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Abstract

Purpose – The firms’ adoption and improvement of big data analytics capabilities to improve economic and
environmental performance have recently increased. This makes it important to discover the underlying
mechanism influencing the association between big data analytics (BDA) and economic and environmental
performance, which ismissing in the existing literature. The present study discovers the indirect effect of green
innovation (GI) and the moderating role of corporate green image (CgI) on the impact of BDA capabilities,
including big data management capability (MC) and big data talent capability (TC), on economic and
environmental performance.
Design/methodology/approach – A time-lagged design was employed to collect data from 417
manufacturing firms, and study hypotheses were evaluated using Mplus.
Findings – The empirical outcomes indicate that both BDA capabilities of firms significantly influence green
innovation (GI), which significantly mediates the relationship between BDA and economic and environmental
performance. Our findings also revealed that CgI strengthened the effect of GI on economic and environmental
performance. The empirical evidence provides important theoretical and practical repercussions for
manufacturing SMEs and policymakers.
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Originality/value – This study contributes to the literature on BDA by empirically exploring the effects of
MC andTC on improving the EcP andEnP ofmanufacturing firms. It does so through the indirect impact of GIs
and the moderating effect of CgI, thereby extending the Dynamic capabilities view (DCV) paradigm.

Keywords Big data analytics, Economic performance, Environmental performance, Corporate green image,

Green innovation, Dynamic capabilities view, Manufacturing SMEs

Paper type Research paper

1. Introduction
The utilization of contemporary technologies by corporations has led to an abundance of
data, raising challenges related to sustainability and capabilities (Aydiner et al., 2019). The
strategies employed by these firms in extracting valuable insights from this extensive data
are pivotal in establishing their competitive edge and innovation capabilities (Su et al., 2022).
Scholars and practitioners advocate for the adoption of big data analytics (BDA) as a means
to enhance the dynamic capabilities of firms, thereby bolstering their operational
sustainability at the business process level (Ni�zeti�c et al., 2019; Mehmood et al., 2023f).
This enhancement in dynamic capabilities is crucial for businesses to develop a competitive
advantage, necessary for addressing environmental concerns and meeting sustainability
criteria. Implementing BDA in industries not only augments their competitive advantage but
also facilitates precise and timely decision-making, essential for the industries’ sustainable
economic growth. Moreover, the application of BDA methods can significantly refine
innovation processes and overall industry performance (Capurro et al., 2021).

Investment by firms in BDA techniques has been continuously rising worldwide due to
their desire to gain maximum profit and attain sustainability of competitive advantage
(Akter et al., 2016). The technique has given vast attention by experts and scholars in recently
because of its capability to revolutionize the whole process of business and theory
management and is considered a hot issue in the current business environment (Mishra et al.,
2018). General Electric and Accenture’s research has shown that about 89% of firms think
applying big data techniques is important to remain competitive and increase their market
share (Columbus, 2014). The firms consider BDA a critical technique for obtaining crucial
information and insights from big data that cannot be obtained using simple analytical
techniques (Mishra et al., 2018). The firms apply the information obtained using big data to
compete in the rapidly volatile business environment (Sestino et al., 2023). Though the
technique of BDA has been applied in different fields of industries, Google and Amazon are
pioneers in adopting the big data and have performed well based on their capability
compared to their competitors exploiting the data (Barton and Court, 2012). The USA-based
BSA Software Alliance has found that 56% of companies who have applied the BDA in their
business process display an increase of more than 10% in their growth (Columbus, 2014).
Moreover, BDA can support firms to attain an advantage through the sustainable
development of products and sustainable innovation.

Usually, the technique of BDA comprises variety, volume, veracity, value and velocity,
termed as the five V’s and helps to increase the environmental performance, encourage
practical notions, realize the goals of sustainable development and acquire competitive benefits
in the present dynamic markets (Tao et al., 2018). Manufacturing firms can improve their
operation by using two notions of the BDA, which include, firstly, the extensive data collection
from the external and internal environment of the firms and, secondly, the application of big
data in business analytics to suggest the modifications required the decisions to improve the
operations. Business analytics comprises the capabilities, including themanagement capability
(MC) and the talent capability (TC), through which the organizations evaluate their strategic
move and plan their businesses successfully. The inclusion of BDA in green innovation (GI),
which is classified into green managerial innovation (GmI), green process innovation (GPcI)
and green product innovation (GPrI) (Chen, 2008), may give the business organizations a green
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image. A corporate green image (CgI) plays a significant role in changing the attitude of
industries toward the management and protection of the environment and motivates them to
modify their management attitude and business models, which influences GI (Chen, 2011). The
firms with a strong sense of CgI, when forced to address the environmental concerns, stimulate
the firms’ capabilities which culminates in GI (Chen and Chang, 2013). The strategies adopted
by the industries on GI provide the opportunity to make their economic and environmental
performances sustainable (Chen, 2011).

Moreover, the inclusion of GI in the production process is crucial for improving the
organizations’ environmental parameters and achieving sustainable development goals
(SDGs). GI denotes the innovations that encourage development of the green process, green
products and green management that lead to sustainably acquiring competitive advantage
and efficiently and effectively protecting natural resources (Waqas et al., 2021). The firms can
distinguish their products, enhance the quality of products and decrease the production cost
using product, managerial and process innovations (Kim and Srivastava, 1998). In the present
competitive age, business firms may attain the equilibrium between environmental
responsibility and profitability by coordinating the environment, society and economy
(Waqas et al., 2021). Therefore, manufacturing SMEs that stress the statutory necessities and
want to avoid environmental deterioration could not increase their profit by following the
environmental standards in the innovation of their product, processes and/or management.

Furthermore, as natural resources and environmental issues have become more
complicated, investment in GI has become a profitable policy for manufacturing SMEs to
improve economic and environmental performances. The promotion and cultivation of GI in
the production of novel products and services play a crucial role, particularly when the
demand by customers for services and products with greener features is rising (Zameer et al.,
2020). Hence, globally the investment by the firms in BDA and related technologies such as
MC and TC is rising to improve their performance and to develop measures to solve
environmental issues by reducing the production of industrial waste and minimizing the
dependence on natural resources. The studies are required to identify the factors affecting the
performance of themanufacturing industries in the Indian context. Most of the earlier studies
on BDA and the performance of the firms have analyzed and verified the relations between
various predetermined factors and ignored the impact of BDA (MC andTC) on environmental
and economic performance and the indirect influence of GPrI, GPcI and GmI and the
moderating role of CgI on EcP and EnP.

This study investigates the effect of BDA (MC and TC) in enhancing the EcP and EnP of
manufacturing SMEs in the Indian context. Despite the unprecedented growth of the
economy and the remarkable development of infrastructure, the application of BDA is still
low in the Indian manufacturing industries (Shi et al., 2019). Besides, the Indian
manufacturing industries have numerous other problems, including poor innovation
capabilities, absence of application of GI practices, lack of renowned global brands, mass
production with poor quality, high dependence on essential technologies, consumption of a
large amount of energy, poor management of resources, generation of a large amount of
waste, sever issues of environmental pollution and poor digital infrastructure (Waqas et al.,
2021). These problems have a negative impact on sustainability and sustainable development
of the Indian manufacturing SMEs. Our proposed conceptual framework can guide other
developing countries and significantly contribute to the manufacturing SMEs of Asian
countries. Hence, it is required to develop practical methods for improving the global
reputation of the Asian manufacturing industries to encourage the world’s manufacturing
industries to work with them.

