 2019). 

Through assessment of the technological readiness in the context of BD and the 

ability to  integrate with legacy infrastructure, data infrastructure is assessed as an 

enabling factor, through the lens of RBV, to enable strategy (Ghasemaghaei, 2019; 

Gupta & George, 2016; Raguseo & Vitari, 2018; Wang et al., 2016). This 

infrastructure becomes critical in processing big data assets to derive the required 

information that is suggested to lead to insights thereafter wisdom (Adrian, Abdullah, 

Atan, & Jusoh, 2018). 

Technical Skills 

Skilled data personnel resources such as data analysts, data scientists and data 

engineers are still rare resources that are required to extract, transform and load 

data, thereafter derive relevant value through advanced analytical techniques, to 

enable business strategy (Ghasemaghaei, 2019; McAfee & Brynjolfsson, 2012). 

Given the recent formulation of the capabilities associated with BD, the appropriate 

experience, education and technical skills of human resources, become a critical 
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component when developing a big data analytics capability (BDAC) (Akter et al., 

2016; Chen & Zhang, 2014; Gupta & George, 2016; Wamba et al., 2017). According 

to McAfee & Brynjolfsson (2012) and Wixom, Yen, & Relich (2013), the enablement 

of strategy for an organisation is reliant on the effective utilisation of its personnel to 

execute on its strategic objectives. While the skills are transferable, the ability to 

completely be effective as a technical resource requires the tools in terms of 

infrastructure and unique data, to effectively develop value (Wixom et al., 2013). 

Data Culture 

Organisational culture is often referred to as a factor that impacts the way 

organisations respond to both internal and external changes in their environment, 

and how this enables their strategic objectives (Dubey, Gunasekaran, Childe, 

Roubaud, et al., 2019). Given this definition, there is a tacit link between the culture 

of an organisation and the strategy. Furthermore, Schein (2004) , defines culture as 

“a pattern of shared basic assumptions that was learned by a group as it solved its 

problems of external adaptation and internal integration, that has worked well enough 

to be considered valid and, therefore, to be taught to new members as the correct 

way to perceive, think, and feel in relation to those problems” (p.17). Organisational 

culture can therefore be defined as the these shared assumptions, values and 

beliefs, that shape and define the way that organisations respond to changes (Dubey, 

Gunasekaran, Childe, Blome, et al., 2019; Dubey, Gunasekaran, Childe, Roubaud, 

et al., 2019; Rude, 2014; Schein, 2004). As described by Carruthers and Jackson 

(2018), the ability to drive a data-led strategy, requires transformation and culture is 

one of the critical factors towards leading this change. Given this requirement, 

defining and understanding the elements of a data-driven culture is explored as an 

enabling factor for an EDLS. Further to this, data culture is a resource that 

organisations must possess to extract maximum value from their data strategy, to 

enable a competitive advantage (Gupta & George, 2016; Frisk & Bannister, 2017).  

1.6 Absorptive capacity 

Innovation is defined as the ability to find a new idea, method or product and can 

either be radical or incremental in nature (Mikalef et al., 2019). This ability is posited 

to be as a result of the BDAC within an organisation, resulting in value creation 

through data-led strategy (Chen, Lin, & Chang, 2009; Mikalef et al., 2019; Solís-

Molina, Hernández-Espallardo, & Rodríguez-Orejuela, 2018).  
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Absorptive capacity theory (ACAPT) was developed through seminal work by Cohen 

and Levinthal (1990), that postulates that an organisations’ ability to absorb new 

information and effectively build a capability through this, is imperative for value 

creation. To derive an effective strategy and develop an ability to be innovative, the 

capacity available in the organisation to continually learn from the environment and 

develop competencies and capabilities is defined as the organisations absorptive 

capacity (Cohen & Levinthal, 1990; Solís-Molina et al., 2018). Based on this, the 

absorptive capacity of an organisation could be postulated to be a necessary factor, 

for building an effective BDAC, to enable dynamic decision-making and adaptive 

strategy (Solís-Molina et al., 2018). 

This concept is further solidified through research by Rodriguez and Da Cunha 

(2018) and Wamba et al. (2017), that suggest that absorptive capacity is seen as an 

enabler to BDAC. Absorptive capacity exists at both the organisation and employee 

level however, it is stated that while organisational absorptive capacity will develop 

cumulatively based on the individuals' levels, there are also distinct differences 

between them both (Cohen & Levinthal, 1990). Being based on individuals at some 

level, the overall organisational absorptive capacity is therefore impacted by the 

levels of absorptive capacity available in employees. These traces of absorptive 

capacity from employees are situated between the organisation and external 

environment as well as between various divisions in the organisation (Cohen & 

Levinthal, 1990; Roberts, Galluch, Dinger, & Grover, 2012).  

Due to the fact that the lens of ACAPT is considered in this context, there are 

necessary factors that are required for consideration (Roberts et al., 2012). As it is 

posited that absorptive capacity can influence EDLS, the ability for knowledge 

acquisition, assimilation, transformation and exploitation are relevant factors that 

form the process of absorption, and will be validated (Cohen & Levinthal, 1990; 

Rodriguez & Da Cunha, 2018; Xie, Zou, & Qi, 2018).  

Acquisition 

Acquisition is defined by the ability to learn, attain or develop knowledge(Xie et al., 

2018). Further to this acquisition considers how this newly found knowledge can be 

leveraged to drive or enable strategic objective execution (Xie et al., 2018).  

In the context of knowledge acquisition, the organisational absorptive capacity is 

posited to be impacted by the direction, speed and intensity of the effort (Zahra & 
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George, 2002). Based on this, knowledge acquisition should be focused on the 

requirements of the organisation and is therefore, a measure of the ability to identify, 

value and obtain knowledge external to the organisation (Camisón & Forés, 2010; 

Cohen & Levinthal, 1990; Xie et al., 2018).  

