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A B S T R A C T   

By introducing digital technologies, Industry 4.0 may be transforming the traditional systems of the 
manufacturing industries, which are often blamed for high environmental degradation and social inequalities. 
Due to their power, size, and scope, manufacturing multinational enterprises (MNEs) are considered by other 
organizations as best practice references. If there is already evidence that digitalization favours environmental 
sustainability, social sustainability still needs to be explored. This study aims to analyze the contribution of the 
implementation of digital technologies in promoting environmental and social sustainability in European 
manufacturing MNEs using the Resource-Based View (RBV). A research model was formulated comprising five 
digital technologies (Artificial Intelligence, Cloud Computing, Robotics, Big Data Analytics, and Blockchain) and 
sustainable environmental and social practices. To test the model, the Partial Least Squares method was applied 
to a sample of 764 European manufacturing MNEs. The results show that European MNEs still have a low 
implementation of digital technologies in their business models. Digital technologies positively contribute to 
achieving these companies’ environmental and social sustainability. However, the contributions of implementing 
each digital technology to environmental and social sustainability are not equal, allowing investment prioriti
zation by manufacturing MNEs according to the strategically defined return. This study contributes to the 
evolution of RBV considering digital technology as a strategic resource. It focuses on assessing the contribution of 
five digital technologies to achieving environmental and social sustainability and demonstrates the importance of 
the digital transition towards greener manufacturing production in environmental and social terms. It also 
suggests practices managers and policymakers can implement to accelerate digitalization and achieve the United 
Nations Sustainable Development Goals.   

1. Introduction 

We live in a globalized world where multinational enterprises 
(MNEs) dominate business activities and are considered, by other or
ganizations, as a reference for good practices and a model to replicate 
(López et al., 2019). In the European Union, 36% of manufacturing 
companies are multinationals (Eurostat, 2022). According to the Euro
Groups Register (EGR), in 2020, there were 135,450 multinational en
terprise groups represented by 468,000 companies and employed over 
42 million people in European Union and European Free Trade 

Association (EFTA) countries. Moreover, 20 per cent of MNE groups are 
present in at least six countries (Eurostat, 2022). 

The environmental and social impact of MNEs’ activities worldwide 
has come under increased scrutiny. Between 2000 and 2020, carbon 
dioxide (CO2) emissions from global combustion caused by industrial 
processes and fossil fuels rose by around 35% (34.07 billion tons) 
(Deloitte, 2021), resulting in increased resource consumption, pollution, 
and ecological degradation, and contributed to climate change (Tseng 
et al., 2018). Traditional manufacturing systems also cause social 
problems such as low income, poverty, wage disparity, lack of unity, and 

* Corresponding author. Department of Management and Economics & NECE-UBI – Research Unit in Business Sciences, University of Beira Interior, Covilhã, 
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social disharmony (Mohamed, 2018). In this context, manufacturing 
companies have experienced challenges in meeting consumers’ de
mands and growing preferences (Satyro et al., 2022), who have 
increasingly changed their buying habits toward more sustainable 
products (Esmaeilian et al., 2020). Manufacturing companies must 
preserve more natural resources that are essential for production (Satyro 
et al., 2022), and there is a belief that the development of technologies 
and their implementation will enable manufacturing companies to 
improve their performance (Amjad et al., 2021), and simultaneously 
achieve environmental, social, and economic sustainability to meet the 
UN 2030 Agenda for Sustainable Development. 

According to Kagermann et al. (2013), technology is the main 
contribution to implementing Industry 4.0 in manufacturing companies. 
Industry 4.0 is also described as the fourth industrial revolution, and 
represents the current trend of automation technologies in the 
manufacturing industry and especially covers enabling technologies (e. 
g. Internet of Things (IoT), cyber-physical systems (CPS), cloud 
computing) (Kagermann et al., 2013; Xu et al., 2018). The First Indus
trial Revolution (Industry 1.0) introduced mechanical manufacturing 
systems using steam and water power. Mass production through elec
trical energy describes the Second Industrial Revolution (Industry 2.0). 
In the Third Industrial Revolution (Industry 3.0), the application of 
microelectronic technology and automation in manufacturing emerged. 
The implementation of Information and Communication Technologies 
(ICT) by manufacturing companies contributes a lot to this technological 
advance (e.g. made computer integrated manufacturing, 
computer-aided processing planning, computer-aided manufacturing, 
technologies for computer-aided design, industrial robots made flexible 
manufacturing systems, computer numerical control) (Feng et al., 
2001). Although the Third Industrial Revolution focuses on the auto
mation of machines and processes, Industry 4.0 focuses more on 
end-to-end digitization and the incorporation of digital industrial eco
systems, looking for fully integrated solutions (Tan et al., 2010; Xu et al., 
2018). Industry 4.0 is based on nine technological pillars: Big Data, 
Cloud, Industrial Internet, Horizontal and Vertical Integration, Simula
tion, Augmented Reality, Additive Manufacturing, Cyber Security and 
Advanced Manufacturing. Therefore, Industry 4.0, by implementing 
continuous improvement methodologies and new advanced technolo
gies, can provide an increasingly sustainable future (Jayashree et al., 
2022). 

In the pursuit of sustainability, and with the implementation of In
dustry 4.0, several benefits can be achieved, such as i) increasing the 
production of circular products (Yadav et al., 2020); ii) improving effi
ciency and quality, decreasing resource consumption, and increasing 
productivity (Asif, 2020; Satyro et al., 2022); and iii) produce particu
larized products with a shorter lead time (Asif, 2020; Satyro et al., 
2022). However, there are difficulties in implementing Industry 4.0 
resulting from: i) the difficulty in training and hiring human resources in 
digital technology (Birkel et al., 2019); ii) new management skills being 
required (Winter, 2020); and iii) the complexity of changing an orga
nizational culture (Satyro et al., 2022). 

Recent studies show that companies aiming to achieve environ
mental sustainability must implement Industry 4.0 technologies 
(Jayashree et al., 2022; Kamble et al., 2018; Müller et al., 2018). 
Jayashree et al. (2021) study the relationship between implementing 
Industry 4.0 technologies and the objectives for environmental sus
tainability. The authors conclude that the characteristics of technolog
ical innovation have a positive effect on the implementation of Industry 
4.0 and on the objectives of environmental sustainability. Jayashree 
et al. (2022) analyze the dynamics in adopting Industry 4.0 to achieve 
environmental sustainability. The authors state that management lead
ership, external support, teamwork, and Information technology (IT) 
resources are relevant to implement Industry 4.0 and to achieve envi
ronmental sustainability. Satyro et al. (2022) identify the challenges and 
benefits of implementing Industry 4.0, analyzing potential social im
pacts. The authors conclude that Industry 4.0 has increased companies’ 

competitiveness and improved production lines’ quality. However, they 
identified difficulties in changing the organizational culture due to the 
difficulty in hiring/training human resources in digital technologies and 
the high investments that need to be made. The authors also state that 
environmental sustainability is considered secondary in formulating 
companies’ strategies, and the social dimension is little considered. 
Grybauskas et al. (2022), through a systematic review of academic and 
gray literature, analyze the social implications of Industry 4.0. The au
thors conclude that the academic literature indicates that Industry 4.0 
needs internal mechanisms to develop ways to achieve social sustain
ability. The authors also state that Industry 4.0 does not necessarily 
extend the corporation’s social responsibility to the entire value chain. 
Furthermore, in the Industry 4.0 scenario, the delivery of social devel
opment values has never been among the main objectives of corporate 
governance (Grybauskas et al., 2022). 

