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Abstract
Drawing on dynamic capabilities and the resource-based view, we propose a conceptual 
model that encompasses big data analytics capabilities (BDAC), digital platform capabili-
ties and network capabilities, supply chain innovation, and firm performance. We use the 
structural equation modeling to empirically validate this model on the time-lagged data 
of 221 micro, small, and medium enterprises (MSMEs) in the manufacturing sectors. The 
empirical results of our data analysis showed that BDAC significantly improved platform 
and networking capabilities. BDAC also improved supply chain innovation and thus finan-
cial performance. Our data indicated that networking capabilities mediated the relation-
ships of both (a) BDAC-supply chain innovation and (b) BDAC-financial performance. 
Meanwhile, digital platforms mediated only the BDAC-supply chain innovation relation-
ship. The outcomes of sequential mediation confirmed the role of both digital platform 
and network capabilities and supply chain innovation in the BDAC-firm performance link. 
Our results provide theoretical implications to operations management and offer practical 
insights for managers working in manufacturing MSMEs.

Keywords Big data analytics capabilities (BDAC) · Digital platform capabilities (DPC) · 
Network capabilities (NPC) · Supply chain innovation (SCI) · Firm performance (FP) · 
Micro, Small, medium enterprises (MSMEs)

1 Introduction

Nowadays, digitalization offers exceptional opportunities for many different organizations, 
including MSMEs. Nonetheless, most MSMEs, particularly those in less developed econo-
mies, lack resources and capabilities that prevent such firms from fully leveraging these 
technologies. In this environment, big data analytics capabilities (BDAC) are instrumental 
making innovation by MSMEs more effective by matching customer needs with product 
and service design (Günther et al., 2017; Johnson et al., 2017), providing new products and 

1 3

http://orcid.org/0000-0003-3125-1710
http://crossmark.crossref.org/dialog/?doi=10.1007/s10479-022-05002-w&domain=pdf&date_stamp=2022-10-4


Annals of Operations Research

services (Zhan et al., 2018), for improving overall firm performance and innovation (Akter 
et al., 2021b; Mikalef et al., 2019). But, there are many unknowns when it comes to the 
underlying mechanisms governing the associations among big data analytics, innovation, 
and performance (Ghasemaghaei & Calic, 2020), particularly for MSMEs in developing 
economies.

Recently, many researchers have shifted their attention to digital technologies and the 
role they play in enhancing the performance outcomes according to the resource-based view 
(RBV) and dynamic capabilities (DC) theories Rana et al., 2021; Sultana et al., 2022a, b; ). 
Although digital platform capabilities have become an essential part of operations and infor-
mation technology (IT) research, researchers have recently highlighted the lack of studies 
that explore the role of different digital capabilities, especially their direct or indirect effects 
on performance outcomes (Xiao et al., 2020). Researchers have also argued that technolo-
gies alone may not enhance firm performance (Yunis et al., 2018) and that organizations 
require a variety of dynamic competencies (Akter et al., 2021a; Parida et al., 2016a, b; 
Bertello et al., 2021) to develop and exploit the benefits of such technologies to successfully 
implement organizational change processes (Salleh et al., 2017), especially in value chains 
(Wang et al., 2016). Our research aims to address the question of how MSMEs translate 
their BDAC into innovation and organizational outcomes.

In order to tackle this question, we argue that technological developments pertaining to 
collecting, analyzing, and interpreting high volumes of facts, figures and data have increased 
the acceptance of digital platforms and placed them at the core of business models (Belhadia 
et al., 2020; Wamba et al., 2020). This also means that the successful implementation of dig-
ital platform capabilities and technologies involves interactions between different partners 
across the value chain (Constantinides et al., 2018), thus triggering flexible and dynamic 
innovation practices (Bresciani et al., 2021). As a result, researchers have highlighted the 
need for more research on investigating how digital capabilities impact organizational-level 
outcomes, supported by a deep understanding of network modalities (Helfat & Raubitschek, 
2018). We believe that these two kinds of organizational capabilities play a crucial role in 
such scenarios for a number of reasons.

First, platform capabilities help firms become scalable by consolidating and incorporat-
ing general characteristics of the fundamental elements and support change through recon-
figurations of various interchangeable modules (Wareham et al., 2014). Second, network 
capabilities are crucial for MSMEs because these relationship structures produce higher 
profits in small manufacturing firms (Partanen et al., 2020) due to better use of data-based 
technologies (Akter et al., 2021b). Stronger networks are related to strong relationships, and 
thus may be profitable for firms (Walter et al., 2006; Bhatti et al., 2020). Stronger relation-
ships enable firms to gain in-depth knowledge of end users and provide them with solutions 
based on novel concepts for solving their problems (Messersmith & Wales, 2013).

Consequently, dynamic competencies that lead to efficient platforms and success-
ful networks are critical in value creation, and firms that implement these competencies 
become part of a wider chain, including other firms, customers, suppliers, etc. (Akter et al., 
2021b; Walter et al., 2006). Supply chain managers working for manufacturing MSMEs 
must design, manage, and alter these capabilities, especially when various stakeholders are 
involved in their supply chains. Furthermore, implementing digital technologies, includ-
ing big data and other digital platforms like enterprise resource planning (ERP) systems, 
requires substantial investment. Although such digital technologies are mostly related to 
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high firm performance (Akter et al., 2019) and innovation, the enormous investments they 
require do not always produce positive outcomes (Yunis et al., 2018), especially in MSMEs. 
Accordingly, it is pertinent to study the effects of BDAC, network capabilities, and platform 
capabilities on innovative supply chains and performance in MSMEs characterized by lim-
ited financial and other resources.

Our research ambitions to theorize and provide empirical evidence of a new theoreti-
cal model able to explain underlying mechanisms through which BDAC affects supply 
chain innovation (SCI) and, ultimately, MSME performance. The double mediation model 
includes platform and network capabilities by proposing that these dynamic capabilities 
are critical for achieving better performance through SCI. In fact, our main contributions 
rely on the theoretical and empirical development of this original double mediation model 
and suggest that these capabilities are even more important for manufacturing MSMEs for 
at least two reasons. First, most of the literature is silent on the effect and potential of new 
technologies on operations for MSMEs (Hoffmann, 2019). More specifically, pragmatic sur-
vey-based research is still scarce (Frederico et al., 2019). Second, due to limited resources, 
MSMEs incessantly look for techniques to be competitive and profitable, and platform and 
network capabilities may be a vital aspect for refining their BDAC-related outcomes (Lin 
& Lin, 2016).