Assimilation 

Knowledge assimilation delves into the available capacity of an organisation to obtain 

external information and fully understand this information or ideas, utilising it within 

their organisation (Camisón & Forés, 2010; Zahra & George, 2002). In the context of 

BD and advanced analytics, there is an opportunity not only to consume data assets 

from external sources but the ability to obtain external knowledge and through the 

process of deep understanding, leverage this knowledge to fit their organisational 

understanding (Xie et al., 2018). Assimilation thus requires available capacity in the 

organisation to effective leverage its acquired knowledge. 

Transformation 

Transformation is suggested to delve into the capabilities within an organisation that 

develop or create a new process to combine the new knowledge attained with 

existing knowledge, leading to a strategic change (Cohen & Levinthal, 1990; Zahra 

& George, 2002). The ability to transform relies on the organisations capacity to add 

new, remove old or combine new and old knowledge, to promote innovation 

(Camisón & Forés, 2010; Xie et al., 2018). Further to this, Xie et al. (2018), also 

proposes that the ability to transform knowledge that is gained creates the capacity 

for more new knowledge to be absorbed into the organisation. Given these 

conditions, transformation is a necessary practice to promote value creation (Yli-

Renko, Autio, & Sapienza, 2001). 

Exploitation 

The exploitation of external knowledge, according to (Cohen & Levinthal, 1990), is a 

mechanism that is critical for organisations to develop innovative capabilities. 

Exploitation, in the context of ACAPT, considers the organisations capacity to 

leverage the external knowledge gained to create the opportunity for a competitive 

advantage (Camisón & Forés, 2010; Xie et al., 2018). Given this definition, 

exploitation in the context of EDLS is concerned with ensuring that maximum value 

is extracted from knowledge gained in the realm of BD. 
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1.7 Attention-based view 

Attention is a cognitive process of choosing to focus on certain information while 

making the trade-off of what information to ignore (Ocasio, 1997). In the context of 

organisations, the focus attention becomes a critical choice that needs to be driven 

by decision-makers, to propel the organisation in the intended strategic direction 

(Palmié, Lingens, & Gassmann, 2016). According to Palmié et al., (2016), these 

organisational choices are a result of the actions from decision-makers and evidence 

of where attention has been focused.  

According to the attention-based view (ABV), organisations manage attention 

through three related concepts of how attention is focused, the situation surrounding 

the direction of the attention and the organisational structural influence on the 

distribution of attention (Ocasio, 1997). The basic premise is that focus of attention 

is driven by situational factors of the decision-makers and that these situational 

factors are a result of organisational structural and operational choices, in relation to 

the positioning of decision-makers (Ocasio, 1997). It is further noted that attention is 

finite in nature and therefore the choice of where to focus is crucial to drive the 

allocation of organisational resources and that the channels for communication within 

an organisation and externally, promote the adaptability of strategy (Ocasio, 

Laamanen, & Vaara, 2018).  

Influences of an attention-based view of organisations in building an EDLS, is 

considered through the factors of where attention is focused, the situation 

surrounding attention as well as the organisational structures and channels that 

influence attention (Gebauer, 2009; Ocasio, 1997; Ocasio et al., 2018; Palmié et al., 

2016). Therefore, these factors are subjected to validation. 

Focus 

Within organisations, the focus of decision-makers or leaders is directed towards the 

areas they want to influence and the spaces in which they execute (Gebauer, 2009; 

Ocasio et al., 2018). Given the limited capacity that decisions makers have within 

organisations and the plethora of areas that require attention, the decision of where 

to focus attention needs to be aligned to the strategic direction of the organisation 

(Joseph & Wilson, 2018; Ocasio, 1997; Ocasio & Joseph, 2005). Further to this, the 

actions that result from decision-makers are an indication of the issues and answers 

that focus has been directed towards (Gebauer, 2009).  
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Situational 

Situated attention posits that decision-makers and leaders attention is based on the 

situational context they find themselves in (Ocasio, 1997). Based on this, attention 

can change given adapting situational environments (Ocasio et al., 2018). Given this 

theoretical view on situated attention, Ocasio (1997) further unpacks that varying 

situations alter the focus of decision-makers, thus leading to a channelling of 

attention given the situational context. Based on this potential shift of focus, the 

actions of decision-makers will be as a result of the situational context (Gebauer, 

2009). 

Structures and Channels 

Further to the focus of attention and the situational context, the organisational 

structures and channels are proposed to impact how attention is dispersed across 

the organisation (Gebauer, 2009; Ocasio, 1997; Ocasio & Joseph, 2005; Ocasio et 

al., 2018). The distribution of attention has multiple factors that should be considered 

to understand the impact which includes and are not limited to the organisational 

rules, resources available, allocation of decision-makers between organisation 

functions, ability to communicate and the social context of the organisation (Gebauer, 

2009; Ferreira, 2017). According to Ocasio (1997), every function within an 

organisation is comprised of relevant communication channels and procedures that 

govern the operation. Given this factor in addition to the potential situation exposure, 

the focus of decision-makers attention is channelled by the governing structures 

(Joseph & Ocasio, 2012; Palmié et al., 2016). Palmié et al., (2016), further posit that 

the structural channels are comprised of both physical and electronic mediums that 

are related to communication and procedural channels.  

