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A B S T R A C T   

There are various kinds of applications of BDA in the firms. Not many studies are there which deal with the 
impact of BDA towards issues like forecasting, decision-making, as well as performance of the firms simulta
neously. So, there exists a gap in the research. In such a background, this study aims at examining the impacts of 
BDA on the process of decision-making, forecasting, as well as firm performance. Using resource-based view 
(RBV) as well as dynamic capability view (DCV) and related research studies, a research model was proposed 
conceptually. This conceptual model was validated taking help of PLS-SEM approach considering 366 re
spondents from Indian firms. This study has highlighted that smart decision making and accurate forecasting 
process can be achieved by using BDA. This research has demonstrated that there is a considerable influence of 
adoption of BDA on decision making process, forecasting process, as well as overall firm performance. However, 
the present study suffers from the fact that the study results depend on the cross-sectional data which could invite 
defects of causality and endogeneity bias. The present research work also found that there is no impact of 
different control variables on the firm's performance.   

1. Introduction 

Significant emphasis has been given to understand the impact of 
various applications of big data analytics (BDA) on the performance of 
the firms and it has invited considerable attention from the researchers 
(Elhoseny et al., 2020). The data is considered as a critical asset of the 
firms which could be used to make strategic decisions (Agarwal and 
Dhar, 2014; Shajalal et al., 2023). The data of the firms can easily be 
managed as well as integrated with the help of applications of infor
mation technology to develop the firm's forecasting as well as decision 
making processes (Abbasi et al., 2016; Hajek and Abedin, 2020; Petr 
et al., 2022). Due to the high strategic and operational potential, BDA is 
believed to be a successful enabler since it could support the firms for 
achieving superior business performance (Wamba et al., 2017; Khalfaoui 
et al., 2022; Efat et al., 2022). BDA is considered as a process that helps 
the decision makers to analyze large volume of data. Such data is pro
cessed with the help of machine learning (ML) for extracting several 

potential useful information. This information could include the per
formance of the clients, customers' liking and disliking trends in the 
current market along with contact details of the customers helpful for 
pushing marketing activities. BDA is helpful for storage of data and 
effective data analysis approach for better information extraction, 
proper forecasting process, as well as for making appropriate and ac
curate decisions (Vrontis et al., 2021; Tseng et al., 2022). It is pertinent 
to mention here that adoption of BDA in a firm could also invite some 
challenges concerning the issues of analysis of confidential and personal 
data which are inimical from the privacy and security perspectives. For 
smooth deployment of BDA, it is necessary to identify these risks and at 
the same time should find ways for mitigating those risks (Neirotti et al., 
2021). There is a doubt if by storing such huge volume of data, is it 
possible by the firms to appropriately transform that data into essential 
knowledge and information helpful for businesses to survive and pro
vide a better competitive advantage? (Voort et al., 2021; Chaudhuri, 
2022). But there is also another school of thought which predicts that 
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with the help of BDA in the regular business activities, firms could derive 
tremendous beneficial results, particularly for the large organizations 
like Google, Facebook, Amazon, Walmart, Netflix, and so on (Schildt, 
2017). BDA is interpreted as “a holistic process that involves the 
collection, analysis, use, and integration of data for various functional 
divisions with a view to gaining actionable insights, creating business 
value, and establishing competitive advantage” (Gunasekaran et al., 
2017, p.308). Accurate decision making and forecasting process require 
reliable data. In such a context, BDA is a process where such technology 
usage helps the decision-makers to analyze data obtained from the users 
with the help of machine learning. Such analysis of data helps leaders 
and managers of the firms to understand the preferences of the con
sumers along with current market trends. Different BDA enabled tech
nological applications help to assess the changing consumer preference 
due to dynamic changes in society as well as in business environment 
(Voort et al., 2021). BDA helps with better forecasting and for making 
accurate decisions (Spanaki et al., 2018). Walmart is reported to have 
collected 2.5 petabytes of the data of the customers in each hour for 
knowing customers' accurate buying behavior (Bradlow et al., 2017). 
The impacts of BDA abilities can be considered as DCs (dynamic capa
bilities) of a firm (Aydiner et al., 2019). Though, several studies have 
highlighted various contributions of BDA to a firm (Akter et al., 2020; 
Wang et al., 2022). But there are limited studies which extensively 
investigated how adoption of BDA in a firm could improve the perfor
mance of the firms through the enhancement of some intermediate 
factors like decision-making and forecasting capabilities along with 
financial and operational efficiency of the firms (Zytek et al., 2021). 
Thus, from the above discussion, the following research questions (RQs) 
are proposed which need to be addressed. 

RQ1. How big data analytics can impact decision making and forecasting 
process of a firm? 

RQ2. Whether the applications of big data analytics can influence the 
firm's overall performance through the improvements of financial and oper
ational performance of the firm? 

The present study has contributed to the fact that adoption of BDA in 
a firm can impact its decision making and forecasting process which 
could eventually enhance the overall performance of the firm through 
the improvement of some intermediate contextual factors like financial 
and operational performance of the firm. 

The above RQs have been addressed by developing a theoretical 
model. The model has been duly validated by partial least square 
structural equation modeling (PLS-SEM) approach by analyzing the re
sponses of 366 respondents. To theoretically substantiate the empirical 
findings, the present study has integrated resource-based view (RBV) 
(Barney, 1991), knowledge-based view (KBV) (Maroufkhani et al., 
2019), and dynamic capability view (DCV) (Teece et al., 1997), since 
any single view out of its own could not explain the contribution of BDA 
on the overall performance of the firms through the improvement of 
decision-making and forecasting abilities along with the enhancement of 
financial and operational performance of the firms. 

