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Abstract

:

The purpose of this paper is to illustrate the opportunities for adopting robotic applications, through a marketing mix perspective, as well as depicting the current state of industrial robot integration in Romanian enterprises and the labor market, in contrast to other economies of the European Union. In this research, we highlight the impact of industrial robots within enterprises, while also considering the perceived standard of living through GDP per capita. For this, we conducted exploratory research based on secondary data regarding the evolution of the robotics sector in Romania, in connection to the dynamics of the global and European Union robotics market. We also performed a principal components analysis, which revealed the main factors that contributed to the dynamics of nation-level enterprise statistics. Our analysis revealed that a higher integration of industrial robots contributed to the reduction of employment rates amongst all six EU countries considered, while also having positive correlations with the GDP per capita and apparent labor productivity. Mixed results were only observed for the impact of industrial robots on remuneration growth, suggesting the potential adverse effects automation could have on incomes.
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1. Introduction


Nowadays, it is generally accepted that modern technologies (automation, IT&C, artificial intelligence (AI), virtual reality, digital technologies) are key determinants for long-term sustainable, smart, and inclusive socio-economic development. In particular, IT&C, AI, and digital technologies have significant effects on total factors and/or labor productivity. Our paper focuses on the impact of robotics on labor productivity, and also considering the expected undesirable consequences with respect to employment rates and standards of living. The main goal of the paper is to illustrate the current state of industrial robot implementation in Romanian enterprises and the labor market in contrast with other European economies. The paper provides additional insights into the evolution of Romanian labor demand, as manifested with respect to automation and digitalization processes. We consider that, in the context of embracing recently developed technologies, Romania has a high potential to develop, from both an economic and social point of view, into a competitive country and transition towards a “knowledge and innovation-based” economy, which would translate to better job opportunities and standards of living for its residents. Our research is built on relevant data retrieved from different databases such as: the International Federation of Robotics, Eurostat, and Data World Bank’s development indicators. Our paper highlights the impact of industrial robots within enterprises, mostly in terms of the perceived standard of living through GDP per capita. It illustrates the variance of structural business results and the main components that encourage Romanian enterprises towards a better integration of industrial robots. In the first part, we conducted exploratory research based on secondary data regarding the evolution of the robotics sector in Romania in connection with the dynamics of the global and European Union robotics market, with respect to selected key variables, such as robotics density and enterprise use. Furthermore, we evaluated the distribution of industrial robots within enterprises from other developed countries, using the clustering method. In order to support our initial assumption that Romania’s economic landscape might benefit from a more comprehensive integration of robotics, we also performed a principal components analysis, which revealed the main factors that contributed to the recent dynamics of business statistics. Furthermore, we illustrated, based on a time-series analysis, how countries from each cluster may perform in terms of the perceived standard of living.



Over the past decades, many researchers have highlighted the main consequences the large-scale implementation of emerging technologies (such as automation, artificial intelligence, machine learning, and robotics) has on the standards of living and on economics (considering macro and microeconomics perspectives).



“The robots are no longer coming; they are here” [1] suggested the Nobel laureate in Economics, Edmund S. Phelps, at the beginning of August 2020, when he highlighted the amplified effects of the global crisis due to the COVID-19 pandemic.



More and more, SMEs worldwide must face the challenges of the so-called “new normal” [2]; including, but not being limited to concerns regarding labor productivity and the availability of highly-qualified IT&C specialists, supply chain disruptions, cash flow accessibility, and the high level of risk and uncertainty brought by the frequent and random legislative changes. Moreover, the COVID-19 pandemic illustrated the crisis of healthcare systems. These systems are overloaded, and medical staff are usually constrained both by time and capabilities; as a result, doctors became unable to offer appropriate healthcare. Despite the social distancing regulations, the cases of infected people reached significant numbers among workers. Consequently, several institutions worldwide pushed to adopt robots [3] for some treatments, food delivery, vital sign check-ups, or supply assistance. The desire to augment human labor capabilities with robots has become a necessity.



Our paper aims to provide additional insights into why Romania and other developed countries would benefit from a better understanding of the need to become early adopters of robotics, and how this would contribute to labor productivity, while also improving the opportunities of their citizens in the labor markets.



We identified within the specialized literature that there are many authors suggesting that the implementation of robots in the workspace will lead to a more resilient economic landscape, which will no longer hire and offer adequate wages to people. Other authors emphasize how robots might facilitate more agile, decentralized organizations; therefore, leading to accelerated business growth, increased labor productivity, reduced costs, and embracing more and better opportunities for individuals.



One recent study even suggested that “one more robot per thousand workers reduces the aggregate employment-to-population ratio by about 0.2 percentage points and wages by about 0.42%”, as demonstrated in the model of Acemoglu and Restrepo [4]. “Despite the competitive business environment, adopting state-of-the-art technology can help SMEs create new strategies and set the stage for long term growth and market leadership. The current technology revolution can benefit all businesses irrespective of the company size, industry, or operations activities” [5].



“Evaluating AI is a challenging task, as it requires an operative definition of intelligence and the metrics to quantify it, including amongst other factors economic drivers, depending on specific domains” [6]. “Innovation is an important factor that produces quality and improves competitiveness” [7].




“To overcome these adverse circumstances and pursue sustainable growth, both SMEs and large companies prepare long-term growth strategies to strengthen their technological innovation capability; overall, SMEs are in a relatively unfavorable condition to improve their performance and pursue continuous growth through technological innovation” [8].






“Technology innovation capability is a combination of technology innovation and capability; it is the organizational ability to carry out the process of developing, introducing, and adopting ideas and technologies for new products, services, and production processes” [9].





Another research study [10], conducted by Price Waterhouse Coopers, analyzed data concerning more than 200,000 jobs from 29 countries. This study revealed that, although the automation of jobs will have a significant impact on many professions in the next decades (more than 30% of jobs from developed countries are considered to be at high risk due to automation by 2035), in the short term, the risks of mass unemployment due to adopting automation solutions might be rather insignificant, as job automation will take place gradually; thus, allowing people to acquire the skills and competencies needed for this transformation. At the same time, the study estimated a growing demand and offer of both IT&C specializations and specialists.



Nevertheless, the PwC study highlighted that organizations and governments must overcome a significant number of technical, economic, social, governing, and legal limitations. Comprehensive restructuring of learning curricula, special employee onboarding training, and access to high-tech and digitization technologies for the majority of the active population must become a high priority and should be based on lifelong learning and better integration of less well-educated workers within the new industries, such as industries 4.0 and 5.0.



Our paper aims to portray the situation of Romania’s enterprises using robots. We, therefore, analyzed Eurostat data regarding the use of industrial robots within enterprises. Next, we compared these results with the values registered in other developed countries. Furthermore, we included a cluster analysis of the most robotized countries, based on the share of enterprises using industrial robots, and depicted their status with the help of GDP per capita based on a time-series analysis.