Despite this, only some authors agree that Industry 4.0 should have 
environmental and social sustainability as its primary goal (Ghobakhloo 
et al., 2021). However, policymakers have emphasized Industry 4.0 and 
its potential implications for sustainable development (Grybauskas 
et al., 2022). In this context, the scientific community has recently 
shown much interest in assessing the implications that Industry 4.0 has 
on environmental, social, and economic sustainability (Oztemel and 
Gursev, 2020). There is also a disconnect in the extant literature be
tween sustainability and technologies in the context of manufacturing 
companies in Industry 4.0 (Nascimento et al., 2019). Hence, further 
studies are needed to analyze how different technologies can be applied 
to improve organizational social practices. Furthermore, there is a gap in 
the literature regarding how implementing Industry 4.0 technologies 
can lead to environmental sustainability (Ajwani-Ramchandani et al., 
2021) and a deficit of research studying the impact of digitized in
dustries on social and environmental sustainability (Chauhan et al., 
2022). In this context, how can the role and effectiveness of each tech
nology be evaluated in achieving social and environmental 
sustainability? 

The present study aims to analyze the impact of digital technologies 
in promoting environmental and social sustainability in manufacturing 
MNEs, considering sustainability as a source of competitiveness in this 
type of business organization. This study is analyzed from the Resource- 
Based View (RBV) perspective considering digital technologies as re
sources and capabilities. The RBV has been used to explain how the use 
of digital technologies contributes to the superior performance of firms 
in specific markets (Huber et al., 2022). This study is expected to help 
manufacturing MNEs achieve environmental and social sustainability. 
To this end, through a quantitative methodology, five multiple linear 
regressions were estimated using the Partial Least Squares (PLS) 
method. This method is the most suitable for this study because it is 
based on variance, combining factor analysis with regression estimation. 
The data were collected from Gesis - Leibniz Institute for Social Sciences 
database in Flash Eurobarometer 486 published in 2020 (European 
Commission, 2020). The sample consists of 764 manufacturing MNEs. 
Five digital technologies were included in the study (Artificial Intelli
gence (AI), Cloud Computing, Robotics, Big Data Analytics (BDA), and 
Blockchain). The choice of digital technologies to be studied in this 
paper was due to the frequency with which they are implemented in the 
multinational manufacturing industries participating in the database 
sample. 

This study makes three main contributions. First, this study con
tributes to recent work on implementing an Industry 4.0 strategy. 
Currently, there are no known studies that analyze simultaneously the 
contributions of five digital technologies to environmental and social 
sustainability. Previous studies have focused on presenting theoretical 
sustainable 4.0 business models (see, for example, Godina et al., 2020; 
Martin et al., 2021), while this study highlights that digital technologies 
AI, Cloud Computing, Robotic, BDA, and Blockchain) have positive 
impacts on the environmental and social sustainability of manufacturing 
MNEs, which in turn can be sources of competitiveness creation. 
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Second, in contrast to previous studies that did not include any 
theory as a perspective of analysis (García-Muiña et al., 2020), in this 
study, we examine the impact of digital technologies on promoting the 
environmental and social sustainability of manufacturing MNEs from 
the RBV perspective. With this approach, we expand the resources and 
capacities traditionally proposed in RBV, considering digital technolo
gies as a specific capacity of companies based on Resources. Further
more, we conclude that digital technologies are valuable for 
manufacturing MNEs to achieve strategic objectives and social and 
environmental sustainability. Finally, this study provides insights into 
how managers can accelerate environmental and social sustainability 
through digitalization. We also verified that there is an unequal 
contribution of different digital technologies to achieve the goals of 
social and environmental sustainability since we identified the proba
bility that digital technology has greater value in the strategic context of 
manufacturing MNEs. To achieve environmental sustainability goals, 
manufacturing MNEs must invest in digital technologies that contribute 
more to the environmental practices already implemented in companies, 
prioritizing: (1) cloud computing, (2) blockchain, (3) robotic, (4) BDA 
and, (5) AI. With regard to social sustainability, manufacturing MNEs 
should prioritize: (1) cloud computing, (2) BDA, (3) robotic, (4) AI, and 
(5) blockchain. 

2. Literature review 

2.1. Resource-Based View theory 

The Resource-Based View (RBV) has been used to explain a com
pany’s superior performance in markets, and the application and use of 
digital technologies can contribute to this (Huber et al., 2022). RBV is 
applied in strategic management studies to explain the relationships 
between companies’ performance and their resources (Barney, 1991; 
Szalavetz, 2022). With the RBV, it is possible to relate companies’ 
competitive advantages with the characteristics of the resources (valu
able, rare, inimitable, and non-substitutable) that they possess or control 
(Barney, 1991; Lopes et al., 2021; Szalavetz, 2022). 

For the present study, we consider digital technologies (Artificial 
Intelligent, Cloud Computing, Robotics, Big Data Analytics, and Block
chain) as resources and capabilities that a manufacturing MNE has to 
implement, integrate, assemble, and connect manufacturing processes. 
By enabling the application of an Industry 4.0 strategy (Huber et al., 
2022), companies can also identify new business opportunities (Khin 
and Kee, 2022). Recent literature has studied the impact of digitization 
on firms. However, the literature focuses on identifying the resources 
and ways in which digitization (see, for example, Monostori et al., 
2016), whereas, the present study takes a different approach as it uses 
RBV as a theoretical lens and analyzes the potential impacts of digital 
technology implementation on the environmental and social sustain
ability of manufacturing MNEs, considering sustainability as a source of 
future competitiveness. 

2.2. Artificial intelligence 

The concept of AI involves the application of computational skills to 
solve problems and achieve goals (Nishant et al., 2020). Studies on AI for 
sustainability have mainly focused on environmental sustainability, 
demonstrating the application of AI to improve biodiversity by assessing 
ecosystem systems (Nuortimo and Harkonen, 2018), conserving natural 
species and water resources (Russell and Norvig, 2016). Primarily, the 
focus has been on energy conservation and renewable energy, with more 
than 250 papers published between 2015 and 2019 on the latter issue 
(Nishant et al., 2020). At the Industry 4.0. level, AI has been used as a big 
data technology that collects, processes, and stores large amounts of 
data and is a source of industry competitiveness. One of the biggest 
challenges is how to endow the industry with sustainable production 
(Mathiyazhagan et al., 2019). In the case of manufacturing companies, 

manufacturing in a sustainable way has been circuitous since most of 
these companies find it difficult to safely manage the use of large 
quantities of highly environmentally hazardous chemicals due to envi
ronmental and safety impositions (Mao et al., 2019). 

In addition, mass production, lack of early risk detection and safety- 
oriented decision-making systems in processes, the multiplicity of in
formation and data, and classification of information in isolation were 
identified as the main problems preventing manufacturing industries 
from achieving a green manufacturing process (Mao et al., 2019). AI can 
help solve these problems and decision-making through error detection, 
the fusion of diverse data, and early detection of alert situations, 
enabling companies to achieve green manufacturing (Cioffi et al., 2020; 
Mao et al., 2019). It becomes clear that including tools, techniques and 
methods involving AI is an essential step for the exploration of com
panies’ data and for the creation of applications that allow the efficient 
use of natural resources in productive and organizational systems (Onu 
and Mbohwa, 2021). Studies are still very scarce regarding the appli
cation of AI to achieve social sustainability (Lee, 2021), even though 
some authors consider it the most pertinent type of sustainability to 
achieve (Khakurel et al., 2018). 