2 Literature background

2.1 Underlying theories

According to the RBV theory, the capabilities of an organization to operate and conduct its 
activities are critical in attaining the competitive advantage (Winter, 2003). The firm’s orga-
nizational routines and procedures are further supported by additional dynamic capabilities 
under shared models of information exchange among stakeholders across the value chain 
(Helfat & Raubitschek, 2018). In this vein, we explore the interplay between these capabili-
ties through the RBV and DC theories. Previously, researchers have also used these theories 
to understand the complexities involved in acquiring and transforming digital capabilities 
(Rana et al., 2021; Sultana et al., 2022b; Wamba et al., 2020). BDAC in the domain of 
operations and supply chain research are a critical part of decision-making processes due to 
advanced modeling, optimization, and statistical operations (Hazen et al., 2018; Mishra et 
al., 2018). An organization’s ability to engage in such operations is referred to as its related 
capabilities to undertake activities reliably and acceptably (Helfat et al., 2007). Recently, 
scholars have underlined the significance of BDAC in the supply-chain area (Hazen et al., 
2018) since analytics is integral to the Operations Research (OR) (Ren et al., 2017; Choi 
et al., 2018). As per the definition by Winter (2003), we maintain that a firm’s procedures 
and practices that lead to enhanced performance outcomes can be considered as critical ele-
ments of operational competencies in MSMEs. These operations are further supported by 
shared modes of information exchange within firms (Nelson & Winter, 1982). Nowadays, 
digital capabilities are at the forefront of this paradigm shift. Hence, we can argue that 
digital capabilities enable firms to achieve their overall objective, i.e., to advance positive 
outcomes (Wilden et al., 2013) by helping companies react to market variations and creating 
value (Augier & Teece, 2009; Eisenhardt & Martin, 2000) further identified that these core 
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competencies even facilitate the conception and development of supplementary resources 
and capabilities.

2.2 Big data analytics capabilities

Wamba et al., (2020) define BDAC as “a holistic process that involves the collection, 
analysis, use, and interpretation of data for various functional divisions to gain actionable 
insights, create business value, and establish competitive advantage” (p. 2). Firms in differ-
ent sectors are making substantial investments in developing technological capabilities to 
expand their systems and processes (Chakravarty et al., 2013) so as to increase their organi-
zational outcomes (Wamba et al., 2020) and remain competitive in dynamic environments 
(Akter et al., 2021a). Scholars have scrutinized the role of BDAC in large organizations like 
Google, Amazon, Facebook, and Walmart and found that such organizations achieve higher 
success rates due to the use of BDAC in their routine processes (Vahn, 2014; Schildt, 2017).

Consistent with previous research by Wamba et al., (2017) and Akter et al., (2016), we 
address BDAC as a dynamic capability of firms. Teece (2014) maintained that dynamic 
capabilities involve three major components. The first factor, “the sensing capability”, per-
tains to an organizational competence to ascertain, form, and evaluate technological pros-
pects in their surroundings to capture and capitalize on opportunities. The second factor, 
“the seizing capability” denotes the capability of a firm to organize the vital resources for 
value capture. Finally, the third factor is called reconfiguration capability, which combines 
existing resources with a firm’s potential capabilities (Fainshmidt et al., 2016). These three 
capabilities thus empower businesses to innovate and allow them to rapidly respond to fluc-
tuations in their markets (Teece, 2014). Likewise, Wilhelm et al., (2015) also proposed that 
such competencies consist of sensing, learning, and reconfiguring.

2.3 Digital platform and network capabilities

Organizations rely on dynamic capabilities to use and combine various resources and com-
petencies to achieve a competitive advantage and become more profitable. Digital plat-
form competencies mostly pertain to information technology and enable knowledge sharing 
among different actors across the supply chain. Digital platform capabilities consist of 
platform integration capabilities for knowledge exchange and reconfiguration capabilities, 
achieved with the help of design based on modules and standard interfaces in platform and 
operational systems (Rai & Tang, 2010). Similarly, network capabilities are a firm’s compe-
tencies that enhance social capital of its employees as well as other stakeholders (Battistella 
et al., 2017; Carey et al., 2011). In a similar vein, these competencies have been described as 
a “…firm’s ability to initiate, develop and utilize internal organizational as well as external 
inter-organizational relationships” (Zacca et al., 2015, p. 4).

Literature has established the association between network capabilities and resource 
acquisition, opportunity identification, and quick response to changing customer needs 
(Acosta et al., 2018). Manufacturing MSMEs may have to rely on external relationships in 
order to compensate for resource scarcity. Thus, network capacities lead towards higher suc-
cess rates of entrepreneurial SMEs’ (Parida and Örtqvist, 2015). MSMEs can also improve 
their performance through better management of internal and external networks. Knowl-

1 3



Annals of Operations Research

edge sharing, waste reduction, higher innovation rates, and growth opportunities can result 
from network capabilities (Lin & Lin, 2016).

2.4 Supply chain innovation

SCI encompasses an interconnected set of systems that equip firms to face uncertainty and 
disturbances across traditional boundaries of the firm by providing unique and state-of-the-
art systems to customers (Lee et al., 2011). Businesses operating in data rich contexts have 
to constantly build up novel products/services based on novel technological advancements 
to enrich their innovative capabilities (Awan et al., 2021; Gao et al., 2017) outline SCI as 
“an integrated change from incremental to radical changes in product, process, marketing, 
technology, resource and/or organization, which are associated with all related parties, cov-
ering all related functions in the supply chain and creating value for all stakeholders” (Gao 
et al., 2017, p. 1544). We maintain that SCI is an integral part of various MSME operations 
and processes, such as handling procurement, selecting suppliers, fulfilling orders, organiz-
ing activities, forecasting demand, and controlling quality. Firms can compete in a dynamic 
environment and become more competitive through innovation in their supply chains and 
thus provide novel and unique offers to their customers (Afraz et al., 2021).