This study gains significance in the context of manufacturing SMEs, which not only exert
a substantial environmental impact but also hold a pivotal social role due to their extensive
employment base. It seeks to explore the following research questions: (1) How do BDA,
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specifically MC and TC, influence GPrI, GPcI and GmI? (2) Do GPrI, GPcI and GMI mediate
the relationship between BDA (MC and TC) and the economic and environmental
performance of these SMEs? (3) Does CgI in manufacturing SMEs moderate the
relationship between GI (GPrI, GPcI and GMI) and EcP, EnP? The advent of advanced
technologies poses new challenges to industry. Firms in this sector are evolving their
dynamic capabilities to enhance operational sustainability at the business process level.
Employing BDA can optimize business processes, thereby conserving resources, reducing
lead times, increasing customer satisfaction and bolstering sustainability (Yadav et al., 2017).
In the era of the fourth industrial revolution, BDA can be leveraged for plant automation
(Tseng et al., 2018). This research aims to investigate workforce capabilities, including talent
and managerial capabilities, which support the implementation of BDA (MC and TC) to
enhance operational performance and sustainability (refer to Figure 1). However, existing
literature inadequately addresses the impact of BDA on the development of GPrI, GPcI and
GMI and their subsequent effects on the EcP and EnP of manufacturing SMEs. Therefore,
this research primarily aims to examine the role of BDA in improving the EcP and EnP of
manufacturing SMEs.

2. Literature review
2.1 Big data analytics (BDA) capabilities and green innovation (GI)
According to Wamba et al. (2017), BDA is the technique applied to handle and obtain
information from large data, improving decision-making and production activity. The
mechanism of BDA includes the handling and obtaining of valuable information from the
data having volume, variety and velocity which cannot be performed using traditional data
analysis techniques (Lozada et al., 2019). The profitability and productivity of data-driven
firms are more than their competitors. BDA offers insight into the present and future
conditions of the firms and the requirements to improve their products and services (Lavalle
et al., 2011). Hence, BDA comprises numerous datasets, including analytical methods, tools
and solutions employed to effectively and efficiently assess and maintain complicated data
sets. BDA plays a vital role in mitigating disasters and properly empowers business firms to

Figure 1.
Conceptual model
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respond to disruptive situations (Redman, 2014). BDA has been successfully applied by
different types of industries, including the auto industry, manufacturing firms, mining
industry and supply chain management to improve their services and products as per the
market demand. The technique helps the business firms to gain a competitive advantage and
improve their economic performance and environmental performance as BDA significantly
improves their information process and helps them to effectively handle the production and
supply operations as per the customer demand (Waqas et al., 2021). BDA has helped the
construction industries improve their environmental performance and resource conservation
byminimizing waste generation. The business firmswith the BDA capability have positively
improved their performance of the employee, supply chain innovation, production and
operational efficiency and significantly increased their ability to develop the green product,
green services and GI. Lozada et al. (2019) have found a positive association between BDA
capabilities and co-innovation, as these capabilities help industries procure green resources.
The BDA capability is the business firms’ capability to give an insight into the new
opportunities to improve the capabilities of innovation and competitive advantage by
employing supportive infrastructure, talent and management capabilities (Mikalef et al.,
2019). BDA capabilities of business firms comprise management capabilities and technology
capabilities (Akter et al., 2016). However, this research identifies the effect of BDA
management capabilities (MC) and technology capabilities (TC) on economic and
environmental performance through GI (GmI, GPcI and GPrI) (see Figure 2).

The MC of a firm determines its overall performance and the adoption of GI (Chiou et al.,
2011), which increases the EcP and EnP of the firms. In this research, GI refers to GmI, GPcI
and GPrI. MC is the ability of a business firm to manage its BDA resources as per the firm’s
preferences and requirements. MC empowers managers to make effective strategies to

Figure 2.
Hypothesized

relationships among
studied variables
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produce innovative green products as per the demand of customers to minimize the chances
of product failure (Zhan et al., 2018). Bag et al. (2020) have identified a positive relation
between GI and MC and have suggested that business firms can promote GI through the
proper development of management capabilities. Therefore, SMEs can improve performance
and sustainability by applying BDA management capabilities (MC) that substantially
impacts GI. Therefore, this study postulates the following hypotheses.

H1. MC has a direct positive impact on (a) GPrI, (b) GPcI and (c) GmI.

The technological advancement and availability of a large amount of data have forced
business organizations to formulate policies for the improvement of the capability of
employee talent (Shah et al., 2017). TC allows a business organization to enhance the ability of
its employees through the investment of capital and time in the development of skills,
includingmanagement, analysis andmaintenance of data, programming andmanagement of
projects (Akter et al., 2016). Malik and Singh (2014) found an effective impact of TC on the
development of employees of business organizations and improves their leadership quality.
Leaders emphasize the development of innovative products and services, giving business
firms a competitive advantage (Marshall et al., 2015). Applying BDA systems improves
employees’ competencies to produce learning and innovative environment in business firms
and helps provide green innovative services and products (Chen et al., 2006). Hence, the TC
significantly influences the employee’s performance and competencies, which helps in
development of innovative green products that give the business firms a green image and
competitive advantage leading to improved economic performance and environmental
performance. The findings from the literature discussed above have formed the base to
formulate the following hypotheses in the present research.

H2. TC has a direct positive impact on (a) GPrI, (b) GPcI and (c) GmI.

2.2 Green innovation (GI) and economic performance
The innovations help the business firms to deliver the products and services as per customer
demand and to attain competitive advantage, which has a considerable impact on the
reputation of the business firms and helps them to improve their environmental and economic
performances. Innovation is termed as GI when it helps business firms to improve their
economic performance by improving energy efficiency, waste recycling, pollution control,
product design, processes and managerial skills (Chen et al., 2006). GI identifies and uses the
available resources to manufacture products of high value at a minimum cost, which is
required to achieve a competitive advantage (G€urlek and Tuna, 2018). GI supports the
provision of cleaner products and services, improves the firms’ production efficiency and
helps to improve economic performance in the uncertain market environment (Asadi et al.,
2020). Several studies have indicated that the GI adopted by numerous manufacturing
industries across the globe has improved their competitiveness in the market (Sellitto and
Hermann, 2019). Ge et al. (2018) identified that firms could achieve a sustainable economic
performance by adopting GI. Dang and Wang (2022) found a significant impact of GI on the
environmental performance of hospitality companies. Thus, GI and economic performance
and environmental performance have a significant relationship; the proper application of GI
in manufacturing can be improved. According to Chiou et al. (2011), GPrI is defined as the
improvement in the design of a product to decrease its negative environmental effect during
the product life cycle. GPrI provides business firms with new opportunities and helps them
improve their economic performance. This helps the firms to produce and deliver the
products using lesser toxic substances, fewer resources and less energy which minimizes the
production cost and waste generation (Kammerer, 2009) which helps in improving their
environmental performance. GPrI improves the recyclability and durability of the products,
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reduces the quantity of raw materials and removes hazardous materials leading to improved
EcP and EnP. Hence, we propose that:

H3. GPrI has a direct positive effect on (a) EcP and (b) EnP.

