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 This paper investigates the effect of Strategic Management Accounting (SMA) and Business 
Analytics (BA) on Sustainable Competitive Advantage (SCA). Moreover, it examines the 
mediating effect of Dynamic Capabilities (DY) and the moderating effect of Competition Intensity 
(CI) on direct relationships. The study used the survey method to collect data from listed companies 
in the Amman Stock Exchange, and the hypotheses were tested using Partial-Least Squares-
Structural Equation Modelling. Based on the findings, DC mediates the relationship between SMA 
and SCA as well as BA and SCA. CI moderate only the relationships between SMA and SCA. The 
study findings can be used as directions by management, policymakers and researchers to 
comprehend the positive influence of SMA, BA and DC on SCA. 
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1. Introduction 

Business Analytics (BA) and management accounting play a vital role in generating, analyzing, and delivering helpful 
information for decision-making, strategic analysis, and forecasting in modern organizations (Almazmomi et al., 2022; Cescon 
et al., 2019; Rikhardsson and Yigitbasioglu, 2018; Oyewo, 2022). In the current business environment, the abundance of data 
has sparked the attention of all types of industries, resulting in an expansion of data-driven capabilities that provide a 
Sustainable Competitive Advantage (SCA) (Conboy et al., 2020). However, the emergence of new data sources has led to an 
increase in complexity and volume, making it difficult for traditional analytics methods to provide meaningful insights in a 
timely manner (Delen and Zolbanin, 2018). To address this challenge, novel methods and processing approaches have been 
obtained, leading to the emergence of a new generation of decision-making known as the business analytics era (Boldosova 
and Luoto, 2020; Appelbaum et al., 2017). BA has been gaining attention due to the increasing usage of big data (Cao and 
Duan, 2017). BA is a technique that enables Dynamic Capabilities (DC) and sophisticated statistical analysis of large volumes 
of data to achieve SCA (Zameer et al., 2022; Conboy et al., 2020). This can be achieved by improving product and service 
innovation to meet customers' needs and market positioning (Delen & Zolbanin, 2018), optimizing business operations 
processes and providing organizations with inputs that can potentially help with effective strategic planning. BA has generally 
transformed business models, accelerated growth, and expanded opportunities (Behl et al., 2022). On the other hand, 
management accounting techniques have evolved over the years to provide helpful information for decision-makers to 
navigate the rapidly changing business environment (Cescon et al., 2020). With the growth of competition due to technological 
advancements, management accounting has evolved from simply reporting historical values to providing real-time and 
predictive reporting (Cokins, 2013). SMA is a group of practices that provide strategic information for crucial decision-making 
processes such as planning, costing, competitor accounting, customer accounting, strategic decision-making, and control and 
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performance measurement (Cadez & Guilding, 2008). This approach combines both quantitative and qualitative information 
to add value, strategically position an organization's products or services, differentiate them from rivals, and ultimately achieve 
a SCA in today's business environment (Al-Mawali et al., 2012; Oyewo, 2021; 2022). 

Despite the progress in BA and SMA, there is still a significant research gap concerning their integration and their combined 
impact on SCA. This paper aims to address this gap by: Firstly, identifying the lack of empirical research that connects BA 
adoption to enhanced competitive advantage. Previous studies have highlighted the positive effect of BA on organizational 
outcomes (Dahiya et al., 2022; Hindle et al., 2020), but there is a lack of clarity on the mechanisms through which BA adoption 
contributes to SCA (Zameer et al., 2022; Aydiner et al., 2019). Secondly, highlighting the need for integrating BA with other 
organizational capabilities. The literature has not sufficiently explored how BA can be integrated with other strategic resources 
and capabilities to drive competitive advantage (Wang et al., 2019). Specifically, there has been little focus on the combined 
effects of BA and management accounting practices (Appelbaum et al., 2017; Oesterreich & Teuteberg, 2019). 

Thirdly, examining the relationship between BA, SMA, and DC. There is a pronounced gap in the SMA literature regarding 
its interaction with BA and their collective impact on DC and SCA (Oyewo, 2021; Vitale et al., 2020). Lastly, addressing the 
contextual factors such as competitive intensity (CI). The role of CI in moderating the effects of SMA, BA, and DC on SCA 
remains underexplored (Rikhardsson and Yigitbasioglu, 2018; Olabode et al., 2022). Recently, there have been many calls by 
academics (e.g., Abdelhalim, 2023; Oesterreich et al., 2019; Appelbaum et al., 2017) and professional associations (e.g., 
IMA’s report, 2019; CGMA, 2016; CGMA & Oracle, 2015) for empirical investigations to understand the role of BA adoption 
by organizations (Niu et al., 2021), along with SMA (Rashid et al., 2021; Rikhardsson and Yigitbasioglu, 2018), and evaluate 
their effect on SCA (Oyewo, 2022; Rashid et al., 2021; Oyewo & Ajibolade, 2019). However, reviewing related literature 
demonstrated that the following issues are still researchable. First, while previous studies suggested the positive effect of BA 
on organizational outcomes (Dahiya et al., 2022; Hindle et al., 2020), there is ambiguity and lack of empirical research about 
how BA adoption may enhance competitive advantage (Zameer et al., 2022; Aydiner et al., 2019). Second, the existing 
literature has not addressed how to integrate BA with other capabilities for competitive advantage (Wang et al., 2019), and 
little effort has been directed to examine the effect of BA and management accounting in general (Appelbaum et al., 2017; 
Oesterreich and Teuteberg, 2019). Specifically, this gap is even more pronounced in SMA literature (Oyewo, 2021), and there 
is no clear understanding regarding the effect of BA and SMA on DC and SCA (Rikhardsson and Yigitbasioglu, 2018; Vitale 
et al., 2020). 

Third, the mechanisms (such as DC) and situations in which this relationship occurs to achieve SCA are still under research 
(Rikhardsson & Yigitbasioglu, 2018; Olabode et al., 2022). This research aims to examine the theoretical framework drawing 
upon RBV theory and Dynamic Capabilities View (DCV) to help bridge the gap in management accounting literature by 
accomplishing the following research objectives: 

 RO1: To examine the effect of SMA and BA on DC and SCA. 
 RO2: To examine the effect of DC on SCA. 
 RO3: To examine the mediating effect of DC on the relationships between SMA and SCA and BA and SCA. 
 RO4: To examine the moderating effect of CI on the direct effect of SMA, DC, and BA on SCA. 

This study uses RBV and DCV theories to establish a research framework and achieve the study objectives. These theories 
propose that a SCA can be gained by accumulating capabilities and resources that meet the conditions of being valuable, rare, 
inimitable, and non-substitutable (VRIN). The study argues that BA and SMA are strategic resources fulfilling the VRIN 
prerequisites. Furthermore, based on the DCV theory, this study proposes a path from SMA and BA to SCA through DC. In 
addition, the study suggests that the direct effects of SMA, BA, and DC on SCA may be moderated by CI. 