2. Background studies and theories 

Studies have demonstrated that for developing smart manufacturing 
systems and for improving the activities in hospitality and tourism 
sectors, BDA is considered as an important tool (Wamba et al., 2019; 
Wang et al., 2022; Brewis et al., 2023; Bag et al., 2023). There are 
research works which highlighted that firms are aligned to invest 
massively in deploying BDA tools in their businesses for improving intra 
and inter firm operations to develop their forecasting and decision- 
making processes that eventually could ensure better operational effi
ciency (Chakravarty et al., 2013; Chatterjee, 2019; Akhtar et al., 2018; 
Choi and Park, 2022a, 2022b). Big data is comprised of transactional 
data, check-stream data, visual data, and so on which are used for better 
decision-making as well as forecasting purposes (Tambe, 2014; Wang 
et al., 2016; Spanaki et al., 2018). There are research works which have 

highlighted that the BDA capability can impact operational and financial 
efficiency of the firms which could eventually influence the overall ef
ficiency of the firms (Upadhyay and Kumar, 2020; Basile et al., 2021). 
Studies have highlighted that BDA along with artificial intelligence (AI) 
enabled dynamic capability can ensure better operational performance 
for enhancement of service quality, reduction of cost, manufacturing of 
new products with lower cost, as well as mitigation of market risks 
(Dubey et al., 2020). Scholars advocate that BDA driven dynamic 
capability can ensure better financial effectiveness using big data plat
forms. The BDA enabled dynamic capabilities can help the firms to 
address the dynamic uncertain business environments which could 
enhance the efficiency of the firms (Akter et al., 2020; Nguyen, 2021). In 
earlier studies, it has been observed that several theories have been 
employed for examining the effects of BDA on firm performance 
(Mikalef et al., 2019; Bhattacharjee et al., 2021). The firms need to 
develop congenial mechanisms for aptly synchronizing as well as inte
grating their internal valuable, rare, inimitable, and non-substitutable 
(VRIN) resources with the externally seized opportunities to fully 
leverage the benefits of BDA applications (Mithas et al., 2013). This 
concept integrates the ideas of RBV(Barney, 1991) and DCV (Teece 
et al., 1997). 

However, to achieve a better competitive advantage, ownership of 
VRIN resources is necessary but it is not a sufficient condition (Agha 
et al., 2012). Since the business environment is changing rapidly, in such 
volatile market conditions, the firms must also possess dynamic capa
bilities to address the volatile marketplace (Pisano, 2015). Such argu
ments are supported by DCV (Teece et al., 1997) to supplement the 
deficiency of RBV (Barney, 1991). The dynamic capabilities of a firm 
help to integrate, improve efficiency, and eventually support in recon
figuring the internal as well as the external competencies for addressing 
the rapidly changing business environments (Teece, 2012; Teece, 2014). 
DCV is defined as a “high-level routine (or collection of routines) that, 
together with its implementing input flows, confers upon an organiza
tion's management a set of decision options for producing significant 
outputs of a particular type” (Winter, 2003, p. 991). BDA helps to 
transform the raw unit of data into substantial and meaningful infor
mation helping for reduction of the ambiguity towards making accurate 
decisions as well as for effective forecasting purposes which could 
eventually help the firms for reacting and responding quickly in a vol
atile marketplace (Teece, 2012; Torres et al., 2018). Thus, it is seen that 
studies have demonstrated that in hospitality and tourism industry, BDA 
is considered as an important tool (Wang et al., 2022; Wamba et al., 
2019). Studies also have highlighted that successful deployment of BDA 
tool could improve the operational efficiency of a firm (Chakravarty 
et al., 2013; Akter et al., 2020). Studies have also revealed that fore
casting and decision-making processes of a firm can be improved by the 
adoption of BDA tool (Tambe, 2014; Wang et al., 2016; Spanaki et al., 
2018). Studies have also highlighted that BDA could improve the effi
ciency of a firm (Akter et al., 2020; Nguyen, 2021). Thus, there are 
several studies which highlighted the various contributions of applica
tions of BDA in a firm. But those studies took place in a fragmented 
manner. Limited studies are there which extensively investigated how 
adoption of BDA could improve simultaneously forecasting and 
decision-making abilities of a firm along with improvement of financial 
and operational performance of a firm which could eventually enhance 
the overall performance of the firm. Hence, there is a gap in the extant 
literature. This study has taken an attempt to fill up such a gap. 

BDA covers specific IT skills, domain knowledge, along with 
analytical competencies needed to impact financial and operational 
effectiveness of the firms in the complicated data-oriented business 
environments (Chen et al., 2015). This idea confirms a knowledge-based 
view that has been derived from the essence of RBV (Maroufkhani et al., 
2019). Thus, in the world associated with rapid advancement of tech
nologies, firms must have possessed abilities to promptly configure and 
develop novel competencies and practices for adapting with new busi
ness paradigms. This can be accomplished by the help of BDA enabled 

S. Chatterjee et al.                                                                                                                                                                                                                              



Technological Forecasting & Social Change 196 (2023) 122824

3

dynamic capabilities as well as with the help of VRIN in house abilities, 
the concept being corroborated by both RBV and DCV. 

3. Hypotheses formulation and development of a conceptual 
model 

Taking support of theories and literature, it was possible to establish 
the nexus between adoption of BDA and overall firm performance by 
improving some identified endogenous intermediate contextual con
structs. Here, the constructs used in this study will be discussed and 
efforts will be made to develop a few hypotheses to propose a model 
conceptually. 