2.5 Hypotheses development

When firms process large amounts of data on a daily basis, they require BDAC to make data 
processing seamless. BDAC also decrease the likelihood of interruptions and ensure the 
appropriate enhancement of dynamic capabilities (Xiao et al., 2020). Digital infrastructure 
may be considered a critical resource to support efficient collaboration among various actors 
across the value chain through software and hardware development and to ensure quick 
responses to meet consumers’ needs, even when dealing with huge data sets (Frederiksen, 
2009). With increased data analytic capabilities, organizations can better process their struc-
tured and unstructured data to recognize transactions and distinguish patterns in the data 
to address market demand (Kumar et al., 2018). BDAC provides opportunities for firms 
to explore new software and hardware platforms with new capabilities to exploit existing 
resources and help them prepare for adopting new technologies to satisfy customer needs. In 
their multiple case studies on BDAC, Lehrer et al., (2018) discovered that firms successfully 
achieved service innovation by using BDAC to provide a key organizational resource. The 
researchers found that organizations that leverage analytics to develop digital infrastructure 
to collect and analyze customer information on advanced digital platforms are more innova-
tive and thus offer customized products and services based on digital platforms (Lehrer et 
al., 2018). Conversely, when digital analytics capabilities are underdeveloped, companies 
cannot fully recognize the usefulness of platform capabilities. Thus, the digital infrastruc-
ture of such firms does not operate at its highest potential. In their research, Jean & Kim 
(2020) maintained that platforms could offer novel opportunities for manufacturing MSMEs 
with resource constraints; BDAC can help enhance these resource capabilities (Mikalef et 
al., 2019). Thus, we propose the hypothesis that stronger BDAC may lead to stronger digital 
platform capabilities:
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Hypothesis 1 BDAC are positively related to digital platform capabilities in manufacturing 
MSMEs.

Knowledge and information sharing require firms to create links among various partners to 
augment their visibility (Gunasekaran et al., 2017). Furthermore, BDAC tend to improve 
visibility across the value chain to improve FP (Lee et al., 2000; Wamba et al., 2020). BDAC 
have been positively linked with business processes and agile supply chains (Chen et al., 
2014), higher value creation (Rana et al., 2021; Wei & Wang, 2010), and more efficient 
operations (Sultana et al., 2022a; Caridi et al., 2010).

Similarly, researchers have argued that digital analytical capabilities enable businesses 
to share and use the information that leverages and reconfigures other relational networks 
to cater to market demand (Helfat & Raubitschek, 2018; Teece, 2018). These internal and 
external networks are even more critical in MSMEs, and such digital capabilities must be 
aligned with a firm’s inclination toward building and using these relational networks (Shu 
et al., 2018). Traditionally speaking, MSMEs have an underdeveloped digital infrastructure 
and scarce other resources that may impede the adoption of novel business models (Gupta 
and Bose, 2019); similarly, manufacturing MSMEs rely heavily on network capabilities to 
improve their FP (Partanen et al., 2020). Thus, according to the RBV, BDAC can provide 
novel opportunities for manufacturing MSMEs to build such networks and profit from them. 
Thus, we propose our next hypothesis as:

Hypothesis 2 BDAC are positively related to network capabilities in manufacturing MSMEs.

As per RBV, BDAC reduce the risk of obsolescence in products, services, and solutions 
produced by the firms by enhancing innovative capabilities and performance (Mikalef et al., 
2019). As such, one can deduce that a firm’s BDAC are significantly tied to innovations in 
MSME supply chains. Some scholars have also underlined the criticality of BDAC in value 
chain outcomes, such as the accurate prediction of product maintenance time (Lee et al., 
2015) and better forecasting of customer demand and efficient transactions for better inven-
tory and manufacturing management (Lim et al., 2014). Furthermore, while some firms rely 
on BDAC to design procedures necessary for managing the value chains (Schoenherr & 
Speier-Pero, 2015), many other organizations exploit these skills to adopt these practices for 
manufacturing to ensure flexible and efficient production and delivery processes (Almada-
Lobo, 2015). Thus, we propose that BDAC are clearly related to SCI in manufacturing 
MSMEs:

Hypothesis 3 BDAC have a significant positive impact on the SCI of manufacturing MSMEs.

Due to the rapid pace of technological changes and higher competitive pressures, managers 
need to improve their business model innovations (Cenamor et al., 2019). Digital platform 
capabilities assist manufacturing organizations in nurturing resources and capabilities based 
on novel technologies (Xiao et al., 2020). For example, user involvement in R&D for new 
product and service provision is a means for firms to handle innovation challenges, but 
this process also involves risks as customer acceptance of such products and services is 
uncertain (Xiao et al., 2020). However, digital platforms can support firms to overcome 
such complications by improving the efficacy of exploring new avenues to provide innova-
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tive services (Kindström et al., 2013). Thus, the dynamic capabilities of BDAC and digital 
platforms may initiate innovative behavior among manufacturing firms (Xiao et al., 2020), 
and so we propose a fourth hypothesis:

Hypothesis 4 Digital platform capabilities mediate the relationship between BDAC and 
SCI in manufacturing MSMEs.

BDAC are useful for firms to explore, attain and reconfigure information from the exter-
nal environment, and to develop efficient and effective networks of sharing this informa-
tion (Helfat & Raubitschek, 2018). According to the RBV, BDAC can give manufacturing 
MSMEs means to better align with their suppliers and customers to acquire and consolidate 
knowledge from various supply chain partners. Due to technological advancements and 
constant changes in demand, firms need both internal and external sources (including sup-
plier networks) to remain competitive and innovative (Phelps, 2010; Gao et al., 2015). Man-
ufacturing firms also create lasting associations with their supply chain partners through 
vertical integration. One such example is the automobile sector, which is heavily dependent 
upon suppliers and is known for incorporating its suppliers into its product innovation pro-
cess (Choi & Hong, 2002). Similarly, developing internal networks of information sharing 
by building social capital has proved to be a critical aspect in enhancing the innovative 
behavior of both buyers and suppliers (Villena et al., 2011).