According to Joung et al. (2013), social well-being translated by 
health and safety practices and the promotion of human rights is social 
indicators that can be improved through AI in manufacturing com
panies’ manufacturing processes, which can ensure that this type of 
industry’s operations is socially sustainable. AI can promote social sus
tainability, namely when it increases work efficiency, reduces working 
hours, improves workers’ physical and mental health, enables 
multi-tasking, automates routines, and promotes social and ethical ac
tions (Khakurel et al., 2018). In this context, it is important to assess how 
manufacturing companies can benefit from sustainability indicators 
when implementing AI. 

H1a. The application of AI in manufacturing industries positively in
fluences the environmental sustainability indicators of these industries. 

H1b. The application of AI in manufacturing industries positively in
fluences the social sustainability indicators of these industries. 

2.3. Cloud computing 

Cloud computing involves a networked system that enables simple, 
easy, and comprehensive access to information and data, creating added 
value for organizations by reducing operational costs and physical and 
human resources and boosting business opportunities (Chang et al., 
2010). According to Kusiak (2018), smart manufacturing industries are 
built on six pillars: technological manufacturing processes, materials, 
data, predictive-type engineering, sustainability, and networked 
resource sharing. The future trend is for cloud computing to be energy 
efficient, sustainable, and suited to the dictates of the manufacturing 
industry. To this end, Gill and Buyya (2019) presented a sustainable 
cloud computing model with applications and sustainability measures 
that enable energy management, virtualization, thermal recognition 
programs, renewable energy management, and the reuse of natural re
sources. Although the cloud computing solution has been used as a 
support for intelligent decisions in order to obtain more sustainable and 
efficient manufacturing, its application and objectives in manufacturing 
industries are still unclear (Fisher et al., 2018). In this way, it becomes 
important to evaluate the contribution of the application of cloud 
computing to environmental sustainability in manufacturing industries. 

However, most studies on assessing the impact of cloud computing in 
Industry 4.0 do not yet consider the sustainability aspect to evaluate the 
performance of cloud computing, especially at the social level (Azadi 
et al., 2021). More recently, in the manufacturing industries, a new 
concept of “Social Manufacturing” has emerged, in which producers and 
individuals work in a collaborative way (Hamalainen and Karjalainen, 
2017). Cloud computing complements this new concept by allowing and 
treating collective data and information and simulating more innovative 
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projects (Ren et al., 2015), being indicated as a solution that can pro
mote the sustainability of manufacturing companies (Bi and Wang, 
2013). Furthermore, the introduction of cloud computing in industry 4.0 
and other technologies is transforming the labor market since there are 
costs (economic, social and environmental) of migrating to the cloud, 
and the social aspect is receiving increasing attention (Mohammed et al., 
2020). Cloud computing leads to many traditional professions tending to 
disappear, being replaced by smart technologies, but also causing new 
professionals with the skills to maneuver these new technologies to 
emerge (Bologa et al., 2017). These negative consequences of the 
implementation of cloud computing, especially in manufacturing com
panies with standardized and typified work functions, call into question 
its contribution to the social sustainability of this sector of activity. 

H2a. Information migration to cloud computing in manufacturing in
dustries positively influences the environmental sustainability in
dicators of these industries. 

H2b. Information migration to cloud computing in manufacturing 
industries positively influences the social sustainability indicators of 
these industries. 

2.4. Robotics 

The application of robotics in the industry has allowed to decrease 
production costs, improve industrial performance, satisfy 
manufacturing quality requirements, customize the product, make 
production more flexible and apply sustainable practices (Gadaleta 
et al., 2019; Ogbemhe et al., 2017). In the case of manufacturing in
dustries, robotics allows tasks to be performed faster, makes workers 
more skilled, saving time and money; reduces supervision time, 
increasing productivity; allows 24h production processes, reducing 
production costs and making the production system more sustainable; 
improves product quality (Enyoghasi and Badurdeen, 2021; Ogbemhe 
et al., 2017). Several studies have demonstrated the contribution of the 
application of robotics in manufacturing industries, despite the high 
investment involved in implementing this digital solution. As main 
contributions, these studies have highlighted the implementation of a 
more sustainable production process with reduced consumption of 
electricity, gas and water since operations are more efficient, there is a 
reduction in CO2 emissions and the use of raw materials, waste reduc
tion and (Ajwani-Ramchandani et al., 2021; Yamamoto et al., 2020). In 
social terms, robotics in manufacturing industries can improve human 
working conditions by changing employment structures, decreasing 
routine and monotonous tasks, boosting workers’ skills and qualifica
tions through training to handle and deal with robotics applications, and 
boosting social sustainability practices (Radić et al., 2020). According to 
Gaǰsek et al. (2020), the addition of robotics in manufacturing industries 
can improve employees’ physical and mental health, work productivity, 
and support better work decisions. Despite these benefits, the imple
mentation of robotics applications often has economic sustainability 
objectives, neglecting environmental and social sustainability. Espe
cially because robotics does not only have positive effects in social 
terms, depending on how it is implemented. Guenat et al. (2022) in their 
study concluded that the reinforcement of inequalities, the diversion of 
resources from already improved solutions, the reduction of freedom 
and privacy can be threats resulting from the implementation of ro
botics. Job loss and rising unemployment is another of the negative ef
fects (Frey and Osborne, 2017; Lloyd and Payne, 2019). However, 
several studies have shown that the correct implementation of robotics 
solutions can contribute to the social and environmental sustainability 
of manufacturing companies, these companies can optimize and make 
their implementation more efficient. 

H3a. The application of robotics in manufacturing industries posi
tively influences the environmental sustainability indicators of these 
industries. 

H3b. The application of robotics in manufacturing industries posi
tively influences the social sustainability indicators of these industries. 

2.5. Big data analytics (BDA) 

BDA is the ability to rapidly generate and analyze a large volume of 
diverse data and is characterized by the five V’s: variety, volume, ve
locity, value, and veracity (Duan and Xiong, 2015). BDA can be defined 
as a superior capability of organizations, based on the conditions of their 
operation, to realize a pooling of strategic resources (human and 
managerial and technical skills) that can improve their performance 
(Akter et al., 2016; Wamba et al., 2017). Exploiting this superior orga
nizational capability can achieve a sustainable competitive advantage at 
the environmental and social levels (Dubey et al., 2019). In 
manufacturing industries, BDA can transform the practices of these 
companies by making them more environmentally sustainable. BDA has 
already been shown to positively impact operations at the green supply 
chain level (Doolun et al., 2018) and sustainable manufacturing level 
(Kaur and Singh, 2018). At the green supply chain level, BDA has 
allowed the creation of new tools to support decision-making, allowing 
to monitor of the supply chain in real-time and in an accurate way, 
managing risks and streamlining processes, allowing to achieve a 
competitive advantage at the sustainable level (Wamba et al., 2017). 
Sustainable manufacturing aims to optimize resource use, reduce waste, 
carbon, and toxic emissions, and save energy (Piyathanavong et al., 
2019). In social terms, the BDA can manage and monitor labor issues 
such as the functions performed in the supply chain, the use of supple
mentary and continuous work, compensation and wage processing, 
safety standards, among others (Mageto, 2021). However, the contri
bution of BDA in terms of social sustainability is still little studied and 
the results of more exploratory studies have shown that the application 
of BDA can bring social uncertainty and as such, its application in pro
moting social sustainability is not a priority for companies (Gangwar 
et al., 2022). Despite the various benefits that manufacturing companies 
can obtain from the application of the BDA, there is still little evidence 
that demonstrates how the application of the BDA can contribute to the 
environmental and social sustainability of manufacturing companies, 
focusing essentially on economic benefits (Mageto, 2021). 