3.1. Adoption of big data analytics 

The applications of BDA are used to explore huge volumes of raw 
data which could help to ascertain different correlations among various 
factors, understanding the business style along with other essential in
sights (Huang et al., 2017). It has been noted by Aydiner et al. (2019) 
that there exists a nexus between BDA adoption as well as improvement 
of firm performance through development of process performance. BDA 
enabled business activities could help the firms develop various business 
processes through making accurate decision in real time resulting in 
lowering operating costs, improving product quality, as well as product 
availability (Wamba et al., 2019; Thrassou et al., 2022). It has been 
observed through empirical findings that successful adoption of BDA 
tools could enhance the process efficiency of the firms and eventually 
can improve the overall firm performance (Gunasekaran et al., 2017; 
Sheshadri, 2020). BDA has all the characteristics of DCs as opined by 
Wamba et al. (2019) which supports DCV. BDA has been considered as a 
basic tool to enable better business performance in different business 
sectors including hospitality, tourism, and smart manufacturing 
(Sharma et al., 2021a, 2021b). There are various research works which 
have highlighted that firms are continuously investing towards adoption 
of BDA tools to enhance their intra and inter firm operations. Thus, the 
adoption of different applications of BDA can influence the decision- 
making as well as forecasting process (Chakravarty et al., 2013; Akh
tar et al., 2018; Choi and Park, 2022a, 2022b). Hence, the following 
hypotheses are prescribed. 

H1a: Adoption of BDA (ABA) positively influences the decision-making 
process (DMP) in the firms. 

H1b: Adoption of BDA (ABA) positively influences the forecasting process 
(FCP) in the firms. 

3.2. Process impact 

In the context of BDA adoption, it has been argued that such adoption 
has an impact on the business process that principally comprises deci
sion making and forecasting processes. In terms of the observation of 
Tseng et al. (2022), BDA entails effective analysis approaches which 
could facilitate smart decision-making helpful to impact performance of 
the firms by reducing the cost of business operations and thereby 
impacting firms' financial performance. One of the principal challenges 
of accurate decision making by using BDA tools lies in the fact that 
majority of machine learning algorithms are found to have predictability 
issues and the decisions emerged by using such machine learning algo
rithms are difficult for understanding as the origin of prediction is 
indistinct to human users (Zytek et al., 2021; Chaudhuri and Vrontis, 
2021). There are three models of decision characteristics which are 
normative, descriptive, as well as perspective (Sheshadri, 2015; Gati and 
Kulcsár, 2021; Brewis et al., 2023). The normative model is concerned in 
examining how the accurate decisions could be arrived at by the in
dividuals. Again, the descriptive model highlights how it is possible to 
make accurate decisions by individuals. The perspective model helps to 
understand the career decision-making process that could support the 
individuals in a better manner. Accurate decision-making process is 

perceived to have reduced cost of business operations, thereby eventu
ally impacting overall performance of the firms (Chatterjee et al., 2021; 
Pham and Lo, 2023). Thus, the hypotheses below have been proposed. 

H2a: Accurate and quick decision-making process (DMP) positively im
pacts the financial performance (FIN) of the firms. 

H2b: Accurate and quick decision-making process (DMP) positively im
pacts on the overall firm performance (OFP). 

Firms must have the ability to accurately forecast so that they can 
adopt proper strategy and can make effective business planning (Lee 
et al., 2009; Chaudhuri et al., 2021). The prediction is principally based 
on the analysis of available data with the help of BDA (Choi and Park, 
2022a, 2022b). Different capabilities like corporate wikis, knowledge 
management (KM) systems, BI dashboard, and so on are found to have 
used available information for creation of new insights helpful for better 
forecasting process (Abbasi et al., 2016; Sheshadri, 2019). Forecasting 
processes in businesses include the technique for looking at the past and 
present data along with assessment of trends in marketplace for accu
rately predicting the future financial performance of the firms (Akter 
et al., 2020; Yuk and Garrett, 2023). Effective forecasting helps a firm to 
assess how much revenue can potentially be earned in a specific period 
for a specific project and could help the firms for articulating proper plan 
for future (Kang et al., 2021; Sharma et al., 2021a, 2021b; Bag et al., 
2023). Thus, accurate forecasting process is perceived to be helpful for 
designing better business style and eventually can impact the firm's 
performance. Thus, the following hypotheses are proposed. 

H2c: Accurate forecasting processes (FCP) positively impact on the 
overall firm performance (OFP). 

H2d: Accurate forecasting processes (FCP) positively impact on the 
financial performance (FIN) of the firms. 

3.3. Performance impact 

It is a fact that financial performance and operational performance 
could help to improve the firm's overall performance. It has been 
observed that market power and business style can be considered as two 
important antecedents of performance of the firms (Dubey et al., 2019). 
Again, the assessment of performance of a firm now goes beyond esti
mating only firms' effectiveness and efficiency. Performance of a firm is 
associated with the concept of assessing the progress, traceability, as 
well as ability to diagnose and address challenges of a firm (Dubey et al., 
2017). In terms of empirical research work, it has been found that suc
cessful exploitation of BDA capabilities is construed as a proper assess
ment of firm performance (Gunasekaran et al., 2017). Another study has 
demonstrated that data analytics possesses a direct link towards the 
improvement of firms' operational performance (Srinivasan and Swink, 
2018). It has been observed that there exists a close link between BDA 
adoption as well as enhancement of firm performance through the 
improvement of process performance (Aydiner et al., 2019). There are 
studies which have could demonstrate that BDA adoption can have a 
direct influence on firm's financial as well as operational performance 
(Gligor et al., 2015; Wamba et al., 2019). The above inputs lead to 
formulating the following hypotheses. 

