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Drivers of Big Data Analysis Adoption and Implications on Management Decision-Making on Financial and Non-Financial
Performance: Evidence from Nigeria’s Manufacturing and Service Industries.

Abstract

Despite advances in ‘Big Data’ utility, its adoption by contemporary organizations is yet to move beyond early capture, especially in
developing countries like Nigeria. This study empirically collected and analyzed survey data from 261 professionals across Nigeria’'s
manufacturing and service industries in 2021. This study draws on business-to-business marketing context, dynamic capabilities theory, and
Technology-Organization-Environment frameworks to examine the factors affecting organizations' BDA adoption and management's policy
decision making and their impact on financial and non-financial performance of firms in dynamic environments. The findings address 7
hypotheses, namely 1 and 2 which support that the anticipated organizational value and technological competence positively influence
management’s BDA adoption. Interestingly, hypotheses 3 and 4 confirmed that top management support and organizational readiness positively
impact BDA adoption. Hypotheses 5, 6 and 7 highlight environmental contextual factors such as competitive pressure, external support, and
regulatory environment as critical and positive influences for management’s BDA decision adoption. However, our results found that the paths
between competitive pressure and regulatory environment to management’s decision for BDA adoption were both insignificant. Furthermore,
the results demonstrated that management’s decision to develop policy on financial and non-financial performance was positively influenced by

BDA adoption. The implication and limitations are discussed.

Keywords: Big data adoption, dynamic capabilities, management, technology-organization-environment, manufacturing and service industries,

Nigeria
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Introduction

While big data technology is quickly advancing [14], many organizations appear not to extend its utility beyond the adoption mode. Hence,
there is a need for a more in-depth investigation into organizations” adoption of Big Data Analytics (BDA) and its-associated impacts on
management decision and performance opportunities, which is the focus of this study. The development of digitalized business operations has
notably increased the volume, variety, and velocity of structured and unstructured information mechanisms, generally known as "Big Data" [15].
Businesses are attempting to increase the effectiveness of such data acquisition not just for themselves, but for partners and third parties. Whilst
[39] observed that organizational usage of big data can successfully turn information into insights and intelligence and [115] highlighted how
big data inheres to new techniques capabilities that could revolutionize business strategies and marketing, product and service development,
human resources (HR), operations, and other essential processes [22], an evidence-based approach from a developing country context of such
benefits has not been previously attempted.

BDA is defined as examining extensive data utilizing modern technology to reveal important information, which can aid more informed
and better business decision-making [85]. Notwithstanding the success and popularity of big data, a recent industrial survey shows that most
businesses have yet to capitalize on its benefits [88]. The possible explanations are that many organizations are yet to fully understand its benefits,
the needed information technology (IT) and analytical capabilities and what the complexity of factorial threats are [45]. For [87], many
organizations' management and leadership are struggling to understand the factors driving such big data adoption [87]. Thus, we focus on the
fundamental drivers for which organizations” management decide on whether to adopt BDA and how this could impact on performance.

While previous studies database adoption [29;42], focused on individual-level adoption behaviours, research at the organizational level
(of big data implementations) remains relatively scarce and needs further examination [112;139;27]. Those few studies focusing on the
organizational-level, centre on adoption readiness [115;114] instead of how these impact on post adoption behaviours (i.e., usage and benefits)

[144;23] to ascertain what the BDA drivers informing management decision-making are. Whilst previously studies on BDA application have
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popularized the functional areas of organizational operation - including business intelligence, customer relationship management, and marketing
[74], the accompanying management capabilities needed for its” adoption in developing economies is sorely missing. To address the afore gaps,

this paper focuses on the following research questions below:

What are the drivers affecting management’s adoption of BDA adoption and the impacts on financial and non-financial performance?

We analyze survey data from 261 management respondents from Nigeria's manufacturing and service sectors to address the key research
question and the hypotheses. In doing so, we first draw on the context of business-to-business (B2B) marketing, which is a highly significant
domain to examine issues related to performance, learning and development [115]. Moreover, in today's digital society, IT, and mainly BDA,
play critical roles in information flows and learning [56;129]. Secondly, we use the dynamic capabilities theory of [35] to argue that BDA
applications in B2B marketing situations provide substantial dynamic information processing power, which offers management the requisite
knowledge to create better resource configurations and reconfigurations for competitive advantages [116;119]. We also employ the Technology-
Organization-Environment (TOE) framework of [124] to examine the factors that could affect management’s decision to adopt BDA because it is
a holistic, robust, and flexible framework when used at the organizational level [8]. Such a TOE framework covers almost all essential aspects of
an organization’s internal (technology and organization) and external (environment) developmental aspects and is supported for doing so
previously [57;89]. Finally, we examine the impact of management decision to adopt BDA on financial and non-financial performance as
moderated by the environmental factors.

The remainder of this paper is structured as follows: the following section will explore the process and drivers of BDA and the associated
financial and non-financial implications, which will follow the theoretical framework of the study and its methodology. Findings, discussion and

implications are then presented and discussed.
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Understanding Big Data: BDA

Although there is no universal definition of big data, it has benefited from a variety of definitional ways. For this study, we opted to draw
our working definition from IT adoption literature, which defines it as high-volume (big scale), high-velocity (moving/ streaming), and high-
variety (e.g., numerical, text, video, etc.) information assets that necessitate cost-effective, creative information processing for improved insight
and decision-making [41]. Its significance has been shown in applying more sophisticated analytical approaches to vast data sets [23] to enable
advanced analysis for organizations to automate extremely complicated choices that were previously (primarily or exclusively) based on human
judgement and intuition [37;41]. However, research shows that organizations are still hesitant to adopt BDA as previous initiatives involving
business intelligence gathering (often from terabytes of data) have failed [110]. Whilst firms may wonder if BDA is merely a repackaged version
of old business intelligence and data mining, the extent to which it facilitates new management capabilities regarding their decision making for
competitive advantages is limited [23].

