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Abstract

:

The current phenomenon of the economy-accelerated digitalization, known as the “Industry 4.0”, will generate both an increased productivity, connectivity and several transformations on the labor force skills. Our research objectives are to determine the influence that digitalization has had on the workforce in several developed countries and to propose a new composite indicator that reflects these dynamics over time. We have used the Canonical Correlation Analysis (CCA) in order to identify and analyze the correlations between two sets of variables, an independent one and a dependent one. Data were collected from the World Bank and World Economic Forum for the years 2018–2019. Based on the results of our research we have determined and made a consistent analysis of the new composite index of digitalization and labor force in 19 countries. The results of our research are relevant and show not only the impact of digitalization on the labor force in different countries, but also the structural changes required by the new economic and social models. Our research can help decision-makers get in advance the necessary measures in the field of labor force in order to ensure a proper integration of these measures into the new economic model based on digitalization.
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1. Introduction


Some of the key challenges under discussion at the World Economic Forum in Davos in January 2020 [1] have been “employment, skills and human capital”, with a focus on how to generate 470 million new jobs by 2030, taking into account that the technology will fundamentally disrupt the nature of the work itself. As a result of digitization, new jobs are created and others are eliminated. An IBM survey of 1200 IT professionals and decision-makers in 13 countries indicated that two-thirds of them believe that mobile, analytics, cloud and social technologies are strategically important; however, 25% reported weak skills in each sector, and 60% reported moderate to major deficits. Digitization produces major structural changes in all areas of economic and social life. The role of digitalization will increase in the future. Digitization is a profound phenomenon, with strong implications in all areas. The current context marked by the COVID 19 pandemic significantly influences the speed with which digitalization is integrated into economic and social systems. Thus, in many areas there are major structural changes, not only in the way of communication, but also the production and services processes. Digitization is leading to the adoption of digital technologies and the widespread use of technology for storing and processing, searching and transmitting information between online users. Organizations make major investments and purchase both digital products and services, as well as digital technologies relevant to specific areas of business. Economic growth and job creation change depending on the level of technological development of a country. According to the research group coordinated by Srovnalikova [2], the technology development influences online platforms enabling connections between people, changing the way people communicate and interact. The authors also think that these changes have led to the rapid growth of the sharing economy worldwide.



Over the past 50 years, the U.S. economy has experienced a steady decline in jobs involving routine manual and cognitive skills. Recent studies [3] show that 59% of the German workforce will be replaced by machines and software in the coming decades. Of the approximately 31 million people with a full or part-time job in Germany, 18 million would be laid off as a result of this technology development. Malega et al. [4] have compared the adoption of Industry 4.0 in Germany and in the Slovak Republic. The results show a logical interaction the Slovak Republic has not yet developed into a strong basis, e.g., the financial support, a situation which results in a lag in the rate of economic development in small EU countries.



Estimates of all recent prospective studies [5,6,7,8] converge to the conclusion that the Fourth Industrial Revolution will certainly lead to major changes in how value is created. Digitalization, through the third technology platform (3P)—including cloud, big data, mobile phones, cognitive computing and internet of things, will play a decisive role in the evolution of the economy and society, through the impact of the widespread adoption of these digital technologies. Due to digitization, economic growth is achieved, and the competitiveness of goods and services increases, as Shpak et al. explained [9]. The growing role of digitization in economics is influencing job profile requirements and the curriculum of lifelong learning programs. According to the World Economic Forum Report on the Future of Jobs, 65% of children entering primary school today are going to work in jobs that do not yet exist in the labor market [10]. The report indicates two major directions on labor market developments. The first is the demand for jobs in the future, predominant in the fields of science, technology, engineering, mathematics and ICT. The second is the gender difference. On the labor market this difference will deepen, as long as women avoid jobs in the technical fields. All these aspects should be known in order to reduce the shock of change caused by changes in technology. As the first three industrial revolutions demonstrated that technology has a major impact on the labor market and the business environment, we expect the current phenomenon of accelerated digitization of the economy, known as the Fourth Industrial Revolution, to have positive effects on competitiveness by increasing productivity, and bringing notable impact on the labor market, through the creation/disappearance of jobs or the emergence of completely new jobs. The creation of new business models, based on increasing connectivity, reducing communication barriers and eliminating distances, amplifies professional development factors, changes the way of adding value, leading to increased productivity. These examples are just a few arguments to explain the relevance of the topic chosen for this research.



The Internet and the digital technologies are transforming the context of our daily lives. The fact that barriers still exist in the online environment means that citizens’ access to goods and services is limited. The horizon for entrepreneurs and start-ups is not very wide, and businesses and governments cannot fully benefit from digital tools. The strategy for the Digital Single Market, supported by the European Union and the measures of the OECD, displays the development of the digital economy aim to remove these barriers and create the necessary framework for the expansion of the markets. It is estimated that in the European Union, digitalization will generate an economic contribution of over 415 billion euros per year. The impact of digitalization on the labor market should not be neglected. We can say that our research based on the link between digitalization and the labor market in OECD countries is equally relevant and necessary.



Through our paper we aim to answer an essential question: in what way and how much does digitalization influence the labor force? Our paper demonstrates how digitalization has so far influenced state economies and the labor market. The originality of our research approach consists both in highlighting and explaining the correlations between digitalization and the economic development of the 19 analyzed states, and in designing a composite indicator to determine the impact of digitalization on their labor force. We have selected a group of variables relevant to digitization and labor force. Then we have chosen appropriate research methods for discovering the correlations (Canonical Correlation Analysis) and for analyzing them (Regression Analysis). To these aspects of originality, we can add the new composite indicator named Digital and Labor Force Index designed by our research team to determine the intensity of the correlation between digitalization and its impact on the labor force in general. Then, as a premiere, we determined and analyzed this composite index in the OECD states selected in our research.