H4a. The use of BDA in manufacturing industries positively influences 
the environmental indicators of these industries. 

H4b. The use of BDA in manufacturing industries positively influences 
the sustainability indicators of these industries. 

2.6. Blockchain 

Blockchain technology is an innovation characterized by being 
disruptive and based on continuous advances in information computing 
that uses a central agent that coordinates data in a reliable, transparent, 
and shared way, being increasingly used in Industry 4.0. Recent studies 
on the link between blockchain technology and sustainability have 
focused primarily on supply chain management, technological infra
structure, energy, smart money, climate change, and technology inte
gration (Parmentola et al., 2022). Blockchain technology can facilitate 
the sustainable production model, handle, monitor, and store data about 
the activities that enhance pollution and environmental devastation, 
and collect real-time data about green activities, helping in the man
agement’s decision-making (Parmentola et al., 2022). In addition, it can 
favor implementing a green supply chain (Mora et al., 2021). 

We can conclude that these studies have evaluated the contribution 
of using blockchain in order to optimize production processes and sup
ply chains for economic purposes, and it is unknown whether there are 
really environmental concerns in its implementation to ensure greater 
sustainability in this dimension. However, there are studies that have 
shown that the implementation of blockchain technology does not only 
have positive effects in environmental terms. Traditional blockchain 
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systems require high energy costs, high CO2 emissions and to accom
modate large servers, large installations are required, posing a threat in 
terms of forest devastation and the squandering of natural resources 
(Parmentola et al., 2022). 

Also, blockchain technology has contributed to promoting social 
sustainability in manufacturing industries, with the main contributions 
being working conditions, human rights, societal engagement, customer 
issues, and business practices (Khanfar et al., 2021). At the level of 
working conditions, blockchain technology contributes to promoting the 
development of human capital in manufacturing industries, dissemi
nating safety and health practices, reducing safety gaps, tracking and 
monitoring companies’ health and safety certificates, improving work
ing conditions, and tracking workers’ work activity (working hours, 
salaries, benefits, overtime work among others) (Venkatesh et al., 2020). 
The defense and promotion of human rights can also be promoted by the 
use of blockchain technology through the tracking and monitoring of 
human rights, the prevention of social abuse and alarmism, the reduc
tion and identification of situations of worker exploitation, forced labor, 
and child labor (Park and Li, 2021). Regarding societal engagement, 
blockchain technology can enable new business opportunities, make the 
business model more efficient, reduce costs and boost the social services 
(Schulz et al., 2020). Regarding customer issues, this technology can 
facilitate product customization, promote product innovation, optimize 
production and delivery processes and enable a direct relationship be
tween stakeholders (Leng et al., 2020). Finally, blockchain can promote 
business practices by tracking and monitoring corruption situations and 
promoting a fair and balanced trade (Katsikouli et al., 2021). Thus, 
among the digital technologies evaluated in this study, blockchain seems 
to be the one that has contributed the most to social sustainability, and 
its role should be reinforced. 

H5a. The application of blockchain technology in manufacturing industries 
positively influences the environmental sustainability indicators of these 
industries. 

H5b. The application of blockchain technology in manufacturing industries 
positively influences the social sustainability indicators of these industries. 

The research model for this study is presented in Fig. 1. 

3. Methods 

3.1. Sample and data 

The objective of this study is to evaluate the contribution of five 
digital technologies (Artificial Intelligent, Cloud Computing, Robotics, 

Big Data Analytics, and Blockchain) (i) in environmental sustainability 
and (ii) in social sustainability. To this end, this study uses a sample of 
manufacturing MNEs selected from the Gesis - Leibniz Institute for So
cial Sciences database in Flash Eurobarometer 486 published in 2020 
(European Commission, 2020). Data were collected by telephone and 
computer-assisted interviewing between February 19, 2020, and May 
05, 2020. The geographical coverage of the companies interviewed 
covers all 27 member states of the EU and Bosnia and Herzegovina, 
Brazil, Canada, Iceland, Japan, North Macedonia, Norway, Serbia, 
Turkey, the UK, the USA, and Kosovo. The original database contains 16, 
365 companies from various industries, and a filter was used to restrict 
the sample for this study to manufacturing MNEs, resulting in 764 
companies. The criteria for determining the MNE belonging to the 
sample were: i) dimension measured by the number of employees (more 
than 250 employees) and ii) activity in more than one country. 

The oldest company in the sample was registered in 1850, and the 
newest was in 2018. 78% of the companies had 250 employees or more 
in the last three years. In terms of turnover, in 2019, 66% of the com
panies’ turnover of more than 50 million and 32% between 10 and 50 
million euros. Since 2016, in terms of turnover, 82% of these companies 
grew by less than 30%, and in terms of the number of full-time em
ployees, 74% of companies grew by more than 30%. 

3.2. Variables 

3.2.1. Independent variables and control variables 
In the Flash Eurobarometer 486 survey, in question Q23, companies 

were asked (Appendix A): “Which digital technologies has your com
pany adopted so far?“. The following possible answers were presented 
(Table 1), and companies could choose more than one option. The an
swers are binary: 1 – yes, 0 – no. 

Fig. 1. Research model.  

Table 1 
Options of digital technologies’  

1 - Artificial intelligence, for example, machine learning or technologies for 
identifying objects or people, etc. 

2 - Cloud computing, i.e. storage and processing of files or data on remote servers 
hosted on the Internet 

3 - Robotics, i.e. robots used to automate processes, for example in construction or 
design, etc. 

4 - Smart devices, e.g. smart sensors, smart thermostats, etc. 
5 - Big data analytics, for example, data mining and predictive analytics 
6 - High speed infrastructure 
7 - Blockchain 
8 - None of the above  
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The choice of digital technologies to be studied in the present study 
resulted from the frequency with which they are implemented in the 
multinational manufacturing industries that participated in the database 
sample of the Flash Eurobarometer 486 questionnaire was greater than 
10% (Table 2). 

Firm age and size were used as control variables similar to other 
studies (e.g., Adomako et al. (2019). The firm age is measured by the age 
of the company (since initial registration) until 2019 and the firm size by 
the number of employees in the company three years ago. 

3.2.2. Dependent variables 
The indicators of the dependent variables, environmental and social 

sustainability, were measured by the answers of the surveyed companies 
to the following question (Appendix A): Which of the following sus
tainability measures is your company actively adopting? The answers 
are binary: 1 – yes, 0 – no. Response items are shown in Table 3. 

3.2.3. Resume of variables and indicators 
Table 4 shows the resume of items that measure the dependent, in

dependent, and control variables. 