By addressing these gaps, this paper aims to make significant contributions to the literature on business analytics, management 
accounting, and strategic management. It provides a comprehensive framework that integrates BA and SMA with DC to 
explain how organizations can achieve SCA in a highly competitive business environment. This study not only enhances the 
theoretical understanding of the interplay between these elements but also offers practical insights for managers aiming to 
leverage BA and SMA for strategic advantage. 

Moreover, the study’s findings are expected to extend existing theories by providing empirical evidence on the moderating 
role of competitive intensity. This can help refine the theoretical models of RBV and DCV, particularly in the context of 
integrating BA and SMA. In conclusion, this research fills a crucial gap by not only examining the direct and mediating effects 
of SMA and BA on SCA through DC but also by exploring the contextual influence of competitive intensity. It emphasizes 
the importance of integrating advanced analytics and strategic management practices to drive sustainable competitive 
advantage in today's data-rich and competitive business landscape. 
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2. Literature Review  
 

2.1 Resources Based View and Dynamic Capabilities View    
 

The RBV theory emphasizes the development of abilities to utilize resources that create value and profit for a company 
(Barney, 1991, 2001). These resources are identified as “all assets, capabilities, organizational processes, firm attributes, 
information, knowledge, etc., controlled by a firm that enable the firm to create and implement strategies that improve its 
efficiency and effectiveness” (Barney, 1991, p. 101). The RBV theory generally asserts that a company's resources are crucial 
to gaining SCA (Mitter & Hiebl, 2017). According to the RBV theory, companies can achieve competitive capabilities and 
superior performance advancements by obtaining tangible and intangible corporate resources that are VRIN (Barney, 2001). 
This indicates that the resources in question possess four key characteristics. Firstly, they are valuable as they have the 
potential to either neutralize threats or maximize opportunities. Secondly, they are rare since only a few competitors can access 
them. Thirdly, they are inimitable, or at the very least, not easily replicated by competitors. Finally, they are non-substitutable, 
meaning that no comparable alternatives possess the same strategic value but are neither rare nor difficult to replicate, (Elia 
et al., 2021). However, it is essential to distinguish between these two concepts resources are intangible and tangible assets 
(e.g., management, practices, and personnel), whereas capabilities are the procedures that employ resources for competitive 
advantage (Akter et al., 2020).  

 

The RBV has faced criticism for not considering factors that come into play throughout volatile and unpredictable situations 
(Molina-Castillo et al., 2011). Scholars argue that RBV should address how and why specific companies achieve a competitive 
advantage in rapidly transforming and unexpected circumstances (Almazmomi et al., 2022; Fiorini et al., 2018). Additionally, 
the resources and capabilities donated to a firm's competitive advantage are challenging to sustain (Cavusgil et al., 2007). 
Hence, DCV has developed as an extension of RBV (Teece et al., 1997) and has become a significant theoretical perspective 
in management studies over the past decade (Conboy et al., 2020). Teece et al. (1997) attempted to distinguish DCV from the 
unfixable direction of RBV. While RBV concentrates on existing resources (intangible and tangible) and functional 
capabilities, DCV centralises on actively modifying a company's resource foundation. Teece et al. (1997) propose DCV to 
overcome some of RBV's limitations. DCV allows companies to renew and reconfigure their assets and capabilities to continue 
providing benefits and a competitive advantage. This study aligns with the extended perspective provided by DCV, 
emphasizing the need for organizations to adapt and reconfigure their resource base in response to dynamic market conditions. 
By integrating DCV with RBV, the aim is to provide a more comprehensive understanding of how firms can sustain their 
competitive advantage over time. Notably, SMA and BA are considered foundational capabilities, linked to DC at a higher 
level (Bhatt & Grover, 2014). These foundational capabilities are crucial for modern firms to sense, seize, and transform 
opportunities in a rapidly changing business environment. SMA and BA are not just independent variables but are integral 
components that support the development and utilization of dynamic capabilities, enabling continuous adaptation and strategic 
realignment. This perspective is central to the conceptual framework and underscores the critical role of dynamic capabilities 
as mediators in achieving SCA. 

 

Sustainable competitive advantage 

 

Competitive advantage refers to a organization's ability to generate a higher economic value than its competitors. Porter (1998) 
argued that an organisation can achieve a competitive advantage by executing a strategy that creates unique value that cannot 
be replicated by competitors. Competitive advantage can be either temporary or sustainable, as explained by Barney and 
Hesterly (2009). Temporary competitive advantage generates high profits but is short-lived because competitors are attracted 
to high profits, leading to reduced duration of the advantage. On the other hand, SCA occurs when rivals cannot imitate the 
source of advantage (Barney & Hesterly, 2006). According to Barney (2007), an organization's resources that possess VRIN 
characteristics are the critical factors for creating a SCA as per the RBV theory. An SCA is confirmed when rivals cannot 
duplicate the benefits of the strategy for themselves (Mahdi et al., 2019). Empirically, an SCA may last for an extended period 
on average (Mugoni et al., 2023). However, competitors' ability to duplicate the procedure creates a sustained competitive 
advantage, not just the passage of time and SCA does not guarantee permanency (Barney, 1991). This highlights the dynamic 
nature of SCA and underscores the importance of continuous innovation and adaptation, as emphasized by the DCV 
perspective. The study aims to explore the role of SMA and BA in fostering a SCA. Further exploration is conducted on how 
SMA practices, by integrating both financial and non-financial metrics, contribute to the dynamic capabilities of organizations, 
enabling swift and effective responses to market changes and competitive pressures. 
 

Dynamic Capabilities   

 
Dynamic Capability (DC) refers to a company's ability to quickly adapt to changes in business environments by incorporating, 
establishing, and reconfiguring internal and external resources and capabilities. According to Teece (2007), DC can be divided 
into three capabilities: sensing, seizing, and reconfiguring. Sensing means identifying and assessing opportunities for 
sustainability, which implicates analytical procedures of scanning, searching, and exploring actions across different demands 
and technologies. Conversely, seizing involves mobilizing external and internal resources to manage an opportunity and seize 
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its value. This involves evaluating current and upcoming capabilities and investing in valuable projects and technologies that 
are probably to succeed in the market (Wilden et al., 2013). Reconfiguring or transforming refers to the continuous renewal 
and orchestration of resources to maintain the company's resource base in line with the business environment changes (Teece, 
2007). This involves continuously aligning and realigning particular tangible and intangible assets (Mousavi et al., 2018; 
Wilden et al., 2013). By focusing on these  capabilities, our study aims to elucidate the mechanisms through which 
organizations can maintain their competitive advantage in volatile and complex business environments. 
 