1.8 A proposed conceptual research model 

Given the need for organisations to develop and understand the practice of enabling 

an EDLS, the research aimed to explore and develop a proposed conceptual model 

through prediction, leading to theory development. Based on the literary overview, it 

was predicted that resources, absorptive capacity and attention in an organisation, 

are enabling factors to develop this practice. As described, the theoretical lenses of 

RBV, ACAPT and ABV are applied to develop related latent variables that link to 

these constructs, through the context of BD and advanced analytics. This is 

postulated to lead to the benefit of value creation and a competitive advantage given 
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the challenging environment of business, that organisations find themselves in 

(Raisch, Birkinshaw, Probst, & Tushman, 2009). The aims of the research can 

therefore be summarised according to the following three research questions: 

R1: Is there an influence of data Resources on EDLS 

 R2: Is there is an influence of organisational Absorptive Capacity on EDLS  

R3: Is there is an influence from organisational Attention on BDAC on EDLS 

Considering a RBV of an organisation, the positive impact of BD resources enabling 

a competitive advantage, is suggested as a result of the latent variables big data 

assets, data infrastructure, the skills of employees in the BD team and organisational 

culture (Akter et al., 2016; Barney, 1991; Ghasemaghaei, 2019; Gupta & George, 

2016). The premise of RBV suggests that an effective strategy, that is data-led can 

be informed through the integration of the specific resources suggested, as long as 

they meet the criteria of being uncommon, imperfectly imitable, of value and not able 

to be substituted (Barney, 1991; Rivard et al., 2006). Based on the above, the 

following hypothesis was proposed: 

H1: There is a significant positive influence of Resources on EDLS 

The theoretical overview on the absorptive capacity of an organisation, suggests that 

the ability for organisations to absorb new information and effectively leverage this 

leads to the potential of a competitive advantage (Roberts et al., 2012). Mazzei and 

Noble (2017), provided an evolutionary data view which suggests that data can be 

interpreted to form information, leading to insights and thereafter wisdom, through 

organisational capability and culture development. Based on this, the ability to attain 

or acquire, assimilate, transform and exploit information in the BD landscape, leads 

to the opportunity of a competitive advantage through a successful strategy (Roberts 

et al., 2012; Xie et al., 2018). Based on the above, the following hypothesis was 

proposed:  

H2: There is a significant positive influence of Absorptive Capacity on EDLS 

At an organisational level, the attention given towards BD and the potential influence 

of this capability towards an effective strategy is suggested to be as a result of 

multiple latent variables (Ocasio & Joseph, 2018). This attention, at organisational 

level, is composed of attention of individual decision-makers within an organisation, 

and therefore the factors of focus, situational as well as organisational structures and 
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channels, are suggested to result in an effective strategy given organisational 

attention towards BDAC (Gebauer, 2009; Joseph & Ocasio, 2012; Ocasio et al., 

2018; Palmié et al., 2016). Finally, the last hypothesis suggested was:  

H3: There is a significant positive influence of Attention on EDLS 

To conceptualise this study, a model for an EDLS is proposed through a 

multidimensional third-order latent construct, through influences of the latent second 

order constructs of resources, absorptive capacity and attention (inner model) 

(Chang, Franke, & Lee, 2016; Hair, Ringle, & Sarstedt, 2011; Hardin, Chang, & 

Fuller, 2008). Further development of this framework is conceptualised through 

eleven first order sub-dimensions with respective measurement models (outer 

model) through a questionnaire detailed in Appendix C (Hair et al., 2011). The model 

proposed is shown in Figure 1 below with reflective indicators. 

 

First Order  Second Order Third Order 

H1 

H2 

H3 

Figure 1: EDLS conceptual model 
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1.9 Conclusion 

The literature provided, delved into the related constructs and representative first 

order sub dimensions, that lead to the development of a proposed conceptual model. 

Through measurement of the first order sub dimensions and related theoretical links 

of strategy and BD, the influence of suggested factors were assessed. This adds to 

the body of knowledge surrounding information systems literature and management 

theory, in the context of organisations. Through the lenses of RBV, ACAPT and ABV, 

the suggested first order sub dimensions are illustrated in Figure 1. This is a 

proposed alternate view on BD, developed from the research and design of the 

conceptual model on BDAC, to enable firm performance (Akter et al., 2016; Gupta & 

George, 2016; Wamba et al., 2017). This perspective focused on the management 

view of BD enabled strategy, therefore the research provided businesses in the quest 

for transformation, a strategic management framework. 
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2. Proposed research methodology and design 

2.1 Introduction 

The research aim was centred on delivering a practice for managers within 

organisations, with intentions of leveraging BD as a source of competitive advantage. 

This was executed on by defining the enabling factors that lead to a practice, for the 

formulation of an EDLS, through a theoretically posited model defined in Figure 1. 

To deliver on this requirement, the researcher developed a structural model that was 

tested for appropriate relevance, together with an associated measurement scale. 

This methodology leveraged a process of component analysis, reliability and validity 

testing together with a research approach grounded in Partial Least Squares 

Structural Equation Modelling (PLS-SEM).  

2.2 Choice of methodology 

The philosophy for the research was based on a positivism view given the 

researchers orientation together with the influence from similar information systems 

based studies (Abbasi, Sarker, & Chiang, 2016; Gemma, 2018). The methodology 

for the research, therefore employed a deductive approach, to test for influences. 

This was conducted between the selected second order constructs of resources, 

absorptive capacity and attention, with their respective factors through first order 

constructs, against the higher order construct of EDLS. This was undertaken through 

a quantitative analysis, based on responses of the sample being surveyed. Based 

on the philosophy of the study, it was possible to generalise the results from the 

sample to the population, provided that the sample was able to represent the 

population in scope for the study (Creswell, 2014; Zikmund, Babin, Carr, & Griffin, 

2009).  

Based on the positivist view, the survey responses allowed for theory testing through 

a deductive approach (Creswell, 2014; Saunders & Lewis, 2012). The research 

aimed to gather specific data based on the relationships to organisational strategy 

and the link posited between organisational strategy and data-led strategy. This was 

in relation to all constructs and respective variables. This allowed for testing the 

rigour of the proposed conceptual model. 