To address this issue, there are distinctions between big data analytics and traditional business intelligence technologies. According to a
June 2011 International Data Corporation (IDC) research, the amount of globally available data has increased by more than 50% each year since
2005, and it is predicted to approach 8,000 exabytes by 2015. (International Data Corporation Report, 2011). Unstructured data, such as online
material, news feeds, social media postings, video clips, and other data that cannot be easily categorized into repeating fields, are driving this
development. Big data is, therefore, an umbrella phrase for collections of data sets that are so large and complicated that they are challenging to
gather, analyze, and manage promptly utilizing available data management tools and standard data processing programmes [109]. Thus, big
data analytics is often seen as a dramatic departure from typical business intelligence tools [41].

Whilst big data and analytics connote various meanings to different people (Watson, 2011) and has been used in e-commerce, market
intelligence, e-government, health care, and security [22], its potential for businesses has driven major improvements in BDA technologies in

understanding business markets and which management choices to make [23]. However, what constitutes BDA varies for many organizations
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depending on the capabilities and the applications used [23;114; 74]. Therefore, we see BDA adoption as a crucial resource capacity that businesses
could use to provide management with innovative understanding in dynamic environments similar to Nigeria’s [43]. This warrants the use of

dynamic capacities theory as a valuable lens to study BDA and show its impacts [62].

Dynamic capabilities

One of the most important management perspectives of the last decade is "dynamic capabilities" [105], which explains how a company
can maintain competitive advantages in ever-changing environments [94;119;62]. Inspired by "Schumpeterian's gale of creative destruction," [119,
1997, p. 12], dynamic capabilities help businesses adapt to ever-evolving market demands by integrating, creating, and reconfiguring their
resources [119] through a collection of "identified and specified procedures" [35, 2000, p. 47]. Prior research has looked at how IT-based technology

to build the internal capacities to enhance operational procedures [81;82;91;133].

BDA Adoption as a Resource Dynamic Capability

Researchers have used the term "dynamic capabilities" regarding how businesses adapt to the unpredictable situations and the internal
and external competencies needed [35;116;119]. The capabilities are perceived as a set of distinctive internal procedures like integrating,
reconfiguring, acquiring, and releasing resources [119;62] and these facilitate organizational, strategic resource configurations when markets
form, collide, divide, change or even expire [23]. Based on these, we define BDA adoption and implementation inside organizations as the
development of nimble capacities to help businesses establish routines and capacities [35;62] for knowledge generation usable in highly dynamic
markets [116]. BDA may also be perceived as an internal, organizational information processing capability (Galbraith, 1973), which decreases
uncertainty by increasing the generation of new insights and organizational knowledge for management’s strategic decision making [116;119].

Although there have emerged "best-practices" studies on generic BDA applications [22;23], this does not guarantee uniform usage of BDA tools
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across businesses and contexts [23], enterprise-level technology [116] and the way management use marketing information (such as social media
marketing, e-commerce, customer relationship management, innovation, customer services, etc.) [23;119]. Consequently, perceiving and
examining management’s BDA adoption as a dynamic capability makes sense, and it is therefore conceptualized here in terms of how its adoption

serves as a boost for management’s capability development in enhancing organizational (financial) value creation.

Theoretical Framework and Hypotheses Development

This study’s theoretical framework focuses on Dynamic Capabilities [9] to examine how specific businesses' unique pasts [119] create
competitiveness [116]. The idea of route dependence implies that the factors that shape an organization's capacities vary [35] depending on
setting/context [119] and contextual forces: technical and external fitness [48]. In line with these, we use the technological, organizational, and
environmental (TOE) framework [126;1] from the IT management literature to pinpoint the specific factors explaining why management are more
likely to adopt BDA within a marketing domain than others. The TOE framework proposes technical, organizational, and environmental aspects
that determine why BDA may be implemented in a business [8]. Our conceptual model for management’s BDA adoption is grounded on dynamic
capabilities and the TOE framework for deeper understanding of the variables that encourage or discourage BDA [1] (see Fig. 1). Our theoretical
framework is developed from measurable hypotheses that are applicable to assess the impact of management’s BDA adoption and their financial
and non-financial performance implications. Based on research, we examine the various technological (anticipated value and technology
compatibility), organizational (top management support and organizational readiness), and environmental (competitive pressure, external
support from vendors, and government regulation) factors that influence management’s BDA adoption. We also investigated the moderating
effects of environmental dynamism on the relationship between financial and non-financial performance, two essential components of the

business value provided by BDA adoption in marketing contexts. The justifications for the selection of the hypotheses are provided below.

Technological factors
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Anticipated value: Anticipated value is a term used to indicate the advantages expected operationally and strategically when companies
adopt new technology [128]. Direct advantages include lower operating costs and improved internal efficiency arising from less data re-entry,
lower mistake rates [79] and novel products and services and individualized customer care [18]. Similarly, indirect advantages especially in
marketing environments [14], include enhanced customer service, process reengineering [24;122] and increased collaboration and information

exchange within organizations [128].

[Insert Figure 1, Conceptual Model about here]

Assuming the management of a focused firm has a high opinion of the usefulness of BDA, they should proceed to adopt full usage of
BDA to meet their requirements [23]. Hence, we hypothesize the following:

Hypothesis 1: Anticipated value positively influences management’s BDA adoption.

Technological competence: According to [124], the ability to use contemporary technologies effectively is a well sought after reason for
adopting innovations, whose compatibility with a firm highlights “the degree to which the innovation is perceived as consistent with the existing
values, past experiences [path dependence], and needs of the potential adopter” [97, 1983, p. 223;35;119]. Applying this definitional construct
within an organization, suggests “compatibility of an innovation may refer to its congruence with (1) the value systems (e.g., culture), and (2) the
business practices of an organization” [23, p. 17]. As outlined by [119], and validated in recent studies [52], both cognitive and operational
compatibility, have been shown to be positively associated with the acceptance and implementation of innovations although differentiating such
a distinction is sometimes contextually problematic [128].