The novelty of our research is the new composite indicator designed to offer a practical tool to the state governments and business community through which they can monitor, compare and analyze the influences of digitalization on economic systems in general and on the labor force in particular. The new composite indicator proposed can be used by decision-makers or governors to design new public policies and managers to develop their business, in line with contextual changes. Based on the composite indicator designed by us, state governments can identify the necessary economic and technological measures and make the right decisions in order to support human resources integration in the labor market. Thus, they can develop efficient public policies contributing to the creation of an appropriate framework for a sustainable economic and social development.




2. Literature Review


The world is at the threshold of the fourth industrial revolution and this fact changes all enterprises, regardless of their sector of activity, as a research group coordinated by Shpak [11] explained in 2019. One of its most visible trends is the digital transformation. Digitization is the process of converting analog information into a digital format. In a broader context, digitalization is defined as the social transformation triggered by the massive adoption of digital technologies to generate, process and trade information. Digitization uses the collateral effects that result from their use: common platforms for application development, e-government services, e-commerce, social networking, and the availability of online information [12]. To succeed in an innovation-based economy, today’s employees need a different set of skills and competences [13,14].



In countries around the world, economies are based on creativity, innovation and collaboration. Skilled jobs are more focused on solving unstructured problems and efficient analysis of information [15]. In addition, technology is replacing manual labor in most aspects of life and in most segments of the economy or, at least, is shifting communications significantly in many market segments, particularly trade [16]. Life offline becomes almost impossible. The general conclusion of the studies is that, in general, the lower one’s qualification, the higher the chances of losing a job in favor of robots. Economic growth and job creation vary depending on the level of technological development of a country [17]. Other researchers [18,19,20] stated that employees in the service sector have a great role in increasing the rate of profit, which is the main purpose of the enterprises, to run the business smoothly, and to ensure customer satisfaction and loyalty. Digitization is one of the most visible phenomena of this decade, and its evolution is extremely fast. Manifested by the adoption of digital technologies and, respectively, the use of technology on a larger scale for storage and processing, search and retrieval of information between online users, digitalization is a profound phenomenon, with strong implications in all areas [21].



As the first three industrial revolutions demonstrated that technology has a major impact on the labor market and the business environment, we expect the current phenomenon of accelerated digitization of the economy, known as the Fourth Industrial Revolution, to have positive effects on competitiveness by increasing productivity, but also a notable impact on the labor market, through the creation/disappearance of jobs and the emergence of completely new occupations [22,23]. Creating new business models, based on increasing connectivity, reducing communication barriers and eliminating distances, amplifies development factors, changes the way of adding value, leading to increased productivity [24].



The new technologies and platforms offered by the tech giants have made possible the major change, in a very short time, of the mode of operation and interaction at the level of companies and authorities around the world. If before the crisis caused by COVID-19 we were talking about the digital disruption that brings unprecedented transformation and development to the way we live, work, and relate to each other, so this phenomenon changes society and the economy as a whole, with the triggering of drastic measures of social distancing. Digitization has amplified its role even more, exceeding estimates. At the same time, it has demonstrated extraordinary opportunities, making possible a lot of activities that would have been unimaginable online until the COVID-19 period. By default, this will reflect the revenue and profitability of the so-called generic digital economy, which includes tech giants, online platforms, and many other companies. It is easy to intuit that this sector will be among the few that will emerge victorious from this crisis. This will make it all the more interesting for the state budgets that will allocate huge sums to save other sectors severely affected by the crisis. It is well known that the evolution of digital technologies, in combination with other essential generic technologies, leads to a change in the way related products and services are designed, produced and marketed, as well as in the way in which value is generated from them. Technological advances—such as the Internet of Things (IoT), 5G technology, cloud computing, data analytics and robotics—are transforming products, processes and business models in all sectors, ultimately creating new industrial patterns.



The transformations generated by digitalization have an impact on all job categories, not just repetitive ones. The impact refers especially to the creation of new jobs for both current employees and future generations, jobs that will certainly require different skills than those we develop today [25]. In our paper we analyze the impact of digitalization on the workforce in 2018–2019 in 19 OECD countries and show how a new composite indicator, named by us the Digital and Labor Force Index, reflects this mutual influence. The main determining factors that must be taken into account are the following:




	(1)

	
The increasing computing power of computer systems that allows the analysis of data in real time, in the context of large volumes of data;




	(2)

	
Continuous improvement of the methods of processing and use of large volumes of data, crucial for markets and innovation;




	(3)

	
The creation of new products and services;




	(4)

	
Accelerating the speed of innovation;




	(5)

	
New models of artificial intelligence, possible due to the growth in computing power, which will support harmonious cooperation between humans and robots. The algorithms will focus on profiling different types of users, and if an individual’s action does not correspond to its historical behavior, it will be notified immediately. Machine learning systems can generate false alarms, so human intervention is needed to make the decision to retrain certain algorithms. New generative manufacturing processes, such as 3D printing, allow for savings. The physical world and the digital world are getting closer, resulting in the fusion of physical-cybernetic systems (CPS4), such as generative manufacturing processes. 3D printing, for example, allows a digital model to be transformed into a physical product. The interaction between the two identities of CPS—physical and digital—endows products with innovative functions, capable of continuous expansion throughout their life cycle;




	(6)

	
The role of human intervention changes from a skilled worker to a supervisor of services available in the network;




	(7)

	
The augmentation in connectivity, determined by the enormous boost in the volume of data of the last decade;




	(8)