3.3. Data analysis 

First, a statistical analysis was performed on the variables and in
dicators that measure the variables contained in the research model 
using the SPSS (v.25) software. Afterwards, the Partial Least Squares 
(PLS) method in Smart PLS3.0., as Hair et al. (2017) suggested, was used 
to test the relationships established in the research model between the 
variables. The sample consists of indicators collected through a ques
tionnaire and there is no normal distribution of data confirmed by 
kurtosis and skewness statistics. The PLS method has already been used 
in other studies to assess the relationship between digital technologies 
and sustainability such as Sun et al. (2022), Li et al. (2022) and Haseeb 
et al. (2019). The PLS method comprises two models: the outer model, a 
measurement model, and the inner model, a structure model. Since the 
PLS method is a variance-based method, it combines factor analysis with 
regression estimation, which is beneficial for the present study. 
Furthermore, PLS regression is computed separately for measurement 
and structural models. 

Thus, the data from this study were analyzed in three steps.  

i) Statistical analysis of variables and items that measure them;  
ii) Analysis of the items that measure the constructs to ensure 

measurement validity and reliability;  
iii) Testing the research model and hypotheses via bootstrapping. 

Since in this study we have two dependent variables because we 
want to assess the individual contribution of each of the five digital 
technologies separately in environmental sustainability and social 

sustainability, we apply the PLS method to two models separately: i) 
model 1 whose dependent variable is environmental sustainability and 
which includes five regressions referring to a digital technology and ii) 
model 2 whose dependent variable is social sustainability and which 
also includes five regressions referring to a digital technology. 

4. Results 

4.1. Descriptive analysis 

The sample of this study is composed of 764 manufacturing MNE. In 
terms of digital technologies, Table 5 shows the percentages of multi
national manufacturing companies in the sample that use each of the 
digital technologies under study. Cloud computing is the most used 
digital technology (45.3%), followed by robotics (19.3%). 29.7% of 
companies have not implemented any of the digital technologies under 
analysis. 

In terms of sustainability, the most of companies already implement 
environmentally sustainable practices (Table 6). Only 6% of companies 
do not have any environmental and social sustainability practices. 
Manufacturing companies use, and reuse materials is the most adopted 

Table 2 
Frequency of implementation of digital technologies in multinational 
manufacturing companies in the sample.  

Digital Technologies’ Frequency 
(%) 

1 - Artificial intelligence, for example, machine learning or 
technologies for identifying objects or people, etc. 

12.2% 

2 - Cloud computing, i.e. storage and processing of files or data on 
remote servers hosted on the Internet 

45.3% 

3 - Robotics, i.e. robots used to automate processes, for example in 
construction or design, etc. 

19.3% 

4 - Smart devices, e.g. smart sensors, smart thermostats, etc. 8.1% 
5 - Big data analytics, for example, data mining and predictive 

analytics 
13.8% 

6 - High speed infrastructure 8.4% 
7 - Blockchain 11.7% 
8 - None of the previous 29.7%  

Table 3 
Indicators of environmental and social sustainable practices.  

Environmental practices 

Recycling or reuse of materials 
Reducing consumption or impact on natural resources (e.g. saving water or 
switching to sustainable resources 
Energy saving or switching to renewable energy sources 
Sustainable product development 

Social practices 
Improvement of employees’ working conditions 
Promotion and improvement of diversity and equality in the workplace 
Assessing your company’s impact on society 
Employee involvement in the management of the company 

None of the previous  

Table 4 
Variables and indicators.  

Variables Items 

Dependent 
Environmental 

Sustainability 
ES1 - Recycling or reuse of materials 
ES2 - Reducing consumption or impact on natural 
resources (e.g. saving water or switching to sustainable 
resources 
ES3 - Energy saving or switching to renewable energy 
sources 
ES4 - Sustainable product development 

Social Sustainability SS1 - Improvement of employees’ working conditions 
SS2 - Promotion and improvement of diversity and 
equality in the workplace 
SS3 - Assessing your company’s impact on society 
SS4 - Employee involvement in the management of the 
company 

Independent 
Artificial Intelligence DT1 - Artificial Intelligence, e.g., machine learning or 

technologies for identifying objects or people, etc. 
Cloud Computing DT2 - Cloud computing, i.e., storing and processing files or 

data on remote servers hosted on the internet 
Robotics DT3 - Robotics, i.e., robots used to automate processes, e. 

g., construction or design, etc. 
Big Data Analytics DT4 - Big Data Analytics, e.g., data mining and predictive 

analytics 
Blockchain DT5 - Applying Blockchain Technology 
Control Variables 
Firm Age Length of time (in years) of the company from the initial 

registration of activity until 2019 
Firm Size Number of employees in the company three years ago 

Note: ES – Environmental Sustainability; SS – Social Sustainability; DT – Digital 
Technology. 
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practice (64.6%), followed by energy saving (54.6%). In social terms, 
the results are no longer so uniform. Improving working conditions is 
the most implemented practice in manufacturing industries (70.7%), 
followed by promoting equal diversity in the workplace (52.5%). Only 
28.5% of manufacturing companies evaluate their company’s social 
impact on society. 

4.2. Measures of reliability and validity 

In order to assess the reflective nature of the research model, we first 
performed a confirmatory factorial (CFA). According to Hair et al. 
(2019), in reflective PLS models, the constructs are the common causes 
of the items or indicators that measure them and the observed constructs 
do not have causality effects on the corresponding constructs. All items 
that measure the variables have a high confirmatory factor loads 
(>0.70), as shown in Table 7. Goodness-of-fit (GoF) was also used to 
assess the goodness of fit of the model according to the formula by 
Tenenhaus et al. (2005). According to the criteria of Wetzels et al. 
(2009), if the GoF is between 0 and 1, the model fit is small, 0.25 is 
medium and 0.36 is large. As the GoF for model 1 is 0.361 and for model 
2 it is 0.381, we can conclude that both models present an excellent fit. 
The Standardized Root Mean Square Residual (SRMR) is 0.058 for model 
1 and 0.073 for model 2, below the reference value of 0.080 (Hair et al., 
2017), proving the general adequacy of the research models. Addition
ally, the following model fit indices were calculated for models 1 and 2: 
i) the Goodness-of-Fit Index (GFI) (Model 1: 0.934 and Model 2: 0.965; 
reference value > 0.90); ii) Comparative Fit Index (CFI) (Model 1: 0.937 
and Model 2: 0.945; reference value > 0.90); iii) Incremental Fit Index 
(IFI) (Model 1: 0.939; Model 2: 0.948; reference value > 0.90) and iv) 
Root Mean Square Approximation Error (RMSEA) (Model 1: 0.067; 
Model 2: 0.072; reference value < 0.08). The results of all these mea
surements are above the reference values, so we can conclude that 
models 1 and 2 have an excellent fit. 

According to Hair et al. (2019), to assess the reliability and validity 
of the constructs, three measures should be used: Cronbach’s Alpha (Cα 
> 0.70), Composite Reliability (CR > 0.70) and Average Variance 
Extracted (AVE >0.50). The Fornell-Larcker criterion should be used to 
assess the discriminant and R2 validity of endogenous latent variables to 
assess their predictive prediction. The results of evaluation of reflective 
measurement model in terms of reliability, convergence and discrimi
nant validity are shown in Table 7. The model presents reliability and 
convergence (Cα > 0.70, CR > 0.70 and AVE >0.50). Through the 
Fornell-Larcker criterion, we concluded that it also presents discrimi
nant validity between the latent variables and the way they are 
measured. 

Considering that the questions that gave rise to the indicators that 

Table 5 
Implementation of digital technologies in multinational manufacturing com
panies in the sample.  

Digital Technologies’ Frequency 
(%) 

1 - Artificial intelligence, for example, machine learning or 
technologies for identifying objects or people, etc. 