2. Recent Evolutions in the Robotics Market


2.1. The Intensive Use of Automation, Artificial Intelligence, and Robots


According to Schwab, ”in the 21st century, it has been broadly accepted that high-tech business is very important for the socio-economic development on long-term” [11]



The author summarizes the role of technologies in complex transformations, debating the expected effects on governments, corporations, communities, and people, as a prerequisite for a better future.



In order to better understand the impact of robots on the economic environment today, we consider it essential to outline the main trends of industrialization and to draw attention to some of the main novelties involved in this transformative process.



Around the end of the 18th century, Industry 1.0 marks the first period when manual workers faced societal unrest due to the challenges of machine-aided labor. The spread of machines used to produce goods or services, together with the invention of the steam engine, supported economic growth processes at a higher rate than before, as highlighted by Deane in 1965, [12]; thus, facilitating the need for a more specialized workforce, as the newly industrialized economy required workers to engage in more dedicated operations within the production cycle of a finished product (but not being responsible for the whole manufacturing processes).



The second major milestone (Industry 2.0) of economic development began with electrification, bringing advancements such as assembly lines (first used in the automotive industry), which soon allowed for gradual automation of tasks executed by workers within the serial production process.



Beginning in the middle of the 19th century, the third industrial revolution benefited from the invention of semiconductors, the spread of mainframe and personal computing, and the data ease of access brought by the Internet. This is also known as Industry 3.0 or the Digital Revolution; preparing society for the Internet-of-Things era.



The term Industry 4.0 was publicly introduced in 2011 at the Hannover Fair (the first use of the term “Industry 4.0” comes from Professor Wolfgang Wahlster, Director and CEO of the German Research Centre for Artificial Intelligence, at Hannover Messe, referring to companies’ challenges in achieving success in a developed region amidst global competition. The concept has since then been greatly discussed and become associated with means of automation, digitalization, and use of high technology in a coordinated and integrated manner, according to various frameworks, and in order to increase work productivity and economic growth) [13]; and encompasses a wide-ranging number of concepts, such as the industrial Internet-of-Things (IIoT), smart manufacture, smart factories, cloud and cognitive computing, automation, artificial intelligence, and robotics.



In order to better understand the challenges brought by the fourth industrial revolution and how this process might accelerate the use of robotics subsequently, we will outline the main advancements brought by automation, artificial intelligence, and a robotic-augmented workforce.




2.2. Filling the Gap between Automation and Robotics


The simplest form of automation, also known as robotic process automation (RPA), refers to repetitive rule-based events applied to a consistent set of processes that produce efficient outcomes in the shortest timeframe [14] (Madakam et al., 2019, p. 11). RPA allows robots to connect existing tools for data processing, notification control, or other analogous operations, while human intervention becomes necessary only for handling exceptions. It seems that RPA does not involve a high level of learning, adaptive, or decision-making capabilities.



On the other hand, it seems that artificial intelligence (AR) facilitates automation through machine learning, to “automatically improve through experience” [15]. AI refers to the implementation of intelligent problem-solving behaviors for developing computer systems.



While the number of enterprises that use AI varies demographically, and the type of AI software they use differs from one business to another, according to their size and sector of activity [16], the importance of AI in the economy is unquestionable. From a broader point of view, the economic applications of AI can be divided [17] into five groups: deep learning, robotics, dematerialization, gig economy, and autonomous driving.



Within this paper, we focus on the way in which industrial robotic applications are used in enterprises, and at the same time, we highlight why Romania’s economic landscape might greatly benefit from their implementation.



Robotics asks for complex interdisciplinary research studies (both at scientific and engineering levels). It covers the study, design, production, and usage of robots.



While the definitions and classification of robots may be seen from different perspectives (types of tasks executed, power source, workspace geometry, degrees of freedom, movement, or kinematic structure of the manipulator), we consider it is useful to classify them solely based on their application. Based on their areas of application the main types of robots can be classified [18] into two main categories:



Non-industrial/service robots that perform different tasks humans or equipment could also perform, excluding industrial automation applications. They are generally used for medical care, security and defense, domestic use, education, space, or entertainment.



Industrial robots: used in various business fields, characterized by the ability to perform a variety of industry-specific repetitive operations, such as painting, machining, drilling, and welding.



We ought to note that, according to Tractica Research in 2019 [19], industrial and non-industrial robotics represent important opportunities for the economy, with the worldwide robotics revenue estimated to achieve $248.5 billion by 2025.




2.3. Global Robotics Market: Main Dimensions, Considerations, and Impact


Robot density is one of the metrics used to quantify the number of robots per 10,000 workers within a specific geographical area or industry. When it comes to the global robotics market, based on the metrics of manufacturing industry-related robot density, a global record was established in 2019. According to the International Federation of Robotics’ 2020 World Robotics Report [20], the average worldwide manufacturing-related robot density reached the level of 113 robots per 10,000 workers (Figure 1).



As highlighted by the International Federation of Robotics in 2019 [21] (IFR Report, 2019), the top five most automated countries worldwide were Singapore (918 robots/10,000 workers), South Korea (868 robots/10,000 workers), Japan (364 robots/10,000 workers), Germany (346 robots/10,000 workers), and Sweden (274 robots/10,000 workers).



These results are consistent and relevant with respect to Statista’s 5-year analysis of sales volumes (million US dollars) of robots. According to the analysis geographically, Asia Pacific represents the leading region in the robotics field, surpassing both Europe and America in terms of robot sales volume (Figure 2).



The position paper entitled “The Impact of Robots on Productivity, Employment and Jobs”, published by the International Federation of Robotics Frankfurt, Germany (in 2017, updated in April 2018) [22], states that the acceptance of robotics in the global labor market should be considered an important opportunity for future economic and social development. The main argument used to support this statement refers to how the use of robotics contributes to the improvement of labor productivity and business competitiveness, and furthermore leads to an increase in the aggregate demand for products and services; thus, generating more diverse employment opportunities that require higher levels of skill.



These statements are questioned [4], who assert how automation may instead lead to the substitution of human resources with robots, as “at the margin, capital performs certain tasks more cheaply than labor used to”.



In response, the International Federation of Robots Reports (IFR) highlights that higher use of robots will lead to a more specialized labor market that will allow employees to better appreciate the importance of core competencies and high skills such as “critical thinking, problem-solving, and people management”. Therefore, we should observe an increase in the demand for new jobs that require high levels of skill and capabilities, such as smart factory managers, solution planners, and production technology engineers [20].



Additionally, examining data from the OECD’s latest available Report [2] regarding the future of work, we noticed that, during 2012–2019, the employment rate had an ascending trend line (an average of 12% growth rate across all countries and occupations analyzed).