H3: Improvement of financial performance (FIN) of a firm positively 
impacts overall firm performance (OFP). 

H4: Improvement of operational performance (OPE) of a firm positively 
impacts overall firm performance (OFP). 

In this study, firm age, type, and size have been considered as control 
variables which could impact the overall performance of the firms (Chen 
et al., 2015). The above discussion leads to developing a model 
conceptually shown in Fig. 1. 

In Fig. 1, it is observed that adoption of bigdata analytics (ABA) 
impacts decision-making process (DMP) and forecasting process (FCP) 
which could influence financial performance (FIN) and operational 
performance (OPE), and these two factors eventually impact overall firm 
performance (OFP). Here, firm age, firm size, and firm type have been 
considered as control variables to impact overall firm performance 
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(OFP). 

4. Design of research 

For testing the hypothesized relationships as well as for validating 
the proposed conceptual model, help of survey method has been chosen 
and data has been gathered from the potential targeted respondents. 
This process is deemed to be befitting for such studies which requires the 
testing of the hypotheses, elucidating the population, preparing the 
measures, as well as developing a theoretical model (Lee and Shim, 
2007). 

4.1. Questionnaire preparation 

The set of questions has been developed with the help of existing 
literature and is provided in Appendix A. The dimensions have been 
measured on 5-point Likert scale having anchors spanning from SD 
(Strongly Disagree) [marking as 1] to SA (Strongly Agree) [marking as 
5]. The questions prepared have been pre-tested with due consultation 
from nine experts to simplify the recitals of the questions. Out of these 
nine experts, five experts belong to the industrial sector with each 
having professional experience for more than ten years in the related 
field. The other experts were academicians, each having more than 
fifteen years of experience in research in the field of this study. Their 
inputs help to rectify the questions through enhancement of their 
readability. After completion of the pre-test, pilot test was conducted 
with analysis of responses of 25 respondents selected through the 
approach of convenience sampling technique. It is pertinent to mention 
here that these 25 respondents are mostly leaders and managers of those 
firms which have adopted BDA or have been contemplating adopting 
BDA. The inputs of 25 respondents could help to enhance the under
standability and the comprehensiveness of the questionnaire. It is 
pertinent to mention here that all these 25 respondents were not a part 
of the principal survey. In this way eventually 26 items were prepared. 

4.2. Sample collection 

There are researchers in this study who belong to India having links 
with the top officials of some business associations in India like FICCI, 
NASSOCM, and CII. The connections of the researchers have been used 

to collect responses from various types of employees of different orga
nizations. An online questionnaire link has been created by using Google 
docs application. The questionnaire link was shared among the officials 
of these industry bodies. Taking help of their network capability with 
various organizations in different industries like IT, healthcare, retail, 
telecommunication, automobile, pharmaceutical and so on, it was 
possible to send the questionnaire links to some of the leaders of these 
firms. Mostly leaders and managers were targeted as most of the critical 
decisions in the firms are supposed to be taken by the leaders and 
managers of the firms with different hierarchies. All these prospective 
respondents (leaders and managers) were given the response sheets. 
Since the unit of representation of this survey is the firm, an individual 
from each of the firms was considered representing that firm. 

Each response sheet contains 26 questions in the form of statements. 
A guideline was also provided for the potential respondents highlighting 
the process of filling up of the response sheet. The respondents were 
appraised that their identities will be kept secret. All the prospective 
participants were asked to fill up the response sheet within a specific 
timeline (October–December 2022). Initially, 917 respondents were 
targeted. Within the scheduled time, responses of 381 respondents were 
eventually obtained. The rate of response was found to be 41.5 %. Here, 
a non-response bias test has been conducted in terms of the recom
mendations of Armstrong and Overton (1977). For this, chi-square test 
and independent t-test have been conducted by analyzing the responses 
of first and last 100 responses. No mentionable difference of results was 
noted in these two cases. As such, non-response bias did not pose a major 
concern in this study. After the verification process, it was ascertained 
that 15 responses belonging to the 15 firms were incomplete and they 
were not considered. Finally, analysis was done with responses from 366 
respondents with 26 instruments. The sample characteristics are shown 
in Table 1. 

5. Data analysis along with the results 

For testing the hypotheses as well as for validation of the model, PLS- 
SEM approach is adopted. This approach helps to synthesize complex 
models and it does not impose any restriction on the number of samples 
(Willaby et al., 2015). In this technique, the normal distribution of the 
data is not required which is the essential condition for CB-SEM 
approach (Kock and Hadaya, 2018). Also, the PLS-SEM approach is 

Fig. 1. Theory-based research model.  
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helpful to analyze a study which is exploratory in nature like this study 
(Peng and Lai, 2012). The inputs of the respondents have duly been 
quantified by taking help of 5-point Likert scale. Here a 5-point Likert 
scale has been used because it is simple to apply, and this scale provides 
an opportunity to the respondents to take a neutral stand by choosing 
‘neither disagree nor agree’ option. 

5.1. Measuring parameters and test for discriminant validity 

For assessment of convergent validity, LF (loading factor) for each 
instrument was measured. To verify validity, reliability, and internal 
consistency, the AVE, CR, and Cronbach's α of all the constructs have 
duly been estimated. It appears from the results that all the estimated 
values of LFs are greater than the lowest permissible value of 0.7 (Chin, 
2010) and the estimated values of AVEs are all greater than the lowest 
allowable value of 0.5 (Hair et al., 2017). Table 2 shows the results. 

For discriminant validity test, square roots of AVEs are computed. 
These values are found to be greater than the corresponding correlation 
coefficients. It satisfies the criteria of Fornell and Larcker (1981). Table 3 
reveals the outputs. 