When a firm acquires competencies to align internal and external knowledge channels, it 
enables them to tap into customer needs and offer customized products at a faster pace (Bat-
tistella et al., 2017). Efficiently run knowledge and information channels result in increased 
idea generation and opportunity recognition to promote organizational innovations (Shu et 
al., 2018). Acquiring a diverse range of information from various sources in an organized 
way thus accelerates innovation (Wareham et al., 2014). Similarly, we maintain that manu-
facturing MSMEs can also use BDAC to build their network capabilities, leading to a higher 
rate of innovation in their supply chains (Zacca et al., 2015). Thus, in line with the above 
arguments, we conclude that BDAC can improve SCI along with the intervening role of 
network capabilities of manufacturing MSMEs.

Hypothesis 5 Network capabilities mediate the relationship between BDAC and SCI of 
manufacturing MSMEs.

BDAC allow firms to identify end-user needs and explore and exploit new business opportu-
nities (Wu, 2010) by remaining flexible and agile to changes in their surroundings (Mikalef 
& Pateli, 2017). They also help these firms adjust their systems and processes to decrease 
both waste and expenses (Wilden et al., 2013) and enable companies to innovate cost-effec-
tively by offering new solutions to existing problems (Teece, 2007; Wilden et al., 2013). 
Finally, such capabilities help generate new strategies and product and service portfolios 
(Pezeshkan et al., 2016), as well as establish novel means to reconfigure and rearrange 
the fundamental competencies and align them with their strategies according to the RBV 
(Teece, 2014). The organizational ability to develop and redesign their competencies to gen-
erate and maximize added value from new prospects explains why some firms outperform 
others (Wamba et al., 2020).
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Through digital platform capabilities, organizations can integrate monitoring tools with 
their daily processes to ensure transparent governing mechanisms based on ethics and trust 
(Lin & Lin, 2016), resulting in better financial performance. Consistent with previous stud-
ies, our research hypothesizes that BDAC enhance the capacity of manufacturing MSMEs 
to handle and analyze big data. Such firms use this capacity to enhance performance out-
comes through technological digital infrastructure capability. Owing to the complexity of 
digitalization, we thus argue that BDAC may improve the financial performance of manu-
facturing MSMEs through DPC.

Hypothesis 6 Digital platform capabilities mediate the relationship between BDAC and the 
FP of manufacturing MSMEs.

Organizations use shared digital architecture to communicate knowledge and information 
with both internal employees and external partners (Wang and Hu, 2020). Furthermore, 
firms can use digital capabilities to create common knowledge, such as sharing information 
regarding organizational processes (Gonzalez & Melo, 2018). Such dynamic capabilities 
improve communication channels and thus enable the optimization of acquisition and subse-
quent assimilation and transfer of knowledge (Giotopoulos et al., 2017). Digital capabilities 
leading to stronger network capabilities entail creating network embeddedness that lessens 
operational expenditures (Li et al., 2017). Firms therefore benefit from such capabilities to 
improve the performance outcomes in SMEs (Mangla et al., 2020). These mechanisms are 
crucial for manufacturing MSMEs because such firms must deal with not only huge data 
sets corresponding to their daily operations, but also information asymmetries.

To conclude, BDAC may create a feeling of belonging between the various actors of a 
supply chain and can help build loyalty in them to create a long-term buyer-supplier rela-
tionship (Ceccagnoli et al., 2012) as well as other relationships among supply chain part-
ners. Researchers have also argued that SMEs can improve their financial performance due 
to the signaling ability of the organizational networks (Lin & Lin, 2016). Thus, we conclude 
from these arguments that BDAC can enable network capabilities to advance the profits of 
manufacturing SMEs, and thus propose our next hypothesis as:

Hypothesis 7 Network capabilities mediate the relationship between BDAC and the finan-
cial performance of manufacturing MSMEs.

Innovation pertains to afirm’s propensity to support adoption, followed by testing, of novel 
designs, and consequently support for novel product offerings and the latest technology-
based systems (Bresciani et al., 2021). Through higher innovative capabilities, a MSME can 
attain a greater competitive advantage as it increases the performance outcomes of the firms 
through greater value creation (Deshpande and Farley, 2004). Similarly, Afraz et al., (2021) 
contended that supply chain innovation may well prove to be a vital antecedent of competi-
tive advantage and accordingly must be an integral part of the strategy-making process of 
the construction firms.

Some researchers have established a significant connection between innovation and the 
performance outcomes of manufacturing SMEs (Van Auken et al., 2008). Firms invest in 
several activities, such as creating better products and services, by increasing the reliability 
of their operations to improve new product development and enhance their brand image 
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(Li et al., 2006; Braunscheidel & Suresh, 2009) maintained that firms must innovate their 
supply chains to build an agile and more resilient network of suppliers under environmental 
conditions like ambiguity and instability as well as to overcome strong competition in the 
market. Thus, supply chain innovation can significantly improve the financial performance 
of organizations by making processes efficient (Flint et al., 2008). Consequently, we pro-
pose our next baseline hypothesis as follows:

Hypothesis 8 SCI is positively related to manufacturing MSME financial performance.

In line with our previous hypotheses, we propose that both digital platform and network 
capabilities pooled with innovations in supply chains sequentially mediate the association 
of BDAC and FP in manufacturing MSMEs. Thus, we propose our last two hypotheses as 
follows:

Hypothesis 9 Digital platform capabilities and SCI sequentially mediate the relationship 
between BDAC and manufacturing MSME performance.

Hypothesis 10 Network capabilities and SCI sequentially mediate the relationship between 
BDAC and manufacturing MSME performance.

The postulated model is shown in Fig. 1, where SCI and firm performance data were col-
lected with a one-month time lag to minimize any possible bias in our study.