The employment growth rate for occupations falling under the incidence of automation, in the bottom half of the range, registered an average rate of 18%, while in the case of occupations at high risk of automation there was an average rate of 6% (i.e., assemblers had an average employment growth rate of 25% between 2012 and 2019, whilst at risk of automation of more than 35%; food preparation assistants with a risk of automation of 50.1% had an average employment growth rate of more than 40%). As noted by the above-mentioned report, there is no direct correlation that can be illustrated from an occupational perspective between the risk of automation and the employment growth rate. However, the report highlights that some differences between the lower-risk of automation and higher-risk of automation professions, in terms of employment and unemployment, may arise.



Therefore, the question that we consider important to be addressed is whether society should be more afraid of work automation or rather of its potential failure to create inclusive jobs and training opportunities for its individuals, regardless of their current occupation or education levels. These kinds of questions are also illustrated by the correlation existing between the percentage change in the operational stock of robots (IFR calculates the operational stock of robots/country by adding annual deployments, assuming robots operate exactly 12 years and are withdrawn afterwards), on one hand, and the percentage change in the employment among countries, on the other hand; both being reported for the period 2012–2019 (Figure 3).



We can note from Figure 3 above that, in the case of countries [23] with a significant increase in the operational stock of industrial robots, the change rate in employment followed the same ascending trend line; while, in the case of countries with a lower average investment rate in industrial robots, the employment rate still registered an ascending trend, but at a steadier pace of the growth rate.



Another paper, based on a panel of industry-specific data collected from 17 different countries during the period 1993–2007, illustrated that “an increased use of industrial robots is associated with an increase in labor productivity”. More specifically the authors observed that the calculated productivity growth rate based on conservative estimations “comes to 0.36 percentage points, accounting for 15% of the aggregate economy-wide productivity growth” [24].



The previously mentioned thesis also illustrated that the increase in industrial robot use contributed to an increase in selected countries’ GDP by 0.37 percentage points. This result might be credited to the fact that an increase in productivity means fewer hours of work spent on the entire manufacturing and processing of a single product.



Other important parallels between the density of industrial robots and potential economic growth were highlighted within the study led by Kara Mazachek, a research analyst from Select USA [25] (SelectUSA is a governmental program that facilitates investments in the United States of America). The study considers data from the IFR and EUKLEMS [26] databases. It illustrates that, while among different industries, results in productivity, added value, and hours worked may vary, the average rate of productivity growth was 0.8% for each increment of one percent average growth rate of industrial robot density. The authors noticed that this productivity growth rate registered higher values among countries that were less robotized at the time when the study was developed.



These findings are in line with IFR’s predictions for 2020–2022, estimating an average growth rate of 12% for the worldwide annual sales of industrial robots. Likewise, the International Data Corporation’s (IDC) projections for this year anticipate that “by 2022, 35% of repetitive work tasks in large enterprises will be automated and/or augmented” [27] based on the implementation of AI, robotics, or intelligent process automation.



Moreover, when it comes to the non-industrial robot market, IFR highlights how the global COVID-19 pandemic caused the growth of the service robot market “by 12% in 2020, from a sample turnover of USD 6.0 billion to USD 6.7 billion” [28].



These growth trend lines, registered by both industrial and non-industrial robot markets, reveal that many companies worldwide are considering or have already begun to heavily invest in the deployment of emerging technologies to increase manufacturing task productivity, minimize engineering time, and avoid human error.



In the context of today’s highly competitive business environment, it is certain that from both a financial perspective and technological absorptive capacity, the increase in the robotics market opens a series of opportunities and challenges, especially for small and midsize businesses (SMBs).




2.4. The Added Value of Robotics: A Marketing Perspective for Increasing Competitiveness


In recent years, literature attempts have focused on determining how robots may increase businesses’ competitiveness, particularly highlighting the importance of facilitating SMB adoption of labor automation and augmentation through the deployment of robotic applications. From a marketing perspective, robotics adoption calls for redefining the marketing mix of businesses, by influencing the four Ps: product, price, place, and promotion.



Through a product marketing lens, the scopes of goods and services are viewed by the means through which they succeed in meeting customer demand and not necessarily as tangible assets. Robotic applications are reshaping the way in which products are being manufactured, by partially or totally substituting the human labor, while also allowing for better quality control and standardized production.



The substitution of human labor includes using collaborative robots for automating repetitive tasks, such as goods’ quality inspections, welding, painting, packaging, or even creating assembly line systems comprised of multiple industrial robot arms, which manage the entire manufacturing processes of large goods, without the need for employing multiple workers.



Likewise, the specialized literature has shown that for various industries, the fast growth of human labor costs and the dynamism of market shares means that robot substitution brings significant cost advantages throughout the whole life cycle of robotic assets. However, these cost advantages resulting from robot adoption may be observed to different degrees and are based on various factor analyses, depending on the business specifics.



A case study, for the case of the automobile industry, noted that industrial robotic work substitution allows for “continuous heterogeneous resource investment” [29], while for the hospitality and tourism industry, service robotic work substitution minimizes operational costs and allows for enhanced customer experiences, simultaneously reducing waiting times and contributing to the improvement of service consistency [30].



Moreover, subscription-based robotic applications, such as the recently developed Robots-as-a-Service (RaaS) technology comprised of a robotic device leasing model and the cloud computing solution designed to facilitate human–robotic collaboration, allow businesses to benefit from robotic applications at a much more affordable cost of deployment, while also providing the needed interfaces for various functions, including data collection and sharing options, communication control, state maneuvering, or robotic cooperation.



The observed cost reduction achieved through robotic work substitution and increase in production flexibility finally mean that companies can ensure a method through which they can offer standardized goods and services, offering the demanded mix of features, quality, and usability, at more affordable prices, while also allowing companies to cover a greater market share in a much shorter period, compared to traditional labor.



When it comes to the place component of the marketing mix, robotic applications are consolidating the logistics and transportation value chains through technologies that allow for autonomous driving and control of vehicles and machinery. Self-driving autonomous vehicles mean faster transportation times and precise logistics management, while applications such as autonomous mobile robots ensure workplace ergonomics by easily transporting heavy loads through warehouses.



Robotics developments in the field of logistics and transportation are also improving employee safety, by replacing the need for human action in hazardous environments and, thus, minimizing work-associated health risk factors.



Nonetheless, the recent literature highlights that despite the earlier development of industrial robots, the automation of customer-centric labor activities, including those undertaken in the service sector, are more at risk of automation than the physical work performed in the manufacturing industry; with manufacturing falling only in second place on the list of industries ordered by risk of automation [31].



The rise of the Internet and network-based technologies in the past decades, together with the movement towards a knowledge-based society and the fast-paced transition towards digitalization, have revealed the need for creating new advertisement and sales channels that would offer companies competitive advantages, by augmenting customer’s experience and minimizing the product return rate with the help of novel technologies and robotics.