A mono-method approach was adopted as a single data collection technique via an 

electronic channel (Creswell, 2014). These responses were collected through this 

channel, given the ease and efficiency of distribution and completion, for the 
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respondents. The study employed a quantitative research method that allowed for 

testing of the theoretical research proposed through observation. This included 

testing the validity of the conceptual model presented in Figure 1, that postulates that 

the influences of resources, absorptive capacity and attention are positive and 

significant in formulating a practice, leading to an EDLS.  

The research design was deemed explanatory as its purpose was to discover and 

quantify influences on the ability to define and execute on an EDLS. This was 

achieved through the consideration of the organisations ability to manage the optimal 

mix of resources to enable value creation, absorb new information from the 

environment and the ability to direct the organisational attention, through its decision-

makers (Barney, 1991; Cohen & Levinthal, 1990; Ocasio, 1997; (Zikmund et al., 

2009). While the theories of RBV, ACAPT and ABV are able to address innovation 

and value creation through effective strategy, there has been little research available 

that looked into the impacts of these views on organisations that intend on executing 

a data-led strategy. 

The research strategy was executed through the survey distribution with all relevant 

stakeholders within medium to large organisations (with over 50 employees) that 

have BDAC and intentions of enabling data-led strategies (de Wet, 2019). This 

criterion on organisational size is based on the premise that medium to large 

organisations varies from small organisations in the context of strategy formulation 

and development when considered through a RBV lens (Grant, 1991). Further to this, 

the impact of BD in the context of this research assumed that the process of 

surveying was designed to test the impacts of the main constructs, relative to EDLS 

(Zikmund et al., 2009). In order to statistically test the relevance of these constructs, 

the data was gathered, analysed and discussed, to provide insights on the relevance 

of the proposed conceptual model (Zikmund et al., 2009).  

Given the low maturity in this field of study and limited data, a cross-sectional based 

time frame was used to conduct the research. The process of surveys was used to 

understand the current views surrounding the second order constructs through 

respective first order constructs, in relation to the effectiveness of a data-led strategy, 

therefore warranting the need for a cross-sectional view (Creswell, 2014). This was 

seen to be largely based on the maturity of data capabilities in the organisations 

represented through the sample.  
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2.3 Population  

Based on the aim of the research and associated objectives, the population under 

research were respondents in all organisations that have the intention of a data-led 

strategy and have BDA capabilities to enable value creation. To ensure that 

respondents were within this population, control questions were used to assess the 

applicability of the study to relevant organisations. Surveys were also purposefully 

sent to relevant groups of individuals given the researchers’ personal networks. 

The respondents targeted were ideally senior or middle management employees, 

who were involved in, or were collaborators to, the BDAC within the organisation. It 

was crucial to include employees that are decision-makers regarding data strategy, 

to get a sense of how their attention is focused (Ocasio et al., 2018). Further to this, 

absorptive capacity required consideration at both the individual and organisational 

level (Soo, Wei Tian, Teo, & Cordery, 2017). Therefore, all relevant stakeholders that 

were involved with usage or development of the BDAC, were targeted. While a 

specific industry or country should have been contained within the study, the lack of 

participant scale warranted multiple industries and countries to be included.  

2.4 Unit of analysis  

The unit of analysis was defined to be each individual within organisations that have 

the intention and experience with data-led strategies and BDAC to support this 

(Zikmund et al., 2009). These individuals were considered across multiple industries 

and organisations to get a representative view the population. The premise was that 

these individuals were involved in the use or creation of BDAC and insights to deliver 

value in their respective organisations. It was also established if the individual was 

aware of the impacts of BD and analytics on strategy. 

2.5 Sampling method and size  

The quantitative nature of the research added the necessity of required responses 

from a large enough sample size to ensure reliable and valid data points are 

collected, enabling beneficial results through analysis (Creswell, 2014; Hair, Black, 

Babin, & Anderson, 2010). The researcher was required to test theoretical 

appropriateness through deduction, therefore there was a need for a representative 

sample, that also allowed for the generalisation from of the results (Zikmund et al., 

2009). While the more samples available, the more representative the results, it was 
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impractical to obtain an excessive scale given access to respondents via personal 

networks and the available time (Creswell, 2014). 

Given the context of BDA and associated capabilities within the broader market and 

industry, a list of the population was not likely to be obtainable. As a result, probability 

sampling was not an applicable technique  (Creswell, 2014). Based on this, a non-

probability technique was explored (Zikmund et al., 2009). The data required for the 

research was based on knowledge, exposure and experience held by employees in 

organisations with BDAC and intentions of embracing data-led strategies. To extract 

this data and gain relative insights, surveys were distributed specifically to individuals 

in these types of organisations. This implies that a purposive sampling technique was 

utilised (Creswell, 2014).  

The minimum sample size for this research was calculated based on the minimum 

requirement suggested by the proposed statistical technique being adopted (PLS-

SEM).  Hair et al. (2010), proposes a sample size based on a rule of ten times the 

number of links that point towards a latent variable in a structural model. However, 

Hoyle (1995) advises that even though PLS-SEM techniques are robust enough to 

handle small sample sizes, a sample size of between 100 to 200 is suggested by 

prior research in path modelling. In addition, the nature of the research warranted 

the requirement for a subset of the sample to conduct an Exploratory Factor Analysis 

(EFA), while a separate sample was used to conduct the relevant statistical model fit 

test. The researcher thus aimed to obtain a minimum sample size of 30 to 100 

samples for the EFA and utilised a Principal Component Analysis (PCA), to do so 

(Carpenter, 2018; Johanson & Brooks, 2010). In addition, the decrease in sample 

size was accounted for based on data validation and removal of incomplete data. 