GPcI is the adoption of manufacturing techniques that help to decline the negative
environmental impact during material procurement, production and delivery (Chiou et al.,
2011). GPcI reduces the consumption of water and energy and makes the firms’ energy and
resource efficient (Salvad�o et al., 2012) through the application of novel production
techniques, which can help the firms improving their economic performance (Rezende et al.,
2019). GPcI could help business firms to reduce operating costs through waste recycling and
savings of energy (Saunila et al., 2018) leading to improved EcP and EnP. Hence, this study
propounds that:

H4. GPcI has a direct positive impact on (a) EcP and (b) EnP.

The success of GPcI depends on GmI, which helps the firms to utilize the resources efficiently
(Li et al., 2017). The support of managers is required to implement the innovations and
manage the internal environment successfully (Hamel and Prahalad, 1989). Hence, GPcI and
GmI could help the firms increase their revenue by reducing the external cost
and transferring innovative technology and knowledge (Fernando and Wah, 2017), leading
to improved EcP and EnP. Hence, the following hypothesis is propounded based on findings
from the literature discussed above:

H5. GmI has a direct positive effect on (a) EcP and (b) EnP.

2.3 The indirect effect of GI (GPrI, GPcI and GmI)
Modern businesses have embraced various strategies, including the enhancement of BDA
capabilities, to distinguish themselves from competitors. This approach is particularly
relevant in the current market characterized by uncertainty and rapid changes. Xia et al.
(2020) highlight this strategic adoption of BDA as a means for firms to gain a unique
competitive edge. BDA techniques are instrumental in mitigating uncertainties and
minimizing failures associated with GI. Zhan et al. (2018) emphasize the effectiveness of
BDA in providing insights and predictive analytics, which are crucial for successful
innovation, particularly in environmentally sustainable practices. The study by Bag et al.
(2020) demonstrates a significant relation between BDA and enhanced innovative
performance, specifically in the development of green products. This finding suggests that
BDA not only aids in innovation but also steers firms towards environmentally friendly
product innovations. Implementing GI through BDA has been shown to help businesses in
reducing waste and production costs, as reported by Sun and Liu (2021). This reduction
contributes to improved EcP and EnP, highlighting the dual benefits of BDA in enhancing
operational efficiency and environmental stewardship. The fluctuating nature of the market
and environmental uncertainties compel businesses to develop and implement procedures
that leverage BDA capabilities. This strategic move aims to achieve sustainable
environmental and economic performances, recognizing the need for adaptability and
resilience in business operations (Lanteri, 2021). Hence, BDA significantly boosts a
company’s ability to adopt GI across production, process and management. This adoption
grants firms a green competitive advantage, enabling them to not only perform better
economically but also sustain their operations in an environmentally responsible manner
(Alkhatib, 2023). In sum, the pivotal role of BDA in enabling contemporary firms to navigate
market uncertainties, innovate sustainably, reduce operational costs and achieve a green
competitive advantage, ultimately leading to sustainable economic and environmental
performances.
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The extant literature has identified the effect of BDA capabilities on economic
performance and environmental performance of the firms, but there is a lack of study on
the procedures that establish the association between such capabilities and economic
performance and environmental performance. BDA capabilities help the firms to implement
vital changes in the processes through the GPcI, which helps them to attain sustainable
performance. The impact of modern technologies adopted by the industries on their
environmental and economic performance mediates through GPcI (Bhatia and Kumar, 2022).
GI indirectly influences the association between environmental practices and the competitive
advantage of the firms. A study conducted in Jordan found that environmental rules affect
firms’ performance via GI (Astuti and Datrini, 2021). Fatoki (2021) established that GI
influences the environmental orientation of firms. Based on the findings from the literature,
we propose that:

H6. GPrI mediates the positive relation between MC and (a) EcP and (b) EnP.

H7. GPrI mediates the positive relation between TC and (a) EcP and (b) EnP.

H8. GPcI mediates the positive relation between MC and (a) EcP and (b) EnP

H9. GPcI mediates the positive relations between TC and (a) EcP and (b) EnP.

H10. GMI mediates the positive relations between MC and (a) EcP and (b) EnP.

H11. GMI mediates the positive relation between TC and (a) EcP and (b) EnP.

2.4 The moderating role of corporate green image (CgI)
The CgI is an important component that improves the green reputation of a business firm
within the market (Amores-Salvado�et al., 2014) and attracts new employees and funding
sources (Newburry, 2010). The employees of an organization with a green image give
maximum effort to develop and adopt innovative approaches, ideas and actions that
positively affect the economic and environmental performance of the firm (Song and Yu,
2018). Green image helps companies to enhance their performance on GI which helps the
firms to improve economic and environmental performance. A business firm with a higher
green reputation may attract more green suppliers and consumers, affecting the firm’s
economic performance (Tang et al., 2012). Shin and Ki (2019) have identified that green image
positively influences the effectiveness of the firms’ advertisement process in the USA, which
is important for the improvement of economic performance.

Firms with a better green image are more likely to attract funds from public and private
financial institutions (Qiu et al., 2020). Firms with a higher green corporate image have a
positive image in public (Zhu and Sarkis, 2006), which increases sales and stock pricesWaqas
et al. (2021) have reported that manufacturing firms can increase environmental performance
by improving their green image. Kaur and Singh (2020) have reported that business firmswith
outstanding green image attract more primary resources needed for GI and gives competitive
advantage to the firms in India leading to improved environmental and economic performance.
Similarly, Soewarno et al. (2019) have suggested that Indonesian manufacturing companies
improve their green image to acquire environmental legality. Therefore, The CgI helps
business firms to improve their reputation, attract financial help and new customers and
produce innovative products leading to better economic and environmental performance.
Hence, the current research hypothesizes that the higher CgImagnifies the predictive influence
of GIs on the economic performance (EcP) and environmental performance (EnP).

H12a. CgI magnifies the predictive influence of GPrI on EcP, i.e. as the CgI increases, this
influence strengthens.
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H12b. CgI magnifies the predictive influence of GPcI on EnP i.e. as the CgI increases, this
influence strengthens.

H12c. CgI magnifies the predictive influence of GmI on EcP, i.e. as the CgI increases, this
influence strengthens.

H12d. CgImagnifies the predictive influence of GPrI on EnP, i.e. as the CgI increases, this
influence strengthens.

H12e. CgI magnifies the predictive influence of GPcI on EcP, i.e. as the CgI increases, this
influence strengthens.