As a result, we propose that business decision-makers will be more inclined to include BDA in their marketing if it is consistent with

company's values (which, in turn, are a reflection of its history) and standard operating procedures. Thus, we hypothesize:
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Hypothesis 2: Technological compatibility positively influences management’s BDA adoption.

Organizational factors

Top management support: Top management support is the extent to which upper-level management supports modern IT-based systems
(e.g., BDA) and recognizes that the variability of capabilities of these systems and the data they create are key indicators of success [103]. Empirical
research suggests that when senior managers have optimistic expectations of IT system's potential benefits, they are more likely to adopt it [67].
Through management support (e.g., advocating and campaigning for the IT-based adoption within the organization), this functions as a driver
for changes in organizational norms, values, and cultures, allowing others to adopt and adapt new technologies [53;55;69] and develop network-
based adoptions within organizations [6;20;67]. Thus, we hypothesize that:

Hypothesis 3: Top management support positively influences management’s BDA adoption.

Organizational readiness: Organizational readiness reflects firm-level capacity and propensity to embrace technological change [37]. It is a
measure of the company's technical IT capacity and experience, showing ability to manage and invest in new technology [118;138]. Field
commentators on big data business analytics contend that an organization's readiness is key for BDA adoption and implementation [37;98].
According to [7] and [40], in the marketing field, organizational readiness has a strong and favourable association for such adoption. Thus, we
hypothesize that:

Hypothesis 4: Organizational readiness positively influences management’s BDA adoption.

Environmental factors
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Competitive pressures: The term "competitive pressure" describes the environmental threat posed by a company's rivals in the same market
[83], which may force them to embrace new technology to gain advantage [86]. According to [86], similarly, rival firms can think about using big
data tactics to win over customers in a competitive market by incorporating cutting-edge technological advancements [144]. Organizations in the
same sector are under increasing pressure to mimic the practices of market leaders for market advantage during volatility [69]. According to [2],
the fear of being seen as unique compared to competitors within the same sector may be a motivating factor in adopting newer technologies,
thereby acting as a driving force [86;97]. When there is a lot of rivalry in an industry, it may slow down new business starts and the spread of
innovative technologies. Thus, we hypothesize that:

Hypothesis 5. Competitive pressure positively influences management’s BDA adoption.

External support: External support is defined as extended support from a vendor or third party to encourage enterprises to innovate and
implement a new strategy [12;37]. It is a critical driver of innovation adoption and success [40;101]. Access to vendor support is crucial for
management’s BDA adoption since it enables learning from suppliers and open-source platforms, thereby expanding management’s innovative
capacity [37]. As [23] noted, outsourcing from external parties and suppliers works effectively for an organization's marketing division, especially
in new start-ups lacking technical expertise. Thus, we hypothesize that:

Hypothesis 6: External support positively influences management’s BDA adoption.

Regulatory environment: A favourable regulatory environment is one whereby a government promotes enterprises utilizing big data
technologies by providing a suitable infrastructure, legal framework, regulatory directives, and assistance [144]. For instance, with government
support, legal steps can be taken to address people's worries about information leakage and illegal data trading, which can make it more difficult

for big data adoption [58;135]. Thus, we hypothesize:
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Hypothesis 7: Regulatory environment positively influences BDA adoption

BDA adoption and financial and non-financial performance

Empirical research shows that the benefits of management’s BDA adoption substantially affects financial and non-financial performance
[4,46;131]. With the use of BDA techniques, organizations may boost their sales and revenue by increasing their ROI [4] or facilitate the completion
of e-commerce purchasing [51]. [48] argued that businesses would benefit financially from adopting BDA solutions whilst [97] highlighted that
BDA adoption has a positive relationship with a firm's financial performance even under high levels of market turbulence and environmental
changes.

Although BDA adoption investment might be pricey, it increases business productivity [80]. [84], [83], and [65] and has been found to
have beneficial impacts on innovative capabilities that boost financial performance [101;97;131]. [136] studies have all revealed that BDA's
predictive capabilities allow firms to provide business models that increase profits. [131] found a positive effect of BDA on essential determinants
of financial performance, including market performance, organizational performance and operational performance [10;51]. [137] went further by
saying that BDA tends to improve a firm’s financial performance rather than market performance. The current study posits that organizations’
management that adopt BDA will gain higher levels of both financial and non-financial performance. Thus, we hypothesize as follows:

Hypothesis 8: Management’s BDA adoption positively influences firm financial performance.

Hypothesis 9: Management’s BDA adoption positively influences firm'’s non-financial performance

The Moderating Role of Environmental Dynamism
To ascertain whether other (external) factors influence management’s decision to adopt BDA, we examine environmental dynamism,

which is described as the unpredictability of external environmental changes [142;35], view it as a fundamental situational component in dynamic
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capabilities theory, indicating that the variance of competitive advantage provided by an organizational capability is dependent on
environmental dynamism. Some earlier studies argued that the effects of dynamic capabilities in a volatile market are uncertain [77:79]. In a
moderately dynamic market, according to [35], organizations often proceed along linear and predictable paths (with these markets characterized
by stable industry structures with defined market boundaries) thereby warranting dependence on usage of prior information [79]. On the other
hand, high-velocity markets are characterized by non-linear, less predictable and volatile industry structures and developments [76].

Although some academics have expressed concerns about the unexpected nature of environmental dynamism on organizational
outcomes [3;79], we argue that such an environment presents more opportunities for organizations to benefit from management’s decision to
adopt BDA. [3] study uncovered that a volatile external environment may either boost or degrade a firm's most valuable skills especially in high-
velocity markets, see [77;46]. Existing research supports the hypothesis that information sharing might lead to increased variation in financial
performance results in dynamic circumstances [72]. Environmental dynamism adds enormous pressure on organizations to use organizational
knowledge to drive their actions [31;54;113] as key organizational decision-makers (management) must analyze events quickly and act effectively
[17]. However, market volatility might increase management stress and cognitive demands, potentially hindering their ability to make sense of
events and execute critical ideas [17]. This undermines management confidence and their strategic decision-making capability on how to improve
organizations' financial and non-financial performance [19]. Thus, when faced with such an environment, the necessity for BDA becomes critical
for corporate decision-makers (management). Additionally, in volatile markets, dynamic capabilities depend less on existing information and
much more on swift innovation and situation-specific new knowledge [35;119].