2.6 Measurement instrument  

According to guidance prescribed by Creswell (2014) and Zikmund et al. (2009), 

quantitative explanatory research is best supported through the use of surveys and 

extensive academic literature with related theoretical constructs. This provides a 

view of previous relationships tested through deductive research and provides an 

opportunity to define a new conceptual model through quantification of relationships 

between relevant constructs and associated factors.  

While the questionnaires were used as the most appropriate tool for data collection, 

the use of a five-point Likert scale together with relevant questions was used to test 
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path linkages between the measured variables and constructs under analysis. This 

was used to ensure consistency in the measurements across all constructs under 

study (Zikmund et al., 2009). This questionnaire was developed through leveraging 

and adopting existing measurement scales. These contained questions relating each 

of the measured variables proposed for the first order constructs in relation to the 

second order constructs of resources, absorptive capacity and attention.  

The researcher had allocated ample time to receive an appropriate sample size as 

calculated above. This was estimated to be five weeks however, this timeframe was 

manipulated based on the number of valid samples received and prescribed by the 

research methodology. Only data relevant to the research was collected from the 

surveys and control questions were used to validate the population being targeted. 

Based on this, irrelevant and incomplete samples were removed. The full 

questionnaire utilised in the study is provided in Appendix C. The questionnaire was 

divided into three sections after the controlling and demographic questions were 

assessed. These sections were representative of each of the second order 

constructs in the proposed model. All scales were adapted based on the relevance 

to data-led strategy and respondents were asked to frame their response with this 

context in mind. 

When assessing the construct of resources, the first order constructs of data 

infrastructure, technical skills, big data assets and data culture are assessed with 

four related measurement items per a first order construct (Dubey, Gunasekaran, 

Childe, Roubaud, et al., 2019; Ghasemaghaei, 2019; Gupta & George, 2016; Mikalef 

et al., 2019;  Wamba et al., 2017).  

Secondly, the construct of absorptive capacity is posited to be related to the first 

order constructs of acquisition, assimilation, transformation and exploitation 

(Camisón & Forés, 2010; Xie et al., 2018; Zahra & George, 2002). These scales 

included four related measurement items per a first order construct assessed. 

Finally, the construct of attention is related to the three first order constructs of focus, 

situational as well as structures and channels. These were also assessed with four 

related measurement items per a first order construct (Brattström, Frishammar, 

Richtnér, & Pflueger, 2018; Gebauer, 2009; Joseph & Ocasio, 2012; Palmié et al., 

2016). 
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2.7 Data gathering process  

Based on the quantitative nature of the study, the researcher purposefully distributed 

surveys to relevant stakeholders at various organisations through leveraging 

personal networks given personal exposure to BDAC, across industries. In addition, 

the Big Data and Analytics group on LinkedIn was used as a platform to target 

applicable respondents.  

SurveyMonkey was used as the online electronic tool that provided easy to use, 

convenient access to respondents. It also allowed them to undertake the survey in 

their own time, in a conducive environment. Only primary sources of data were 

considered through the survey responses, given the low maturity in existing similar 

models and scale development research, on BD related topics.  

2.8 Analysis approach 

The multivariate statistical method of PLS was adopted in this research to assess 

the research hypotheses. The data was first assessed by understanding the extent 

of incomplete data within the final total sample of 235 responses. Newman (2014) 

states that missing data within a survey design can be attributed to item level, 

construct level and person-level missingness. 

Due to the confidentiality of the responses, each level of missingness could not be 

tested, and the researcher, therefore assumed a person level missingness based on 

the premise of missing at random (MAR) (Newman, 2014). The missing data was 

imputed based on the methods described by Hair et al. (2010) and (Scheffer, 2002). 

Based on this, any respondents with less than a 50% completion rate, was excluded 

from the research. All missing data from the remaining respondents, with less than 

100% completion was imputed using the average of the industry in which they were 

currently employed. The final sample size for the research was N=107 which was 

deemed adequate for the research design. In addition to this, a sample of N=54 was 

used to conduct the PCA.  

The PLS method forms part of the SEM family, which has increasingly become 

popular within empirical research (Rigdon, Sarstedt, & Ringle, 2017). This second 

generational technique provides a robust statistical technique that combines the 

statistical methodologies of regression and factor analysis (Hair et al., 2010). In 

addition, the PLS method does not require a large sample size, is recommended for 

both formative and reflective models and is efficient at parameter estimation (Hair, 
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Sarstedt, Hopkins, & Kuppelwieser, 2014). Smart PLS 3.0 was adopted to assess 

the research model, which is also adopted by previous research within the BD 

domain (Akter et al., 2016). Based on the recommendations of Chin (2010) and Hair 

Jr. et al. (2017), the PLS algorithm, bootstrapping and blindfolding methods, within 

the Smart PLS software, was adopted to assess the inner model (structural), outer 

model (measurement), significance and model fit respectively. As depicted in Figure 

2, a multi-stage process was adopted to assess the hypothesised research model 

(Hair, Hult, Ringle, & Sarstedt, 2016).  

 

 

 

 

 

 

 

 

 

 

 

Figure 2: PLS model evaluation process. Adapted from “A primer on partial least squares 
structural equation modelling (PLS-SEM),” by J.A. Hair, G.T.M. Hult, C.M. Ringle and M. 
Sarstedt, 2016, Sage, edition 2, p. 202. Copyright 2017 J.A. Hair, G.T.M. Hult, C.M. Ringle and 
M. Sarstedt.  