Applications of such technologies include virtual agents or intelligent assistants, such as the IBM Watson Assistants, automated shopping carts, interactive shelves, smart robots that use facial recognition for making personalized recommendations, robot-assisted shelf-reading, or even humanoid smart robots designed for the sole purpose of providing entertainment.



In this regard, service robots used for the promotion of goods and services differ from industrial ones, as they can generally overlook requirements regarding force and mechanical capabilities, as their principal scope of function resides in the degree of artificial intelligence employed, which will automate various sales processes.



Additionally, the literature reveals that the rapid development of more affordable and better performing robotic applications may help businesses, regardless of their industry or size, achieve cost-effective service excellence [32,33], facilitating companies worldwide to offer high-quality goods and services at more affordable prices, increasing sales volumes through augmented consumer experiences, and decreasing the product return ratio, while also reducing time spent on repetitive tasks and, thus, allowing employees to focus on innovation and business growth.





3. Modelling Data Regarding Enterprises’ Use of Industrial Robots: Key Findings and Main Results


3.1. Data Collection


The data used in this paper are primarily extracted from Eurostat. Values regarding the share of enterprises using industrial robots were extracted from Eurostat’s Database—3D Printing and Robotics [34], while the values for enterprise number, turnover or gross premium written (million euro), the growth rate of employment (%), wages and salaries (million euro), employee numbers, gross value added per employee (thousand euro), and apparent labor productivity (thousand euro) were extracted from Eurostat’s Annual enterprise statistics [35] for special aggregates of activities, according to the classification of economic activities—NACE Rev.2, database. Gross domestic product (GDP) and GDP per capita series expressed in Purchasing Power Parities (PPP) at current international USD were extracted from the World Development Indicators database of the World Bank Group [36].




3.2. Clustering Analysis of Countries’ Distribution Based on the Share of Enterprises That Are Using Industrial Robots


According to Eurostat data, in 2020, 28% of the large enterprises from the European Union, with respect to the total business economy and excluding the financial sector, were using industrial or service robots for certain processes of their work, while 13% of medium enterprises implemented robotics in their activity. In the case of small enterprises, the percentage was lower, with a percentage of only 5% of total small enterprises from the EU using industrial or service robots (Eurostat’s classification for large to small enterprises is based on their hiring capabilities: large enterprises are considered those employing 250 persons or more; medium enterprises, those that employ between 50 to 249 employees; and small enterprises, those with 10 to 49 employees. This statistic is based on 2018 data).



The average percentage for all enterprises (all enterprises with more than 10 employees were considered, excluding the financial sector), regardless of their size, that were using, in 2020, service or industrial robots for all EU countries was 7%, while the most robotized enterprises were found in Denmark (13%) and Finland (10%), who both surpassed 2018’s most robotized country, Spain, whose enterprises reduced their usage of robots from 11% registered in 2018 to 9% in 2020. Although, while still among some of the least automated countries in the EU, both Hungary and Romania’s percentage of enterprises that use industrial or service robots in 2020 (4%) was one percentage point higher than those registered in 2018 (3%), and in countries such as Latvia, Estonia, Cyprus (all 3%), and Ireland (2%).



When it comes to the percentages of enterprises that use industrial robots, the 2020 data are slightly different, with 9% of enterprises using industrial robots in Denmark, 8% in Belgium, Slovenia, and Finland, 3% in Estonia, Latvia, Lithuania, Romania, Serbia, Bosnia and Herzegovina, and only 1% in Cyprus.



As revealed above, Romania falls behind most developed countries in the EU, with only 4% of its enterprises making use of service or industrial robots in 2020. This percentage is based on 1% of all enterprises that adopted service robots and the 3% of enterprises that financed the use of industrial robots. These numbers fall outside the most developed countries’ pattern of distribution, based on robot type; as the percentages of industrial robots used by enterprises from countries such as Denmark (9%), Belgium, Slovenia, and Finland (all 8%) are higher than the percentages calculated for the use of service robots for the same period and countries (Denmark—5%, Belgium—2%, Slovenia—1%, and Finland—3%).



Additionally, IFR reveals that in 2018, Romania had a robot density of only 18 robots for every 10,000 workers, falling again far behind the Central and Eastern European countries, and far behind the worldwide average robot density of 113 robots/10,000 workers.



Another concern noticed in the case of Romania’s robotics market is that small enterprises are quite reserved in implementing robotics, being “five times less likely to use robots than large firms” [34].



As shown in Figure 4, proving this point, a share of 13% of all large enterprises in Romania implemented service or industrial robots in 2020, while only 3% of small enterprises and 5% of medium enterprises invested in this direction. One possible explanation for such a low level of robotics use implementation percentages in the case of Romanian enterprises can be credited to the higher-than-average uncertainty about the future (81% in Romania versus 72% on EU average), which stands in the way of major investments, as highlighted by the European’s Commission Country Report in 2020 [37]. When compared to the general share of enterprises using industrial robots in other countries in the European Union, Romania falls behind, registering below average results, as shown in Figure 5.



From an industry point of view, the most robotized enterprises in 2020 were found in manufacturing-related industries. Romania follows this trend, having the highest registered share of enterprises using industrial robots out of the total enterprises using industrial robots for industries such as the manufacture of motor vehicles, trailers and semi-trailers, or other transport equipment (with 21% of all enterprises using industrial robots; 13% of enterprises in manufacturing of computer, electronic, and optical products using industrial robots; and 13% of enterprises in manufacturing of basic metals and fabricated metal products, excluding machines and equipment, using industrial robots).



As shown in Figure 6, for the year 2020, the least automated of Romania’s enterprises fell in categories such as accommodation, real estate, computer programming, consultancy and related activities, information service activities or travel agencies; tour operators, enterprises offering reservation services or related activities reported no use of industrial robots.



When looking at the average share of manufacturing-related enterprises using industrial robots out of the total enterprises that used industrial robots in selected EU countries (with countries with missing data being excluded) for the years 2018 and 2020, we can notice that Romania still fell behind the average share calculated for both years (of 17.39%, having an average share of manufacturing enterprises of only 8.42% for 2020), as represented in Figure 7 below. Even though for most countries 2020 showed an increase in the use of industrial robots in manufacturing-related enterprises compared to 2018, Romania registered a decrease of 0.04 percentage points, which may indicate a lack of capacity for enterprises to finance new investments in equipment and technology.



In order to better understand the impact that the share of enterprises using industrial robots had on the economy, we had furthermore performed a k-means clustering analysis and grouped the selected EU countries into several clusters, based on the share of enterprises using industrial robots in 2018 and 2020, assuming that each country could fit in one of the following two cluster categories:




	
Countries with a low-to-moderate use of industrial robots in enterprises.



	
Countries with intense use of industrial robots in enterprises.