	
A new class of suppliers will intensify their competition in the future. An example is Google, which becomes a player in the car market, through its contribution to the development of autonomous vehicles. Large Japanese companies (Canon, Sharp), as well as some Western companies have based their long-term program innovation for obtaining economic performance on knowledge generation. Japanese companies, which excel in the process of production innovation, have focused on exploiting “tacit” knowledge within the company (internal knowledge that has been accumulated through the company’s experience and which is difficult to transmit in the form of information). These companies have motivated and stimulated human resources to generate new knowledge by accepting courageous visions of products and economic strategy, coupled with an organization mentality that promotes transparency and knowledge dissemination [26]. A modern organization should be trainable, its employees should continually learn and reflect. Therefore, it is necessary to adapt the workforce to the new specific requirements of knowledge-based management and innovation in the context of digitalization. The positive effects of digital infrastructure on productivity are manifested indirectly, through changes in the following areas:




	
Labor. It will be healthier and with a higher level of qualification, due to improved access to basic services such as sanitation, education and healthcare;



	
Creativity and innovation. These effects are becoming more and more essential, so business owners try to retain specialists on ICT, to change the channels of communications with customers, widening digital ones, in face of new challenges and new possibilities of ICT development [27]. Nanosensors and the Internet of Things could have an impact on medicine, architecture, agriculture and drug manufacturing. Autonomous electric vehicles can save lives, reduce pollution, increase savings and improve the quality of life. Smart digital assistants will soon help people in a wide range of daily tasks. Optogenetics can be directed deeper into the brain, and can help treat brain disorders. The engineering of metabolic systems allows the manufacture of chemical compounds that underlie life in a more efficient and cheaper way by using plants. By adopting digital technology, companies can increase their efficiency, reduce costs and streamline relationships with customers, employees and business partners. In the current international economic context, we notice that the economic model is changing. Thus, new collaborative economic models are developed [28]. These changes are determined by a variety of factors and variables that state governments and the business environment should consider. The Fourth Industrial Revolution is expected to have significant effects on capital and the labor market, including by changing the way we interact and even the behavior of individuals [29]. The increasing use of physical and cyber systems (CPS) is not reduced to Industry 4.0 itself, having a considerable social impact. With digitalization, productivity improves, some jobs are replaced by technology, and labor-intensive tasks are relocated to emerging markets, where labor is cheaper. Another effect of digitization is the increase in relocation. As companies in advanced countries improve their productivity due to digitalization, they transfer their jobs to less developed countries, with a lower degree of digitalization. Digitization also has effects on labor mobility, facilitating the combination of work and private life. In principle, mobile forms of work can be advantageous for employees and employers alike. In addition to the opportunities offered by the digital age, there are also risks: an increased concentration of data in the hands of a few economic monopolies, an intensification of the digital divide and the polarization of society, upgrading the importance of training. The old business world was characterized by predictable environments in which the focus was on predicting and optimizing results. In the current context, business is based on knowledge as a strategic asset. The business environment is marked by uncertainty and a limited ability to anticipate the future. Therefore, in the context of the knowledge-based society, the generation of knowledge should be the object of investments. A series of papers published in recent years [30,31] demonstrate a strong link between the generation of knowledge and the process of innovation of products and services in the context of the digital society. In fact, there is a direct and intrinsic relationship between knowledge, innovation and digitalization. Our study is focused on digitalization and its impact on the workforce, but at the micro level, the transformation of the economic models, based on an efficient management of knowledge and innovation. In our work we analyzed the process and how much digitalization influences the labor force in selected countries using canonical correlation analysis and regression and we proposed a composite index that measures this influence in 19 OECD countries in the period analyzed. This composite indicator reflects over time the dynamics of the labor force on the national, regional or international market in the context of the accelerated digitization of socio-economic systems.















3. Research Results and Analysis


In the first part of this section we have undertaken the research using Canonical Correlation Analysis (CCA). Based on the results obtained and the indicators in the databases, we developed a composite index called the Index of Digitization and Labor Force (DLFI). With its help we determined the impact of digitalization on labor force productivity in the 19 states included in our analysis. Data have been collected from the World Bank [32] and World Economic Forum [33] and the latest available were for the years 2018–2019. The 19 states included in this research are Argentina, Australia, Brazil, Canada, China, France, Germany, India, Indonesia, Italy, Japan, Mexico, Russia, Saudi Arabia, South Africa, South Korea, Turkey, Great Britain and USA.



3.1. Canonical Correlation Analysis


Canonical Correlation Analysis was introduced by Hotelling [34] as a modelling method to identify and analyze the associations between two sets of variables, an independent one and a dependent one. CCA is useful when there are multiple correlations between outcome variables. Pairs of canonical variates are built as orthogonal linear combinations of the variables in the two initial sets, that explain best the inter- and intra-set variability [35]. The number of dimensions is equal to the number of elements in the smaller set. The first canonical correlation has the highest importance in interpretation between any predictor and any outcome variable. The structure coefficients are significant when their absolute values are above 0.45.



CCA was applied on the set of 19 OECD countries and 10 indicators following the line of Georgescu and Kinnunen [36]. As it can be seen in Table 1, the digitalization indicators (V1–V5) represent the independent set and the labor force indicators (V6–V10) represent the dependent set.



The goal of CCA is to predict five variables: Total labor force, GDP per capita (PPP current international USD), GINI index, Total unemployment, Net foreign direct investment, based on five independent variables: Individuals using the Internet, Research and development expenditure, Human Capital Index, Secure Internet servers per million people, and Mobile cellular subscriptions. We used the data collected from the World Bank and World Economic Forum for the years 2018–2019. We work with standardized variables. Figure 1 describes the distributions of digitalization indicators from set 1 and the correlations within set 1. The within-correlations range from −0.598 (V1 Individuals using the Internet vs. V5 Mobile cellular subscriptions) to 0.8 (V1 Individuals using the Internet vs. V3 Human Capital Index).