2.2 Strategic Management Accounting  
 

The term SMA was identified by Simmonds (1981) as “the provision and analysis of management accounting data about a 
business and its competitors for use in developing and monitoring the business strategy”. Due to the absence of a generally 
accepted conceptual framework, researchers have endeavoured to explain the SMA from their views (Bromwich, 1990; 
Langfield-Smith, 2008). In this regard, Alamri (2018) considers these definitions of SMA identical since expansions in the 
field of SMA resulted from endeavours to develop new management accounting techniques that could deliver information to 
sustain organizational success.  A set of criteria, including external and strategic direction, unidimensionality and financial 
and non-financial measurement classifications, were employed to include accounting practice in the pool of SMA practices 
(Cadez and Guilding, 2008). Considering these criteria, authors (Guilding et al., 2000; Cadez & Guilding, 2008, 2012; 
Guilding and McManus, 2002) have presented lists of SMA practices, which are categorised into five comprehensive groups: 
planning, strategic decision making, costing management, control and performance measurement, customer accounting and 
competitor accounting (Alamri 2018; Oyewo, 2021; Cadez & Guilding, 2008). However, the emergence of SMA practices 
has been mixed, paradoxical, and reduplicated, as the practices have seen continued updates and expansions (Oyewo, 2021). 
Thus, previous studies have empirically investigated different sets of SMA techniques (Rashid et al., 2023; Cescon et al. 2019; 
Hadid and Al-Sayed 2021; Oyewo 2021, 2022; Oyewo and Ajibolade, 2019; Alamri, 2018; Al-Mawali, 2015). The current 
study investigated sixteen SMA techniques following Cadez and Guillding (2008).  SMA techniques enable companies to 
monitor their competitive situation by analysing financial and operational information and developing and improving plans 
and strategies to compete in different environments (Bromwich, 1990, p. 28). SMA design depends on various organizational 
factors (Cadez & Guilding, 2008; Rashid et al., 2021), making it unique to each firm and difficult for competitors to replicate. 
Moreover, the information obtained through SMA can be processed and transformed into knowledge, ultimately becoming a 
valuable strategic resource. Therefore, SMA satisfies the rare condition, making it a crucial tool for firms to gain a competitive 
edge. Thus, SMA is considered a capability that meets the VRIN conditions, supports companies' plans, monitoring, and 
controls, and enhances decision-making (Glyptis et al., 2021; Nguyen, 2018). The study further explores how SMA practices, 
by integrating both financial and non-financial metrics, contribute to the dynamic capabilities of organizations. By positioning 
SMA as a foundational capability, it demonstrates how SMA supports the development and utilization of dynamic capabilities, 
enabling organizations to respond swiftly and effectively to market changes and competitive pressures. This integration 
highlights SMA's role in facilitating continuous adaptation and strategic realignment within the firm, linking it to higher-level 
dynamic capabilities. 

 

2.3 Business Analytics      
 

BA refers to practices, methods, systems, technologies, applications, and techniques that support critical data analysis and 
allows for better informed and data-driven decisions (Khan et al., 2022; Conboy et al., 2020; Chen et al., 2012). The concept 
of BA constantly evolves to reflect the growing importance of data, characterized by its increasing volume, variety, and 
velocity (Mortenson et al., 2015). On the other hand, big data analytics is concerned with new methods and applications used 
to analyse large and complex data sets that traditional methods cannot handle (Kristoffersen et al., 2021; Chen et al., 2012). 
The characteristics of volume, velocity, variety, value, veracity, visualisation, and variability are the keys to the notion of big 
data, as highlighted by Mikalef et al. (2018). Concurrently, they describe the 7 Vs of big data, recalling the massive 
complexness faced by those who analyse, process, benefit from it. In this study, BA and Big Data Analytics are considered as 
connected concepts (Mikalef et al., 2018; Kristoffersen et al., 2021). Nevertheless, organizations must look further than the 
technical sides of data attributes to successfully leverage and transform data into business value and realistic visions (Vidgen 
et al., 2017). According to Mikalef et al. (2018), researchers have developed the concept of "Business Analytics Capability" 
to describe an organization's capacity to use data to leverage data for a comprehensive understanding of strategic and 
operational goals and to understand its strategic and operational goals better. This holistic perspective underscores the 
multifaceted nature of BA capability, emphasizing technological prowess, strategic alignment, and practical resource 
utilization in pursuing competitive advantage (Kristoffersen et al., 2021). This study understands BA capability as an 
organization's ability or proficiency to efficiently manage its data, technology, and talent to capture and analyse data to 
generate insights. By positioning BA as a foundational capability, its role in supporting dynamic capabilities is highlighted, 
enabling organizations to adapt continuously to market trends and competitive pressures. This integration underscores BA's 
importance in achieving a sustainable competitive advantage by linking it to higher-level dynamic capabilities. 
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3. Theoretical framework and hypotheses development  
 

The theoretical framework for this research, illustrated in Fig. 1, was developed based on the RBV and DCV theories. The 
mediated-moderation model posits that the impact of BA and SMA on SCA is mediated by DC. Additionally, the relationship 
between these variables is moderated by CI, suggesting that the effectiveness of BA, SMA, and DC in affecting SCA varies 
depending on the level of CI in the market. High CI may amplify the need for robust DC to sustain competitive advantage. 
Furthermore, the model acknowledges that the CI can either strengthen or weaken the impact of these capabilities, highlighting 
the importance of context in strategic management. This theoretical explanation clarifies the mechanisms at play and 
underscores the relevance of integrating BA and SMA within a dynamic capabilities framework to drive SCA in varying 
competitive environments. 

 

 
Fig. 1. The theoretical framework 

 
3.1 SMA and SCA    
 

SMA is described by Ward (1993) as "An approach to management accounting that explicitly highlights strategic issues and 
concerns. It sets management accounting in a broader context in which financial information is used to develop superior 
strategies to achieve sustainable competitive advantage." Having proper SMA in space can be a vital capability to establish 
SCA (Oboh & Ajibolade, 2017; Glyptis et al., 2021). Oyewo (2022) argued that SMA benefits by earning a competitive 
advantage by pursuing approaches to distinguish a company's products or services from rivals. The scope of SMA is delivering 
predictive and strategic-oriented information for significant decision-making (Guilding et al., 2000). Therefore, managers will 
be capable of making better anticipative decisions when facing prompt changes and uncertainties in a business environment 
and, in turn, SCA will be enhanced since gaining and maintaining higher performance needs not only financial information 
but also non-financial, future-oriented and external information (Oyewo, 2022). Thus, based on RBV, this study proposes that 
SMA is expected to affect SCA positively. Based on RBV, which emphasizes the strategic value of unique and inimitable 
resources, this study proposes that SMA, with its ability to provide comprehensive and strategic insights, is expected to 
positively affect SCA. Therefore, the subsequent hypothesis was developed.  
 