H12f. CgI magnifies the predictive influence of GmI on EnP, i.e. as the CgI increases, this
influence strengthens.

3. Methodology
3.1 Data collection and procedure
Data was gathered from Indian manufacturing SMEs through surveys filled out by senior
managers experienced in or intending to implement BDA and green practices. We used
convenience sampling for the survey. Each small andmedium-sized enterprise (SME)’s senior
managers or higher experience were briefed about the research objective and data collection
methods. The study employed a time-lagged method for data collection, conducted at three
distinct time intervals. The time-laggedmethod is characterized by collecting data atmultiple
points in time, rather than at a single instance. This approach is increasingly prevalent in
contemporary research, as it offers several methodological advantages (Mehmood et al.,
2022a, 2023b; Shah et al., 2023). The time-lagged technique’s popularity in modern research,
as stated by Mehmood et al. (2023a) and Khan et al. (2023a), stems from its ability to facilitate
multiple surveys for a single study. Thismulti-timepoint approach allows for amore dynamic
and comprehensive understanding of the research phenomena. One significant advantage of
using the time-laggedmethod is its potential to reduce commonmethod bias (CMB). This bias
occurs when data are collected from the same source at one time, leading to inaccuracies due
to the source’s specific characteristics or circumstances. By collecting data from various
sources over time, the study mitigates this risk, enhancing the reliability and validity of the
findings. Additionally, the time-lagged method is instrumental in CMB (Mehmood et al.,
2023c; Shang et al., 2021, 2022) This type of bias arises when data collection methods or
instruments influence the results. By spreading data collection across different time intervals,
the method lessens the likelihood that the results are skewed by the peculiarities of a
particular data collection instance. This method allows participants the opportunity to
analyze and reflect on their behavior before providing their final response, as highlighted by
Mehmood et al. (2023d). This aspect is crucial because it gives participants time to consider
their responses more thoughtfully, possibly leading to more accurate and reflective data
(Mehmood et al., 2023e). We performed a preliminary statistical power analysis to determine
the necessary sample size for our model. This analysis, based on an expected effect size of
0.150, aimed for 80% statistical power, included six predictors and used a 95% confidence
level. It suggested a minimum sample size of 103 (Alzaidi et al., 2023; Mehmood et al., 2022b).
Our actual sample size was 950 participants, well above this minimum. This ensures strong
model estimation. A further power analysis confirmed the sample’s representativeness. To
ensure the content validity of the constructs, a pilot test involving 25 participants was
conducted on the questionnaire before the main study. The reliability of the scales used in the
questionnaire was identified through this test and minor adjustments were made based on
feedback from the respondents. This included a corrected item-total correlation analysis and
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exploratory factor analysis with varimax rotation and principal components extraction to
check for unidimensionality. We also calculated intraclass correlation coefficients. All were
above 0.5, indicating good inter-rater agreement. Lastly, Cronbach’s alpha values for all
scales were above 0.7, meeting Nunnally’s (1978) standards for scale reliability.

Three waves of information collection at one month interval were used to minimize the
CMB, and the survey was distributed to all the enterprises and representatives (Podsakoff
et al., 2003). In the first wave survey (T1), 950 questionnaires were distributed to
manufacturing SMEs. Of these, 800 were returned, with 756 being useable responses. During
this phase, respondents were asked to provide socioeconomic data and answer questions
related to BDA capabilities (MC and TC) and CgI. In the second wave survey (T2), conducted
one month later, 756 respondents were approached to report GPrI, GPcI and GmI. From this
wave, 647 responses containing useable information were obtained. Finally, during the third-
wave survey (T3), respondents were requested to provide information on economic
performance and environmental performance. Out of the 647 respondents approached, 417
valid responses were received, indicating a response rate of 41.7%. The distribution of survey
respondents of final sample is shown in Table 1. The multivariate analysis of variance
approach of Goodman and Blum (1996) was followed to analyze the systematic variations in
the responses of those respondents who completed all three waves of survey and those who
finished only the first or only the first and second surveys. There was no significant variation
in industries, firm size or experience across the groups. Consequently, our study effectively
addressed attrition bias, indicating that nonresponse bias does not seem to be a significant
concern.

3.2 Measures
Alongside demographic variables, the questionnaire incorporated scales adapted from
previous research to measure the constructs under investigation. Respondents rated their
responses on a five-point Likert scale, ranging from 1 (indicating “strongly disagree”) to 5
(indicating “strongly agree”). The questionnaires were distributed in both English and Hindi
languages. Using the back-translation method by Brislin’s (1980), questionnaires were

Frequency Percent

Industry
Energy 20 4.79
General manufacturing 157 37.64
Chemical and miscellaneous products 132 31.65
Electronic and electric equipment 56 13.42
Transportation and vehicle manufacturing 52 12.47

Firm size (in employees)
Less than 200 76 18.22
201 to 400 201 48.20
401 to 600 110 26.37
601 and above 30 7.19

Experience (in years)
Less than 5 years 56 13.42
6–10 years 175 41.96
11–20 years 107 25.65
21–30 years 45 10.79
Above 30 years 34 8.15

Source(s): Authors’ own creation

Table 1.
Distribution of survey
respondent in SME’s
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translated fromEnglish to Hindi. To assess the BDA (MC) (α5 0.917), a 6-item scale was used,
drawn from Akter et al. (2016). We used a 9-item scale of BDA (TC) (α5 0.923) developed by
Akter et al. (2016). Tomeasure GPrI (α5 0.831), a four-item scale was employed, developed by
Chiou et al. (2011). To measure GPcI (α 5 0.816), a three-item scale proposed by Chiou et al.
(2011). To access GmI (α5 0.857), a two-item scale was used, adapted by Chiou et al. (2011).
We used the eight-item scale to measure CgI (α5 0.881), developed by Chen (2008). A three-
item each scale was employed to estimate EcP (α 5 0.849) and EnP (0.804), adapted from
Chi (2022).