Fig. 1 Research model
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3 Methods and measures

3.1 Context and sample

Our research data was collected from a survey of top- and middle-tier managers of MSMEs 
in Pakistan. This study’s sample frame is the manufacturing firms of Hattar Industrial Estate 
(HIE), which are registered with the Hattar Industrial Association (HIA). HIE is among 
the largest industrial parks in the northern province of Khyber Pakhtunkhwa (KPK). HIE 
was given the status of Special Economic Zone (SEZ) by the government with the aim of 
attracting more investment and boosting industrialization in the area. The industrial park 
comprises several sectors, including the textile, chemicals, construction, electrical goods, 
cooking oil, food and beverages industries. Researchers have previously looked at multiple 
industries to investigate the supply chain capabilities of manufacturing organizations (Chen 
et al., 2014) in the area of OR.

We have taken the manufacturing sector as our context as these organizations face mul-
tiple challenges of managing a massive volume of data through the utilization of prevailing 
digital manufacturing technologies in order to pursue stability and efficiency and at the same 
time, exploiting novel technologies (Andriopoulos & Lewis, 2009). Supply chain innova-
tions are thus a critical means of creating resources and improving firm performance. Kwak 
et al., (2018) also established that SCI gave South Korean manufacturing firms a greater 
competitive advantage. Thus, manufacturing firms need to identify and adopt capabilities 
that enhance supply chain innovations.

We distributed 300 survey questionnaires to the managers of MSMEs based at HIE. We 
received 221 completed questionnaires from the respondents (our sample size).

3.1.1 Non-response and common method bias

To report the non-response data bias, the responses of the early and late responders were 
compared by applying a paired t-test in SPSS software. The first 50 and last 50 responses 
were pulled from the data set to check the non-response bias. The result displays no signifi-
cant difference between the first 50 early and late 50 respondents, which implies the absence 
of this particular bias (Clottey & Benton, 2013; Greco et al., 2015). To check the common 
method bias, the total variance explained was calculated (MacKenzie & Podsakoff, 2012). 
A total variance explained value of below 50% indicates the absence of this bias (Podsakoff 
et al., 2012; Vandenberg 2006). Based on this method, in our research the total variance 
explained value is 17.22%, which is less than 50% and which thus rules out the likelihood 
of common method bias (Reio, 2010).

3.2 Construct measures

The scales in the research are adopted from earlier research. We focused on three specific 
dynamic capabilities as antecedents of innovation and performance in MSMEs, namely: (a) 
BDAC, (b) digital platform capabilities, and (c) network capabilities. For the operational-
ization of BDAC, we followed the research by Akter et al., (2016), Wamba et al., (2017), 
Wamba et al. (2019), and Wilden et al., (2013). According to Wilden et al., (2013), and 
in accordance with Teece (2007) theory, the construct of dynamic capabilities is a mul-
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tidimensional concept with three distinctive dimensions, namely “sensing, seizing, and 
reconfiguring”.

For digital platform capabilities, we drew from data related to the integration and recon-
figuration of digital platforms of MSMEs. Consistent with the scale used by Cenamor et 
al., (2019), the digital platform capability construct is measured by a two-dimensional scale 
consisting of four items each.

Regarding network capabilities, we based our scale on research by Parida et al., (2016a, 
b; Walter et al., (2006); Cenamor et al., (2019), who maintain that an MSME’s network 
capabilities encompass the firm’s capability to “develop and utilize inter-organizational 
relationships to gain access to various resources held by other actors” (Walter et al., 2006, 
p. 542). The scale for this category is based on four dimensions: “internal communication, 
coordination, relationship skills, and partner knowledge”. Each dimension is measured with 
three items.

SCI has been adopted by the six-item measure developed by Kwak et al., (2018). It has 
been utilized by Afraz et al., (2021) in their study. Finally, the operationalization of the 
last variable, firm performance, was taken from Li et al., (2015) and used by Saglam et al., 
(2020), fits our context of analysis. A five-point scale has been used to measure these items. 
It ranged from one as “strongly disagree” to five as “strongly agree.”

4 Data analysis and results

We tested our proposed hypotheses with structural equation modeling (SEM) in AMOS. 
Several scholars previously used this method to test hypotheses of different models (Akter 
et al., 2011; Aslam et al., 2018; Ferraris et al., 2019; Gawankar et al., 2020). SEM, as a 
second-generation method, has the advantage of simultaneous modeling of causal relation-
ships among different types of variables. More specifically, the covariance-based SEM, or 
CB-SEM, test pertains to the model fitness with the data; its purpose is to reduce the dif-
ferences between the sample covariance and the model covariance matrices from observed 
variables. Here, we assess the measurement model through confirmatory factor analysis 
(CFA) to establish both the reliability and validity of the constructs. We then determine the 
causal relationship among variables, i.e., the structural model (Zainudin, 2014). The fitness 
of measurement is suitable because it is inclusive of the sample size proportion variance 
and covariance matrices. It also highlights the traditional criterion to check all the latent 
constructs and confirm that the items are valid (Awang et al., 2015).

4.1 Demographics and statistics

The results of demographics in Table 1 show that most of our respondents fall into the 
26–35-year-old age bracket, with a frequency of 121 (54.8%). With regard to gender, most 
of our respondents are male (79.6%). The majority of the participants have low experience, 
while the qualification data shows that 79.18% have a bachelor’s degree or an advanced 
level degree, meaning the participants are highly educated.

The mean and standard deviations of the constructs along with their correlation values 
are given in Table 2.
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4.2 Confirmatory factor analysis

4.2.1 Model fit

To test model fit, we use indices such as the “chi-square” (CMIN) and “goodness of fit” 
(GFI). Here, the “comparative fit index” (CFI) indicates model fit, whereas the adjusted 
goodness of fit (AGFI) is a parsimonious measure of model fit (Keramati et al., 2010). Fur-
thermore, other measures of fit such as chi-square divided by degree of freedom (CMIN/
DF), Tucker-Lewis index (TLI), AGFI, and GFI, were found to be 1.75, 0.931, 0.809, 0.845, 
respectively. Finally, the “root mean square error of approximation” (RMSEA) and CFI 
values of the model are 0.059 and 0.94, respectively (shown in Table 3). The analysis also 

Table 2 Descriptive statistics and correlation
Constructs Means Std. 