Figure 2 describes the distributions of labor force indicators from set 2 and the correlations within set 2. The within-correlations range from −0.759 (V7 GDP per capita vs. V8 Gini index) to 0.477 (V8 Gini index vs. V9 Total unemployment).



The positive correlation between GINI index and total unemployment is consistent with economic theory since when unemployment rate decreases, GINI index will also decrease. Penha Cysne in 2009 [37] gives a theoretical proof (Proposition 3) of the positive relation between unemployment and GINI index of income distribution. The authors prove that both indicators are increasing functions of the probability of lay-off and the probability that a worker does not get a job offer; accordingly, when any of these probabilities increases, there is a positive relation between unemployment rate and GINI index. Several studies on CCA have been conducted by Dattalo [38] and Gonzales et al. [39]. By applying CCA, we determined the number of canonical variables significant in explaining the dependence between the two sets, digitalization and labor force indicators.




3.2. CCA Model


We denote here the independent set   X =   (  V 1  , … ,  V 5  )  T    and the dependent set   Y =   (  V 6  , … ,  V  10   )  T   . There are the five pairs of canonical variates of the model below.    A i    can be written as a linear combination of the elements of set X and    B i    as a linear combination of elements of set Y as follows:


     A 1  =  a  11    V 1  + … +  a  15    V 5      …      A 5  =  a  51    V 1  + … +  a  55    V 5     










     B 1  =  b  11    V 6  + … +  b  15    V  10       …      B 5  =  b  51    V 6  + … +  b  55    V  10      











The canonical correlation for the ith canonical pair   (  A i  ,  B i  )   is the correlation between    A i    and    B i   :    ρ i  * =   cov (  A i  ,  B i  )     var (  A i  ) var (  B i  )      ,   i = 1 , … , 5  .



The aim of CCA is to find the linear combination that maximizes the canonical correlation    ρ i  *   for the canonical pairs   (  A i  ,  B i  ) , i = 1 , … , 5  .



The main steps of CCA are:




	(i)

	
To determine if there is any relationship between the two sets of variables. By Wilks lambda, we reject the null hypothesis that there is no relationship between the two sets and conclude that they are dependent;




	(ii)

	
The null hypothesis from above is equivalent to the null hypothesis that all five canonical variate pairs are not correlated:    H 0  :  ρ 1  * = … =  ρ 5  * = 0  . Wilks lambda is significant and the canonical correlations are in a decreasing order, therefore we conclude that at least    ρ 1  * ≠ 0  . Successively we find that the first two canonical pairs are correlated and the other three are not;




	(iii)

	
To interpret each canonical variable, we compute the correlation between each variable and the corresponding canonical variate;




	(iv)

	
Finally we find the best predictors for each variable in the dependent set.









The first step of CCA is to discover whether there is any relationship between the two sets X and Y. For this one considers a multivariate multiple regression model, where one predicts the labor force indicators (set Y) from the digitalization indicators (set X). We have five multiple regression equations, each one predicting one of Y variables from the five variables in set X:


     V 6  =  β  10   +  β  11    V 1  +  β  12    V 2  +  β  13    V 3  +  β  14    V 4  +  β  15    V 5      …      V  10   =  β  50   +  β  51    V 1  +  β  52    V 2  +  β  53    V 3  +  β  54    V 4  +  β  55    V 5     











We test the null hypothesis that the regression coefficients from above are equal to 0, which is equivalent to testing that the two sets of indicators X and Y are independent.


   H 0  :  β  i j   = 0 , i , j = 1 , … , 5 .  











Pillai’s trace test, Hotelling’s trace test, and Wilk’s lambda multivariate criteria are significant, with p < 0.05. All tests in Table 2 prove that there is a statistically significant and positive linear relationship between the dimensions of digital competitiveness and labor force indicators.



The CCA analysis generated five roots, as they can be seen in Table 3. The roots rank the eigenvalues in a decreasing order.



The eigenvalue can be computed as the ratio between the corresponding squared correlation and one minus the squared correlation, for example the largest eigenvalue 223.64 can be computed as 223.64 =     0.995   1 − 0.995    . Canonical correlations represent Pearson correlations of the pairs of canonical variates. The first canonical correlation, 0.99777 represents the correlation coefficient between the first pair of canonical variates. Squared canonical correlations of the canonical variate pairs are interpreted as    R 2    from linear regression. Namely, 99.55% of the variation in    A 1    is explained by the variation in    B 1   ; 89.75% of the variation in    A 2    is explained by the variation in    B 2    etc. These values are very high, suggesting that the first two canonical correlations are the most significant. In Table 4, we test the null hypothesis that all correlations associated with the roots are equal to 0. The above hypothesis    H 0    is equivalent to the null hypothesis that all pairs of canonical variates are not correlated:


   H 0  :  ρ 1  * = … =  ρ 5  * = 0 .  











Since Wilks lambda is significant and the canonical correlations are decreasingly ordered, we can say that at least    ρ 1  * ≠ 0  . Next, we test the hypothesis that the remaining pairs of canonical variates are correlated:


   H 0  :  ρ 2  * = … =  ρ 5  * = 0 .  











Since p < 0.05, we conclude that the second canonical variate pair is correlated,    ρ 2  * ≠ 0  .



The last three tests are not significant, since p > 0.05.



As it can be seen in Figure 3, the first canonical variate for labor force is plotted against the first canonical variate for digitalization. The regression line shows a good fit of the model.