In the cases of Ireland, Latvia, Luxembourg, Croatia, Belgium, and Greece, data regarding the share of enterprises using industrial robots for both years 2018 and 2020 were not available, and a time-series estimation could not be performed. Thus, we ignored these countries in our subsequent analysis and were left with 21 selected EU countries: Austria, Bulgaria, Cyprus, Czech Republic, Denmark, Estonia, Finland, France, Germany, Hungary, Italy, Lithuania, Malta, Netherlands, Poland, Portugal, Romania, Slovakia, Slovenia, Sweden, and Spain.



First, we initialized our model based on clearly defining the maximum number of clusters k = 5, for 500 iterations, a convergence of 0.00001 and 50 repetitions, starting from a random initial partition, and representing the within-class variance for each k, starting from 1.



The elbow plot presented above in Figure 8 indicates, based on Kaiser’s rule, that the best fitted number of clusters that reduces the total squared errors between groups is as low as two. Therefore, the classes resulting from the univariate clustering, solely based on the share of enterprises using industrial robots as registered for each country in the years 2018 and 2020, are represented below in Figure 9.



Our main assumption is that the share of enterprises using industrial robots influences the overall economic landscape and the enterprise employment in the selected countries’ economies. Thus, the clustering of the selected countries using these dimensions would look similar when compared to the previous analysis, and amongst countries with intense use of industrial robots in enterprises, we should observe a better enterprise performance and a higher economic growth rate.



To further analyze our hypothesis, we looked at the annual enterprise statistics for special aggregates of activities [38]; excepting financial and insurance activities, the previously considered share of enterprises using industrial robots for all enterprises, and countries GDP per capita values (PPP, current US$) registered in 2018 are represented above in Table 1. Our hypothesis is stated below:



Hypothesis (H0).

Economic prosperity and a higher perceptual standard of living are more common in countries with intense use of industrial robots in enterprises.







[image: Table] 





Table 1. Annual enterprise statistics for special aggregates of activities NACE Rev.2. bn_s95_x_k. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022.






Table 1. Annual enterprise statistics for special aggregates of activities NACE Rev.2. bn_s95_x_k. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022.





	Country
	Class
	Year
	Use of Industrial Robots
	GDP per

Capita
	Employees-Number
	Growth Rate of Employment
	Wages and Salaries
	Apparent Labor Productivity
	Gross Value Added per Employee
	Turnover or Gross Premium Written





	Austria
	1
	2018
	4.0%
	57,050.35
	2,606,757
	2.7
	96,271.3
	68.9
	77.3
	737,701



	Bulgaria
	1
	2018
	3.0%
	22,911.30
	1,755,308
	0.9
	12,626.4
	14.5
	16.7
	141,152



	Cyprus
	1
	2018
	1.0%
	40,476.39
	255,930
	8.4
	4623.6
	35.3
	37.2
	33,708



	Germany
	1
	2018
	3.0%
	54,954.85
	28,392,620
	4.5
	966,659.3
	59.7
	65.4
	6,830,401



	Hungary
	1
	2018
	3.0%
	31,831.98
	2,430,651
	4.3
	29,833.8
	25.2
	29.4
	324,310



	Estonia
	1
	2018
	3.0%
	36,326.80
	406,082
	1
	5860.6
	31
	33.4
	64,982



	Lithuania
	1
	2018
	2.0%
	36,346.40
	888,691
	1.8
	9010.1
	21.3
	23.6
	91,926



	Malta
	1
	2018
	3.0%
	44,482.24
	133,811
	6.5
	2709.2
	42
	49.6
	24,471



	Slovakia
	1
	2018
	4.0%
	31,505.06
	1,265,837
	2.8
	16,547.9
	24.3
	31.7
	212,337



	Romania
	1
	2018
	2.0%
	29,248.81
	3,944,656
	1
	38,575.2
	18.4
	18.9
	313,933



	Czechia
	2
	2018
	6.0%
	41,134.09
	2,917,924
	1.5
	43,711.2
	29.7
	38.5
	541,087



	Denmark
	2
	2018
	7.0%
	57,462.78
	1,706,138
	3.4
	82,813.0
	92.8
	98.4
	545,569



	Finland
	2
	2018
	8.0%
	49,755.14
	1,406,385
	1.9
	52,513.6
	68.9
	74.3
	402,031



	France
	2
	2018
	6.0%
	46,569.02
	14,610,108
	0.5
	528,720.8
	63.7
	68.9
	3,830,389



	Italy
	2
	2018
	6.0%
	43,123.61
	10,979,755
	1.5
	295,949.6
	49.8
	68.5
	3,033,061



	Netherlands
	2
	2018
	7.0%
	57,901.10
	5,194,758
	3.6
	168,480.0
	64.8
	74.9
	1,644,839



	Poland
	2
	2018
	5.0%
	31,978.53
	8,035,391
	6.4
	99,261.4
	25.2
	30.8
	1,124,830



	Portugal
	2
	2018
	6.0%
	34,931.78
	2,804,351
	4.5
	40,277.2
	26
	31.8
	375,645



	Slovenia
	2
	2018
	6.0%
	38,915.64
	560,885
	4.2
	12,147.8
	36.8
	43
	102,384



	Spain
	2
	2018
	8.0%
	40,720.19
	10,438,323
	3.9
	252,581.7
	42.2
	50.8
	2,055,805



	Sweden
	2
	2018
	6.0%
	53,553.31
	2,820,065
	2.4
	106,466.3
	70.7
	84.8
	842,503








First, we tested the fitness of our model using Bartlett’s sphericity test, to assess if there was equality of variance in our sample, and the Kaiser-Meyer-Olkin test, to measure our sampling adequacy based on each variable in the model. As shown in Figure 10 below, the KMO measure of sampling adequacy showed that our model’s fitness was significant, with a value of 0.613. Bartlett’s test of sphericity proved to also be significant, having a computed p-value lower than the significance level alpha = 0.05, and consequently rejecting the hypothesis that there is no correlation significantly different than 0 between these variables.



The correlation matrix presented below in Figure 11 shows us that generally there was a low-to-moderate correlation between the structural business variables included, the enterprises’ use of industrial robots, and GDP per capita.



Nevertheless, the model shows that the share of enterprises using industrial robots had moderate positive correlations with the GDP per capita, apparent labor productivity, and gross value added per employee, and a low positive correlation with enterprises’ wages and salaries, and gross premiums written. It is important to mention that these calculations are different from 0, with a significance level of alpha = 0.05, meaning they are significant at a 95% confidence level.



Furthermore, the principal component analysis revealed how these initially correlated variables may be reduced to fewer components in our model. The next table (Table 2) presents the eigenvalues of each dimension, which reflect the quality of the projection from the eight-dimensional initial table to a lower number of dimensions.