H1: there is a positive relationship between SMA and SCA.  
 

3.2 SMA and DC 
 

DC depends on collections of organizational routines (Winter 2003). Managerial patterns are different ways firms can deploy 
DC (i.e., sensing, seizing, and reconfiguring). Management accounting confidently conveys finance and non-financial 
information across operational borders within the company, allowing efficient processing and transformation of the data into 
valuable knowledge  (Drury, 2018). Based on RBV, previous studies have conceptualized management accounting as ordinary 
capabilities (Nguyen, 2018; Mitter and Hiebl, 2017; Henri, 2006). Given its significance for providing a vital resource (i.e., 
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sophisticated management accounting information), SMA has progressively been analysed considering the RBV and DCV 
recently (Henri, 2006; Chenhall, 2005; McManus and Guilding, 2008). In this path, the SMA routine plays a central role in 
searching for knowledge acquisition, new knowledge mixtures, and knowledge sharing, which are all central to DC. Thus, 
since the main objective of SMA is to provide the companies with sophisticated information, it is expected to improve the 
DC. Therefore, the current study assumes that SMA enables companies to sense and seize unexplored opportunities, threats, 
and emerging business possibilities via business model creation and strategic acquisitions to transform their processes to adapt 
to market changes (Helfat and Raubitschek, 2018; Teece, 2007).  Thus, the following hypothesis was developed:  
 

H2: There is a positive relationship between SMA and DC.  
 

3.3 BA and SCA   
 

According to several studies, BA is progressively viewed as a vital resource of competitive advantage (Upadhyay and Kumar, 
2020; Dahiya et al., 2022). Its ability to improve business processes at both operational and strategic levels is well documented 
(Wamba et al., 2017). BA creates strategic business value by monitoring the business environment and market trends (Mikalef 
et al., 2020), and the impact of BA capabilities on business outcomes has been increasingly explored in recent studies (Elia et 
al., 2021; Wamba et al., 2024). However, the association between BA and SCA is still under investigation (Krishnamoorthi & 
Mathew, 2018). Researchers such as O’Neill and Brabazon (2019) and Medeiros and Maçada (2022) have found that higher 
levels of BA capability enhance the ability to generate an improved competitive advantage. Zameer et al. (2022) also reported 
a positive effect of BA on green competitive advantage. Study by Erevelles et al. (2016) highlighted that firms that do not 
develop their BA capabilities will find it challenging to create an SCA. Drawing from RBV, which posits that unique and 
valuable resources lead to competitive advantages, it is proposed that BA, with its data-driven insights and strategic value, 
significantly contributes to SCA. The following hypothesis was formulated based on prior research.  
 

H3: There is a positive relationship between BA and SCA.  
 

3.4 BA and DC 
 

Recent studies research have BA capabilities (ordinary capabilities) in their connection with DC (higher order) (Yoshikuni et 
al., 2023). Mikalef et al. (2020) investigated how BA capabilities help organizations gain insights to sustain their digital 
capabilities and improve company performance amid changing business environments. Likewise, Ciampi et al. (2021) claimed 
that business model innovation can affect DC through its impact on entrepreneurial orientation. Shuradze et al. (2018) studied 
the influence of BA in marketing on DC, aiming to understand customer needs and generate innovative business solutions. 
Based on DCV, which emphasizes the need for continuous adaptation and reconfiguration of capabilities, it is proposed that 
BA enhances an organization's dynamic capabilities by providing timely and actionable insights. Therefore, based on DCV 
and previous studies, H4 developed.  
 

H4: There is a positive relationship between BA capabilities and DC.  
 

3.5 DC and SCA  
 

DC can provide a robust theoretical foundation for firms that aim to build and enhance their resources to remain competitive 
(Almazmomi et al., 2022; Behl, 2020). According to Romme et al. (2010), DC can improve a firm's competence to adapt to 
changing environmental demands. DC is crucial to maintaining a competitive advantage in unpredictable demand conditions 
and competition (Haleblian et al., 2012). Firms must sense, evaluate and configure their resources and capabilities to respond 
to environmental changes (Sher and Lee, 2004). Several researchers have investigated the impact of DC on competitive 
advantage (Kuo et al., 2017; Marcus & Anderson, 2006). These searches suggest that DC have a significant positive impact 
on SCA. In line with DCV, which stresses the importance of dynamic reconfiguration of resources to achieve competitive 
advantage, it is posited that dynamic capabilities are essential for sustaining SCA in volatile markets. Therefore, this study 
developed the next hypothesis: 
 

H5: There is a positive relationship between DC and SCA. 
 

3.6 Mediating role of DC.  
 

The mediating effect of DC on the association between capabilities (i.e., BA and SMA) and SCA can be explained through 
the DCV (Teece, 2007). According to the DCV, organizations must continually adapt, integrate, and reconfigure internal and 
external competencies to address rapidly changing environments. As explained above, this study considers BA and SMA as 
capabilities that meet the VRIN (Valuable, Rare, Inimitable, and Non-substitutable) conditions and are therefore crucial 
resources for gaining a competitive advantage (Nguyen, 2018). However, while BA and SMA are valuable on their own, 
enhancing SCA without the mediating role of DC can be challenging. DCs are essential for transforming these capabilities 
into strategic assets that can dynamically respond to market changes and uncertainties (Gupta et al., 2020). Reviewing the 
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related literature reveals that the mediating effect of DC has been investigated in the relationship between BA and SCA as 
well as between SMA and SCA. For example, Wamba et al. (2017) discovered that DC partially mediates the association 
between BA capabilities and organizational outcomes, indicating that BA capabilities alone are not sufficient without the 
dynamic integration provided by DCs. Similarly, Behl et al. (2022) claimed that BA capabilities indirectly impact SCA in 
medium and small enterprises through DCs. Dubey et al. (2018) further confirmed that the competitive advantage impacts via 
BA capabilities are mediated by DCs, demonstrating the crucial role of dynamic reconfiguration and resource management. 
Abdelhalim's (2023) findings provide valuable insights into integrating BA and management accounting for enhancing 
corporate sustainability performance, emphasizing the importance of DCs in this integration. Given the increasing 
globalization, technological complexity, resource scarcity, and heightened competition, organizations are shifting to a more 
collaborative approach to build their competitive advantage (Zhang et al., 2023). DCs, as higher-level capabilities, manage a 
company's ordinary capabilities (such as SMA and BA) to develop and sustain a competitive advantage, especially in changing 
business environments (Barreto, 2010; Teece, 2014). 
 