Next we have determined the raw and standardized canonical coefficients for the dependent variables in Table 5 and Table 6.



The raw canonical coefficients are interpreted as in the linear regression models, considering the canonical variates as outcome variables. For example, a one-unit augmentation in variable V6 total labor force leads to a 0.997 increase in the first variate of labor force measurement (Table 5). The standardized canonical coefficients are analyzed with respect to scaled variables with mean zero and standard deviation 1. For example, an increase in one standard deviation in variable V6 (total labor force) leads to a 1.02437 standard deviation increase in the first variate of labor force measurement (Table 6).



Using the coefficient values in the first column of Table 5, the first canonical variable for labor force can be written:


   B 1  = 0.99705  V 6  + 0.058  V 7  − 0.07574  V 8  − 0.00276  V 9  + 0.001  V  10    











In the above interpretation, the magnitude of the coefficients gives the contribution of the variables to the canonical variable. The magnitude also depends on the variances of the variables; the data standardization (Table 6) has no impact on the canonical correlation.



Looking at the first canonical variable for labor force (Table 7) we can see it is strongly dominated by V6 total labor force, with a Pearson correlation coefficient 0.99775. The second canonical variable for labor force is strongly negatively dominated by V7 GDP per capita with a Pearson correlation coefficient −0.90355. For the remaining canonical variables for labor force, none of the correlations are sufficiently large, therefore, these canonical variables yield little information about the data. The correlations below are significant when their absolute values are above 0.45.



In Table 8, 29.886% of the variance among a dependent set labor force is explained by the first dependent canonical variate, while 29.75% is explained by the first covariate canonical variate. Similarly, 33.47% of the variance among labor force is explained by the second dependent canonical variate, while 30.04% is explained by the second covariate canonical variable.



Next we have determined the raw and standardized canonical coefficients for the covariates in Table 9 and Table 10.



A one-unit increase in variable V1 (Individuals using the Internet) leads to a 0.2255 augmentation in the first variate of digitalization measurements (Table 9). An increase of one standard deviation in variable V1 (Individuals using the internet) leads to a 0.04153 standard deviation increase in the first variate of digitalization measurements (Table 10). The first canonical variable for digitalization can be written:


   A 1  = 0.22554  V 1  − 0.01884  V 2  + 0.54108  V 8  − 0.00339  V 4  + 1.01252  V 5   











The correlations from Table 11 show the relative contribution of each covariate to each canonical variable.



Looking at the first canonical variable for digitization (Table 11) we can see it is strongly dominated by V5 (Mobile cellular subscriptions) with a Pearson correlation coefficient 0.99632. The second canonical variable for digitization is strongly negatively dominated by V1 (Individuals using the Internet), V2 (Research and development expenditure), V3 (Human Capital Index) and V4 (Secure Internet servers). For the remaining canonical variables for digitization, none of the correlations are sufficiently large, therefore, these canonical variables yield little information about the data. The correlations are significant when their absolute values are above 0.45.



In Table 12, 26.11% of the variance among the covariate set digitalization is explained by the first dependent canonical variate, while 26.23% of the variance is explained by the first covariate canonical variate.



Similarly, 45.37% of the variance among digitalization is explained by the second dependent canonical variate, while 50.55% is explained by the second covariate canonical variate.



In Table 13, one can see the regression analysis results of the effect of the digitalization indicators on each work force indicator. Beta value measures the importance of each covariate.



Based on the calculations above, we reach the following conclusions:




	
The effect of V5 (Mobile cellular subscriptions) is more important than the effect of V3 (Human Capital Index) when predicting V6 (Total labor force).



	
The effect of V1 (Individuals using the Internet) is more important than the effect of V4 (Secure Internet servers) when predicting V7 (GDP per capita).



	
The effect of V3 (Human Capital Index) is more important in absolute value than the effect of V5 (Mobile cellular subscriptions) when predicting V8 (GINI index).



	
The effect of V3 (Human Capital Index) is more important in absolute value than the effect of V5 (Mobile cellular subscriptions) when predicting V9 (Total unemployment).



	
The effect of V4 (Secure Internet servers) is more important in absolute value than the effect of V5 (Mobile cellular subscriptions) when predicting V10 (Net foreign direct investment).









3.3. A New Composite Index Named Digital and Labor Force Index for Measuring the Correlation between Labor Force and Digitalization


Following OECD methodology [40,41] and Georgescu and Kinnunen [36] we will build a composite indicator containing the two datasets, digitalization and work force indicators. The purpose of the composite indicator is to make simpler comparisons of the 19 countries in order to illustrate complex problems such as the impact of digitalization on labor force. First we apply principal component analysis (PCA), according to Jolliffe [42] and retain a number of principal components according to a specific criterion. Kaiser–Meyer–Olkin test has the value 0.703 > 0.5, meaning that PCA is suitable for this dataset. Bartlett’s test of sphericity has the value 0 (less than 0.05) indicating that a factor analysis is suitable.



According to Table 14, to obtain a good representation of the original data, we apply the variance-explained criterion and we retain three principal components which explain 85.245% of the total variance.



Then, we build a compound index denoted by PC whose coefficients are computed as the ratios between the proportion of the variance explained by each component and their total explained variance:


  PC   =     40.202   85.245   P  C 1  +   28.221   85.245   P  C 2  +   16.882   85.245   P  C 3   











The elements of the PC vector are computed as the ratios above multiplied by the loadings corresponding to each variable found in the component matrix (Table 14). For example, the coefficient of PC representing V1 (Individuals using the Internet) is calculated as:


    40.202   85.245   × 0.722 +   28.221   85.245   × ( − 0.571 ) +   16.882   85.245   × 0.116 = 0.174438  











The composite index denoted here by DLFI will have the form:



DLFI = 0.174438 × Individuals using the Internet + 0.404986 × Research and development expenditure + 0.396978 × Human Capital Index + 0.351864 × Secure Internet servers per million people + 0.293551 × Mobile cellular subscriptions + 0.299775 × Total labor force + 0.27658 × GDP per capita + (−0.23196) × GINI index + (−0.4516) × Total unemployment + (−0.21909) × Net foreign direct investments.