In our model, we can see that in the principal component model without rotation, the first factor’s eigenvalue equals 4.170 and represents 52.122% of the total variability, while the cumulative variance of the first three factors accounts for 91.752% of the total variability; with the second factor displayed being accountable for 26.174% of the variance and the third for 13.456%. Using Kaiser’s principle for choosing the main components of our model, which states that the most relevant factors are those that register eigenvalues >1 and considering Figure 12 below where we represented the scree plot of all eigenvalues of the factors, listed in decreasing order of value, we retained the factors above the inflexion point and considered the first three factors as principal components for our further analysis: use of industrial robots in enterprises, GDP per capita and employees number.



We can notice that the first two components are strongly determined by the share of enterprises using industrial robots and the third one by the employee number. Wages and salaries, apparent labor productivity, gross value added per employee, and turnover written show low and even negative weights with all the three components, while the growth rate of employment shows a slightly higher positive relationship with the second component.



Table 3 presents the factor matrix after Varimax rotation and represents an important outcome for our analysis, revealing that our initial eight-variable model could be reduced to three different variables describing the status of enterprise and economic health: one component provides the measure of robotization, while the other two are strongly correlated with economic results and employment. The result of this analysis suggests that our model has three independent variables (share of enterprises using industrial robots, GDP per capita, and employee number), and five dependent ones, which are the growth rate of employment, wages and salaries, apparent labor productivity, gross value added per employee, and turnover or gross premium written.



A biplot representation illustrating the variance of variables and selected countries grouping based on our model, using the main two factors’ axes F1 and F1, can be consulted in Figure 13.



Focusing only on the horizontal arrangement of the chart, which reveals the strongest pattern, we can observe that Germany, with quite a low use of industrial robots in enterprises (3%) for 2018, is leading in terms of enterprise employee number, wages and salaries, and turnover or gross premium written for enterprises in the total business economy, except financial and insurance activities. However, countries with intense use of industrial robots in enterprises agglomerate on the right-hand side of the chart, towards the positions of the three indicators: share of enterprises using industrial robots, apparent labor productivity, and gross value added per employee.



Additionally, we can observe that, on average, the enterprise’s use of industrial robots, gross value added per employee and apparent labor productivity have comparable response patterns. Countries with a low-to-moderate use of industrial robots in enterprises lie towards the left-hand side of the chart, being mainly driven by the growth rate of employment.



Additionally, the distance between each factor and the origin in the biplot illustrates that enterprises’ employee number, wages and salaries, or enterprises’ gross premium written distinguish these countries more than the growth rate of employment, use of industrial robots in enterprises, or GDP per capita. Ultimately, the insignificant angle between the places for gross value added per employee and apparent labor productivity demonstrates that these two factors have similar response patterns across the selected countries, as depicted in Figure 13.



The last part of our analysis focuses on the illustration of the main trends, based on a time-series analysis of GDP and GDP per capita between clusters. Although neither of these two indicators has the scope to reflect a state’s standard of living, GDP per capita is the closest simplification of it, as an alternative measure might take many other contributing factors into account; factors which should afterwards be weighted accordingly to their importance. As different individuals may derive well-being from identical resources, in unique ways and capacities [35], considering a compounded measure for standard of living might become inefficient within the scope of our paper.



For the analysis of existent GDP and GDP per capita dataset, we used PowerBI as a desktop data analysis tool and represented the data collected from the World Bank’s World Development Indicators database [36] for all 21 countries on a line and stacked column chart, where GDP (millions, current PPP US$) is represented as the principal column-value and GDP per capita is represented as a trend line for the selected period of 2010–2020.



When looking at countries from the first cluster, we can observe that although both GDP and GDP per capita have an ascending trend for the selected period, as we can see in Figure 14, Figure 15, Figure 16 and Figure 17; GDP per capita in 2020 has both its minimal and maximal values for countries in the first cluster (22,398.21 for Malta expressed in millions, current PPP USD, and 4,469,546.28 expressed in millions, current PPP USD for Germany).



However, when looking at the top five countries in terms of GDP results, besides Germany from cluster one, only France, Italy, Spain, and Poland (Figure 17) made the list (all falling into the second cluster); being countries with higher shares of enterprises using industrial robots.



As we previously mentioned, while GDP is not an accurate measure for quantifying the standards of living in a specific state, it reflects the total market value of the finished goods and services produced within a country’s borders in that specific period.



Undeniably, these results are relevant only if considering the total population of that country or state, and that is where data on GDP per capita plays an important role, as if we look at the average GDP per capita in 2020 for countries in cluster one, its value reaches 38,824.93 current PPP USD per capita, while for the countries in the second cluster, the average GDP per capita’s value is 45,615.74 current PPP USD, reflecting a difference of +14.88% for countries with the higher share of enterprises using industrial robots [37].



We consider this to be an important result, which might be used for further analysis of Romania’s perspective on the use of industrial robots in enterprises; especially as, despite its more-than-average results in terms of GDP for the studied period, we may observe that the GDP per capita is below the cluster’s average for 2020, being at only 38,458.19 current PPP USD while the average sat at 38,824.93 current PPP USD; if we consider the second cluster’s average, the difference is even more significant.



With a sustainable and efficient production framework being the basis for long-term economic development, we consider that, given the existence of a significant number of manufacturing plants in Romania, its economic landscape would benefit from the implementation of industrial robots, not only as a result of increasing labor productivity but also as a result of retraining employees to positions that require a higher degree of specialization and skills. One of the many arguments that might sustain Romania’s development for more-in-depth research and implementation of industrial robots in enterprises, lays in the already high availability of privately-held enterprises with manufacturing plants existing at the national level; in Table 4, being depicted only a small share of these together with their general industry.



An increase in the use of industrial robots [37] by these companies may also lead to an increase of their competitiveness in the manufacturing industry compared to existing giants in the market; giving small and medium-sized companies the opportunity to grow rapidly, even in the absence of financial resources to recruit the specialists for their open positions, while giving them the opportunity to record an increase in financial results, leading to new investments and expansion towards global markets.





4. Conclusions and Potential Limitations


4.1. Conclusions


Recent studies in the specialized literature have highlighted the main contributions of automation, AI, robotization, and modern technologies to economic results. Our paper focused on the role of industrial robots as an important factor in the complex transformations and changes occurring within local labor markets from a sample of EU countries. In particular, our collective estimations indicated a significant displacement effect, with the integration of robots into production processes contributing to the reduction of the employment rates in the case of all six EU countries included in our sample.



We found that young employees and those with “secondary” education (i.e., high school) are the first category particularly affected by the penetration of industrial robots. At a professional level, we found that the effect of automation and industrial robots on technicians is quite positive. We applied a comparative analysis of our main results of the impact of industrial robots on the aggregate employment rate to the evidence found for the labor market in the US [38].



This comparative analysis suggests that in European labor market policies, active policies should take into consideration the impact of industrial robots, in order to decrease the unemployment rate. In order to highlight the different impacts of robots in the US and the EU, we also applied a comparative study of welfare systems and the labor market, illustrating the main conditions and regulations that could be appropriate for designing policies in order to minimize the potential effects of displacement and to correspondingly contribute to strengthening the associated positive effects the increase of labor productivity due to robotization may have on the economy.