Following the methodology described by Hair et al. (2017), the assumptions for the 

PLS model was assessed, which included a PCA. Since the hypothesised research 

model had not been tested before, to the knowledge of the researcher based on 

research scanning, it was imperative to validate the compositions of the 

hypothesised constructs. The PCA technique is useful in dimension reduction and 

grouping measured variables based on the common variation (Koryak, Lockett, 

Hayton, Nicolaou, & Mole, 2018). Braeken & Van Assen (2017) posit that in order to 

effectively determine the factors that should be retained, the Kaiser’s Eigenvalue one 

criterion must be adopted. This means that any factors with less than an eigenvalue 

of one, were not relevant and considered in the determination of the construct 

groupings.  

Step 1: Assess the outer model for 
reliability and validity 

Step 2: Assess the structural model for 
collinearity issues 

Step 4: Assess the level of R2 

Step 3: Assess the significance and 
relevance of the structural model 

relationships 

Step 5: Assess the predictive relevance 
and the Q2 effect sizes 
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To improve the validation and interpretability of the PCA analysis, rotational methods 

were also adopted. By including the Varimax rotational method, the maximization 

and minimization of high and low component loadings ensured a degree of construct 

determination accuracy (Costello & Osborne, 2005). Following the recommendations 

by Hair et al. (2010), Bartlett’s test for sphericity and the Kaiser Meyer Olkin (KMO) 

values were also interpreted. KMO provides a measure of the sampling adequacy 

within the composed measured variables and requires a measure that exceeds the 

threshold of 0.5 at minimum for adequacy, where a value closer to 1.0 indicates an 

increased the level of adequacy (Pallant, 2007). The Bartlett’s test for sphericity, on 

the other hand, compares the measured variables within the hypothesised group 

against correlations with its identity matrix. PCA can only be assessed if this test 

displays a significance of p < 0.05 (Hair et al., 2010). The pilot test sample of 54 

respondents was adopted by the researcher to ensure a more robust scale and 

model development. The PCA of the pilot test was used to refine the research model 

by ensuring only adequate measures and groupings of factors were adopted for the 

overall model assessment. The output from this was a refined structural model that 

was subjected to reliability and validity testing. 

Reliability and Validity 

The presence of a high relative internal association amongst the research measured 

variables provides levels of internal reliability consistency (Trochim & Donnelly, 

2006). Internal reliability is measured through the Cronbach’s Alpha (CA) which is 

used to estimate the reliability of multi-scale items in research (Zikmund et al., 2009). 

However, Chin (2010) argues that within the SEM doctrine, the CA tends to 

underestimate the levels of reliability. Another measure, namely Composite 

Reliability (CR), should be adopted instead of CA, for internal reliability. CR takes the 

factor loadings of measured variables within the scale, into consideration (Chin, 

2010). Both these indicators range from 0 to 1, whereby a minimum threshold of 0.7 

is required to ascertain fair levels of reliability of a composite variable (Hair et al., 

2010).  

Convergent and discriminant validity of the hypothesized model was assessed using 

methods described by Hair et al. (2017). The extent in which an item can be 

associated, with other items within a component, is referred to as convergent validity, 

whereby these items need to have a common high measure of variance (Hulland, 

1999). Hair et al. (2017), states that for convergent validity to be achieved, the 
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measured variables factor loadings, on the respective latent variables, needs to 

exceed 0.708. In addition, the Average Variance Extracted (AVE), which is the 

square root of the standardised indicator loading, should be greater than 0.5 for 

convergent validity. An AVE less than 0.5 indicates that more errors remain on the 

item than the variance through the item’s latent variable (Hair et al., 2017). 

The Heterotrait-monotrait (HTMT) criterion measures the extent to which a 

hypothesised construct differs from other constructs in a research model (Chin, 

2010). In essence, the HTMT criterion looks to provide an estimate of the real 

correlation that would exist between constructs if it were possible to be ideally 

measured (Henseler, Ringle, & Sarstedt, 2015). Thus, the research adopted the 

HTMT criterion to ensure no discriminant validity issues in the research model. If 

correlations between constructs are less than 0.9, this implies that the specific 

construct is relatively unique from the others and captures its hypothesized essence, 

which is not represented by other constructs in the research model (Hair et al., 2017; 

Henseler et al., 2015).  

Model assessment 

As the PLS technique is rooted in ordinary least square prediction and the 

maximization of dependent variable variance, the levels of collinearity need to be 

assessed (Hair et al., 2017). Collinearity is characterised by highly correlated 

independent variables, and high levels of collinearity can lead to predictor variable 

bias and create unstable path linkages (Chin, 2010). Henseler et al. (2015), 

recommends the assessment of the Variation Inflation Factor (VIF), which is 

interpreted as the inverse of tolerance. Furthermore, both (Henseler et al., 2015) and 

Hair et al. (2017), argue that the upper limit of VIF is either 10 or 5, respectively. 

Based on this differing academic view, the researcher adopted an upper limit of 5 to 

assess collinearity of the research model. If high levels of collinearity exist, those 

indicators will be deleted, and the model assessed for reliability and validity again. 

Once the model was assessed for reliability, validity and collinearity, the path models 

were assessed for significance. The inner path coefficients between the research 

variables range from -1 to 1, whereby a negative value indicates a negative 

relationship and a positive value indicates a direct relationship. Additionally, the 

intensity of the path coefficient is a measure of strength between the hypothesised 

constructs, where -1 or 1 are the maximum limits and 0 the minimum. The 
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significance of each path weighting was assessed using the bootstrap technique with 

a chosen significance level of 99%.  