The composite index DLFI is built with standardized data. Its values will be rescaled to the interval (0–100) by using the min-max normalization formula [43,44]:


   z i  =    x i  − min ( x )   max ( x ) − min ( x )    








where   x = (  x 1  , … ,  x n  )   and    z i    is the ith normalized data.



In Figure 4, the Bar Chart Composite Index for the 19 countries is presented.



In the group of 19 developed countries, China takes the first place (DLFI = 1), followed by United States (DLFI = 0.99) and Germany (DLFI = 0.91). China’s top position in this ranking is due to its being among the global leaders in some key digital industries. According to [45], some of these key digital industries are e-commerce, where China holds over 40% of global transactions, penetrating into US market by 10%, followed by fintech. China’s consumption relative to mobile payments by individuals amounts to 790 billion USD in 2016 [46], 11 times more than US. A report of the European Investment Bank from 2020 [45] shows that many digital technology companies are located in China or US. In EU, digital adoption rate is smaller than in US; the same report [45] shows that 66% of the manufacturing companies from EU and 78% of the US companies have adopted at least one technology. Germany ranks third because the adoption rate for German robotics, 3D and virtual reality technologies is above EU and US average [46]. For the manufacturing companies, Germany is above EU average in adopting digital technology. In this ranking, South Africa occupies the last position because manufacturing companies lack advanced factory automation and high connectivity. According to Harvard Business Review [47], six countries from different African regions distinguish themselves with respect to how digital technology drives economic development: Egypt, Ethiopia, Kenya, Rwanda, Nigeria and South Africa. South Africa is seen as the regional leader in digital jobs creation, having a favorable environment and regulations that encourage digital business. According to Chakravorti and Chaturvedi (2019) South Africa has 64% internet penetration and internet and mobile speed below the global median [47].



Usually composite indicators are measured with productivity growth, here described by GDP per capita. This composite indicator representation by means of GDP per capita helps assess the positions of countries with respect to labor force and digitalization competitiveness (Figure 5).



As we can see, the high digitalized countries are expected to have high GDP per capita. South Africa is an outlier, having the smallest value of DLFI and a GDP per capita of USD 12,938.40. On the same map, USA and Germany are in a close position due to their similarities pointed out above.




3.4. Limitations and Future Research


The main limitations of our research are as follows:




	
The relatively small number of variables integrated in the analysis. A significant number of digitalization indicators and their larger diversity would lead to a more substantial and consistent research study. At the same time, a larger number of labor force indicators would offer a more complete image of labor market dynamics and would give the opportunity to develop a multidimensional analysis of the labor market.



	
The small number of states included in the research The Composite Index of Digitalization and Labor Force computed for a larger number of states would facilitate the comparisons among them and would be a basis for more representative research.



	
The relatively short period of time we analyzed. This aspect can be extended by means of time- series analysis: moving average, exponential smoothing, autoregressive moving average etc.








These limitations are also due to the lack of complete databases required in our analysis.



In our future research we will include several states and we will significantly increase the number of variables based on which we will determine the composite indexes for each state. In addition, in the future we want to make a comparative analysis between states taking into account the value of indexes for digitization and the labor force established by us through this research. Moreover, we will extend this subject by determining a representative aggregate indicator for digitalization and labor force.





4. Conclusions


Canonical Correlation Analysis was performed on 19 countries for the period 2018–2019 using a set of five indicators for labor force and another set of five indicators for digitalization. Direct links were determined from the second set to the first set. Canonical correlations showed strong links from mobile cellular subscriptions and Human Capital Index to total labor force, GINI index and total unemployment. The CCA test showed that the first two pairs of canonical variates are correlated. The first canonical variable for labor force is strongly dominated by total labor force, while the first canonical variable for digitalization is strongly dominated by individuals using the internet.



In the same line as our research, the research group coordinated by Rastegar [48] applies Canonical Correlation Analysis to study the interactions between the pillars of technological readiness and the labor market efficiency. The technological readiness measures the rapidity with which an economy adopts the latest technology and includes indices such as firm-level technology absorption, foreign direct investments and technology transfers, internet access, broadband internet subscriptions and internet bandwidth. The labor market efficiency refers to the flexibility to shift workers from an activity to another at low cost [48] and to ensure incentives for workers and contains indices among which are flexibility of wage-determination, pay and productivity, redundancy costs, and ratio of women to men in the labor force. Sima at al. [49] conducted an analysis on 111 studies and identified the drivers for human capital development, such as new skills: productivity, digitalization, innovations, internet users, in the context on industrial revolution 4.0. As we demonstrated with our research, these drivers contribute to the development of human capital. Rosin and a research team [50] demonstrated that a high degree of digitalization in new joint ventures contributes to a greater operational efficiency and cost reductions. Through our research we have shown that, in addition, digitalization contributes to increasing labor productivity.



Jandrić and Randelović [51] applied Principal Component Analysis, cluster analysis and latent class cluster analysis to evaluate the skills adaptability of work force in 30 European countries. They classified the countries in terms of adaptability in three clusters: high performing (North and Western Europe), medium performing (Central Europe and Baltic countries), and respectively, low performing (South and South-Eastern Europe). From this perspective, our research has highlighted the fact that digitalization requires a major adaptation of human resources training. As we have shown in our research, digitalization will determine not only the change of the content of some activities, but also the creation of new jobs on the labor market.