Given the integral role of DCs in reconfiguring resources and adapting to market changes, this study hypothesizes that DCs 
mediate the relationship between both SMA and BA with SCA. This mediation suggests that while SMA and BA are critical 
for providing strategic insights and operational efficiencies, it is through the dynamic capabilities that these insights and 
efficiencies are effectively transformed into sustainable competitive advantages. Therefore, the current study argues that DCs 
serve as a mechanism to explain how SMA and BA enhance SCA, leading to the development of the following hypotheses: 
 

H6: DC mediates the relationship between SMA and SCA.  

H7: DC mediates the relationship between BA and SCA.  
 

3.7 Moderating effect of CI 
 

Previous studies (Cescon et al., 2019; Oyewo, 2021, 2022; Hadid and Al-Sayed, 2021; Rashid et al., 2023) have found that 
organizations with higher CI tend to rely on management control systems that have a broad scope, external and strategic 
orientation, and make greater use of non-financial and ex-ante information, such as SMA information. Furthermore, Oyewo 
(2022) found that CI strengthens the association between SMA use and competitive advantage. Companies facing intense 
competition possibly will employ SMA as a strategic approach to survive. Intense competition could push an organization to 
pursue cost-cutting strategies, continually observe rivals, benchmark its activities with rivals, evaluate the expenditure of 
competitors, estimate its brand, and seek strategic pricing. Therefore, companies working in an extremely competitive 
environment will probably use SMA more to cope with CI and gain SCA. Moreover, DC has gained momentum in recent 
years, providing a direction to achieving competitive advantage in dynamic environments. This has been established by 
various studies (Helfat & Peteraf, 2009; Zollo et al. 2016). Li and Chan (2019) have also highlighted the value DC can add to 
companies running in unstable business environments. Majhi et al. (2023) further argue that DC is essential for achieving a 
competitive advantage and ensuring sustained survival in such environments. In addition, DC assists companies in benefiting 
from promising entry into further product and geographic markets, refreshing their resource portfolio, restructuring industry 
connections, and promoting innovation (Bingham et al., 2015). Mikalef et al. (2019) argued that BA capabilities are additional 
functional under circumstances of increased CI. Consequently, as the CI increases, BA will add further strategic value. 
Nevertheless, a direct positive relationship between BA and CI exists. It is agreed that the higher the intensity of competition, 
the more a firm needs to obtain, analyse and interpret a vast quantity of data to enhance its capacity to monitor and understand 
market trends (Oyewo, 2022). A study by Bello-Pintado et al. (2018) identified a positive link between BA capabilities and 
competitive advantage, as higher CI resulted in an increased effect of BA on competitive advantage. Consequently, a higher 
CI implies increased competition, ultimately strengthening BA and SCA. 
 

Based on the above arguments, this study assumes that the link between SMA and SCA will be stronger when CI is higher. 
The moderating effect of CI between SMA and SCA is based on the assumption that companies in highly competitive 
environments may be forced to rely more on SMA practices to maintain and enhance their competitive advantage. Similarly, 
it is hypothesized that CI moderates the relationship between BA and SCA, reinforcing the importance of BA in highly 
competitive markets. 
 

H8: CI strengthens the relationship between SMA and SCA.  

H9: CI strengthens the relationship between DC and SCA.  

H10: CI strengthens the relationship between BA and SCA.  

 
4 Research Methodology  

 
4.1 Research design, population, and sample.  
 

The primary data for the study were gathered through a cross-sectional survey using a structured questionnaire. The study 
population comprises services and manufacturing firms registered on the Amman Stock Exchange (ASE). The sampling frame 
obtained from the ASE website revealed 132 companies, categorized as 87 services and 45 manufacturing companies as of 
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September 2023. Given the relatively small population size, all 132 companies were included in the analysis to ensure 
comprehensive coverage and enhance the generalizability of the findings. As the unit of analysis in this study is an 
organization, the survey was directed to top management members (chief executive officer, chief financial officer, chief 
operations officer) to fill out the questionnaire on behalf of their companies. This approach ensures that the responses 
accurately reflect the strategic perspectives and practices of the organizations. Following two waves of data collection and 
one reminder, 93 questionnaires were returned, of which 88 were usable, representing an adequate response rate. To justify 
the sample size, the G-power sampling size method was employed. Utilizing G-power with a specified effect size (f²) of 0.15, 
alpha (α) of 0.05, and power (1-β err prob) of 0.8, as outlined by Chong et al. (2023), the analysis revealed that the minimum 
necessary sample size is 85. Consequently, with a selected sample size of 88, the study's power exceeds 0.8, instilling 
confidence in the applicability of the study results. This robust justification for including the entire population and the use of 
G-power analysis ensures the methodological rigor of our sampling approach. 
 

4.2 Measurement of variables 
 

The instrument employed to measure each of the constructs in this investigation consisted of three sections. The first part 
explained the aim and goals of this study by requesting the participants' readiness to participate in this study. The second part 
asked the participants about their experience, occupation, and gender. The final part introduced questions to measure the study 
variables. Each construct in this research was measured employing reflective measurement items. To measure SCA, a scale 
consisting of six items was adopted from Chang (2011), which several scholars have repeatedly used and validated (i.e., Zhang 
et al., 2023). SMA usage was determined by requesting participants to rate the level to which their companies utilize a list of 
sixteen SMA practices on a 5-point scale of 1 ("not at all") to 5 ("very great extent"). Previous research has employed the 
same technique to measure SMA (e.g. Cadez and Guilding, 2008; Oyewo, 2022). BA capabilities were measured on five-item 
scales adapted from LaValle et al. (2010). These measurements invited participants to select the status of their company's 
analytics capabilities to estimate their usage level throughout the organisation (Ashrafi et al., 2019; Rivera and Shanks, 2015). 
DC was assessed by sixteen items adapted from (Kuo et al., 2017). Finally, CI was measured by three questions based on 
Jaworski and Kohli’s (1993) measurements and validated by other researchers (i.e., Olabode et al., 2022). The current study 
also controlled for two contextual variables (i.e., firm size and industry type) that might influence SCA. Previous studies have 
confirmed that these variables impact a firm's sustainable competitive advantage (Zhang et al., 2023). First, firm size (SIZE) 
was determined by the number of employees, where companies with more than 300 full-time employees were coded as (1) 
(56 companies), and otherwise (0). (32 companies) Second, a binary scale was used to measure the type of industry, where 
manufacturing companies were coded as (1) (36 companies) and services companies (0) (52 companies).  
 