3.3 Common method bias (CMB) and endogeneity
Endogeneity might impact our study. To explore this, we performed a correlation analysis
between residuals and predictors, following the method of Khan (2023) and Ali et al. (2023). The
analysis showed minimal or no correlation between the key variables, indicating that internal
endogeneity does not affect our model. In order to mitigate potential CMB concerns, we
incorporated procedural remedies recommended by Podsakoff et al. (2003). Firstly, we provided
participants with the assurance of response anonymity and confidentiality, aiming to minimize
social desirability responses. Secondly, we explicitly communicated to the participants that the
survey questions had no right or wrong answers and emphasized the confidentiality of their
responses. To further examine the presence of CMB, we conducted a CFA on all the variables
rated by respondents. However, the single-factor model resulted in a poor fit to the data, as
indicated by the following indices: χ25 6728.735, df5 665, χ2/df5 10.118, comparative fit index
(CFI) 5 0.299, Tucker–Lewis index (TLI) 5 0.278 and root mean square error approximation
(RMSEA)5 0.211. This suggests that CMBwasnot a significant issue in our study. Furthermore,
to evaluate the measurement context effect, we conducted Harman’s single-factor test, which
revealed the presence of multiple distinct factors. Notably, the first factor explained merely
17.69% of the variance, suggesting that CMB was unlikely to pose a significant issue in our
survey (Khan et al., 2022, 2023b; Albloushi et al., 2023; Ullah et al., 2021). Furthermore, we
employed themarker variable test to identify CMB in our study. The comparison betweenModel-
U (the uncorrected model) and Model-R (the corrected model) revealed no significant differences.
This indicates that CMBhadminimal, if any, effect on the variable relationships. Consequently, it
is improbable that CMB significantly influenced the outcomes of our hypothesis testing.
Additionally, we evaluated the sample adequacy using theKaiser–Meyer–Olkin (KMO)measure,
which had a value of 0.893. Since this value is well above the acceptable threshold of 0.80, it
confirms that the sample size was appropriate for the study. Furthermore, we checked for
multicollinearity concerns by examining the variance inflation factor (VIF) values. All VIF values
were found to be below the threshold value of 10, indicating the absence of multicollinearity
issues in this study. Furthermore, the measurements’ internal consistency (see Table 2) was
examined using internal consistency reliability using composite reliabilities (CRs); all CR values
are above the commonly accepted threshold of 0.70 (Hair et al., 2010; Alkatheeri et al., 2023).
Convergent validity,measuredwith average variance extracted (AVE),was tested to examine the
construct validity. The AVE values of the sample were higher than the commonly accepted
threshold of 0.50 (Hair et al., 2010; Yu et al., 2021; Khan et al., 2022). Based on the results of both
AVE and CR values, we can conclude that there are no concerns regarding CMB in our study.

4. Empirical results
4.1 Descriptive statistics
Table 3 presents the standard deviations and correlations values. MC positively correlated
with GPrI (r 5 0.337, p < 0.01), GPcI (r 5 0.323, p < 0.01) and GmI (r 5 0.288, p < 0.01).
Similarly, TC positively correlated with GPrI (r5 0.148, p < 0.01), GPcI (r5 0.204, p < 0.01)
and GmI (r 5 0.116, p < 0.01). Furthermore, GPrI positively correlated with EcP (r 5 0.415,
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p<0.01) andEnP (r5 0.239, p<0.01). GPcI positively correlatedwith EcP (r5 0.268, p<0.01)
and EnP (r5 0.279, p< 0.01). GmI positively correlatedwith EcP (r5 0.118, p< 0.01) and EnP
(r5 0.384, p< 0.01). Additionally, CgI positively correlated with EcP (r5 0.101, p< 0.05) and
EnP (r5 0.119, p < 0.01). Thus, we can advance examine our proposed hypotheses, as these
correlations are significantly supported.

Constructs Coding λ Composite reliabilities Average variance extracted

MC 0.921 0.661
MC 1 0.815
MC 2 0.905
MC 3 0.849
MC 4 0.711
MC 5 0.834
MC 6 0.748

TC 0.928 0.593
TC 1 0.618
TC 2 0.759
TC 3 0.782
TC 4 0.901
TC 5 0.739
TC 6 0.773
TC 7 0.828
TC 8 0.847
TC 9 0.638

GPrI 0.849 0.589
GPrI 1 0.715
GPrI 2 0.927
GPrI 3 0.638
GPrI 4 0.761

GPcI 0.825 0.613
GPcI 1 0.706
GPcI 2 0.749
GPcI 3 0.883

GmI 0.862 0.759
GmI 1 0.817
GmI 2 0.922

CgI 0.904 0.543
CgI 1 0.721
CgI 2 0.618
CgI 3 0.736
CgI 4 0.859
CgI 5 0.751
CgI 6 0.683
CgI 7 0.854
CgI 8 0.637

EnP 0.816 0.598
EnP 1 0.758
EnP 2 0.697
EnP 3 0.857

EcP 0.851 0.661
EcP 1 0.628
EcP 2 0.859
EcP 3 0.923

Note(s): λ 5 factor loadings; All factor loadings are significant
Source(s): Authors’ own creation

Table 2.
Factor loadings and
reliabilities
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4.2 CFA analysis
FollowingMuth�en andMuth�en (2012) recommendations,weusedMplus to performCFA.Results
of CFA (see Table 4) reveal the eight-factor hypothesizedmodel reasonably better fit the data (χ2/
df5 918.234/6375 1.441; CFI5 0.987; TLI5 0.971; andRMSEA5 0.037) comparedwith seven-
factor model in which TC, MC, CgI, GPrI, GPcI, EcP and EnP were combined (χ2/df5 1867.324/
6445 2.899; CFI5 0.771; TLI5 0.729; andRMSEA5 0.103), six-factormodel inwhichCgI, GPrI,
GPcI, EnP,EcPandGmIwere combined (χ2/df5 2852.179/6505 4.387; CFI5 0.642;TLI5 0.607;
and RMSEA 5 0.112), five-factor model in which GPrI, GPcI, EnP, CgI and GmI were
combined (χ2/df5 3420.014/6555 5.221; CFI5 0.591; TLI5 0.573; and RMSEA5 0.141),
four-factor model in which GPrI, GPcI, GmI and CgI were combined (χ2/df 5 4068.278/
6595 6.173; CFI5 0.515; TLI5 0.503; and RMSEA5 0.154), three-factor model in which
GPrI, GPcI and GmI were combined (χ2/df 5 5022.299/662 5 7.586; CFI 5 0.499;
TLI5 0.467; and RMSEA5 0.167), two-factor model in which CgI and EcPwere combined
(χ2/df5 6122.491/6645 9.220; CFI5 0.341; TLI5 0.312; and RMSEA5 0.184) and single-
factor model in which all variables were combined (χ2/df 5 6728.735/665 5 10.118;
CFI 5 0.299; TLI 5 0.278; and RMSEA 5 0.211). These results provide evidence of the
discriminant validity of the measurement model. Moreover, the factor loadings of the
eight constructs were significantly above the threshold value of 0.50, and all items
showed significant loadings on their related factors (see Table 2). Based on these results,
our model is deemed suitable for further hypothesis testing.

4.3 Hypotheses testing
Using Mplus (Muth�en and Muth�en, 2012), we conducted tests on the fully hypothesized
model. The results, presented in Table 5, provide support for H1a, which proposed a positive
association between MC and GPrI [unstandardized β 5 0.371, standard error (SE) 5 0.031,
95% confidence interval (CI) (0.2427, 0.4189)]. Similarly, H1b, which posited a positive
relationship between MC and GPcI [unstandardized β 5 0.336, SE 5 0.057, 95% CI (0.2763,
0.3810)], was also supported. Furthermore, the analysis indicated a positive link between MC
and GmI [unstandardized β 5 0.193, SE 5 0.029, 95% CI (0.1104, 0.2439)], supporting H1c.
Regarding H2a, which suggested a positive association between TC and GPrI, the results
provided support [unstandardized β 5 0.423, SE 5 0.038, 95% CI (0.3552, 0.4928)].
Additionally, H2b, proposing a positive association between TC and GPrI, also received
support [unstandardized β5 0.215, SE5 0.054, 95%CI (0.1020, 0.2696)]. Finally, the analysis
revealed a positive relationship between TC and GmI [unstandardized β5 0.180, SE5 0.044,
95% CI (0.0427, 0.2189)], thereby supporting H2c.