The results of our research are interesting and relevant both theoretically and practically. From a theoretical point of view, the creation of a composite index to determine the impact of digitalization on the labor force is a novelty in the field of knowledge. This index can be used by other researchers in their work. From a practical point of view, our work offers a management tool for all those who are involved in the decision-making process, both in government structures and in private organizations. In our paper, we have shown that digitization is necessary and will cover most areas of activity in which human resources work. Based on the results of our research, the necessary decisions can be made both to support the expansion of digitalization, but also to have the human resources with the necessary skills for a massive integration on the labor market in the digital age.



The experience of the first three industrial revolutions has shown that technology has a major impact on the labor market, in some areas leading to the disappearance of jobs, and in others to the emergence of completely new occupations and business opportunities [52,53]. The possible consequences of the digitalization of the economy for the creation and disappearance of jobs differ depending on the time frame considered. In the short term, we are talking about the disappearance of jobs, because robots can take over tasks such as repetitive, dangerous or physically tiring jobs, but also the emergence of new jobs, related to the adoption of new technologies [54,55]. In the medium and long term, we can talk about the modernization of qualifications, but also about a possible polarization of qualifications, which could result in new forms of unskilled work. The balance of job creation and abolition appears positive. Thus, a 10% increase in the degree of digitization would lead to a 1.02% decrease in the unemployment rate. The greatest effect is felt in the emerging economies of East Asia, South Asia and Latin America, which benefit from a total of over 4 million jobs created as a result of the digitalization of these regions. On the other hand, job creation in economies at an advanced stage of development, such as North America and Western Europe, is estimated to be more modest. Our research shows that highly digitalized countries have a better GDP per capita, mainly because their labor force productivity is higher than the others [56]. This correlation is demonstrated by the new composite index. The Index of Digitalization and the Labor Force proposed by us helps researchers and the state governments determine the intensity of such correlation [57]. Our research in 19 countries demonstrates that, based on such determinations, government policies can influence the digitization process and training of the workforce in different domains [58] significantly in order to achieve high labor productivity and an effective integration of the labor force with the labor market.
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Figure 1. Set 1 Digitalization variables (Source: our determination). 
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Figure 2. Set 2: Labor force indicators. (Source: our determination). 
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Figure 3. The regression line on digitalization and labor force (Source: our determination). 
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Figure 4. The Index of Digitalization and Labor Force. (Source: based on our calculation). 
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Figure 5. The representation of the Index of Digitalization and Labor Force and the GDP per capita of the 19 countries (Source: our determination). 
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Table 1. The main research variables.






Table 1. The main research variables.





	Variable
	Variable Label
	Source





	V1
	Individuals using the Internet (% of population)
	World Bank



	V2
	Research and development expenditure (% of GDP)
	World Bank



	V3
	Human Capital Index
	World Bank



	V4
	Secure Internet servers per million people
	World Economic Forum (WEF)



	V5
	Mobile cellular subscriptions
	WEF



	V6
	Total labor force
	World Bank



	V7
	GDP per capita (PPP current international $)
	World Bank



	V8
	GINI index
	WEF



	V9
	Total unemployment (% of total labor force)
	World Bank



	V10
	Net foreign direct investment (thousands)
	World Bank







(Source: Our selection based on the World Bank and World Economic Forum databases).
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Table 2. Multivariate tests of significance (S = 5, M = −1/2, N = 3 1/2).
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	Test Name
	Value
	Approx. F
	Hypoth. DF
	Error DF
	Sig. of F





	Pillais
	2.80259
	3.31650
	25
	65
	0.000



	Hotellings
	234.11658
	69.29851
	25
	37
	0.000



	Wilks
	0.00013
	13.98758
	25
	34.94
	0.000



	Roys
	0.99555
	
	
	
	







(Source: our calculation).
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Table 3. Eigenvalues and canonical correlations.






Table 3. Eigenvalues and canonical correlations.





	Root No.
	Eigenvalue
	Pct.
	Cum. Pct.
	Canon Cor.
	Sq. Cor.





	1
	223.6426
	95.52617
	95.52617
	0.99777
	0.99555



	2
	8.76312
	3.74306
	99.26923
	0.94740
	0.89757



	3
	1.18436
	0.50589
	99.77512
	0.73634
	0.54220



	4
	0.48323
	0.20640
	99.98152
	0.57078
	0.32579



	5
	0.04327
	0.01848
	100
	0.20364
	0.04147







(Source: our calculation).
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Table 4. Dimension reduction analysis.






Table 4. Dimension reduction analysis.





	Roots
	Wilks L.
	F
	Hypoth. DF
	Error DF
	Sig. of F





	1 to 5
	0.00013
	13.98758
	25
	34.94
	0.000



	2 to 5
	0.03030
	4.17312
	16
	31.19
	0.000



	3 to 5
	0.29585
	1.94261
	9
	26.92
	0.088



	4 to 5
	0.64625
	1.46367
	4
	24
	0.244



	5 to 5
	0.95853
	0.56245
	1
	13
	0.467







(Source: our calculation).
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Table 5. Raw canonical coefficients for DEPENDENT variables.
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	Variable
	1
	2
	3
	4
	5





	V6
	0.99705
	−0.43549
	0.20062
	0.00148
	0.85893



	V7
	0.05800
	−0.81598
	−1.03995
	0.98320
	0.76682



	V8
	−0.07574
	4.39837
	−16.86318
	16.03492
	−1.52472



	V9
	−0.00276
	−0.01628
	−0.00337
	−0.13749
	0.18350



	V10
	0.00100
	0.15409
	0.16337
	1.00245
	0.69076







(Source: our calculation).
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Table 6. Standardized canonical coefficients for DEPENDENT variables.
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	Variable
	1
	2
	3
	4
	5