5. Data analysis  
 

5.1 Common Method Variance (CMV)  
 

The data utilised in the analysis was gathered from a single source, which may have led to the CMA. This possible bias was 
estimated using Harman's Single Factor investigation and the collinearity assessment. The analysis revealed that five factors 
described 81.68% of the cumulative effect of the variance. According to Podsakoff et al. (2003), the most significant variance 
described by a single factor should be less than 50%; in this case, it was found to be 32.42%. Thus, the results of this study 
suggest no threat from CMV. 
 

5.2 Measurement model  
 

The measurement model assesses the correlation between different indicators and their connected variables. The assessment 
of the measurement model was based on three aspects: internal consistency reliability, convergent validity, and discriminant 
validity. To evaluate internal consistency reliability, the study used Cronbach’s alpha and composite reliability. The study 
followed the evaluation criteria proposed by Hair et al. (2017). As shown in Table 2 all the measurement model indicators met 
the recommended threshold values for both Cronbach's alpha (0.60) and composite reliability (CR) (0.60). Therefore, the 
study concluded that all the constructs have established internal consistency reliability. 

When evaluating convergent validity, it is necessary to assess the outer loading of the indicators and the Average Variance 
Extracted (AVE). According to Hair et al. (2019), convergent reliability at the indicator level is established if satisfied the 
following two conditions; First, the outer loadings of all the indicators exceed the threshold value. According to Hair et al. 
(2022), an outer loading of 0.50 is considered significant for sample sizes of 80 or more. As items DC2 and DC6 exhibited 
low factor loadings (0.467 and 0.252, respectively), they were excluded from the analysis. Second, the AVE values of all the 
constructs are greater than 0.50 Hair et al. (2019). The outcomes of convergent validity are specified in Table 1. 

 

Finally, to evaluate the discriminant validity, the study employed Heterotrait-Monotrait (HTMT) with a set threshold of 0.90 
recommended by Chong et al. (2023). The HTMT value observed was below 0.90, signifying substantial discriminant validity 
for the latent variable. The HTMT analysis results in Table 2 validates that each model construct is unique. 
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Table 1  
Factor loadings, reliability, and AVE.  

Constructs/Items Outer Loadings  Cronbach's alpha Composite reliability Average variance extracted (AVE) 
BA 0.889 0.892 0.643 
BA1 0.773    
BA2 0.756    
BA3 0.806    
BA4 0.800    
BA5 0.855    
BA6 0.817    
CI 0.895 0.902 0.703 
CI1 0.836    
CI2 0.857    
CI3 0.877    
CI4 0.788    
CI5 0.832    
DC 0.958 0.96 0.649 
DC1 0.729    
DC10 0.791    
DC11 0.902    
DC12 0.794    
DC13 0.772    
DC14 0.793    
DC15 0.778    
DC16 0.834    
DC2 Deleted    
DC3 0.720    
DC4 0.778    
DC5 0.830    
DC6 Deleted    
DC7 0.827    
DC8 0.812    
DC9 0.878    
SCA 0.863 0.864 0.593 
SCA1 0.801    
SCA2 0.753    
SCA3 0.761    
SCA4 0.776    
SCA5 0.783    
SCA6 0.746    
SMA 0.964 0.965 0.650 
SMA1 0.771    
SMA10 0.885    
SMA11 0.874    
SMA12 0.858    
SMA13 0.788    
SMA14 0.829    
SMA15 0.818    
SMA16 0.789    
SMA2 0.790    
SMA3 0.775    
SMA4 0.783    
SMA5 0.724    
SMA6 0.835    
SMA7 0.784    
SMA8 0.776    
SMA9 0.800    

 

Table 2 

Discriminant validity- HTMT 

Variable  BA CI DC SCA SMA 

BA -     

CI 0.739     

DC 0.777 0.717    

SCA 0.742 0.671 0.612   

SMA 0.566 0.512 0.617 0.665 - 
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5.3 Structural model 
 
According to Hair et al. (2022), the assessment of the structural model involves four steps: (1) estimating a structural model 
to identify collinearity issues; (2) evaluating the significance and relevance of the structural model and its associations; (3) 
appraising the level of R²; (4) estimating out-of-sample predictive capability with PLSpredict. 
 
Step 1 results reveal that VIF values for direct and moderation relationships are all below the standard threshold of 3.30, 
indicating low collinearity among the exogenous constructs. 
 
For Step 2, various techniques such as path coefficient, standard error, t-values, p-values, confidence interval bias-corrected 
lower limit (BCI LL), confidence interval bias-corrected upper limit (BCI UL), and effect size were employed to assess the 
strength and importance of connections within the structural model. These metrics, defined by Hair et al. (2019) and Ramayah 
et al. (2020), were used to determine the significance and relevance of relations. Table 4 and Figure 2 illustrate the structural 
model's relevance and significance. Additionally, a bootstrapping technique with 5,000 subsamples was employed to enhance 
the estimation of the hypothesized relations' significance degree (Sarstedt et al., 2023). To test the mediating role of DC on 
the association between SMA and SCA (H6) and BA and SCA (H7), this study follows the method suggested by Isaac et al. 
(2019). Moreover, this research explores how CI influences the connections between SMA, DC, BA, and SCA using Partial 
Least Squares-Structural Equation Modelling (PLS-SEM). The product term approach, recommended by Henseler and Chin 
(2010) as more effective than the group comparison approach, was employed to obtain accurate outcomes. Product terms 
between latent independent constructs and moderating variables were developed following Lowry and Gaskin's (2014) 
guidelines.  
 
In step 3, this study assessed the effectiveness of the structural model by utilising the path coefficient of determination (R²) to 
gauge its explanatory power. As per Hair et al.'s (2010) guidelines, R² values of 0.25-0.50 indicate weak explanatory power, 
values higher than 0.50 to 0.75 designate moderate explanatory power, and those above 0.75 designate substantial explanatory 
power. 
 
Step 4. The PLSpredict algorithm, developed by Shmueli et al. (2016), is a method used to create and estimate predictions 
from PLS path model assessments. To evaluate the predictive capabilities of a PLS-SEM model, it is recommended to include 
PLSpredict in the evaluation process, as recommended by Hair et al. in 2019 and 2022. This study used PLSpredict with five 
folds and five repetitions (K=5) as per the approach followed by Shmueli et al. in 2019. 
 

 
Fig. 2. The results of structural model 

 

6 Results and Discussion  
 

This research investigates the direct impact of SMA, BA, and DC on SCA. Additionally, the mediating effect of DC and 
moderating effect of CI on the direct relationships were investigated based on the RBV and DCV theories. Based on these 
aims, a PLS-SEM model was developed and run to assess the measurement and structural model. The PLSpredict algorithm 
and CVPAT were executed to evaluate the predictive capabilities of the path model. 