To supplement the Fornell and Larcker criteria (Fornell and Larcker, 
1981), Heterotrait Monotrait test (HTMT) has duly been conducted. The 
HTMT values are found to be all <0.85 (Teo et al., 2008; Henseler et al., 
2015). The results are provided in Table 4. 

5.2. Common method bias (CMB) 

The results of this study are found to have relied on such data which 
have been obtained from survey. Hence, the question of having CMB 
cannot be avoided. To mitigate the risks of CMB, this study has taken 
some effective procedural measures at the outset. During the survey, all 
the items have duly been edited through the process of pre-test and pilot 
test. Additionally, all the prospective respondents were assured to keep 
their identities confidential. All these steps were taken with the expec
tation of having unbiased responses. Even after that, Harman's single 
factor test (SFT) has been performed as a statistical test. The results of 
the SFT clearly indicated that the first factor was 20.62 % of the vari
ance. It is within 50 % as envisaged by Podsakoff et al. (2003). Since 
Harman's SFT is not considered as a robust and conclusive test for CMB 
(Ketokivi and Schroeder, 2004), another statistical test has been con
ducted. To reconfirm the SFT, marker correlation ratio test has duly been 
conducted (Lindell and Whitney, 2001). This test also indicated that 

there is no evidence of CMB. These results help to construe that CMB 
could not pose a major threat to distort the data. 

5.3. Effect size f2 test 

For verifying the contributions of independent variables on the 
corresponding dependent variables, the effect size f2 test has duly been 
performed. It is said that the values of f2 are large if they are >0.350, 
they are said to be medium if their values lie between 0.150 and 0.350, 
and they are said to be weak if the values are between 0.020 and 0.150 
(Cohen, 1988). The results have been highlighted in Table 5. 

Table 1 
Sample characteristics (N = 366).  

Particular Characteristics Frequency Relative 
percentage 

Industry type IT  65  17.8 
Healthcare  55  15.0 
Retail  70  19.1 
Telecommunication  75  20.5 
Automobile  50  13.7 
Pharmaceuticals  51  13.9 

Firm age Older firm (>25 years old)  155  42.3 
Younger firm (5–25 years old)  110  30.0 
Startups (<5 years old)  101  27.7 

Firm size Large firm (>25,000 
employees)  

176  48.1 

Mid-level firms (5000–25,000 
employees)  

105  28.7 

Small firms (<5000 
employees)  

85  23.2 

Managerial 
hierarchy 

Junior Manager (<5 years' 
experience)  

130  35.5 

Mid-level Manager (5–10 years' 
experience)  

100  27.3 

Senior Manager (>10 years' 
experience)  

80  21.8 

Leaders (Senior executives)  56  15.4  

Table 2 
Assessment of parameters.  

Constructs and Items LF AVE t-statistics CR α 

ABA   0.75   0.81  0.83 
ABA1  0.91   22.17   
ABA2  0.90   24.11   
ABA3  0.78   26.02   
ABA4  0.87   31.17   
ABA5  0.85   29.38   
DMP   0.85   0.87  0.89 
DMP1  0.95   24.27   
DMP2  0.85   31.39   
DMP3  0.94   27.31   
DMP4  0.90   29.93   
DMP5  0.96   36.11   
FCP   0.81   0.83  0.86 
FCP1  0.85   26.01   
FCP2  0.89   37.92   
FCP3  0.91   24.07   
FCP4  0.95   26.00   
FCP5  0.87   29.78   
FIN   0.80   0.84  0.87 
FIN1  0.93   31.22   
FIN2  0.96   37.17   
FIN3  0.89   30.06   
FIN4  0.85   23.88   
OPE   0.82   0.85  0.89 
OPE1  0.90   24.72   
OPE2  0.96   36.32   
OPE3  0.92   24.07   
OPE4  0.94   35.31   
OFP   0.79   0.83  0.87 
OFP1  0.80   29.17   
OFP2  0.92   30.66   
OFP3  0.95   26.02    

Table 3 
Test for discriminant validity.  

Constructs ABA DMP FCP FIN OPE OFP AVE 

ABA  0.87       0.75 
DMP  0.26  0.92      0.85 
FCP  0.29  0.33  0.90     0.81 
FIN  0.17  0.28  0.32  0.89    0.80 
OPE  0.22  0.39  0.24  0.18  0.91   0.82 
OFP  0.31  0.37  0.19  0.27  0.32 0.89  0.79 

Note: Diagonal = √AVE. 

Table 4 
Discriminant validity test (HTMT).  

Constructs ABA DMP FCP FIN OPE OFP 

ABA       
DMP  0.43      
FCP  0.37  0.32     
FIN  0.26  0.30  0.26    
OPE  0.19  0.23  0.17  0.43   
OFP  0.41  0.19  0.48  0.19 0.37   
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5.4. Hypotheses testing 

For examining the validity of the hypotheses, bootstrapping pro
cedure with consideration of 5000 resamples has been considered. With 
consideration of separation distance 7, cross validated redundancy has 
been assessed by computing Q2 value that has been found to be 0.066 
(positive). This shows that the model has predictive relevance (Mishra 
et al., 2018). For showcasing the model fit, SRMR has been considered as 
the standard index. Its values emerge as 0.061 for PLS and 0.033 for 
PLSc. Both these values are less than the cutoff value of 0.08 (Hu and 
Bentler, 1999). Thus, the model is in order. By the help of structural 
equation modeling technique, path coefficients, p-values, and R2 values 
could be ascertained. Table 6 reflects the results. 

The validated model (SEM) is provided in Fig. 2. 