An increase in information and communication technology (IC&T) capital has a positive impact on the employment rate, suggesting that different automation technologies may have a different impact on labor markets.



We found mixed results only for the impact of industrial robots on wage growth, even after analyzing the potential for endogeneity and the potential compensatory effects between different populations or sectorial groups. These estimations provide suggestive evidence of the potential negative effects automation might have on wages.



As the number of industrial robots continues to grow, the results suggest some policies and concrete actions, designed to facilitate the adaptation and flexibility of the workforce, that might be needed due to augmented work and the increase of digitalization and automation. In any case, the extent to which automation-induced movement progresses crucially depends on the new trends in socio-economic growth and development, which means an increase in the demand for all factors of production (including labor).



Active social and economic policies are needed, in order to reduce the potential costs of disruption. For example, important active policies based on effective and efficient investments must be made to improve labor mobility. Higher mobility and different types of jobs highlight the importance of a different set of core competencies and skills, indicating the need for active education policies to better manage education systems, by stimulating effective and efficient investments in education and training.



Fairly insignificant aggregate effects (on wages) were found as a potential result of counterbalancing developments taking place at the firm level. One possibility is that the overall impact of automation and integration of industrial robots is considered to depend on the investments in human and intellectual capital (applied simultaneously on an individual level, firm-level, and local, regional, and macro levels). The long-run effects of an investment in human and intellectual capital are expected to be amplified by national and regional active policies.



The development of the robotics industry is also a requirement for less developing countries.Lower the robotic industry is, lower is also the conomy of the country.



The technological challenges and transformations generated by robots are a factor with a strong impact, especially because of the COVID-19 pandemic crisis, on the emergence and development of new value chains of supply and demand internationally, as well as the readjustment and reshaping of pre-existing value chains, and intensification of globalization processes.



This is in line with the objective of diversifying the processes for manufacturing of goods and services, which might lead to a higher contribution from nation-states in the monitoring, surveillance, and identification of a second-best in the international division of work compatible with the requirements to support long-term smart, sustainable, and inclusive development.



Robots are considered an important factor that determines the increasing role of collaborative and sharing economies, by stimulating diverse forms of partnerships (public–private, private–private, and public–public), highly contributing to multidimensional development in terms of socio-economic, technological, environmental, and geopolitical factors. This might lead to an increase in the role and responsibilities of nations/states in establishing and monitoring specific standards and mechanisms to support the overall efficiency and effectiveness, which also requires a multi-participant strategy game known as win–win; unlike the win–loss formula, in which the gain for one participant represents a loss for the rest of the participants.



The integration of robots is expected to lead to major changes in the evolution of the relationship between the work undertaken for routine activities and the availability of places for creative activities (called creative and innovative communities).



Robotization is also considered an important factor that contributes to the increase in the accuracy of short-, medium- and long-term forecasts and predictions, the applicability of the implementation of strategies developed for different areas and macro/world economic strategies. It also contributes to more efficient and effective use of diverse methods to support resilience and the prevention of risks, challenges, and vulnerabilities that humanity, at different levels of economic and social aggregation is currently facing, with expected amplified effects in the future.



Robotization is an emergent industry that is evolving at a higher pace mostly in the very developed countries, a phenomenon that contributes to an increase and amplification of the gaps in socio-economic development. Thus, many countries are trying hard at all levels (micro-, mezzo-, and macro-economic) to reach a certain level of technologization through robots. These kinds of strategies may act as a continuous pressure; thus, being less effective, so that gaps within industries are dislocated and appear due to high-tech factors (marginal benefits external) at micro and macro-societal level, at different time horizons. These positive externalities may include a wide range of marginal external benefits for the various economic agents, for which they do not pay. For example, the free use of scientific research results, the use of incentives in enterprises in the form of bonuses, participation in equity by holding shares, employee retraining courses, and training in the LLL (Lifelong Learning) system for adults, as well as series of favorable propagation effects, such as the reduction of pollution, ecological reconstruction, and the increase of welfare.



Such a paradigm of contemporary development has led to an increase in the importance of the second pillar of sustainable development (the social pillar), which involves inclusion, solidarity, social cohesion, and sustainable development “for all”. Robots are considered to have great potential in meeting the requirements of the social pillar, including the use of economic-monetary and fiscal policies to redistribute income, differentiated according to the level of economic and social development of the countries.




4.2. Limitations of the Study


Our paper focused on highlighting the potential benefits of deploying industrial robots in Romanian organizations, by interpreting the dynamics of selected countries’ enterprise statistics in relation to the share of enterprises using industrial robots. While the relevant literature regarding the long-term and short-term effects of automation on employment was consulted, the study has some potential limitations within which the significance of our findings must be carefully interpreted.



First, as secondary data were used to portray the growing interest and potential advantages of human labor augmentation through the deployment of industrial robots, we must not generalize that the benefits of this technologization would outweigh the costs for all enterprises and all nations. Each economic system and the enterprises operating within it present many uncorrelated facets, which could greatly impact the workforce’s response in the face of robotization.



Second, while extensive literature exists on the results of industrial robots in private organizations in EU and non-EU countries, in the case of Romania’s enterprises, there is limited evidence on the effects of a large-scale implementation within businesses. We must also point out that the robotics investment could mean for many businesses an increase in the average cost per employee, which small and medium-sized enterprises might not be able to account for without a proper policy advisory for accessing non-reimbursable funds or a complete workforce restructuring.