 

6.1 The Direct Effects 

 

The results in Table 3 and Fig. 2 showed that SMA (β = 0.077, p = 0.132) and BA (β = 0.181, p = 0.053) did not affect SCA. 
Thus, H1 and H2 were not supported. In this regard, Ramadan et al. (2020) found that BA has no direct effect on SCA. 
According to Chiang et al. (2018), achieving successful BA projects depends not only on having adequate infrastructure, data 
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analysts, and tools for managing big data but also on understanding how BA contributes to competitive advantages and 
strategic value. In contrast to the results of this study, Oyewo and Ajibolade (2019) have provided practical evidence of the 
positive effect of SMA usage on SCA. According to Oyewo (2022), SMA's long-term orientation and future outlook imply 
that its implementation should help organizations maintain a competitive advantage by continually improving and sustaining 
above-average performance not only in the short term but also in the medium to long term. However, BA (β = 0.562, p = 
0.000) is the most crucial factor to influence DC, followed by SMA (β = 0.302, p < 0.002); thus, H3 and H4 are supported. 
These findings confirmed that SMA and BA are vital resources for companies and could enhance the DC of organizations 
(Yoshikuni et al., 2023; Mikalef et al., 2020). Previous studies emphasize that specific characteristics of management 
accounting are found in capabilities such as “routines of behaviour that are learned, patterned, repetitious or quasi-repetitious 
and founded in part on tacit knowledge” (Coad & Cullen, 2006, p. 348). In SMA practice, relevant information is generated 
through patterned and repetitive task performance to aid decision-making and attention-directing purposes (Glyptis et al., 
2021). 

 

Moreover, BA offers value to the organization by informing business processes and supporting decision-making (Rivera and 
Shanks, 2015). The results confirmed that DC positively and significantly affects SCA (β = 0.314, p = 0.000), supporting H5. 
DC establishes a systematic modification by allowing renewal capabilities and enhancing flexibility in reaction to market 
adjustments (Pezeshkan et al., 2016) and the attainment of an SCA (Teece, 2007). This finding aligns with prior research, 
which has proven the positive impact of DC on SCA (Kuo et al., 2017; Marcus and Anderson, 2006; Sher and Lee, 2004). 

 

The lack of significant direct effects of SMA and BA on SCA may be attributed to several factors. First, it suggests that the 
mere presence of BA and SMA practices is not sufficient; instead, these practices must be effectively integrated and utilized 
within the organizational processes to create a tangible impact on SCA. Second, it highlights the critical role of DC in 
mediating these relationships. Without the adaptive, integrative, and reconfiguring functions of DC, the potential benefits of 
BA and SMA may not fully materialize. Lastly, competitive intensity may play a role in amplifying or diminishing the effects 
of these practices, indicating that external environmental factors significantly influence their effectiveness. 

 

Table 3 

The structural model results.  
Hypotheses β STDEV t-values P-values 95% confidence interval f ² VIF Decision 
Direct effects  
H1: SMA → SCA 0.077 0.069 1.115 0.132 -0.046 0.179 0.353 1.931 Not supported  
H2:BA → SCA 0.181 0.112 1.612 0.053 -0.016 0.352 0.206 2.577 Not supported  
H3: SMA → DC 0.302 0.104 2.898 0.002 0.131 0.477 0.095 1.389 Supported  
H4:BA → DC 0.562 0.104 5.423 0.000 0.386 0.727 0.028 1.389 Supported  
H5: DC → SCA 0.314 0.088 3.574 0.000 0.159 0.448 0.048 2.591 Supported  
Mediation effect  
H6: SMA → DC → SCA 0.095 0.047 2.025 0.021 0.027 0.178 - - Supported  
H7:BA → DC → SCA 0.178 0.055 3.245 0.001 0.087 0.267 - - Supported  
Moderation effect  
H8:CI × SMA → SCA 0.135 0.079 1.712 0.043 -0.294 -0.037 0.263 1.373 Supported  
H9:CI × DC → SCA 0.070 0.152 0.460 0.323 -0.114 0.367 0.452 2.680 Not supported  
H10:CI × BA → SCA 0.013 0.167 0.075 0.470 -0.247 0.302 0.498 3.208 Not supported  

 
6.1 Mediating effect of DC 
 
The results provide evidence to support the mediation effects of DC (β = 0. 095, p = 0.021) on the association between SMA 
and SCA, as well as the association between BA and SCA (β = 0. 178, p = 0.001); hence hypotheses H6 and H7 are proven. 
These findings show that DC fully mediates these relationships since the direct effects are not supported, as indicated in H1 
and H2, as shown in Table 3. Such results indicate that DC is an important mechanism that converts these vital capabilities 
(i.e., SMA and BA) to SCA. SMA and BA also allow corporations to obtain information about and analyse markets in several 
directions, such as customers, pricing, competitors, and demand for their products or services. This enables companies to 
create better forecasts and helps management accounting sustain relevancy and keep up with business environment changes 
(Ramakrishnan et al., 2020). SMA and BA enable corporates, via DC, to face and adjust to challenges in the international 
market and obtain their sustainability performance, as confirmed by Schaltegger et al. (2022). All in all, BA and SMA are 
considered data-driven sources for DC to enable firms to sense potential opportunities and threats, seize emerging business 
opportunities via business model strategy and investments, and convert their operations to adapt to changing market conditions 
(Raubitschek, 2018), thus enhance SCA (Nguyen, 2018; Peters et al., 2019). 

 
6.2 Moderating effect of CI  
 
The results in Table 3 indicated that CI moderates the association between SMA and SCA (β =0.135, t =1.712, p = 0.043), 
supporting hypothesis H8. This result is in contrast with Abu Afifa and Saleh’s (2021) findings and aligns with Agbejule 
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(2005) and Hariyati et al. (2019), who argued that the association between management accounting techniques and companies’ 
outcomes depends on the level of perceived environmental uncertainty. Li and Liu (2014) argued that companies running in 
highly competitive environments must continuously revise their business strategies to meet customer requirements, market 
transformations, competitive forces, and market needs. Hence, under the circumstances of CI, companies with greater SMA 
can obtain innovative insights that permit them to launch new business models to disrupt the existing competitive 
configuration to gain SCA. However, the results of the current study did provide evidence of the moderating impacts of CI on 
the relations between DC and SCA (β =0.070, t =0.152, p=0.460) and BA and SCA (β =0.013, t =0.167, p=0.075) so H9 and 
H10 were rejected. These results could be justified since the financial gains of investing in capabilities (such as BA and DC) 
might not be recognized in an environment described as predictable (Olabode et al., 2022). In scenarios characterized by 
limited and favorable competition, organizations find greater advantages in adhering to established business models. They 
seldom find motivation to invest in developing the capability to extract novel insights from big data, as the associated costs 
outweigh the alternative of maintaining a data-driven approach (Olabode et al., 2022). Thus, when competition is limited, 
having data-driven capability alone may not give a firm a new competitive advantage. 
 