6. Discussion 

The present study has hypothesized eight relationships. All the re
lationships have been duly supported. The results highlight that ABA is 
impacting DMP and FCP separately in a positive and significant manner 
as the concerned β-values (path coefficients) are 0.21 and 0.19 respec
tively with respective levels of significance as p < 0.001(***) and p <
0.01(**). The study also reflects that DMP significantly and positively 
impacts FIN and OFP because the concerned β-values are 0.24 and 0.31 
respectively with respective levels of significance as p < 0.01(**) and p 
< 0.001(***). The study also highlights that FCP significantly and 
positively impacts OFP and OPE separately since the concerned β-values 
are 0.26 and 0.17 respectively with respective levels of significance as p 
< 0.001(***) and p < 0.05(*). This study demonstrates that FIN and OPE 
separately impact OFP significantly and positively since the concerned 
β-values are 0.41 and 0.33 respectively with respective levels of signif
icance as p < 0.001(***) and p < 0.001(***). The study results show that 
all the control variables have an insignificant impact on OFP since firm 
age, firm type, and firm size insignificantly impact on OFP as the 

concerned β-values are 0.04, 0.01, and 0.02 respectively each having 
level of insignificance as p > 0.05(ns). So far as coefficients of deter
mination are concerned (R2), DMP and FCP can be predicted by ABA to 
the tune of 38 % and 44 % respectively. DMP and FCP predict FIN and 
OPE separately to the tune of 51 % and 56 % respectively. The study 
results also highlight that OFP can be predicted by FIN, DMP, FCP and 
OPE to the tune of 79 % which is the explanatory power of the proposed 
model. It is mentioned here that coefficient of determination (R2) is a 
number lying between 0 and 1 which could assess how well a statistical 
framework could predict an outcome. 

The study results highlight that big data analytics tools help business 
communities in fast and accurate decision-making process to improve 
their businesses. But for accurate decision making as well as for effective 
forecasting process, firms are to depend on curated and reliable data 
sets. In this context, this study has highlighted that adoption of BDA 
tools is valuable to the firms. Such adoption of modern tools helps the 
decision makers in the firms to extract meaningful and effective infor
mation from the collected data. This study highlighted that by using 
BDA tools, the firms can have the information regarding the preference 
of the clients, the customers' liking and disliking, and so on. Such in
formation helps the firms for ensuring accurate and effective real-time 
decision-making processes as well as predicting more accurate fore
casting numbers which is also supported by the study of Tseng et al. 
(2022). This study has demonstrated that the choice of customers is 
changing rapidly due to quick advancement of technologies and rapid 
infrastructural changes. For addressing such situation, this study has 
demonstrated that firms need to adopt big data analytics tools for 
transforming large volume of data into knowledge in such a dynamic 
market scenario which will be helpful for making proper prediction and 
effective decision-making process for articulating proper strategy. Such 
concept is also supported by Voort et al. (2021). 

6.1. Theoretical contributions 

This study has demonstrated that adoption of big data analytics tools 
in a firm can eventually enhance the overall performance of the firms 
provided some intermediate contextual factors could be improved. 
These intermediate contextual factors are forecasting and decision- 
making process as well as the firms' operational and financial perfor
mance. No other studies have extensively investigated the nexus be
tween adoption of big data analytics tools in a firm and its relationship 
with overall firms' performance with consideration of the effects of these 
intermediate contextual factors. This is claimed as a unique theoretical 
contribution to this study. This present study has taken a novel attempt 
to synergize the effects of the literature derived from the three distinct 
fields of study which are information system management, strategic 
management, as well as operational management. It is a fact that earlier 
studies of Chen et al. (2015) and Dubey et al. (2019) took holistic at
tempts to fill up the literature gap by integrating information system 
management and operational management using an approach by theo
rizing the integration of DCV and information processing theory 
(Wamba et al., 2019). This study has extended the concept of these 
earlier studies by integrating the three areas of research such as infor
mation system management, strategic management, and operational 
management and developed a holistic theoretical model. This study has 
taken help of DCV (Teece et al., 1997) and RBV (Barney, 1991) and 
highlighted the idea of RBV by arguing that having in-house VRIN re
sources of a firm can bring in success in gaining competitiveness as such 
in-house resources could bring better efficiency. But it is not sufficient 
for a firm to achieve success in the dynamic volatile marketplace. In such 
high velocity market, a firm must have possessed the dynamic capabil
ities to sense and seize the external resources and can reconfigure itself 
to avail the external opportunities with the help of existing in-house 
resources of the firms to gain competitive advantages. This idea is sup
ported by RBV and DCV (Barney, 1991; Teece, 2012). The present study 
has also theorized that dynamic capabilities can help the firms for 

Table 5 
Effect size f2 test.  

Constructs DMP FCP FIN OFP OPE 

ABA 0.296 (M) 0.167 (M)    
DMP   0.114 (W)  0.378 (L)  
FIN     0.161 (M)  
FCP     0.291 (M) 0.141 (W) 
OPE     0.371 (L)   

Table 6 
Estimation of the model.  