In assessing the impact of GPrI, we found GPrI significantly and positively linked with
EcP [unstandardized β 5 0.449, SE 5 0.052, 95% CI (0.2931, 0.4973)] and EnP
[unstandardized β 5 0.516, SE 5 0.047, 95% CI (0.3981, 0.5303)], supporting H3a and H3b.

Models χ2 df χ2/df Δχ2 (Δdf) TLI CFI RMSEA

8-factor model 918.234 637 1.441 0.971 0.987 0.037
7-factor model 1867.324 644 2.899 949.09 (7) 0.729 0.771 0.103
6-factor model 2852.179 650 4.387 1933.945 (13) 0.607 0.642 0.112
5-factor model 3420.014 655 5.221 2501.78 (18) 0.573 0.591 0.141
4-factor model 4068.278 659 6.173 3150.044 (22) 0.503 0.515 0.154
3-factor model 5022.299 662 7.586 4104.065 (25) 0.467 0.499 0.167
2-factor model 6122.491 664 9.220 5204.263 (27) 0.312 0.341 0.184
1-factor model 6728.735 665 10.118 5810.501 (28) 0.278 0.299 0.211

Source(s): Authors’ own creation

Table 4.
Confirmatory factor
analyses and model
fitness
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Similarly, considering the impact of GPcI, we found GPcI significantly related with EcP
[unstandardized β 5 0.174, SE 5 0.027, 95% CI (0.0952, 0.2270)] and EnP [unstandardized
β 5 0.541, SE 5 0.036, 95% CI (0.3780, 0.5897)], supporting H4a and H4b. Furthermore, the
results have exhibited that GmI is significantly related with EcP [unstandardized β5 0.537,
SE5 0.053, 95% CI (0.3901, 0.5872)] and EnP [unstandardized β5 0.579, SE5 0.047, 95%CI
(0.4169, 0.6081)], supporting H5a and H5b.

4.4 Analysis of corporate green image (CgI) as a moderator
H12a proposes that CgI moderates the positive association between GPrI and EcP, indicating
that a high level of CgI strengthens the positive influence of GPrI on EcP. This hypothesis
received support as the interaction term (CgI * GPrI) showed significance (β5 0.428, p< 0.01)
(see Table 5). The plotted interaction (CgI * GPrI) (see Figure 3) further revealed a stronger
link with a high level of CgI, supporting H12a. In a parallel manner, H12b posits that CgI acts
as a moderator in the positive link between GPrI and EnP, signifying that a heightened CgI
level amplifies the beneficial influence of GPrI on EnP. Substantiating this hypothesis, the
interaction term (CgI * GPrI) displayed statistical significance (β 5 0.183, p < 0.01). The
graphical representation of this interaction (CgI * GPrI) can be observed in Figure 4, affirming
that the connection is more pronounced when CgI is at a higher level, thus supporting H12b.
Transitioning to H12c, it suggests that CgI plays a moderating role in the positive
relationship between GPcI and EcP, indicating that a heightened CgI level bolsters the
positive impact of GPcI on EcP. Supporting this hypothesis, the interaction term (CgI * GPcI)
exhibited significance (β5 0.270, p< 0.01). The visual representation of this interaction (CgI *
GPcI) can be found in Figure 5, affirming that the association is more robust when CgI is
elevated, thus supporting H12c. Similarly, H12d postulates that CgI moderates the positive
connection between GPcI and EnP, signifying that a high level of CgI intensifies the positive

Hypotheses Unstandardized coefficients (β) 95% CI S.E. p-value

Direct effects
H1a: MC → GPrI 0.371** [0.2427, 0.4189] 0.031 0.001
H1b: MC → GPcI 0.336** [0.2763, 0.3810] 0.057 0.004
H1c: MC→GMI 0.193** [0.1104, 0.2439] 0.031 0.021
H2a: TC → GPrI 0.423*** [0.3552, 0.4928] 0.027 0.001
H2b: TC → GPcI 0.215** [0.1020, 0.2696] 0.054 0.032
H2c: TC → GMI 0.180** [0.0427, 0.2189] 0.024 0.017
H3a: GPrI → EcP 0.449** [0.2931, 0.4973] 0.062 0.005
H3b: GPrI → EnP 0.516** [0.3981, 0.5303] 0.047 0.042
H4a: GPcI → EcP 0.174** [0.0952, 0.2270] 0.027 0.007
H4b: GPcI → EnP 0.541** [0.3780, 0.5897] 0.036 0.031
H5a: GmI → EcP 0.537** [0.3901, 0.5872] 0.053 0.028
H5b: GmI → EnP 0.579** [0.4169, 0.6081] 0.047 0.008

Moderating effects
H12a: CgI * GPrI → EcP 0.428** [0.3598, 0.4803] 0.029 0.001
H12b: CgI * GPrI → EnP 0.183** [0.0088, 0.2279] 0.037 0.002
H12c: CgI * GPcI → EcP 0.270** [0.1054, 0.3003] 0.054 0.005
H12d: CgI * GPcI → EnP 0.262** [0.1221, 0.3254] 0.028 0.017
H12e: CgI * GmI → EcP 0.324** [0.2537, 0.3967] 0.031 0.005
H12f: CgI * GmI → EnP 0.351** [0.3031, 0.4253] 0.058 0.023

Note(s): **p< 0.01; ***p< 0.001; BDAmanagement capability5MC, BDA talent capability5TC; corporate
green image 5 CgI; green product innovation 5 GPrI; green process innovation 5 GPcI; green managerial
innovation 5 GmI; economic performance 5 EcP and environmental performance 5 EnP
Source(s): Authors’ own creation

Table 5.
Results of direct and

moderating hypothesis
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effect of GPcI on EnP. Supporting this hypothesis, the interaction term (CgI * GPcI) reached
statistical significance (β 5 0.262, p < 0.05). The graphical representation of this interaction
(CgI * GPcI) is depicted in Figure 6, showing a stronger association with a high CgI level and
endorsing H12d.