6.3 PLSpredict, control variables and R²  
 
Table 4 shows the results of the PLSpredict algorithm, indicating that manifest indicators including DC (seven items), SMS 
(five items), SCA (five items), and BA (three items) have predictive power, as the values of (PLSRMSE-LMRMSE and 
PLSMAE-LMMAE) for these measurement items were negative. The Q² predict values for the items mentioned above were 
positive, implying that the PLS-SEM models provide better predictive accuracy (Shmueli et al., 2019). 
 
Table 4  
Results of PLSpredict 

Items  Q²predict PLS-SEM_RMSE LM_RMSE PLSRMSE-LMRMSE PLS-SEM_MAE LM_MAE PLSMAE-LMMAE 
SMA8 0.4280 0.994 1.277 -0.283 0.766 0.964 -0.198 
SMA7 0.2380 1.226 1.888 -0.662 0.952 1.432 -0.480 
SMA3 0.3240 1.027 1.157 -0.130 0.878 0.906 -0.028 
SMA14 0.4070 1.020 1.249 -0.229 0.804 0.952 -0.148 
SMA12 0.4410 1.047 1.368 -0.321 0.807 1.074 -0.267 
SCA6 0.2900 1.047 1.390 -0.343 0.757 1.087 -0.330 
SCA5 0.3630 0.951 1.173 -0.222 0.740 0.939 -0.199 
SCA3 0.2900 1.102 1.462 -0.360 0.874 1.131 -0.257 
SCA2 0.2880 1.053 1.453 -0.400 0.824 1.118 -0.294 
SCA1 0.3290 0.943 1.067 -0.124 0.736 0.848 -0.112 
DC7 0.3460 0.993 1.428 -0.435 0.789 1.184 -0.395 
DC4 0.3080 1.116 1.528 -0.412 0.871 1.171 -0.300 
DC3 0.2560 1.249 1.720 -0.471 0.997 1.361 -0.364 
DC14 0.3160 1.108 1.368 -0.260 0.894 1.119 -0.225 
DC12 0.4070 0.954 1.098 -0.144 0.786 0.879 -0.093 
DC11 0.4660 0.891 1.190 -0.299 0.710 0.932 -0.222 
DC10 0.2910 1.150 1.633 -0.483 0.947 1.281 -0.334 
BA5 0.3590 1.068 1.552 -0.484 0.836 1.167 -0.331 
BA3 0.3090 1.012 1.054 -0.042 0.794 0.798 -0.004 
BA1 0.4090 0.968 1.275 -0.307 0.733 0.979 -0.246 

RMSE indicates, the root mean square error; MAE indicates, the mean absolute error; and LM indicates the linear regression model.  

 

Moreover, the current study implements the cross-validated predictive ability test (CVPAT) to evaluate the predictive 
capabilities of the path model (Liengaard et al., 2021; Sharma et al., 2023). The results reported in Table 5 show that the 
average loss difference values (PLS loss - Indicator Averages loss) are significantly below zero, indicating substantiated better 
predictive capabilities of the model. 
 
Table 5 
CVPAT-PLS-SEM vs Indicators Average (IA) 

 

To evaluate the effect of individuality among organizations, control variables such as company size and type of company have 
been included to affect the SCA. The results show that the control variables’ influence on SCA is low, as the changes in R² for 
Size (0.002) and type of company (0.001) were minimal. Moreover, based on the R² values, SMA and BA explained 57% of 
the DC variances, and SMA, BA, DC, and CI explained 79 % of the SCA variance. 
 
 

 PLS loss IA loss Average loss difference t value p value 
DC 1.129 1.745 -0.616 4.528 0.000 
SCA 1.040 1.507 -0.467 3.600 0.001 
Overall 1.102 1.674 -0.571 4.616 0.000 
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7 Contributions, Limitations, and Future Research 
 

This study contributes to the body of knowledge by supporting RBV and DCV development and offering empirical evidence 
on different issues by supplying evidence on the effects of SMA and BA on SCA and attempting to fill the gap in the literature 
(Rashid et al., 2021). Moreover, by introducing DC as a mediator, the study's findings illustrate how ordinary capabilities such 
as SMA and BA could affect SCA, as this issue is still under research (Zameer et al., 2022; Aydiner et al., 2019). The 
mechanisms and conditions under which these relationships occur to achieve SCA have yet to be fully understood 
(Rikhardsson & Yigitbasioglu, 2018; Olabode et al., 2022). A firm's DC are its ability "to renew itself in the face of a changing 
environment by changing its set of resources" (Danneels, 2011). Thus, including SMA and BA in this study contributes to our 
understanding of the effect of BA and SMA on DC and SCA in contemporary business environments. In this regard, The 
findings indicate that the capabilities of SMA and BA focus on performing tasks correctly, while DCs have a distinct function 
as they allow a company to utilize its regular capabilities for high-return activities, enabling the company's resources to adapt 
quickly to changing global environments (Akter et al., 2020; Teece, 2014). These results contribute to the RBV and DCV, 
which assume that achieving a competitive advantage for a firm depends on its capability to manage its unique resources 
(Morgan et al., 2009). Also, as the sources of SCA may no longer be so because of unexpected shifts in the industry’s economic 
structure, SMA and BA should enhance SCA. This study contributes to the body of knowledge by conceptualising SMA as a 
capability and tries to bridge the gap in the literature highlighted by Otley (2016). He concluded that a significant deficiency 
of such prior SMA work has been the limited conceptualisation of SMA considering organisational context since the SMA 
operates in collaboration. Otley (2016) recommended conceptualising SMA in a broader context, considering some relevant 
organisational resources, capabilities, and subsystems to overcome this deficiency. 

 

This study delivers various practical contributions, as follows: (1) providing a comprehensive understanding to the 
administrators that they need to apply BA and SMA; (2) providing a deeper thoughtful of management for all stakeholders of 
the Jordanian companies to manage their capabilities to enhance SCA properly;(3) becoming a reference for future researchers 
who conduct investigate on the SCA in context of Jordan. However, it should be noted that this research has a few limitations. 
Firstly, it is recognized that the sample size was limited to services and manufacturing listed companies in Jordan. Therefore, 
expanding participants from other sectors, such as the financial sector, is advisable to approve the findings. Second, the 
variables in the study were merely measured using quantitative information. As a result, future research might integrate mixed 
data to confirm this study’s results. Lastly, this study has relied on the cross-sectional method. Thus, it can only provide results 
that reflect the association between variables. Future studies that use experimental methods to demonstrate the causality 
between the variables are needed. It is also suggested that longitudinal research would be valuable to discover the conditions 
in which SMA and BA directly affect SCA. 
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