Deviation
Network 
Capabilities

Digital 
Platform 
Capabilities

Supply 
Chain 
Innovation

Big Data 
Analytics 
Capabilities

Firm 
Perfor-
mance

Network 
Capabilities

3.7936 0.62056 1

Digital 
Platform 
Capabilities

3.6995 0.62860 0.754** 1

Supply 
Chain 
Innovation

3.9061 0.89472 0.054 0.077 1

Big Data 
Analytics 
Capabilities

2.9563 0.81887 0.088 0.053 0.096 1

Firm Per-
formance

3.7294 0.83323 0.153* 0.102 0.287** 0.076 1

* Correlation is significant at 0.05 level and ** correlation is significant at 0.01 level (both two-tailed)

Constructs Group Frequency Percentage(%)
Age 18–25 53 24.0

26–35 121 54.8
36–45 41 18.6
46–55 4 1.8
Greater than 55 2 0.9

Gender Male 176 79.6
Female 45 20.4

Experience 
(years)

Less than 10 182 82.4
10–20 34 15.4
21–30 3 1.4
More than 30 2 0.9

Qualification Secondary School 5 2.3
Higher Secondary 
School

41 18.6

Bachelor’s 85 38.5
Master’s 65 29.4
MS/M.Phil. 25 11.3

Table 1 Demographics (N = 221) 
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revealed a p-value of 0.000 for our model. All of these values are within the recommended 
levels.

These results clearly confirm the model fit (CMIN/DF = 1.75 and p-value ≤ 0.05) of our 
proposed model, as advised by Hair et al., (2010)d Hair et al., (2015).

4.2.2 Reliability and convergent validity

Appendix A shows the standardized estimates of all the constructs of the model. Cua et al., 
(2001) have suggested that items having higher factor loadings (i.e., greater than 0.5) can be 
retained in the model. Accordingly, we retained any items with factor loadings above 0.5. 
Next, the average variance extracted (AVE) value is calculated using the following formula:

 AVE =
∑

λ2/n

where λ refers to the “standardized factor loadings” and n is the number of items. A general 
rule for AVE is that values of 0.5 or higher show satisfactory convergent validity (Fornell 
& Larcker, 1981). Our data shows that all the AVE is higher than 0.5 for all the constructs. 
Construct reliability (CR) values are calculated using the following formula:

 CR= (
∑

λ)2/(
∑

λ)2 +
∑

δ1, δ = 1 − λ2

The general rule regarding CR estimation is that a CR value of 0.7 or higher means the data 
is reliable; values between 0.6 and 0.7 are also accepted (Netemeyer et al., 2003). Our CR 
results show that all values are higher than 0.7. The acceptable value for Cronbach’s alpha 
(α) is ≥ 0.7 (Nunnally, 1978; Christensen et al., 2015); our results indicate that our data is 
reliable.

4.2.3 Nomological and discriminant validity

The SIC value is the square root of the inter-item correlation (IC). As suggested by Fornell 
& Larcker (1981), the SIC should be less than the AVE of the variable to accept the dis-
criminant validity. Our results show AVE values that are greater than the SIC values. As 

Factors Values
CMIN 578.951
DF 330
CMIN/DF 1.75
AGFI 0.809
GFI 0.845
CFI 0.94
TLI 0.931
RMSEA 0.059
p-value 0.000

Table 3 Model fit 

1 3



Annals of Operations Research

such, we can maintain that all the constructs are valid. Nomological validity is calculated to 
measure the relationship numerically. For that purpose, the correlation coefficient should be 
significant (Fornell & Larcker, 1981). in the values shown in Table 4 indicate that all values 
are significant and thus there is nomological validity between the variables.

4.3 Hypothesis testing

In order to test the direct and indirect effects, the SEM technique was used in AMOS. The 
mediating effects were calculated with the Hayes process by using the number of bootstrap 
samples of 2000 with confidence intervals of 95%. The results for this study are stated in 
the Table 5 below. Results show that values for the standardized coefficient of BDAC with 
digital platform capabilities (DPC), network capabilities (NC), and SCI are significant and 
no existence of zero between the upper and lower confidence intervals.

The p-value is also significant, which shows that BDAC are significantly related to DPC, 
NC and SCI. Thus, these hypotheses are accepted. The mediating effect of NC between 
BDAC and FP, as well as the mediating effect of NC in BDAC and SCI, depict the sig-
nificant relationship, thus the proposed hypotheses are accepted. The intervening effect of 
DPC between BDAC-SCI link is also confirmed as there is a significant relationship with 
p-values of less than 0.05. However, the mediating role of DPC between BDAC and FP 
is insignificant, as zero exists among the upper and lower class intervals and the p-value 

Table 4 Discriminant validity and nomological validity
Construct Average 

Variance 
Extracted

Correlated 
Variables

IC SIC P-value Deci-
sion

Big Data Analytics Capabilities 
(BDAC)

0.733 BDAC <—> 
DPC

0.074 0.005 0.001 Sup-
ported

Digital Platform Capabilities (DPC) 0.563
Network Capabilities (NC) 0.543 NC <—> 

SCI
0.058 0.003 0.003 Sup-

portedSupply Chain Innovation (SCI) 0.613
Firm Performance (FP) 0.517 FP <—> 

BDAC
0.101 0.01 0.000 Sup-

portedBig Data Analytics Capabilities 
(BDAC)

0.733

Digital Platform Capabilities (DPC) 0.563 DPC <—> 
NC

0.447 0.199 0.001 Sup-
portedNetwork Capabilities (NC) 0.543

Supply Chain Innovation (SCI) 0.613 SCI <—> FP 0.332 0.11 0.002 Sup-
portedFirm Performance (FP) 0.517

Network Capabilities (NC) 0.543 FP <—> NC 0.173 0.029 0.004 Sup-
portedFirm Performance (FP) 0.517

Network Capabilities (NC) 0.543 BDAC <—> 
NC

0.09 0.008 0.000 Sup-
portedBig Data Analytics Capabilities 

(BDAC)
0.733

Digital Platform Capabilities (DPC) 0.563 DPC <—> 
SCI

0.068 0.004 0.000 Sup-
portedSupply Chain Innovation (SCI) 0.613

Digital Platform Capabilities (DPC) 0.563 DPC <—> 
FP

0.124 0.015 0.001 Sup-
portedFirm Performance (FP) 0.517

Supply Chain Innovation (SCI) 0.613 SCI <—> 
BDAC

0.101 0.01 0.002 Sup-
portedBig Data Analytics Capabilities 

(BDAC)
0.733
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exceeds the threshold (i.e., 0.05); accordingly, this proposed hypothesis is rejected. The 
results in the table further specify that SCI is directly and strongly related to FP. Results 
of the serial mediation of DPC and SCI among BDAC and FP demonstrates the significant 
relationship, so the hypothesis for this serial mediation is accepted. Finally, the result of 
the serial mediation of NC and SCI among BDAC and FP also demonstrates the significant 
relationship; the hypothesis for this serial mediation is thus accepted.