Furthermore, H12e proposes that CgI acts as a moderator in the positive association
between GmI and EcP, indicating that a high level of CgI enhances the positive influence of

Source(s): Authors’ own creation
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GmI on EcP. Supporting this hypothesis, the interaction term (CgI * GmI) achieved statistical
significance (β 5 0.324, p < 0.01), as shown in Table 5. The graphical representation of this
interaction (CgI *GmI) is presented in Figure 7, further affirming a stronger connectionwith a
high CgI level and supportingH12e. Similarly, H12f suggests that CgI plays amoderating role
in the positive linkage between GmI and EnP, implying that a high level of CgI magnifies the
positive impact of GmI on EnP. Supporting this hypothesis, the interaction term (CgI * GmI)
was significant (β 5 0.351, p < 0.05). The plotted interaction (CgI * GmI) (see Figure 8)
confirms that the link is stronger with a high level of CgI, supporting H12f.
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4.5 Analysis of GI (GPrI, GPcI, and GmI) as a mediator
To examine the mediation hypotheses (see Table 6), we utilized Hayes’ (2018) PROCESS
macro and ran Model-4 with 5,000 bootstrapped samples. This analysis aimed to explore the
indirect effects of GPrI, GPcI and GmI on BDA capabilities (MC and TC), as well as their
impact on EcP and EnP. The results indicated that the indirect influence of GPrI through MC
on EcP [indirect effect 5 0.1621, 95% CI (0.0081, 0.2027)] and MC on EnP [indirect
effect5 0.1869, 95%CI (0.0283, 0.1493)] was statistically significant; hence H6a andH6bwere
supported. Similarly, the results showed that the indirect influence of GPrI through TC on
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EcP [indirect effect5 0.1841, 95%CI (0.0112, 0.2126)] andTC onEnP [indirect effect5 0.2126,
95% CI (0.1102, 0.2867)] was statistically significant; hence H7a and H7b were supported.

The results have revealed a significant indirect relationship of GPcI between MC and EcP
[indirect effect 5 0.0519, 95% CI (0.0056, 0.1809)] and MC on EnP [indirect effect 5 0.1628,
95% CI (0.0806, 0.2065)] was statistically significant; therefore, we accept H8a and H8b.
Similarly, the indirect relationship of GPcI betweenTC andEcP [indirect effect5 0.0326, 95%
CI (0.0069, 0.1675)] and TC on EnP [indirect effect 5 0.1024, 95% CI (0.0586, 0.1985)] was
statistically significant; therefore, we accept H9a and H9b were supported.

Moreover, the study’s results provided evidence supporting H10a and H10b, as the results
revealed a statistically significant indirect effect of GmI on EcP and EnP through MC. The
estimated indirect effects were [0.1087, 95% CI (0.0716, 0.2005)] for EcP and [0.1144, 95% CI
(0.0292, 0.1966)] for EnP. Similarly, H11a and H11b received empirical support, as the results

IV MV DV
Unstandardized

effect of IV onM (a)

Unstandardized
effect of M on DV

(b)

Indirect
effect
(a*b) 95% CI Supported

H6a: MC → GPrI → EcP
MC GPrI EcP 0.3681** 0.4399** 0.1621** [0.0081, 0.2027] Yes

H6b: MC → GPrI → EnP
MC GPrI GCA 0.3681** 0.5078** 0.1869** [0.0283, 0.1493] Yes

H7a: TC → GPrI → EcP
TC GPrI EcP 0.4187** 0.4399** 0.1841** [0.0112, 0.2126] Yes

H7b: TC → GPrI → EnP
TC GPrI EnP 0.4187** 0.5078** 0.2126** [0.1102, 0.2867] Yes

H8a: MC → GPcI → EcP
MC GPcI EcP 0.3252** 0.1597** 0.0519** [0.0056, 0.1809] Yes

H8b: MC → GPcI → EnP
MC GPcI EnP 0.3252** 0.5007** 0.1628** [0.0806, 0.2065] Yes

H9a: TC → GPcI → EcP
TC GPcI EcP 0.2047** 0.1597** 0.0326** [0.0069, 0.1675] Yes

H9b: TC → GPcI → EnP
TC GPcI EnP 0.2047** 0.5007** 0.1024** [0.0586, 0.1985] Yes

H10a: MC → GmI→ EcP
MC GmI EcP 0.2014** 0.5401** 0.1087** [0.0716, 0.2005] Yes

H10b: MC → GmI→ EnP
MC GmI EnP 0.2014** 0.5683** 0.1144** [0.0292, 0.1966] Yes

H11a: TC → GmI→ EcP
TC GmI EcP 0.1756** 0.5401** 0.0948** [0.0073, 0.1505] Yes

H11b: TC → GmI→ EnP
TC GmI EnP 0.1756** 0.5683** 0.0997** [0.0100, 0.2006] Yes

Note(s): **p< 0.01; ***p< 0.001; DBA5 Big data analytics, BDAmanagement capability5MC, BDA talent
capability 5 TC; corporate green image 5 CgI; green product innovation 5 GPrI; green process
innovation 5 GPcI; green managerial innovation 5 GmI; economic performance 5 EcP and environmental
performance 5 EnP
Source(s): Authors’ own creation

Table 6.
Results of the indirect

effects

Harnessing big
data analytics in
manufacturing

SME



showed a significant indirect influence of GmI on EcP and EnP through TC. The estimated
indirect effects were [0.0948, 95% CI (0.0073, 0.1505)] for EcP and [0.0997, 95% CI (0.0100,
0.2006)] for EnP.

5. Discussion
This study explores the influence of BDA capabilities on GI (GPrI, GPcI and GmI) and
examines the mediating impact of GPrI, GPcI and GmI between BDA capabilities and
economic (EcP) and environmental (EnP) performance in manufacturing SMEs.
This research also analyses the moderating role of CgI between GI (GPrI, GPcI and GmI)
and EcP and EnP. The proposed relationship between the constructs was analyzed using the
DCV paradigm as conceptual framework. The Indian government is committed to solving
environmental issues by formulating strict production rules and industry regulations. This
would lead the Indian manufacturing SMEs to make their products and mode of production
environmentally friendly innovative technologies, including BDA and GI, to attain EcP and
EnP and improve their reputation in the market. The results indicated that BDA capabilities
including MC and TC of a firm improves its EcP and EnP through GI.

The study produced several significant outcomes and validated all proposed hypotheses.
The findings indicated that the constructs comprising BDA capabilities, GI and CgI
significantly improves the EcP and EnP of Indian manufacturing SMEs. This supports the
findings of AlKhatib (2022) who has demonstrated that BDA capabilities play a critical role in
improving the environmental performance of firms. Manufacturing SMEs can discover the
information hidden inside big data that can be applied in the development and
implementation of GI practices helping them in improving their economic and
environmental performance. BDA capabilities including the MC and TC can be utilized by
the manufacturing SMEs in understanding the customer and market demands needed for
enhancing the operational performance to improve their EcP and EnP.

The findings of the study confirm that the manufacturing industries can enhance their GI
by improvement of BDA capabilities. The relation between GI and BDA capabilities can be
accurately explained using DCV paradigm, which states that the firms can create new
capabilities through optimal exploitation of their dynamic capabilities leading to improved
environmental and economic performance. The exploitation of the big data capabilities by the
firms will improve their GI which can be crucial for improving the degree of innovation.
Hence, BDA capabilities can be considered as an important asset for reducing and recycling
of wastes and improved environmental and economic performance (AlKhatib, 2022).
Moreover, earlier studies have also confirmed that development of GI is crucial for economic
performance and environmental performance as it helps in reducing waste, pollution and
costs. The firms with CgI can gain more advantage by investing in GI as the results indicated
that CgI positivelymoderates the relationship betweenGI (GPrI, GPcI andGmI) and economic
and environmental performance. The CgI helps a firm in creating a positive image in the
market and customers consider their products reliable that gives them an advantage over the
competitors.