12.2% 

2 - Cloud computing, i.e. storage and processing of files or data on 
remote servers hosted on the Internet 

45.3% 

3 - Robotics, i.e. robots used to automate processes, for example in 
construction or design, etc. 

19.3% 

4 - Big data analytics, for example, data mining and predictive 
analytics 

13.8% 

5 - Blockchain 11.7% 
6 - None of the previous 29.7%  

Table 6 
Practices of environmental and social sustainability in multinational 
manufacturing companies in the sample.  

Environmental practices Frequency 
(%) 

Recycling or reuse of materials 64.6% 
Reducing consumption or impact on natural resources (e.g. saving 

water or switching to sustainable resources 
51.2% 

Energy saving or switching to renewable energy sources 54.6% 
Sustainable product development 36.7% 
Social practices 
Improvement of employees’ working conditions 70.7% 
Promotion and improvement of diversity and equality in the 

workplace 
53.5% 

Assessing your company’s impact on society 28.5% 
Employee involvement in the management of the company 42.8% 
None of the previous 6.0%  

Table 7 
Reliability, convergence and discriminant of constructs.   

Confirmatory Factor Loads Cα CR AVE ES SS IA Rob CC BDA Bchain FA FS 

ES  0.772 0.803 0.508 0.713         
ES1 0.783             
ES2 0.810             
ES3 0.715             
ES4 0.723             

SS  0.762 0.797 0.597 0.540 0.773        
SS1 0.775             
SS2 0.784             
SS3 0.766             
SS4 0.787             

IA  1.000 1.000 1.000 0.173 0.049 1.000       
DT1 1.000             

Rob  1.000 1.000 1.000 0.197 0.142 0.213 1.000      
DT2 1.000             

CC  1.000 1.000 1.000 0.310 0.313 0.159 0.159 1.000     
DT3 1.000             

BDA  1.000 1.000 1.000 0.200 0.255 0.187 0.187 0.191 1.000    
DT4 1.000             

Bchain  1.000 1.000 1.000 0.144 0.104 0.075 0.075 0.190 0.180 1.000   
DT5 1.000             

FA  1.000 1.000 1.000 0.139 0.021 0.055 0.098 − 0.004 0.015 − 0.029 1.000  
FA 1.000             

FS  1.000 1.000 1.000 − 0.003 − 0.049 − 0.064 − 0.020 − 0.051 − 0.029 − 0.073 0.011 1.000 
FS 1.000             

Note: ES – Environmental Sustainability; SS – Social Sustainability; IA – Artificial Intelligenc; Rob – Robotic; CC – Cloud Computing; BDA – Big Data Analitic; Bchain – 
Blockchain; FA – Firm Age; FS – Firm Size. 
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measure the variables were collected through questionnaires, we carried 
out a common method bias (CMB) through the Harman one-factor test to 
assess whether there was any type of consistency in the responses or any 
bias. The research model contains six constructs with an accumulated 
variance of 60.8%. The largest factor explains only the 27.4% variance. 
Individually, no single factor explains a variance greater than 50%, so 
our data are unlikely to be affected by the CMB. 

Finally, the R2 of the dependent variables (environmental and social 
sustainability) and the Stone-Geisser (Q2) were also evaluated to vali
date their predictive relevance based on the cross-redundancy approach. 
The results are shown in Table 8. The independent variables explain 
25.7% of the dependent variable environmental sustainability (model 1) 
and 24.3% of the dependent variable social sustainability (model 2), 
thus having a “substantial effect” (Cohen, 1988). As Q2 is greater than 
zero (ES – Q2: 0.750 and SS – Q2: 0.680), the models are relevant to 
predict the dependent variables. 

4.3. Research model testing 

Table 8 shows the estimation results of the two models (model 1 - 
environmental sustainability and model 2 - social sustainability) 
contemplating a total of five regressions for each model referring to 
digital technologies. The objective is to evaluate the contribution of each 
digital technology separately in social sustainability and environmental 
sustainability. 

In environmental terms, the results reveal a positive and significant 
impact of digital technologies on the environmental sustainability of 
manufacturing companies, confirming hypotheses H1a, H2a, H3a, H4a, 
and H5a. However, the dimensions of this impact need to be balanced. 
Cloud computing is the digital technology that most positively in
fluences the environmental sustainability indicators (β = 0.277), fol
lowed by blockchain (β = 0.266), robotics (β = 0.210), big data analytics 
(β = 0.198) and artificial intelligence (β = 0.162). The control variables 
also significantly influence manufacturing firms’ adoption of environ
mentally sustainable practices. 

In social terms, the adoption of digital technologies by 
manufacturing companies positively influences social sustainability in
dicators, confirming hypotheses H1b, H2b, H3b, H4b, and H5b. The use 
of cloud computing is the digital technology that has the most impact on 
the sustainable social practices adopted by manufacturing companies (β 
= 0.314), followed by big data analytics (β = 0.217), robotics (β =
0.199), artificial intelligence (β = 0.159) and blockchain (β = 0.117). 
Regarding control variables, firm age has a positive, albeit residual, 
impact on social sustainability indicators. However, firm size has a 
negative, albeit residual, impact on adopting sustainable social 
practices. 

5. Discussion and theorical and practical implications 

5.1. Discussion of results 

This study considered AI, Cloud Computing, Robotics, BDA, and 
Blockchain digital technologies for Industry 4.0 implementation. In 
general, it was found that all these digital technologies positively impact 
the environmental and social sustainability of manufacturing MNEs and 
drive their competitiveness. These findings show that manufacturing 
MNEs have to increasingly consider environmental and social sustain
ability in their corporate strategy and objectives. Your decisions in these 
two areas will have an impact on the company’s competitiveness. Our 
results are in line with that indicated by Müller et al. (2018), Kamble 
et al. (2018), Jayashree et al. (2022). The studies of these authors state 
that for companies to achieve environmental sustainability, and to be 
increasingly competitive, they have to implement Industry 4.0 tech
nologies. Our results are complementary to those indicated by Huber 
et al. (2022). According to Huber et al. (2022). there is evidence that 
digital technologies in sectors such as healthcare, financial services, Ta
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media, or telecommunications are a source of creating competitive 
advantage. However, only some technologies can equally contribute to 
environmental and social sustainability for manufacturing MNEs. 

As far as AI is concerned, it is found to influence environmental and 
social sustainability indicators positively. This means that, with the 
implementation of AI, manufacturing MNEs can achieve their goals and 
simultaneously contribute to fulfilling the SDGs. Regarding environ
mental sustainability, our results are in line with that indicated by Onu 
and Mbohwa (2021). The authors state that the inclusion of tools, 
techniques and methods that involve AI are fundamental for the 
exploration of companies’ data, as well as for the creation of applica
tions that allow the efficient use of natural resources in the productive 
and organizational systems, thus making the company increasingly 
environmentally sustainable. This has recently been a significant chal
lenge for manufacturing MNEs (Mathiyazhagan et al., 2019). In partic
ular, since companies are currently facing an exponential increase in 
energy costs, the implementation of AI can help reduce the large number 
of resources (e.g., energy, water, chemicals) used in production while 
maintaining the number of products produced (Mao et al., 2019; Nishant 
et al., 2020). Regarding social sustainability, our results are in line with 
that indicated by Joung et al. (2013) and Khakurel et al. (2018). Social 
well-being, which can consist of health and safety practices, as well as 
the promotion of human rights, are social indicators that can be 
improved through the implementation of AI in companies (Joung et al., 
2013). Furthermore, according to Khakurel et al. (2018) the imple
mentation of AI can increase work efficiency, reduce working hours, 
improve the physical and mental health of workers, allow multitasking, 
automate routines and promote social and ethical actions. The results of 
this study concerning AI are still complementary to those indicated by 
Mao et al. (2019). One of the main problems identified in the literature is 
the lack of early risk detection and safety-oriented decision-making 
systems in processes, the diversity and abundance of available data in
formation, and the related classification of information (Mao et al., 
2019). The results of our study highlight that implementing AI can help 
manufacturing MNEs overcome such problems while achieving envi
ronmental and social sustainability. By optimizing all production pro
cesses with the help of AI, companies achieve efficiencies, can decrease 
employee work hours without the company losing competitiveness, 
improve working conditions resulting in increased employee satisfac
tion, and contribute to social sustainability (Joung et al., 2013; Khakurel 
et al., 2018). 