5 Discussion

The speedy advancements of digital technologies have stimulated openings for innovation, 
and data can be leveraged to design and deliver new solutions for the customers (Raptis et 
al., 2019). However, defining and developing the roles of digital platform and networking 
capabilities in supply chains has not been not fully established (De Reuver et al., 2018). 
Therefore, the internal mechanisms of how BDAC influence manufacturing MSMEs must 
be explored to generate valuable information regarding the performance outcomes of these 
MSMEs. Thus, we sought to understand how big BDAC play a role in MSME operations 
and how these capabilities in operations management might lead to better organizational 
performance.

Specifically, using the RBV and DC theories as they apply to firms, we proposed that 
BDAC would lead to increased dynamic capabilities, namely digital platform capabilities 
and network capabilities. Consistent with Teece (2007; 2014), we operationalized BDAC 
with sensing, seizing, and reconfiguring capabilities. Furthermore, we contended that when 
firms have better BDAC, they have greater SCI and thus become more profitable.

The SEM results confirmed our initial hypotheses that BDAC significantly increase plat-
form and networking capabilities. The findings also confirmed that BDAC is crucial in 
improving supply chain innovation for manufacturing MSMEs. The results also supported 
the hypotheses that networking capabilities mediated between both BDAC-supply chain 
innovation and BDAC-manufacturing MSMEs performance. Although our findings con-
firmed the intervening mechanisms of DPC in the BDAC-SCI link, digital platforms did not 
mediate between the BDAC-performance link of manufacturing MSMEs. However, when 
the sequential mediation of digital platform capabilities and supply chain innovation were 

Table 5 Results
Hypothesis Construct Standardized Effects 95% Confidence 

Interval
P-value Decision

Lower Upper
H1 BDAC→DPC 0.05 0.0019 0.2173 0.012 Acc
H2 BDAC→NC 0.05 0.7714 0.8922 0.015 Acc
H3 BDAC→SCI 0.10 0.2329 0.4198 0.017 Acc
H4 BDAC→DPC→SCI 0.23 −0.0067 −0.6373 0.000 Acc
H5 BDAC→NC→SCI 0.19 0.3925 0.5712 0.011 Acc
H6 BDAC→DPC→FP −0.001 −0.6534 0.8544 0.410 Rej
H7 BDAC→NC→FP 0.36 0.6712 0.8911 0.000 Acc
H8 SCI→FP 0.28 0.4199 0.6321 0.000 Acc
H9 BDAC→DPC→SCI→FP 0.31 0.2789 0.6199 0.000 Acc
H10 BDAC→NC→SCI→FP 0.17 0.5327 0.7379 0.023 Acc
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considered, the mediation path was found to be significant. This signifies that the impact of 
BDAC on MSME outcomes is substantial when firms acquire digital platform capabilities 
for innovation. Similarly, network capabilities are also significant for BDAC-manufacturing 
MSME performance through supply chain innovation.

5.1 Theoretical implications

According to Teece (2018), firms capture value through dynamic capabilities by creat-
ing innovative ecosystems and business models. Our study proposed a theoretical model 
grounded in the RBV to explain how dynamic capabilities underpin not only innovation in 
supply chains but also improve the performance of manufacturing MSMEs. Our study is 
significant for the following reasons.

First, previously academics has provided proof of the constructive impact of BDAC on 
innovation and organizational outcomes (Mikalef et al., 2019). However, few researchers 
have attempted to explore the inner mechanisms of this link. According to the RBV of 
firms, dissimilar competencies may result in diverse performance outcomes (Teece, 2010). 
The DC view focuses on the necessity of a clear emphasis on such capabilities not just for 
surviving but for growing in an uncertain and unstable global marketplace (Schilke et al., 
2018).

Researchers have previously pointed out the dangers of poor strategic capability-build-
ing, specifically in acquiring and using technological advancements and digital platforms, 
and they have warned of the serious repercussions of such actions, which might critically 
impede a firm’s success (Xiao et al., 2020). Thus, our paper details the underlying mecha-
nisms to best utilize these dynamic capabilities in the manufacturing sector. Some research-
ers have found that such capabilities help businesses leverage external information and 
technological resources for achieving competitive advantage (Cenamor et al., 2019). Such 
capabilities also facilitate knowledge sharing among supply chain partners. We argue that 
MSMEs can create such capabilities and use them to share knowledge with their partners, 
and in so doing improve their innovation and performance.

Second, the effect of BDAC on SCI, mediated by digital platform and network capabili-
ties, has not been previously addressed in depth, especially for MSMEs—only a handful of 
studies have empirically tested these relationships to date (Mikalef et al., 2019; Xiao et al., 
2020). Although some researchers have explored innovation as a phenomenon with regard 
to digital technologies, the exact relationship of digital platform and network competencies 
in the BDAC-supply chain innovation remains unmapped (Xiao et al., 2020). As such, our 
research aims to address these gaps by proposing and testing the effect of BDAC, DPC, and 
NC on the SCI and performance of manufacturing MSMEs.