Hypotheses Linkages Path 
coefficients 

p-values Remarks 

H1a ABA→DMP  0.21 p < 0.001 
(***) 

Supported 

H1b ABA→FCP  0.19 p < 0.01(**) Supported 
H2a DMP → FIN  0.24 p < 0.01(**) Supported 
H2b DMP → OFP  0.31 p < 0.001 

(***) 
Supported 

H2c FCP → OFP  0.26 p < 0.001 
(***) 

Supported 

H2d FCP → OPE  0.17 p < 0.05(*) Supported 
H3 FIN→OFP  0.41 p < 0.001 

(***) 
Supported 

H4 OPE → OFP  0.33 p < 0.001 
(***) 

Supported 

Control variables  
Firm age  0.04 p > 0.05(ns) Not 

supported  
Firm type  0.01 p > 0.05(ns) Not 

supported  
Firm size  0.02 p > 0.05(ns) Not 

supported  
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shaping and reorienting the available resources in a dynamic market, so 
that it could create values for the firms (Katkalo et al., 2010). The pre
sent study has conceptualized that BDA capability of a firm possesses 
three sub capabilities like sensing, seizing, and reconfiguring abilities 
and in this light, this study could reflect that it is possible by the effective 
use of robust BDA tools to enhance dynamic capabilities of a firm which 
will ensure agile financial performance and adaptable operational per
formance to achieve overall superior performance of the firms. This 
approach is claimed to be a novel approach to theorize DCV in the 
context of this study. A study of Hamdam et al. (2022) discussed and 
investigated how big data analytics tool adoption in a firm could help 
the firm for effective and proper decision-making process. The concept 
of this study has been extended in the present study to investigate how 
adoption of BDA tools helps a firm for effective decision making and in 
addition adopting such modern tools can improve the forecasting pro
cess which will eventually enhance the overall firm performance. This 
unique idea is claimed to have enriched the body of extant literature. 
Besides, as the research study shows that the proposed model has a high 
explanatory power and can be generalized, the proposed theoretical 
model can be applied during and after of any disaster situation like 
COVID-19 pandemic, natural calamities, and in any conflict situations. 
The proposed theoretical model is an extension of dynamic capability 
view (Teece et al., 1997) and highlights that there is no impact of firm 
size, type, and age on the overall performance of the firms in the certain 
conditions as described in the study. Thus, the theoretical model can be 
applied universally by different types of firms in any region in different 
circumstances which is another contribution of this research study. 

6.2. Practical implications 

The findings of this study provide several implications for the prac
titioners. The present study provides a useful guideline to the leaders 
and managers of the firms intending to adopt big data analytics tools in 
their firms. Before investing towards adoption of big data analytics tools, 
the leaders of the concerned firms need to evaluate carefully their de
cision making and forecasting competencies as to whether these abilities 
can accurately sense the rapid dynamic changes in the internal and 
external business environment. This might help the firms to avail the 
opportunities appropriately and at the same time can reduce the busi
ness risks. The leaders of the firms need to weigh properly whether the 
firms have gained appropriate efficiency to seize the sensed 

opportunities in a dynamic market environment. The leaders of the firms 
are scheduled to estimate the capability of the firms in the context of 
reconfiguring their both tangible and intangible assets for ensuring 
improvements of financial and operational performance of their firms. 
After being confident that the firms possess all the above-mentioned 
qualities, the leaders of the firms should be ready to adopt big data 
analytics tools for their firms and in this way the firms can achieve su
perior performance eventually. The leaders and managers must have 
appropriate foresight for deciding how as well as when the firms could 
explore as well as exploit such sensing, seizing, and reconfiguring abil
ities to achieve superior performance. This study has found that the 
rapid change of external business environment could erode the values of 
the available resources of the firms or even make them irrelevant stra
tegically (Schilke, 2014). Hence, the leaders and the managers must 
ensure that the adoption of BDA tools can help the firms to remain 
ambidextrous as well as adaptable to address any rapid environmental 
changes by fast and accurate decision-making as well as forecasting to 
enhance their financial and operational performance. This study has 
shown that adoption of BDA tools in firms impacts decision making 
process and forecasting process which helps the firms to ensure superior 
firm performance. However, to improve better decision-making and 
forecasting process, employees of the firms must be conversant how to 
properly use big data analytics applications. For this, leaders and man
agers should arrange proper training programs for the employees which 
could help for extracting the best potential from the big data analytics 
applications. 

6.3. Limitations and direction for future studies 

This study has several limitations. First, the results of this study rely 
on the data which are found to be cross sectional. This brings the issue of 
causality between the relationships of the constructs which eventually 
creates endogeneity defect. Future researchers need to undertake lon
gitudinal studies to avoid these defects. Second, the results of this study 
depend on the analysis of the data available from the respondents who 
are from India. For this, there is an external validity issue. To eliminate 
this shortcoming, future researchers need to collect data from the re
spondents spread across the world. The results so arrived at would have 
more generalizability. Third, in the present study, there has not been any 
discussion of rival or alternate model. This could be construed as a 
limitation of this study. By analyzing the rival or alternate model, it 

Fig. 2. Validated model.  
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would have been possible to examine if the theoretical model is superior 
to the rival model or not. This could be ascertained through comparison 
of both the models. Future researchers should investigate this issue. 
Fourth, the study results depend on DCV. But it suffers from the menace 
of context insensitivity (Ling-Yee, 2007). DCV fails to identify the 
required conditions in which the big data analytics capability of the 
firms could have been most effective (Schilke, 2014). Hence, future re
searchers need to identify the optimal conditions in which the BDA 
enabled DCs could yield the best performance of the firms. Fifth, the 
explanatory power of the model is 79 %. Future researchers need to 
consider other antecedents and other moderators for verifying if by such 
inclusion, the explanatory power of the proposed model could be 
enhanced. Future researchers should attempt to investigate this issue. 
Sixth, the present study did not analyze a rival model. This could help to 
compare the rival model with the proposed theoretical model to 
examine if the proposed theoretical model is superior or not in com
parison to the rival model. This deficiency of the present study is 
considered as a limitation of this study. This is left for future researchers 
to nurture. 