Model fit for the research model was verified by assessing the Standard Root Mean 

Square (SRMR), Coefficient of Determination (R2), and Stone-Geisser’s Q2. SRMR 

is an evaluation between the discrepancies of the observed and expected 

relationships (Hair et al., 2017). Hair et al. (2017) recommend an upper limit of 0.10 

for a good model fit. The R2 measures the levels of variance between interaction 

variables and is a measure of the model’s ability to predict, with a range from 0 to 1, 

whereby a value closer to 1 indicates high predictiveness (Roldán & Sánchez-

Franco, 2012). According to (Henseler et al., 2015), a R2 value larger than 0.67 is 

classified as substantial, between 0.19 and 0.33 is moderate, and less than 0.19 is 

weak. 

The Stone-Geisser indicator evaluates the relative predictive relevance, especially 

suited for a reflective model (Roldán & Sánchez-Franco, 2012). The Stone-Geisser 

value ranges from 0 to 1 whereby values greater than 0.35 is classified as large 

significance, between 0.02 and 0.15 is medium, and less than 0.02 is classified as 

weak (Hair et al., 2017).  

Based on the approach outlined, the researcher set out to develop a measurement 

scale for the determination of the practices the enable an EDLS. Given this context, 

the approach supported this goal through factor analysis. Both the inner and outer 

models were subjected to reliability and validity testing. From this, a final PLS model 

structure was confirmed and the significance of the path model assessed, based on 

the sample data available. This model was then subjected to an overall model fit 

assessment, confirming the accuracy in achieving the research goal. 

2.9 Limitations  

The methodology described was based on the aim of scale development and the 

output of a conceptual model given the requirement for achieving an EDLS. Based 

on this approach, the following limitations of the methodology were acknowledged 

as part of the research. 

The cross-sectional time horizon exposed the research to varying degrees of 

maturity in organisations, that are intending to build data-led strategies. This 

potentially created a difference in respondent views given their exposure. Less 

mature organisations may potentially have not seen the benefits of BD as yet. 



 

Page 26 of 64 

 

While the sampling methodology of the research lends itself to be purposive, the 

electronic medium used for survey distribution may result in a case of snowballing 

and create bias in the received results. Control questions were used to minimise the 

impact however, this could not entirely be mitigated. It relied on the honesty of the 

respondents, based on their experience with both BD and strategy. 

The sample obtained was comprised of respondents across multiple countries, 

however predominantly South African based. Given this limitation, there could be 

skewness present in the results due to the varying maturity associated with BDAC 

within the South African landscape. Furthermore, the geographic distribution of the 

population was not diverse or large enough to provide a generalised view on EDLS 

practices for managers.  

In the context of the analysis and scale development, the PLS-SEM technique 

provides a more robust statistical method versus the first order statistical techniques 

but only reports on a single fit index (SRMR). While this is acceptable, the maturity 

of PLS-SEM needs to be improved to provide more fit indices similar to more 

developed methods (Hair et al., 2017). 

The constructs at a second order and first order level were modelled as independent 

antecedents towards an EDLS respectively. While this is based on theoretical 

underpinnings, there needs to be further investigation into the relationships that exist 

between each of the constructs and how this may influence the practice of EDLS. 

Potentially leveraging the theoretical underpinnings of modes of adaptation, the 

theory of behavioural integration (BI) considers management of conflicting or 

separate activities in a single business entity (Birkinshaw, Zimmermann, & Riasch, 

2016). In addition to this Birkinshaw et al. (2016), also propose the theories of 

structural separation and sequential alternation as mechanisms to manage the 

relationships of factors towards achieving a practice for EDLS. 

Finally, the research by Akter et al. (2016) proposed a metric to measure the impact 

of BDAC through firm performance. This provided an ability to assess the value 

created as a result of BDAC, through the levers of market performance and financial 

performance or operational performance (Gupta & George, 2016; Wamba et al., 

2017). Further investigation should be conducted to determine the extent of value 

creation through EDLS with relevant metrics such as firm performance suggested 

above, to assess the effectiveness of the proposed factors from a business 

perspective.  
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4. Appendix A 

Manuscripts submitted to Business Horizons should address topical and timely 

issues of relevance to business academicians and practitioners. Successful 

submissions will typically be structured around identifying and developing a problem 

or issue and providing relevant solutions. Importantly, manuscripts should go beyond 

description and offer sound prescriptive advice. Manuscripts should also be solidly 

grounded in a scholarly foundation with appropriate and judicious use of source 

citations. Manuscripts should also be written in clear, non-technical language, with a 

broad business readership in mind. While the language should be engaging and 

informative, authors should avoid the use of jargon and technical terminology. 

Manuscripts should be prepared consistent with the following guidelines. 

Manuscripts which do not conform to these guidelines may be returned to the 

author(s) without review for reformatting. 

1. Double-space, use a 12 point font with normal text spacing, and one-inch margins 

throughout the entire manuscript. Manuscripts should not exceed 25 pages, all-

inclusive. We cannot, however, consider notes, briefs, or commentaries. All pages, 

save the title page, should include pagination. Page numbers should appear 

centered at the bottom of each page. 

2. The first page of the manuscript should include the title of the manuscript and 

complete contact information for each author with author name, affiliation, full postal 

mail address, email address, telephone number, and fax number. The corresponding 

author should be clearly noted in the case of multiple authors. 

3. The second page of the manuscript should include the title of the manuscript, an 

abstract of 150 to 200 words, and four to five key words or short phrases that 

accurately reflect the content of the manuscript. Abstracts should be designed to 

provide a comprehensive executive summary of the manuscript in a manner that 

draws the reader's attention. 

4. The body of the text should begin on the third manuscript page. The manuscript 

text should begin with an introductory heading. 

5. Incorporate headings and sub-headings throughout the manuscript to aid 

readability. First order headings should be centered and all capital letters. Second 

order headings should be centered and use both upper and lower case letters. 