Last, supplementary studies should be conducted with respect to Romania’s labor force perceptions of the implementation of robotics, while considering the vast spectrum of workforce characteristics, the latest demographic trends, and both formal and informal educational systems’ capacity for providing fair access to lifelong learning and development for all. Furthermore, these should be correlated with industry or organizational readiness to accelerate the adoption of robotics.
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Figure 1. Worldwide manufacturing industry-related robot density in 2020. Source: Author’s contribution, based on International Federation of Robotics, https://ifr.org/news/robot-race-the-worlds-top-10-automated-countries/, accessed on 12 January 2022. 
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Figure 2. Sales volume of industrial robots by continent. Source: Author’s contribution, based on Statista, https://www.statista.com/study/64326/robotics/, accessed on 19 March 2022. 
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Figure 3. Correlation between average percentage change in employment by country and percentage change in the use of industrial robots during the period 2012–2019. Source: Georgieff, A. and A. Milanez (2021), “What happened to jobs at high risk of automation?” OECD Social, Employment and Migration Working Papers, No. 255, OECD Publishing, https://doi.org/10.1787/10bc97f4-en, accessed on 21 February 2022. 
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Figure 4. Use of industrial or service robots in Romania, for each enterprise size, 2020. Source: Author’s Contribution. Data retrieved from Eurostat. Robotics and 3D Printing Data, https://ec.europa.eu/eurostat/databrowser/bookmark/f29db2df-2e19-4bfd-8bb4-af630dc3e907?lang=en, accessed on 9 January 2022. 
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Figure 5. Share of enterprises using industrial robots in 2020, by country. Source: Author’s Contribution. Data retrieved from Eurostat. Robotics and 3D Printing Data, https://ec.europa.eu/eurostat/databrowser/bookmark/f29db2df-2e19-4bfd-8bb4-af630dc3e907?lang=en, accessed on 9 January 2022. 
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Figure 6. Share of enterprises using industrial robots out of the total enterprises that used industrial robots in, 2020—Romania compared to EU27 averages. Source: Author’s Contribution. Data retrieved from Eurostat. Robotics and 3D Printing Data, https://ec.europa.eu/eurostat/databrowser/bookmark/f29db2df-2e19-4bfd-8bb4-af630dc3e907?lang=en, accessed on 15 March 2022. 
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Figure 7. Average share of manufacturing enterprises using industrial robots out of all enterprises using industrial robots, by country, 2020 vs. 2018. Source: Author’s Contribution. Data retrieved from Eurostat. Robotics and 3D Printing Data, https://ec.europa.eu/eurostat/databrowser/bookmark/f29db2df-2e19-4bfd-8bb4-af630dc3e907?lang=en, accessed on 20 February 2022. 
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Figure 8. Elbow plot based on the share of enterprises using industrial robots. Source: Author’s Contribution. Data retrieved from Eurostat. Robotics and 3D Printing Data, https://ec.europa.eu/eurostat/databrowser/bookmark/f29db2df-2e19-4bfd-8bb4-af630dc3e907?lang=en, accessed on 15 March 2022. 
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Figure 9. Countries clustered by the share of enterprises using industrial robots (k = 2). Source: Author’s Contribution. Data retrieved from Eurostat. Robotics and 3D Printing Data, https://ec.europa.eu/eurostat/databrowser/bookmark/f29db2df-2e19-4bfd-8bb4-af630dc3e907?lang=en, accessed on 9 January 2022. 
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Figure 10. KMO test and Bartlett’s sphericity test. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022. 
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Figure 11. Correlation matrix. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022. 
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Figure 12. Screen plot of the eigenvalues after principal component analysis. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022. 
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Figure 13. Biplot on F1 and F2—countries distribution pattern. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022. 
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Figure 14. GDP and GDP per capita for the cluster of less robotized countries. Source: Author’s contribution based on data retrieved from International Comparison Program, World Bank, World Development Indicators database, World Bank | Eurostat-OECD PPP Programme. Available at: https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD and https://data.worldbank.org/indicator/NY.GDP.MKTP.PP.CD, accessed on 10 March 2022. 
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Figure 15. GDP and GDP per capita for the cluster of less robotized countries. Source: Author’s contribution based on data retrieved from International Comparison Program, World Bank, World Development Indicators database, World Bank|Eurostat-OECD PPP Programme. Available at: https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD and https://data.worldbank.org/indicator/NY.GDP.MKTP.PP.CD, accessed on 10 March 2022. 






Figure 15. GDP and GDP per capita for the cluster of less robotized countries. Source: Author’s contribution based on data retrieved from International Comparison Program, World Bank, World Development Indicators database, World Bank|Eurostat-OECD PPP Programme. Available at: https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD and https://data.worldbank.org/indicator/NY.GDP.MKTP.PP.CD, accessed on 10 March 2022.



[image: Applsci 12 06014 g015]







[image: Applsci 12 06014 g016 550] 





Figure 16. GDP and GDP per capita for the cluster of highly robotized countries. Source: Author’s contribution based on data retrieved from International Comparison Program, World Bank, World Development Indicators database, World Bank|Eurostat-OECD PPP Programme. Available at: https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD and https://data.worldbank.org/indicator/NY.GDP.MKTP.PP.CD, accessed on 10 March 2022. 
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Figure 17. GDP and GDP per capita for the cluster of highly robotized countries. Source: Author’s contribution based on data retrieved from International Comparison Program, World Bank, World Development Indicators database, World Bank|Eurostat-OECD PPP Programme. Available at: https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD and https://data.worldbank.org/indicator/NY.GDP.MKTP.PP.CD, accessed on 10 March 2022. 
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Table 2. Calculated eigenvalues of each variable. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022.
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	°
	F1
	F2
	F3
	F4
	F5
	F6
	F7
	F8





	Eigenvalue
	4.170
	2.094
	1.077
	0.563
	0.069
	0.016
	0.010
	0.002



	Variability (%)
	52.122
	26.174
	13.456
	7.041
	0.860
	0.204
	0.119
	0.024



	Cumulative %
	52.122
	78.296
	91.752
	98.793
	99.652
	99.856
	99.976
	100.000
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Table 3. Factor matrix after Varimax rotation. Source: Author’s contribution based on data retrieved from Eurostat. Annual enterprise statistics for special aggregates of activities. https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=sbs_na_sca_r2&lang=en, accessed on 9 January 2022.
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Component




	
Factor

	
D1

	
D2

	
D3






	
Use of industrial robots

	
0.667

	
−0.028

	
−0.401




	
GDP per capita

	
0.918

	
0.237

	
0.121




	
Employees-number

	
0.088

	
0.987

	
−0.011




	
Growth rate of employment

	
0.022

	
−0.041

	
0.957




	
Wages and salaries

	
0.200

	
0.976

	
−0.008




	
Apparent Labor Productivity

	
0.962

	
0.177

	
−0.014




	
Gross Value Added per employee

	
0.969

	
0.184

	
−0.041




	
Turnover or gross premium written

	
0.205

	
0.975

	
−0.034
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Table 4. Manufacturing enterprises in Romania. Source: Author’s contribution based on data retrieved from various sources, including Statista’s Most important companies in the manufacturing industry in Romania in 2019, by revenue report, available at https://www.statista.com/statistics/1115921/romania-companies-in-the-manufacturing-industry-by-revenue/, accessed on 19 March 2022.
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	Enterprise Name
	General Industry





	Astra Bus S.R.L
	Automotive



	Automobile Dacia S.A
	Automotive



	C&I Eurotrans XXI
	Automotive



	El Car Igescu S.N.C.
	Automotive



	Ford Romania
	Automotive



	ROMAN S.A.
	Automotive



	Continental AG
	Automotive



	KIRCHHOFF Automotive Romania SRL
	Automotive



	Daimler AG
	Automotive



	Greiner Packaging
	Packaging manufacturer



	Electroplast
	Manufacturing of cables and electric cords



	Braiconf
	Manufacturing of textiles



	Confind
	Manufacturing of equipment



	Noriel
	Toy manufacturing
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