Given that BDA is supposed to enhance an organization's potential of finding new knowledge and insight, the following explanation
shows that its value is most prominent in highly dynamic contexts [22]. This is especially important in marketing, as enormous volumes of data
are routinely gathered from many departments and locations across an organization (e.g., advertising, social media marketing, content marketing

etc. — [35]. Such data have to be processed, integrated, analyzed and understood holistically so that management could make strategic choices
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more effectively in a highly dynamic market [72]. With BDA, insights may be generated rapidly and efficiently across all core marketing
operations, which can lead to significant savings or revenue development. Research has shown that managers' confidence increases in high-
velocity markets when they gain new information and insights since this boosts their ability to deal with the psychological challenges of
uncertainty [46], allowing them to swiftly recognize and respond to changing situations [72]. Thus, we hypothesize the following:
Hypothesis 10a: Environmental dynamism positively moderates the impact of management’s BDA adoption on organizations’ financial performance.
Hypothesis 10b: Environmental dynamism positively moderates the impact of management’s BDA adoption on organizations’ non-financial

performance.

Methodology
The methodical predilection covers the various harmonized techniques in conducting a research study [104]. Hence, the method, sample frame,

and preliminary analysis are presented in this section.

Method and sample frame

This study is underpinned by a positivist research philosophy, which is based on a scientific and structured approach using quantitative
data. Thus, the research adopts a survey methodology, often referred to as a primary but critical data-gathering method, which can help to
provide a broader and generalized insight into a research inquiry using a relatively massive number of participants [104]. Before (survey) data
collection, the survey questions were pilot tested (across the manufacturing and service sectors in Nigeria), with 10 management experts in
August 2021. Pilot studies enhance survey quality by offering input from a variety of viewpoints to prevent any problems that may develop
during the real data-gathering process [104]. As [104] intimate, the construct questions were deemed appropriate for inclusion in the final survey
after undergoing several proposed modifications based on the pilot study's results and respondents’' comments (see construct items and their

symbols in Appendix A.
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Approximately 870 randomly chosen Nigerian management professionals from various organizations received the final survey between
September and November of 2021. This respondent sample was chosen as the most knowledgeable about big data in the firms, given that not all
organizations employ big data specialists. The survey was sent both in paper and electronic forms. The hard copies were distributed directly to
the professionals in different organizations for completion. The soft copies were designed using Google Forms and distributed by sending
invitations, including a link to the Google Form via LinkedIn and WhatsApp. A total of 286 responses were received, representing a 32.8%
response rate. [38] stated that the appropriate minimum sample size for structural equation modelling in management information systems
research is about 200 participants when developing moderately complex models. Moreover, a sample size of 200 gives an acceptable error rate
of less than 10% within the available time, effort, and resources [47]. Accordingly, an acceptable sample size of more than 200 was chosen, and
the final sample size was 261 usable management responses.

Of the 261 respondents, 55.9% were CEO/manager-owners, and 44% were senior managers. Their firms were mainly food and beverages
21%, online and offline retailers 12.6%, internet service providers 17.2%, and machinery and equipment, among others, made up the remaining

percentage (see Table 1 for the demographic profile of the study’s participants).

Table 1
Demographic profile (n —261)

[Insert table 1 about here]

Preliminary analysis
Prior to data analyzing, we performed a preliminary analysis of the dataset, comprising a missing data analysis, a non-response bias

check, and a common method bias check. We evaluated our data set to see whether it satisfied the assumption of missing data at random using
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Little's MCAR test (MCAR). The findings showed that the missing data occurred completely randomly (2 (1012) = 1017.114, p =.564). We
substituted the missing data with a simple mean even though the missing data was little and unpredictable [71;74].

Using t-tests, non-response bias was investigated by comparing early and late responders in terms of annual revenues, big data
experience, and the number of employees [71]. According to the findings, there were no statistically significant differences between these groups.
As a result, we concluded that non-response bias did not constitute concern for this research.

Because the independent and dependent variables were from the same source and self-reported by the respondents [93], common method
bias might be a threat to this study. We thus examined this bias by using two seminal methods. First, following the guidelines by [93], we
protected respondent-researcher anonymity, provided clear directions, used other variables and items not relevant to this study, and proximally
separated independent and dependent variables both at the design and data collection stages [93]. We then used the statistics to test for bias.
Harman's one-factor test [44] was used to examine if common method bias threatened the validity of our findings. The unrotated factor solution
revealed that no component accounted for 50% or more of the variation. We repeated [70] test, which employed a marker-variable approach in
the model by introducing an irrelevant marker variable to corroborate these results. The largest shared variance with other variables was 0.035
(3.5%), suggesting that there was no common method bias in this study, implying that any common method bias that may have occurred did not

pose a substantial danger to its validity.

Measurement

We adapted previously validated survey measurement items to collect data (see Appendix A for sources). Following the arguments from
previous studies [32;107;108], this study utilized a seven-point Likert scale with anchors ranging from 1 (strongly disagree) to 7 (strongly agree)
except for financial and non-financial performance. The two performance constructs were measured using a seven-point Likert-type scale ranging

from 1 (‘worse than major competitors’) to 7 (‘'much worse than major competitors’).

Page 14 of 53



Page 15 of 53

Transactions on Engineering Management

15

Management’'s BDA adoption was conceptualized as a second-order construct, and it relates to the four business values (strategic value,
transactional value, transformational value, and informational value) for organizations. The items in this section were adapted from [97], where
strategic value refers to the degree to which the organization perceives strategic advantages, and transactional value refers to the degree to which
the user feels that BDA offers operational benefits. Transformational value, on the other hand, relates to the degree of perceived changes in a
firm's structure and capabilities as a future consequence, whilst informational value refers to the degree to which the user of BDA solutions
benefits from improved knowledge [97].