Third, we also advance the theoretical underpinnings of the complexities involved in the 
innovation performance of MSMEs, especially in the resource-constrained environment of 
developing countries. Manufacturing MSMEs are plagued by resource scarcity; not being 
able to leverage big data to create innovation due to poor digital platform and network capa-
bilities can be disastrous for them. Hence, we offer a holistic framework for such firms that 
can support them to improve not only the innovations across their supply chains but also 
their performance.
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5.2 Practical implications

Today, the manufacturing sector is facing the dual challenges of keeping up with rapidly 
changing technological advancements and the need for superior performance; big data ana-
lytics and digital transformation may provide a solution (Schoenherr & Speier-Pero, 2015). 
Furthermore, operations researchers and practitioners are always involved in the problem-
solving and decision-making processes, and analytical tools, mathematical models, and 
simulations may help them in their jobs (Mortenson et al., 2015). It is therefore necessary 
for operational managers and decision-makers to fully comprehend the complex process of 
developing and using the dynamic capabilities model.

Our study claims that the dynamic capabilities of big data analytics, digital platforms 
and networks all help to improve the performance of manufacturing MSMEs by improving 
innovation performance. Operations and supply chain managers of such firms can focus on 
enhancing these capabilities in order to improve their day-to-day operations as we found 
evidence that BDAC leads to higher innovation and firm performance through the inter-
play of both digital platform and network capabilities. Top management must direct their 
energy toward strategy development and implementation to build such capabilities in these 
MSMEs.

These dynamic capabilities can also overcome some of the obstacles that MSMEs face 
due to financial and other resource constraints. According to Helfat & Raubitschek (2018), 
managers continuously engage and evolve in their ecosystems with products, knowledge, 
and capabilities all linked together. Operations and supply chain managers at MSMEs must 
realize that as their digital ecosystems evolve over time, they must acquire and improve 
these critical complementary capabilities to prepare themselves for future challenges in the 
industry 4.0 era.

5.3 Limitations and future work

Although ours is one of very few studies that have taken a holistic view of the intervening 
effects of dynamic capabilities in manufacturing MSMEs, it is not without some limitations. 
We will describe these limitations here to offer future avenues of research. First, we col-
lected our data from one geographical location. Future studies can replicate this study and 
test it in other regions with different cultural values and infrastructure support, which can 
have an impact on the relationships explored in this study. Studies could also be directed 
to extend our model with reference to the potentialities of big data for internationalization 
(Bertello et al., 2021) to explore the role of biases that may affect this process (Akter et al., 
2021a). Second, although our study was time-lagged to minimize any bias resulting from 
the common method we used, future studies could also take into account multiple respon-
dents’ views on the constructs. Finally, although we propose BDAC as an antecedent of dig-
ital platform and network capabilities, we cannot rule out the reverse causality of the model; 
future studies could explore reverse causality to fully understand this complex relationship.

6 Appendix A

Convergent validity and reliability.
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Sr. 
No

Items Factor 
Load-
ing (λ)

Big data analytics capabilities (AVE = 0.733, CR = 0.943, α = 0.943)
1 “Our organization tracks changes in internal and external business environments” 0.828
2 “Our organization continuously processes and interprets information” 0.864
3 “Our organization exploits the available opportunities to enhance organizational 

competitiveness”
0.115

4 “Our organization uses advanced supporting technologies” 0.877
5 “Our organization uses advanced analytical techniques” 0.895
6 “Our organization combines and integrates information from many data sources for use in 

decision-making”
0.116

7 “Our organization routinely applies data visualization techniques to assist users or 
decision-makers to explore new market opportunities in highly volatile and complex 
environments”

0.852

8 “Our organization uses dashboards that provide information that help to carry out root 
cause analysis and continuous improvement to minimize risk”

0.462

9 “Our organization deploys dashboard applications/information to our managers’ commu-
nication devices (e.g., smartphones, computers)”

0.818

10 “Our organization renews its business strategy based on the information derived via 
advanced techniques to sustain competitive advantage”

0.432

Digital platform capability (AVE = 0.563, CR = 0.865, α = 0.873)
1 “Our platform easily accesses data from our partners’ IT systems” 0.799
2 “Our platform provides seamless connection between our partners’ IT systems and our IT 

systems (e.g., forecasting, production, manufacturing, shipment)”
0.76

3 “Our platform has the capability to exchange real-time information with our partners” 0.391
4 “Our platform easily aggregates relevant information from our partners’ databases (e.g., 

operating information, business customer performance, cost information)”
0.425

5 “Our platform is easily adapted to include new partners” 0.741
6 “Our platform can be easily extended to accommodate new IT applications or functions” 0.73
7 “Our platform can be easily extended to accommodate new IT applications or functions” 0.294
8 “Our platform consists of modular software components, most of which can be reused in 

other business applications”
0.718

Network capability (AVE = 0.543, CR = 0.904, α = 0.908)
1 “In our company we have regular meetings for every project” 0.655
2 “In our company employees develop informal contacts among themselves” 0.732
3 “In our company managers and employees often give feedback to each other” 0.412
4 “In our company we analyze what we would like and desire to achieve with which 

partner”
0.728

5 “In our company we develop relations with each partner based on what they can 
contribute”

0.331

6 “In our company we discuss regularly with our partners how we can support each other” 0.712
7 “In our company we have the ability to build good personal relationships with our busi-

ness partners”
0.797

8 “In our company we can deal flexibly with our partners” 0.801
9 “In our company we almost always solve problems constructively with our partners” 0.382
10 “In our company we know our partners’ markets” 0.706
11 “In our company we know our partners’ products/procedures/services” 0.751
12 “In our company we know our partners’ strengths and weaknesses” 0.402

Supply chain innovation (AVE = 0.613, CR = 0.863, α = 0.86)
1 “We pursue a cutting-edge system that can integrate information” 0.728
2 “We pursue technology for real-time tracking” 0.808
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Sr. 
No

Items Factor 
Load-
ing (λ)

3 “We pursue innovative vehicles, packages or other physical assets” 0.825
4 “We pursue continuous innovation in core global supply chain processes” 0.767
5 “We pursue agile and responsive processes against changes” 0.47
6 “We pursue creative methods and/or services” 0.355

Firm performance (AVE = 0.517, CR = 0.841, α = 0.847)
1 “We have a better return on investment than our competitors” 0.653
2 “We have a better return on sales than our competitors” 0.738
3 “We have better growth in sales than our competitors” 0.805
4 “We have better growth in profit than our competitors” 0.789
5 “We have better growth in market share than our competitors” 0.585
Note: Highlighted items were removed from subsequent analysis
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