The results also demonstrate that cloud computing positively in
fluences environmental and social sustainability indicators. This means 
that the implementation of cloud computing will allow companies to 
increase their computing capacity and data storage, without the need for 
active and direct management by the company, which can improve their 
performance in terms of environmental and social sustainability. The 
implementation of cloud computing will allow companies to reduce 
operating costs, physical or material resources, and human resources, 
which is in line with what was indicated by Chang et al. (2010), Gill and 
Buyya (2019) and Bologa et al. (2017). According to Gill and Buyya 
(2019) a sustainable cloud computing model, with applications and 
sustainability measures, will enable more efficient energy management, 
virtualization, thermal recognition programs, renewable energy man
agement, and even reuse of natural resources. Regarding social sus
tainability, increased information sharing through cloud computing can 
advance employee performance (Bologa et al., 2017), but may also 
result in some of the more traditional professions being replaced by 
smart technologies. Simultaneously, there is a need to develop and 
implement smarter technologies, and new professions will emerge from 
developing these new smart technologies (Bologa et al., 2017). How
ever, Bologa et al. (2017) state that the implementation of cloud 
computing may not be consensual for society since it may increase un
employment for those who do not have skills directed toward new 
digital technologies. 

Regarding Robotics, it is found to influence manufacturing MNEs’ 

environmental and social sustainability indicators positively. Regarding 
environmental sustainability, this result means that through program
mable robots it will be possible for the company to carry out tasks in a 
totally autonomous or semi-autonomous way. This will allow companies 
to reduce production costs, improve industrial performance, meet 
manufacturing quality requirements, customize the product, make 
production more flexible and apply sustainable practices. This result is 
in line with that indicated by Ogbemhe et al. (2017) and Gadaleta et al. 
(2019). Robotics is widely recognized for encouraging environmentally 
sustainable practices while optimizing the production of manufacturing 
companies (Gadaleta et al., 2019; Ogbemhe et al., 2017). Through ro
botics, it is possible to make production processes more efficient, 
decrease resource usage (e.g., electricity, gas, water), reduce CO2 
emissions without compromising the quality and quantity of goods 
produced, and decrease industrial waste and reusing waste in producing 
new circular products (Ajwani-Ramchandani et al., 2021; Yamamoto 
et al., 2020). Regarding social sustainability, our results mean that Ro
botics brings social benefits. This result is different from that indicated 
by Ogbemhe et al. (2017) and Enyoghasi and Badurdeen (2021), but is 
in line with what Radić et al. (2020). Ogbemhe et al. (2017) and 
Enyoghasi and Badurdeen (2021) afirmam que organizations and in
stitutions need to ensure that they manage the negative aspects of 
increased robotics, including social problems, such as unemployment. 
However, according to Radić et al. (2020) the application of robotics in 
manufacturing industries can improve human working conditions, 
reducing monotonous and routine tasks, increasing the qualifications 
and skills of workers to be able to handle and deal with robotics appli
cations, which will boost social sustainability practices. 

It was found that BDA positively influences the environmental and 
social sustainability indicators of manufacturing MNEs. Este reultado 
significa que ao implementar a BDA as manufacturing MNEs ficam com 
uma capacidade maior de criar e analisar de uma forma mais rápida um 
maior volume de diversos dados. As manufacturing MNEs ficam também 
com uma capacidade superior de realizarem um agrupamento de 
recursos estratégicos (humanos e habilidades gerenciais e técnicas) que 
podem melhorar seu desempenho. Explorando essa capacidade organ
izacional superior, as manufacturing MNEs pode alcançar uma vanta
gem competitiva environmental and social sustainability. These findings 
are in line with that indicated by Akter et al. (2016), Wamba et al. 
(2017) and Dubey et al. (2019), but different from that indicated by 
Gangwar et al. (2022). An example of the good applicability of BDA, in 
terms of environmental sustainability, is its impact on the green supply 
chain (Doolun et al., 2018). By implementing BDA, manufacturing 
MNEs could develop new tools that accurately monitor the supply chain 
in real-time, decreasing risks and making processes more agile, allowing 
these companies to have an environmentally sustainable competitive 
advantage. Regarding social sustainability, Dubey et al. (2019) argue 
that with the implementation of BDA, manufacturing MNEs promote 
improved facilities, training for workers, gender equality, elimination of 
child labor, and greater social benefits, which is in line with the results 
of the present study. On the other hand, Gangwar et al. (2022) the 
application of the BDA can bring social insecurity. Therefore, its appli
cation in promoting social sustainability has been a priority for com
panies (Gangwar et al., 2022). 

The present study it was found that the application of blockchain 
technology in manufacturing industries positively influences the envi
ronmental sustainability. This means that blockchain technology allows 
manufacturing MNEs to make continuous advances in the computation 
of information, using a central agent that coordinates data in a reliable, 
transparent and shared way, thus allowing to improve efficiency. 
Therefore, blockchain technology contributes to manufacturing MNEs 
being increasingly environmentally sustainable. Our results are in line 
with that indicated by Parmentola et al. (2022), Alles and Gray (2020), 
Saberi et al. (2019), Manupati et al. (2020) and Upadhyay et al. (2021). 
The implementation of blockchain technology allows, for example, to 
implement a sustainable production model, a green supply chain (Mora 
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et al., 2021), monitor, manipulate and store data about activities that 
can increase pollution and environmental devastation, and also collect 
real-time data about green activities. It also helps managers in 
decision-making (Parmentola et al., 2022). Contrary to the results of the 
present study, Parmentola et al. (2022) states that traditional blockchain 
systems require high CO2 emissions and high energy costs. Furthermore, 
to store large servers, large facilities are needed, which poses a threat in 
terms of wasted natural resources and forest devastation (Parmentola 
et al., 2022). These results are not in line with those of the present study. 
The results of the present study reinforce the relevance of blockchain 
technology being implemented in manufacturing MNEs. Blockchain 
technology brings multiple advantages such as i) in reducing the haz
ardousness of outputs, inputs, and waste (e.g., monitoring and tracking 
of raw material used, products, and waste) (Alles and Gray, 2020); ii) in 
environmental management (e.g., certification and enforcement of 
environmental compliance, environmental budgeting, and employee 
implications) (Saberi et al., 2019); iii) natural environment (e.g., serves 
to support decisions regarding natural resource use, waste management, 
tracking the impact of manufacturers’ activities on the ecosystem) 
(Manupati et al., 2020); iv) reducing land, air, and water pollution (e.g., 
facilitating the use of renewable energy; v) combating wasted inputs in 
production; saving resources; reducing the application of fossil fuels) 
(Saberi et al., 2019); vi) optimizing resource and energy use (e.g., pro
moting the use of renewable energy, motivating recycling) (Upadhyay 
et al., 2021). 