We leveraged ‘Technology-Organization-Environment” (TOE) constructs, which comprise technological, organizational, and
environmental factors. The technological factors are anticipated value and technological competency. The items for anticipated value were
adapted from [24;50;124;122], respectively, while technological competence was adapted from [124;128 respectively. On the other hand, two
organizational factors, namely top management support and organizational readiness, were included in this study to ascertain their influence on
management decision making. The measurements of these items were adapted from [23;64,95]. The environmental factors consist of competitive
pressure, external support, and government regulation. The items were adapted [40;46;64].

The study also includes the dimensions of financial and non-financial performance to measure management respondents’ perception of
the effect of BDA adoption on financial and non-financial performance improvement. The measures of these two constructs originated from

[96;101]. All items of this study and their sources are shown in Appendix A.

Data analysis of results
Structural equation model (SEM) was considered more appropriate for our research than other analytic approaches such as linear
regression due to the benefits derived by investigating the hypothesized causal paths among the constructs [38]. The IBM Amos 22 software

package was used to evaluate the data.
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Descriptive statistics, reliability, and validity

The means, standard deviations, Cronbach's alphas, composite CR, AVEs, and construct correlations are shown in Table 2. The range of
Cronbach's alphas between 0.868 and 0.925 indicates solid internal consistency [13]. Construct reliability was evaluated based on composite
construct reliabilities (CR) computed using the formula: p = (£Ai) 2 / ((X£Ai) 2 + £0i), where Ai refers to the ith factor loading and 0i refers to the
ith error variance [47, p. 687]. As shown in Table 2, the CRs range from 0.844 and 0.925, with all being greater than the commonly accepted cut-
off value of 0.70 [38], thereby demonstrating reliability.

Table 2: Descriptive statistics, correlations, Cronbach's alpha, and the square root of the AVE

[Insert table 2 about here]

Table 2 presents the inter-construct correlation matrix. To evaluate discriminant validity, the square root of the average variance extracted
(AVE) for each construct (on the diagonal) is compared to the inter-construct correlation. When the square root of the AVE is greater than the
equivalent inter-construct correlation estimates, this indicates that the indicators have more in common with the concept they are related with
than with other constructs, providing evidence of discriminant validity [47]. As each square root of the average variance extracted (AVE) is
greater than the corresponding inter-construct correlations, we can assume that the measures' divergent validity is acceptable based on the data.

To evaluate construct validity, an exploratory component analysis with varimax rotation was performed on all constructions, and the
factor loadings for each construct are provided in Appendix A. All items are loaded on a separate construct, and their factor loadings are all more
than 0.5, indicating high convergent validity. These findings demonstrate discriminant validity by confirming the presence of eight observed

constructs with eigenvalues greater than 1.0.
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Structural model assessment

The goodness-of-fit of the structural model was examined, and the R2 value for BDA adoption is 0.787. The model chi-square is statistically
significant (x2 (511) = 989.673, p < .001), indicating that the exact fit hypothesis is rejected. The value of x2/df is 2.079, which indicates a good
model fit. However, as this test is highly sensitive [100], we also examined other measures of goodness-of-fit by using a combination of one of
the relative fit indexes and root mean square error of approximation (RMSEA) [49]. This revealed a comparative fit index (CFI) of 0.902 and an
incremental fit index (IFI) of 0.903, with both exceeding the cut-off value of 0.80 (Byrne, 2001). The RMSEA is 0.060 [16], further indicating that
our data adequately fit the measurement model. Variance inflation factors (VIFs) for the independent variables were also checked for evidence
of multicollinearity concern [92]. The results ranged from 1.299 to 2.218. None of the VIF exceeds 5, indicating that multicollinearity is not an
issue in our study.
Table 3: Structural equation modelling results

[Insert modelling result table about here]

Hypotheses testing (direct effects)

The first two hypotheses state that the elements of technology context, namely anticipated value and technological competence, will all
positively influence BDA adoption. As shown in Table 3, the paths from anticipated value (f = 0.172, p = .003) and technological competence (3
= 0.374, p < .005) to management’s BDA adoption are all significant. Thus, our results support these hypotheses. Hypotheses 3 and 4, state that
top management support, organizational readiness will positively influence BDA adoption. As demonstrated below, the path from top
management support to BDA adoption is significant (3 = 0.406, p < .000), and the path from organizational skills to BDA adoption are also

significant ( = 0.342, p <.005). Thus, hypotheses 3 and 4 were supported. Hypotheses 5, 6 and 7 state that in the environmental context factors
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such as competitive pressure, external support, and regulatory environment all positively influence BDA adoption. Although our results found
support for external support (3 = 0.271, p = .002), the paths between competitive pressure (8 = 0.172, p = .213), and regulatory environment (3 =
0.005, p =.783) to BDA adoption were both not significant. Hence, the findings support hypotheses 6, but not hypotheses 5 and 7. Furthermore,
the results demonstrated that financial performance ( = 0.096, p = .031) and non-financial performance (8 = 0.095, $ = 0.018) were positively

influenced by management’s BDA adoption.

Test of moderation (indirect effects)

In addition to the direct relationship of our model, we examined two moderating effects: H10a and H10b, respectively, and posit that
environmental dynamism positively moderates the degree to which management’s decision to use BDA influences financial and non-financial
performance. Testing moderating effects involves a comparison of a main effect model with a moderating effect model, we conducted our
analyses by creating interaction variables directly within the CB-SEM. Interaction terms were computed using the standardized scores, thus
limiting potential multicollinearity between the main and interaction variables. In each of the interaction models, the interaction terms are
significant with the addition of each of the interaction variables. We observe that, as hypothesized, the path coefficient for H10a is positive (0.312,
significant at 0.003). However, the moderation effect of H10b was not statistically significant with a path coefficient of -0.122 (significant at 0.415).
Concentrating on the significant path, our findings imply that when management use BDA it has a stronger influence on the organization's

financial performance especially in a dynamic environment. See Table 3 for a summary of the moderation test results.