Headings should be descriptive and informative, yet not standard academic style. 
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For example, rather than use "Introduction", you might elect to use "Corporate 

Women: Another Look". The aim is to guide the reader with innovative and lively 

language. 

6. Business Horizons relies on the APA (American Psychological Association) style 

of referencing. Authors should carefully document their work while at the same time 

judiciously select references. A complete list of references cited should appear at the 

end of the text, and preceding any tables, figures, or graphs. Only works cited in the 

manuscript should be included in the references section. The references should 

begin on a new manuscript page, with the heading REFERENCES appearing 

centered at the top of this page. We do not rely on footnotes or endnotes. Any full or 

partial with-in text quoted material should include the relevant page number(s) with 

the source citation (e.g., Author & Author, 2008, p.1). Please also note the use of 

ampersand for within text citations contained in parentheses. The following are 

examples of the APA referencing style. Please consult the Publication Manual of the 

American Psychological Association, Fifth Edition, ISBN 1-55798-790-4 

or http://www.apastyle.org/elecref.html for further style guidelines. 

Data references 

This journal encourages you to cite underlying or relevant datasets in your 

manuscript by citing them in your text and including a data reference in your 

Reference List. Data references should include the following elements: author 

name(s), dataset title, data repository, version (where available), year, and global 

persistent identifier. Add [dataset] immediately before the reference so we can 

properly identify it as a data reference. This identifier will not appear in your published 

article. 

Journal article: 

Stuart, F. I. (2006). Designing and executing memorable service experiences: Lights, 

camera, experiment, integrate, action! Business Horizons, 49(2), 149-159. 

Ketchen, D., & Hult, G. T. (2007). Bridging organization theory and supply chain 

management: The case of best value supply chains. Journal of Operations 

Management, 25(2), 573-580. 

Book: 

Miller, D., & Le Breton-Miller, I. (2005). Managing for the long run: Lessons in 

http://www.apastyle.org/elecref.html
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competitive advantage from great family businesses. Boston: Harvard Business 

School Press. 

Cialdini, R. B. (2001). Influence: Science and practice (4th ed.). Boston: Allyn & 

Bacon. 

Edited collection: 

Pfeffer, J. (1998). Understanding organizations: Concepts and controversies. In D. 

Gilbert, S. Fiske, & G. Lindzey (Eds.), Handbook of social psychology (pp. 733-777). 

New York: McGraw-Hill. 

Geis, G. (1982). The heavy electrical equipment anti-trust cases of 1961. In M. D. 

Ermann & R. J. Lundman (Eds.), Corporate and governmental deviance (pp. 123-

143). New York: Oxford University Press. 

Web source: 

Berry, L. L., & Seltman, K. D. (2007). Building a strong services brand: Lessons from 

Mayo Clinic. Business Horizons, 50(3), 199-209. Retrieved May 10, 2007, 

from https://www.sciencedirect.com. 

Lewis, P. H. (2007). How Apple kept its iPhone secrets. Retrieved January 31, 2008, 

from http://money.cnn.com/2007/01/10/commentary/lewis_fortune_iphone.fortune/i

ndex.htm 

Dataset:  

Oguro, M., Imahiro, S., Saito, S., Nakashizuka, T. (2015). Mortality data for Japanese 

oak wilt disease and surrounding forest compositions. Mendeley Data, 

v1. https://doi.org/10.17632/xwj98nb39r.1. 

7. All tables, figures, graphs, or appendices should appear individually on a separate 

manuscript page. These should clarify or supplement the manuscript text, not 

duplicate the text. Please indicate the appropriate placement of tables, figures, and 

graphs within the text by using [Insert Table 1 about here] place on a separate text 

line. These should appear following the References in the following order: tables, 

figures, graphs, appendices. 

8. Authors should carefully proofread their manuscripts prior to submission. Please 

pay careful attention to spelling and grammar, in particular. Also, please rely on 

gender neutral language. Manuscripts with extensive errors will be returned without 

review. Submission of a manuscript to Business Horizons implies a commitment by 

the author(s) to engage in the review process and to have the article published 

https://www.sciencedirect.com/
http://money.cnn.com/2007/01/10/commentary/lewis_fortune_iphone.fortune/index.htm
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should it be accepted. Articles previously published, those under consideration by 

another journal, and those with a pre-existing copyright may not be submitted for 

review and consideration. Upon submission, authors also agree not to submit the 

manuscript for consideration elsewhere during the review period. 

This journal operates a double blind review process. All contributions will be initially 

assessed by the editor for suitability for the journal. Papers deemed suitable are then 

sent to independent expert reviewer(s) to assess the scientific quality of the paper. 

The Editor is responsible for the final decision regarding acceptance or rejection of 

articles. The Editor's decision is final. More information on types of peer review. 

9. Submit all manuscripts electronically in MS Word-compatible file format to 

the editor at bushor@indiana.edu. Submissions will be acknowledged shortly after 

receipt. Editorial decisions may take up to three months. All editorial decisions are 

final. Articles typically appear in print 8 to 12 months after final acceptance. 

10. Materials published in Business Horizons are available for viewing and download 

via ScienceDirect. 

11. In order to afford all authors an opportunity of publication, authors are limited to 

a maximum of three submissions per calendar year. 

12. This journal offers authors a choice in publishing their research: Open Access 

and Subscription. 

Source: Authors guidelines. Sourced from “Guide for Authors: Business Horizons,” by Elsevier, 
2019, Retrieved from 
https://www.elsevier.com/journals/business-horizons/0007-6813/guide-for-authors 
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Source: Sample Article. Sourced from “Big data : Dimensions , evolution , impacts , and 
challenges,” by I. Lee, 2017, Business Horizons, 60(3), 293–303. 
https://doi.org/10.1016/j.bushor.2017.01.004 
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