Finally, this study confirms that the application of blockchain tech
nology in manufacturing industries positively influences the social sus
tainability. This means that blockchain technology contributes to 
promoting social sustainability in manufacturing MNEs. Therefore, its 
implementation can, for example, improve working conditions, identify 
possible violations of human rights, and increase social engagement. 
Our results are in line with that indicated by Khanfar et al. (2021), 
Katsikouli et al. (2021), Venkatesh et al. (2020) and Park and Li (2021). 
According to Khanfar et al. (2021), blockchain technology can 
contribute to improving working conditions (e.g., disclosing safety and 
health practices); business practices (e.g., promoting fair and balanced 
trade; tracking and monitoring corruption situations) (Katsikouli et al., 
2021)); reduce safety failures; promote product innovation) track and 
monitor companies’ health and safety certificates; improve working 
conditions, and track workers’ work activity) (Venkatesh et al., 2020); 
customer issues (e.g., optimizing production and delivery processes; 
enabling a direct relationship between stakeholders; facilitating product 
customization; societal engagement (e.g., making the business model 
more efficient; reducing costs; creating new business opportunities; 
boosting social services) (Schulz et al., 2020); and human rights (e.g., 
preventing social abuse and alarmism; reducing and identifying situa
tions of worker exploitation) (Park and Li, 2021). 

5.2. Theoretical and practical implications 

In theoretical terms, the findings of this study are a good opportunity 
for the evolution of the RBV theory, since: (i) we expand the capabilities 
and resources traditionally considered in the RBV, by considering digital 
technologies as a specific capability of companies based on resources; 
(ii) we conclude that digital technologies are valuable to achieve stra
tegic goals of companies in the field of environmental and social sus
tainability and (iii) we specify the unequal contribution of different 
digital technologies to achieve environmental and social sustainability 
goals, allowing us to determine the probability of a digital technology to 
have greater value in the strategic context of manufacturing MNEs. 
Furthermore, as far as we know, it is the first study to explore the in
dividual contribution of five digital technologies to environmental and 
social sustainability at the same time, allowing to reach the interests of 
different stakeholders. 

In practical terms, some implications can be inferred from the results 
of this study: (i) how it has been demonstrated that there is a positive 

contribution from the implementation of digital technologies to achieve 
the environmental and social sustainability of manufacturing MNEs and, 
as such, the resources digital technologies have to be a component of 
business strategies in order for companies to achieve sustainable 
development goals; (ii) the implementation of digital technologies in 
European manufacturing MNEs is still low and, consequently, private 
investment by companies must be channeled towards the digitization of 
manufacturing activities, with government officials playing an impor
tant role, namely in terms of granting subsidies for a faster digital 
transition and efficient design of tax benefits on expenses incurred in 
investing in these technologies; (iii) the different digital technologies 
contribute in an unequal way to achieving environmental and social 
sustainability objectives and as such, companies must prioritize their 
implementation strategies and invest in the training of workers in the 
technologies that contribute most to achieving the intended objectives; 
(iv) manufacturing MNEs should include environmental and social di
mensions in their corporate strategy (Luthra et al., 2020) to promote 
their benefits to society (Ghobakhloo, 2020), and the implementation of 
digital technologies (Industry 4.0) should not be motivated only to in
crease productivity and performance and, consequently, competitive
ness. Companies with high investments in Industry 4.0 cannot neglect or 
encourage the increase in unemployment, nor can they only be con
cerned with reducing waste and consumption of raw materials (Satyro 
et al., 2022). In addition, the effects of digital technology depend on how 
it is implemented and as such, companies must consider the direct and 
immediate consequences, but also the indirect consequences that may 
make the implementation of digital technologies unfeasible or amplify 
the positive effects (Lioukas et al., 2016). Thus, these results can 
contribute to the improvement of the implementation of digital tech
nologies and to the search for continuous updating of the same, allowing 
the manufacturing industries to produce more environmentally friendly 
and socially sustainable, with the creation of value not only for this 
industry but for the stakeholders and society in general. 

6. Conclusion 

Manufacturing MNEs have been under increasing pressure to 
implement Industry 4.0. in their business models to accelerate envi
ronmental and social sustainability and simultaneously become more 
competitive. In this context, the present study aimed to analyze the 
contribution of digital technologies to promoting environmental and 
social sustainability in manufacturing MNEs. The literature review 
carried out demonstrates that the implementation of digital technologies 
in manufacturing MNEs has been carried out essentially to pursue eco
nomic objectives of better performance and value creation, and as such, 
economic sustainability. The contribution of digital technologies to 
achieving environmental and social sustainability goals has been 
neglected. However, in the present study we demonstrate that digital 
technologies (AI, Cloud Computing, Robotics, BDA, and Blockchain) 
positively impact manufacturing MNEs’ environmental and social sus
tainability. Thus, digital technologies can be vital for manufacturing 
MNEs to be more competitive and simultaneously be environmentally 
and socially sustainable, thus contributing to sustainable development 
goals. In addition, this study demonstrates, through the diagnosis of 764 
manufacturing MNEs in Europe, that the implementation of digital 
technologies is still low and that the contribution of the implementation 
of digital technologies is uneven, leading companies to prioritize in
vestment in a certain technology (over another) to achieve environ
mental and social sustainability. This conclusion is possible because in a 
single study we were able to compare the contribution of five different 
digital technologies to economic and social sustainability. Thus, in order 
to achieve environmental sustainability goals, companies should invest 
in digital technologies that can contribute more to the environmental 
practices already implemented in companies, prioritizing cloud 
computing, then blockchain, robotic, BDA and, finally, the AI. In terms 
of social sustainability, the implementation of cloud computing is also 
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the digital technology that contributes the most to social well-being, 
followed by BDA, robotics, AI and finally blockchain. 

This study is not without limitations. As limitations of the study, we 
can point out the fact that we used only secondary data from a single 
database and as such, we are restricted to the sample of indicators 
collected by this database. Data goes back to 2020 and includes 
manufacturing companies from all 27 Member States. Therefore, more 
recent data can be included in future studies, the comparison of different 
sectors of activity, as well as the inclusion of other variables from other 
databases. Future studies can also consider other digital technologies 
such as smart devices, high-speed infrastructure, augmented reality, and 
IoT. 

New studies can also be analyzed from the perspective of other 
theories, such as sustainability theory, stakeholder theory, and theory of 
everything. However, it was only possible to answer some questions, and 
the following should be considered for future studies: How quickly is the 
investment made in digital technologies recovered? When implementing 
digital technologies, what percentage of costs can be reduced? What are 
the first order and second order effects of the implementation of digital 
technologies in companies? What impacts does the deployment of dig
ital technologies have on the brand of manufacturing MNEs? Do workers 
with robotics systems have better working conditions than traditional 
occupations? More study needs to be done on the social impacts that 
manufacturing MNEs have when migrating to cloud computing (Azadi 
et al., 2021; Mohammed et al., 2020). Additionally, we should replicate 
the questions from this study and broaden the range of digital technol
ogies (e.g. include smart devices, high-speed infrastructure, augmented 
reality, and IoT) in MNCs from various countries to collect primary data 
and reinforce the results of this research. 
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