Discussion
In this section, we address the research question addressed in this study: ‘What are the drivers affecting management’s adoption of BDA adoption

and the impacts on financial and non-financial performance?” To address the research question, the TOE framework was employed to examine the
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impact of technological, organizational, and environmental factors on BDA adoption in organizations. The technological factor (anticipated value
and technological competence), organizational factors (top management support and organizational readiness), and most of the environmental
factors (completive pressure, external support, and regulatory environment) were found to have a significant positive influence on organizational
BDA adoption. However, the impacts of one environmental factor (external support) BDA adoption were not supported by the findings of this
study. We also examined the influence of organizational BDA adoption on their financial and non-financial performance. The findings of this
study supported these relationships. Moreover, we tested the moderating effect of environmental dynamism on the relationship between BDA
adoption on both financial and non-financial performance. Our result found support for the moderating effect between environmental dynamism
and financial performance. However, the path between environmental dynamism and financial performance and non-financial performance was
not supported.

These findings are discussed further in the following sub-sections, which reflect on previous studies to highlight the study’s contributions.

Technological factor

Our data analysis results show that both technological components in our model (anticipated value and technology compatibility) directly
influence BDA adoption. Our hypothesis is supported by these results, which are also usually in line with the TOE framework. Moreover, these
results provide new insight into how the BDA's implementation might ultimately pay dividends. In particular, we find that it is not the technical
components themselves but rather the actual use of the technologies (BDA) that has a significant effect on the performance of an organization.
The ultimate impact of big data on organizational outcomes is mediated by BDA adoption. As a result, the TOE variables are required antecedents

to promote BDA adoption, which will eventually be the crucial component that contributes to enhanced business performance.

Organizational factors
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Both organizational factors (top management support and organizational readiness) were shown to have an impact on BDA adoption.
Top management support is commonly identified as a significant factor in organizations' adoption of various forms of technology, such as ICT,
cloud computing, e-commerce, CRM, and ERP [5;7;28;40]. The major decision-makers in organizations are the owners/managers, and their vision
impacts the extent of support for BDA implementation. Top management support is critical for establishing a favourable environment for
enterprises to embrace new technology (7;106]. Top-level management drives organizational transformation by conveying and fostering values
via a clear vision for the company [28]. Top-level management assistance may help speed up learning and spreading technology across the
organization [7]. As such, they play an important role in the various phases of BDA adoption.

The significant relationship between organizational readiness and BDA adoption is consistent with past technology adoption studies
[37;28;58;64]. Without enough technical, financial, and qualified human resources, organizations find it difficult to implement BDA. An
organization is unlikely to implement BDA if it has the necessary resources and competencies. Outsourcing BDA requires financial and early

technology resources, and qualified people are critical in the implementation stage [37].

Environmental factors

Among the three environmental factors (competitive pressure, external support, and government regulation), only external support plays
a substantial role in BDA adoption among organizations. The insignificant impact of competitive pressure contradicts the results of [40]. A lack
of multi-national rivals and low levels of BDA among local competitors in the Nigerian market are plausible factors for the minimal influence of
competitive pressure in Nigeria. Nigerian institutions, for example, are less impacted by globalization than their counterparts in other countries
because of sanctions that have prevented major investments by international corporations in the Nigerian market (Nwanga et al., 2022).
Competitive pressure is reduced since local businesses are slow to embrace BDA. Consequently, this consideration is negligible when business

owners and managers decide whether to implement BDA [23].
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The predicted significant relationship between external support and organizational BDA adoption is consistent with the results of [40;37].
According to [40], if a firm's CEOs understand that an Information System (IS) service provider can meet their IS adoption requirements, they
are more likely to adopt it. Training and technical assistance provided by BDA service providers may alleviate managers' concerns over the lack
of technical skills required for BDA implementation. Organizations grappling with a shortage of knowledge rely heavily on external assistance
for decision-making.

In contrast to the results of [64] and [40], the findings of this research demonstrate that government regulations do not influence
organization BDA adoption. A possible explanation for the insignificance of this correlation is that organizations see BDA adoption as a
substantial investment and that government incentives are inadequate to justify the expenditure. Moreover, the rapid changes in government
regulations in Nigeria negatively impact the degree to which managers' actions depend on government regulations, particularly in the case of
BDA. The impact of government regulations on organizations' decisions to invest in BDA in Nigeria is insignificant [].

The findings demonstrated that BDA adoption significantly impacts organizations' financial and non-financial performance. [77;82;97]
have shown that BDA adoption produces commercial value for enterprises and enhances their capabilities. According to [83], BDA favours
enterprises' marketing success because it helps them create goods and services that provide clients with higher value and separate them from
rivals. [101 and [97] both claimed that BDA might boost enterprises' capacity to raise sales profitability and acquire and retain consumers. BDA
helps organizations to see their surroundings through the lens of data, resulting in increased competitive advantage, a well-perceived brand
image, and a positive reputation [91].

Finally, we examined the moderating effects of environmental dynamism on the relationship between management’s BDA adoption and
financial and non-financial performance. Based on our data, we discovered that management’s BDA adoption, which the literature has affirmed
as a critical organizational information processing skill, has a beneficial influence on organizational level financial and non-financial performance.

Although these results support the existing literature [132;18] as information processing is confirmed as a dynamic competence that provides



Transactions on Engineering Management

22

organizations with a competitive benefit [35], we added the moderating effects of environmental dynamism to examine the interaction between
management’s decision to adopt BDA and what impacts it had on both financial and non-financial performance. Our findings indicate that
environmental dynamism moderates the relationship between management’s BDA adoption and financial success. However, our data’s findings
highlighted that the moderating influence of environmental dynamism on the relationship between management’s choice to adopt BDA and

their organizations’ non-financial performancewas not significant.