7. Conclusion and policy implication 

The present study has extensively explained the BDA enabled dy
namic capabilities of the firms. This study has also highlighted how 
adoption of BDA could help to explore and exploit the decision-making 
as well as forecasting capabilities of the firms for achieving superior firm 
performance through the improvements of financial and operational 
performance of the firms. This suggests that the policymakers in the 
firms should emphasis to improve the dynamic capabilities of the firms 
along with improvements in the accuracy of forecasting and decision- 
making processes. This study has demonstrated that the size of firms, 
firm type, and firm age could not impact the overall firm performance. 
This implies that the proposed framework can be universally used by the 

leaders and policymakers of any type of firms regardless of the size and 
age of the firms. Thus, it can also be inferred that the proposed theo
retical model can be generalized, and it has ubiquitous applicability. 
Policymakers can use this generic model to formulate different kinds of 
policies for the betterment of their firm performance. This study has 
been able to analyze how it is possible to identify market correlation 
among various market stimulus by different applications of BDA. Thus, 
policymakers and leaders of the firms can decide regarding the usage of 
different stimulus to spur the consumption of different products of the 
firms by the potential consumers. This study has shown how different 
applications of BDA help to analyze different types of consumers' data 
which in turn support accurate forecasting for the buying preferences of 
the consumers. Thus, policymakers can formulate different strategies 
based on consumer buying preferences and trends of the dynamic 
market. This study has been able to provide impactful insights as to how 
BDA could make augmented machine learning predictions for evalu
ating the extent of high stakes decisions which can support the policy
makers and the leadership team of the firms in different decision-making 
processes. 
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Appendix A. Operationalization of constructs  

Items Source Statements Response 
[SD][D][N][A] 
[SA] 

ABA1 Chakravarty et al., 2013; Aydiner et al., 
2019 

Adoption of new technologies brings value to the firms. [1][2][3][4][5] 

ABA2 Akhtar et al., 2018; Wamba et al., 2019 I believe that efficient use of big data applications needs trained manpower. [1][2][3][4][5] 
ABA3 Huang et al., 2017 We have adequate leadership support to adopt new technology in our firm. [1][2][3][4][5] 
ABA4 Teece et al., 1997 I think that big data analytics capability of an organization is like dynamic capability. [1][2][3][4][5] 
ABA5 Gunasekaran et al., 2017 Successful adoption of big data analytics can enhance the efficiency of a firm. [1][2][3][4][5] 
DMP1 Aydiner et al., 2019 I believe that applications of big data analytics can help in accurate decision-making process. [1][2][3][4][5] 
DMP2 Chakravarty et al., 2013 Application of big data analytics can provide business insights in real time. [1][2][3][4][5] 
DMP3 Wamba et al., 2019 I believe that a quick and accurate decision can help a firm to improve its bottom-line. [1][2][3][4][5] 
DMP4 Akhtar et al., 2018; Wamba et al., 2019 We use big data analytics applications on a regular basis in the decision-making process in our firm. [1][2][3][4][5] 
DMP5 Gunasekaran et al., 2017 The use of big data applications for decision-making purposes does not need much technical expertise. [1][2][3][4][5] 
FCP1 Barney, 1991 I believe that the forecasting process is the key for any firm to allocate appropriate resources. [1][2][3][4][5] 
FCP2 Wamba et al., 2019 Most of the employees in our organizations use big data analytics tools for forecasting purposes. [1][2][3][4][5] 
FCP3 Gunasekaran et al., 2017 Application of big data analytics can provide accurate forecast numbers. [1][2][3][4][5] 
FCP4 Huang et al., 2017 I believe that accurate forecast numbers can help with better decision-making processes. [1][2][3][4][5] 
FCP5 Gunasekaran et al., 2017; Aydiner et al., 

2019 
Accurate forecasting can provide competitive advantages. [1][2][3][4][5] 

FIN1 Srinivasan and Swink, 2018 I think that successful applications of big data analytics can generate more revenue for the firms. [1][2][3][4][5] 
FIN2 Gligor et al., 2015 The applications for big data analytics are not very expensive. [1][2][3][4][5] 
FIN3 Gunasekaran et al., 2017 I believe that improvement of financial performance of a firm can help to achieve the business goals of the 

firm. 
[1][2][3][4][5] 

FIN4 Dubey et al., 2017 Adopting big data analytics tools can help to reduce manual efforts thereby reducing human errors. [1][2][3][4][5] 
OPE1 Srinivasan and Swink, 2018 I think that improvement of operational efficiency of a firm can enhance its overall performance. [1][2][3][4][5] 
OPE2 Gligor et al., 2015 I believe that applications of big data analytics can improve the supply chain efficiency of the firms. [1][2][3][4][5] 
OPE3 Dubey et al., 2017 I believe that real time accurate decision-making processes can reduce the waste in the system. [1][2][3][4][5] 
OPE4 Srinivasan and Swink, 2018 Successful adoption of big data analytics tools can help to improve the sustainability performance of the 

firms. 
[1][2][3][4][5] 

OFP1 Dubey et al., 2017 I believe that successful adoption of big data analytics tools increases revenue collection. [1][2][3][4][5] 

(continued on next page) 
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(continued ) 

Items Source Statements Response 
[SD][D][N][A] 
[SA] 

OFP2 Gunasekaran et al., 2017 I believe that firms should have an adequate budget to deploy big data analytics tools across different 
departments of the firms. 

[1][2][3][4][5] 

OFP3 Dubey et al., 2019 I think that adoption of big data analytics tools can enhance the competitiveness of a firm. [1][2][3][4][5] 

Note: SD = Strongly Disagree; D = Disagree; N = Neither disagree nor agree; A = Agree; SA = Strongly Agree. 
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