Eventually, this research suggests that enhancement BDA capabilities by the firms will
improve their organizational performance leading to improved economic performance and
environmental performance. Our model and findings give empirical evidence that through
appropriate analytical tools the big data can be a useful resource for themanufacturing SMEs
to attain economic and environmental performance. The findings also suggest that BDA
capabilities are critical for the development of innovative environment in the firm and GI in
management, process and product can provide economic and environmental performance to
the firms. Thus, the SMEs who want to attain performance and environmental performance
must develop their GI capabilities through investing in BDA capabilities.
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5.1 Theoretical implications
The findings obtained from the empirical data show that MC and TC have a significant
positive effect on GPrI, GPcI and GmI. Previous research has also discovered the significant
positive impact of BDA capabilities on innovation and the learning process (Bag et al., 2020).
However, none of the earlier research has individually established the association between
MC:TC on GPrI, GPcI and GmI. The above finding implies that the MC and TC are valuable
capabilities that the Indian manufacturing SMEs could adopt to make GI in their process,
product andmanagement to enhance economic and environmental performance. Further, the
current research also verifies the link between GPrI, GPcI, GmI and economic and
environmental performance. The findings indicate that all three categories of GI have a
significant favorable influence on economic and environmental performance. Therefore,
manufacturing industries can improve economic and environmental performance with the
proper application of GI in all departments. Moreover, Zameer et al. (2020) have claimed that
firmsmay build their competitive advantage through green production. Hence, GI would help
manufacturing SMEs improve their EcP and EnP.

This research also confirms that the MC and TC influence EcP and EnP through GI. The
manufacturing SMEs may attain and improve their economic and environmental
performance by adopting BDA capabilities in GI of products, processes and management.
The BDA capabilities support the development of green talent and skills in the employee and
managers of a business firm which lead to GI (Akter et al., 2016). The analysis of the
moderating influence of CgI indicated that it could help manufacturing SMEs convert the
benefits obtained through GI in improving economic performance and environmental
performance. The CgI of SMEs works as a catalyst for GI and increases environmental
performance of manufacturing industries. Thus, manufacturing firms with CgI have better
chances to enhance their economic and environmental performance through proper adoption
and implementation of GPrI, GMI and GPcI.

5.2 Managerial implications
The findings of this research offer a variety of insights that senior managers in manufacturing
industries can utilize to improve both economic and environmental performance. The BDA
approach encompasses novel resources, tools and operating techniques and advanced
technology, which business firms adopt to identify novel ideas for effective and efficient big
data handling. The approachwould helpmanufacturing SMEs improve their performance and
sustain them for longer. The present research outcomes demonstrate the influence of MC and
TC on EcP and EnP through GI as a mediating factor and Analysis of corporate green image
(CgI) as a moderating factor. The manufacturing industries with BDA capabilities and GCI
would be more capable of promoting GI in product, process and management to improvement
of economic and environmental performance. The success of MC and TC in promoting the GI
andEcP andEnP depends on the attitude of themembers of business firms towards knowledge
transfer with each other. Therefore, the higher-level management of the manufacturing SMEs
should formulate policies on adopting and using MC and TC and encourage the members to
share the knowledge to promote GI for achieving economic and environmental performance. It
would help the manufacturing SMEs formulate novel GI ideas to attain economic and
environmental performance, which other firms cannot imitate.

Additionally, the research outcomes disclosed that manufacturing firms could enhance
their CgI and attain economic and environmental performance by making their products and
services green through adopting green processes, products and managerial innovations. The
study’s findings reveal that CgI is a strong catalyst controlling GI and economic and
environmental performance relationship. Thus, through CgI, themanufacturing SMEswould
enhance their green reputation, differentiate their products and services and green image
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through GI of products, processes and management. Although the management of firms has
realized the importance of improved economic and environmental performance, numerous
firms have still not applied GI in product, process and management. This requires enormous
capital investment, time and competencies to promote and adopt BDA capabilities for GI to
improve economic performance and environmental performance of manufacturing firms.
The managers should encourage adopting GI for products, processes and management
using BDA capabilities to improve the performance of the business firms. Therefore,
we recommend that Indian manufacturing SMEs invest in BDA capabilities and GI to
enhance EcP and EnP.

5.3 Limitations and direction for future research
This study has some limitations and should be addressed in upcoming research. The study
outcomes are based on a comparatively small sample size collected using the time-lagged
design from the Indian manufacturing SMEs. Hence, the results should be verified by
conducting research in other developing countries. The relation between BDA capabilities
and economic and environmental performance is conceptualized using the DCV paradigm,
which may be examined by future works using more complex conceptual models.
Moreover, future studies may also identify the impact of BDA technological capabilities on
GPrI, GPcI, GmI and economic and environmental performance. Future works could also
analyze and validate the influence of green production on employment development and
green learning innovation on sustainable economic and environmental performance.
Certain critical issues, such as the analytics climate and privacy concerns were not
addressed in this study but present potential avenues for future research. Ekbia et al.
(2015) characterized big data as “dark data,” highlighting the necessity for its
investigation through a meaningful and balanced approach. This necessitates the
application of appropriate talent, technology and strategic methods to ensure a
comprehensive understanding and responsible utilization of big data. Future studies
can also use other pertinent constructs not examined in earlier literature. Besides, the
study’s findings cannot be generalized for the manufacturing SMEs in different
developing countries unless it is not validated by the studies conducted in other
developing countries using identical sample sizes from the manufacturing firms.

5.4 Conclusion
The study’s conclusion emphasizes the increasing importance of BDA capabilities in
manufacturing firms for enhancing economic and environmental performance. It addresses a
gap in existing literature by uncovering the mechanisms through which BDA capabilities
influence these performance aspects. The study reveals the indirect role of GI and the
moderating influence of CgI in the relationship between BDA capabilities, specifically MC
and TC and economic and environmental performance. Data collected from 417
manufacturing firms using a time-lagged design provided empirical evidence that both
MC and TC significantly impact GI. GI, in turn, plays a crucial mediating role between BDA
and the economic and environmental performance of firms. Furthermore, the study found
that CgI enhances the effect of GI on these performance metrics, suggesting a synergistic
interaction between CgI and innovation practices. These findings hold substantial theoretical
and practical implications for manufacturing SMEs and policymakers, offering a nuanced
understanding of the pathways through which BDA capabilities can be leveraged for better
economic and environmental outcomes. This study notably contributes to the literature on
BDA by empirically demonstrating the effects of MC and TC on improving the EcP and EnP
of manufacturing firms. It accomplishes this through the indirect impact of GIs and the
moderating effect of CgI, thus expanding the DCV paradigm.
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