Contributions, Implications, limitations, and future research direction

This research is unique — given that it is one of fewest studies to employ a large-scale field questionnaire to produce an integrated
conceptual model that examines the factors influencing management’s decision to adopt BDA and the effects of its utilization within marketing
environments of Nigeria. The findings extend the existing body of research on organizational IT-based adoption of BDA by highlighting the
evidence on which management make operational and strategic organizational choices.. The research framework is widely transferable and
generalizable to future studies on the value and knowledge creation of how enterprises at the managerial, organizational-level develop
competences via dynamic capabilities theory and the TOE framework. We posit that management’s decision to apply BDA as a dynamic
organizational information processing tool accords them the capability to affect critical, strategic organizational performance outcomes [119].
Our study also extends the TOE framework [8;1] by discovering a range of anticipated value, technological competence, top management
support, organizational readiness, and external support which all directly impact management’s BDA adoption choice. Future research should
investigate the impact of firm-level use of BDA (or other knowledge systems) on other dimensions of organizational performance.

Our results contradict earlier research that found competitive pressure and government regulation to be key drivers of management’s
BDA adoption [37;40;64] as there were no significant testable associations between these concepts. Despite earlier studies” concerns,our research

shows that management’s choice to adopt big data significantly impacts organizational level financial and non-financial performance thereby
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[80]. [131], management’s values-based choices in adopting BDA. Moreover, the way we integrateddynamic capabilities theory with the TOE
framework establishes an earlier missing theoretical connection between the major drivers/antecedents of management’'s BDA adoption and

requisite organizational outcomes of such choices. Future research can include other complimentary theoretical viewpoints into our framework

The outcomes of this research also have significant management practice implications. First, we have shown evidence of how
management’s BDA adoption has a direct impact on the financial and non-financial performance of an organization although previous research
has only hinted at the potential benefits of big data analytics [62]. As many businesses are still hesitant to make such commitments, we extend
[119] potential return on investment by deepening understanding of how to do so efficiently. Our results should serve as "proof of concept" that
using BDA practices could benefit management’s decision-making capability and organizational success. Our research also helps managers better
understand how to weigh the risks associated with external variables like volatility in their decision-making about resource identification,
prioritization and allocation. Therefore, decision-makers in organizations need to realize that the extent to which BDA adoption influences
specific organizational outcomes should be done by critically understandingtheir organization's setting. Additionally, the present research
reveals the significant managerial levers to do so. Therefore, our study dispels earlier myths that labelledbusinesses as ‘big data laggards’ because
of management’s lack of understanding of which choices optimize businesssuccess [62].

Although a combination of organizational, environmental, and technological factors could impact on management’s choices regarding
BDA adoption, our study found that managementdecision to implement BDA in Nigeria is primarily organizational and environmental rather
than technological (Esomonu et al., 2020). We highlighted how top management and external support are two of the most important elements
influencing management’s BDA strategic adoption decisions (Ihechu and Ugwuoji 2017). We add that top management should enhance BDA

adoption by ensuring the necessary financial and technical support, hiring employeeswith the requisite skills and capabilities and offering the
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relevant training to maximize success [28]. The government should develop initiatives to enhance management’s support and optimization

capacity.

While this study has demonstrated significant strengths, we also acknowledge numerous possible limitations. First, the theories we used
are based on causal concepts to characterize the interactions in the study’s model. Second,the cross-sectional research approach we used does
not entirely allow for definite findings of correlation. Longitudinal research could be conducted in future to give more evidence for causal
interactions. A longitudinal study might give more insight into the varying nature of how management’'s BDA adoption affects not only
organizational performance but other aspects such as cultural nuances and staff’s potential resistance to BDA adoption. Longitudinal research
would also give a more detailed knowledge of how the TOE variables could impact on the various interacting internal and external factors
impacting on the process and outcomes of managerial decision-making potentials. Third, the research concentrated on Nigeria, a developing
country with little infrastructural and institutional development. Nigeria's weak infrastructures and institutions have a substantial influence on
the competitive character of the markets in which the selected organizations were located and the government's ability to encourage enterprises'
and their management’s adoption of BDA. More research is needed to put the conceptual framework to the test in both developing and developed
nations beyond marketing contexts. Furthermore, future research might benefit from the study's conceptual framework by examining other

elements including organizational and individual culture, market pressure, and technological infrastructures [14;32].
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First-order constructs

Anticipated value Chen et al., 2015; Ghobakhloo, Arias-Aranda et al., 2011; Premkumar & Roberts, 1999)

1.

S

6.

Data Analytics improves the quality of work

Big Data Analytics makes work more efficient

Big Data Analytics lowers costs

Big Data Analytics improves customer service

Big Data Analytics attracts new sales to new customers or new markets

Big Data Analytics adoption identifies new product/service opportunities

Technological competence Chen et al., 2015; Ghobakhloo, Arias-Aranda et al., 2011; Thong, 1999; Tornatzky & Klein, 1982)

1.
2.
3.

Using Big Data Analytics is consistent with our business practices
Using Big Data Analytics fits our organizational culture

Overall, it is easy to incorporate Big Data Analytics into our organization

Top management support (Chen et al., 2015; Lai et al., 2018; Priyadarshinee et al., 2017)

1.
2.
3.
4.

Our top management promotes the use of Big Data Analytics in the organization
Our top management creates support for Big Data Analytics initiatives within the organization
Our top management promotes Big Data Analytics as a strategic priority within the organization

Our top Management is interested in the news about using Big Data Analytics adoption

Organisational readiness (Chen et al., 2015)

1.

2.
3.
4.

lacking capital/financial resources has prevented my company from fully exploit Big Data
Analytics

lacking needed IT infrastructure has prevented my company from exploiting Big Data Analytics
lacking analytics capability prevent the business fully exploit Big Data Analytics

lacking skilled resources prevent the business fully exploit Big Data Analytics

Competitive pressure (Lai et al., 2018)

1.
2.

Our choice to adopt Big Data Analytics would be strongly influenced by what competitors in the industry are doing

Our firm is under pressure from competitors to adopt Big Data Analytics
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3. Our firm would adopt Big Data Analytics in response to what competitors are doing

External Support (Ghobakhloo, Arias-Aranda et al., 2011, 2011b; Li, 2008)
1. Community agencies/vendors can provide required training for Big Data Analytics adoption
2. Community agencies/vendors can provide effective technical support for Big Data Analytics
adoption

3. Vendors actively market Big Data Analytics adoption

Government Regulation (Agrawal, 2015; Gupta and Barua, 2016; Lai et al., 2018; Li, 2008)
1. The governmental policies encourage us to adopt new information technology (e.g., big data
analytics)
2. The government provides incentives for using big data analytics in government procurements and
contracts such as offering technical support, training, and funding for big data analytics
3. There are some business laws to deal with the security and privacy concerns over the Big Data
Analytics technology

Big Data Analytics Adoption (Raguseo & Vitari, 2018)

In terms of Strategic Benefits
1. My company has used Big Data Analytics to..........
Respond more quickly to change

Create competitive advantage. Improve customer relations.

In terms of Transactional Benefits
2. My company has used Big Data Analytics to..........
Enhance savings in supply chain management.
Reduce operating costs.

Reduce communication costs. Enhance employee productivity.

In terms of Transformational Benefits
3. My company has used Big Data Analytics to..........
Improve employees’ skill level.
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Develop new business opportunities.

Expand capabilities. Improve organizational structure and processes.

In terms of Informational Benefits
4. My company has used Big Data Analytics to..........
Enable faster access to data.

Improve management data. Improve data accuracy.

Financial Performance (Ren et al., 2017; Raguseo & Vitari, 2018)

Compared with your major competitors, how do you rate your firm's performance in the following areas over the past 3 years
1. Improving customer retention
2. Improving sale growths
3. Improving profitability

Non-financial Performance (Ren et al., 2017; Raguseo & Vitari, 2018)
Compared with your major competitors, how do you rate your firm's performance in the following areas over the past 3 years.
Entering new markets quickly.
1. Introducing new products or services to the market quickly.
2. Success rate of new products or services.
3. Market share.

Environmental Dynamism
1. The rate at which your customers’ product/service needs change.
2. The rate at which your suppliers’ skills/capabilities change.
3. The rate at which your competitors’ products/services change.
4. The rate at which your firm’s products/services change.
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Table 1:

Demographic profile
Characteristic (n = 261) Frequency Percentage
Education
Primary qualification 23 8.8
Secondary qualification 32 12.2
Diploma 68 26
Undergraduate degree 111 425
Postgraduate degree (Master/PhD) 27 10.3
Age
18-25 years old 25 9.5
26-33 years old 67 25.6
34-41 years old 89 34
4249 years old 46 17.6
50 years old or older 33 12,6
Gender
Male 144 55.1
Female 117 44.8
Number of Employees
1-10 employees 50 19.1
11-49 employees 122 46.7
50-99 employees 57 21.8
100-149 employees 31 11.8
Sector Type
Food and Beverages 55 21
Online and offline retail 33 12.6
Internet service provider 45 17.2
Machinery & Equipment 55 21
Office Equipment 34 13
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Radio, TV& Communication Tools 33 12.6
Position
Executive/Senior manager 115 44
Chief executive manager/owner 146 55.9
Big Data Experience

< lyear 48 18.3
1-2 years 112 429
2-3 years 90 34.4
3-4 years 52 19.9
4+ years 39 14.9

Table 2:

Descriptive statistics, correlations, Cronbach’s alpha, and square root of the AVE

Constructs Mean SD CR AVE AV TC ™S OR CP ES RE BDA FP NFP ED
AV 3296 0873 0.858 0.972 0.844

TC 3.813 0952 0,994 0,862 0381 0.885

TMS 4.002 0743 0.872 0953 0401 0487 0.896

OR 4312 0913 0.773 0.868 0.266 0.333 0.378 0.795

CP 4164 0971 0983 0793 0345 0431 0493 0308 0.853

ES 3.801 0.833 0905 0.829 0421 0490 0580 0.332 0.466 0.835

RE 4298 0989 0.961 0,807 0406 0486 0.613 0361 0528 0.546 0.875

BDA 4.062 0643 0961 0,802 0.431 0500 0.685 0.250 0.468 0.650 0.678 0.832

FP 3701 0,719 0,978 0.829 0.099 0.063 0.078 0.050 0.133 0.015 0.058 0.118 0.839

NFP 4.092 0791 0.811 0.88 0248 0427 0444 0338 0442 0400 0.358 0.364 0.254 0918
ED 3.763 0.889 0978 0829 0.016 0.055 0.062 0.119 0.066 0.030 0.017 0.182 0474 0.246 0.869
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Table 3:
Structural Model Path Analysis.
Hypotheses Relationships Path P Values Decision
Coefficients
Direct effect
H1 AV ->BDA 0.172 0.003***  Supported
H2 TC ->BDA 0.374 0.005** Supported
H3 TMS - >BDA  0.406 0.000***  Supported
H4 OR - >BDA 0.342 0.005** Supported
H5 ES - >BDA 0.271 0.002***  Supported
Hé CP ->BDA 0.172 0.213 Not Supported
H7 RE - >BDA 0.005 0.783 Not Supported
H8 BDA - >FP 0.096 0.031* Supported
H9 BDA ->NFP  0.095 0.018 Supported
Moderation effect
H10a ED - >FP 0.312 0.003***  Supported
H10b ED - >NFP -0.122 0.415 Not Supported

Note: *p <0.05; **p <0.01; ***p < 0.001 (one-tail).
Anticipated value (AV); Technological competence (TC); Top management support (TMS); Organisational readiness (OR); Competitive pressure (CP); External
Support (ES); Government Regulation (GR); Big Data Analytics Adoption (BDA); Financial Performance (FP); Non-financial Performance (NFP)