	V6
	1.02437
	−0.44743
	0.20612
	0.00152
	0.08247



	V7
	0.05959
	−0.83834
	−1.06845
	1.01015
	−0.78783



	V8
	−0.00636
	0.36953
	−1.41676
	1.34718
	−0.12880



	V9
	−0.01635
	−0.09636
	−0.01995
	−0.81362
	1.08589



	V10
	0.00102
	0.15831
	0.16337
	1.02982
	0.70969







(Source: our calculation).
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Table 7. Correlations between DEPENDENT and canonical variables.
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	Variable
	1
	2
	3
	4
	5





	V6
	0.99775
	0.06438
	−0.00383
	−0.01616
	0.00856



	V7
	−0.39102
	−0.90355
	−0.10007
	0.14255
	0.01891



	V8
	0.40271
	0.72197
	−0.56043
	−0.04041
	0.02956



	V9
	−0.25395
	0.47197
	−0.35194
	−0.44372
	0.62066



	V10
	−0.34593
	0.32024
	0.55319
	0.53348
	0.43310







(Source: our calculation).
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Table 8. Variance in DEPENDENT explained by canonical variables.
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	CAN. VAR.
	Pct Var DEP
	Cum Pct DEP
	Pct Var COV
	Cum Pct COV





	1
	29.88649
	29.88649
	29.75345
	29.75345



	2
	33.47723
	63.36421
	30.04873
	59.80217



	3
	15.07980
	78.44401
	8.17628
	67.97845



	4
	10.07397
	88.51798
	3.28205
	71.26050



	5
	11.48202
	100
	0.47617
	71.73666







(Source: our calculation).
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Table 9. Raw canonical coefficients for COVARIATES.






Table 9. Raw canonical coefficients for COVARIATES.





	Covariate
	1
	2
	3
	4
	5





	V1
	0.22554
	1.85924
	7.89360
	9.50161
	2.57324



	V2
	−0.01884
	0.02800
	0.49354
	−0.45117
	1.18492



	V3
	0.54108
	−3.14261
	10.60657
	−1.35379
	−9.89297



	V4
	−0.00339
	−0.46073
	−0.80737
	−0.76823
	−0.03193



	V5
	1.01252
	−0.24418
	−0.48460
	0.91086
	−0.02546







(Source: our calculation).
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Table 10. Standardized canonical coefficients for COVARIATES.






Table 10. Standardized canonical coefficients for COVARIATES.





	Covariate
	1
	2
	3
	4
	5





	V1
	0.04153
	−0.34239
	−1.45365
	1.74978
	0.47388



	V2
	−0.02112
	0.03139
	0.55322
	−0.50573
	1.32821



	V3
	0.07562
	−0.43920
	1.48235
	−0.18920
	−1.38262



	V4
	−0.00348
	−0.47336
	−0.82949
	−0.78928
	−0.03281



	V5
	1.04026
	−0.25087
	−0.49787
	0.93582
	−0.02616







(Source: our calculation).
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Table 11. Correlations between COVARIATES and canonical variables.






Table 11. Correlations between COVARIATES and canonical variables.





	Covariate
	1
	2
	3
	4
	5





	V1
	−0.53364
	−0.72082
	0.01491
	0.41235
	0.15935



	V2
	0.02191
	−0.69463
	0.36903
	0.00301
	0.61710



	V3
	−0.18136
	−0.89571
	0.36752
	0.15489
	−0.07582



	V4
	0.02769
	−0.84695
	−0.31625
	−0.42637
	−0.01016



	V5
	0.99632
	0.07696
	−0.02088
	−0.02909
	0.01164







(Source: our calculation).
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Table 12. Variance in COVARIATES explained by canonical variables.






Table 12. Variance in COVARIATES explained by canonical variables.





	CAN. VAR.
	Pct Var DEP
	Cum Pct DEP
	Pct Var COV
	Cum Pct COV





	1
	26.11471
	26.11471
	26.23148
	26.23148



	2
	45.37479
	71.48949
	50.55271
	76.78419



	3
	4.03324
	75.52273
	7.43865
	84.22284



	4
	2.45435
	77.97708
	7.53342
	91.75625



	5
	0.34187
	78.31896
	8.24375
	100







(Source: our calculation).
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Table 13. Regression analysis for WITHIN CELLS error term: individual univariate.






Table 13. Regression analysis for WITHIN CELLS error term: individual univariate.





	
Dependent Variable V6




	
Covariate

	
B

	
Beta

	
Std. Err.

	
t-Value

	
Sig. of t

	
Lower −95%

	
CL-Upper






	
V1

	
0.0516

	
0.0092

	
0.2598

	
−0.1986

	
0.846

	
−0.5096

	
0.6129




	
V2

	
−0.0125

	
−0.0136

	
0.0277

	
−0.4526

	
0.658

	
−0.0724

	
0.0473




	
V3

	
0.3208

	
0.0436

	
0.3037

	
1.0526

	
0.31

	
−0.3352

	
0.977




	
V4

	
−0.0227

	
−0.0227

	
0.0245

	
−0.9267

	
0.371

	
−0.0758

	
0.0303




	
V5

	
1.0130

	
1.013

	
0.0298

	
33.9212

	
0

	
0.9485

	
1.0775




	
Dependent Variable V7




	
Covariate

	
B

	
Beta

	
Std. Err.

	
t-Value

	
Sig. of t

	
Lower −95%

	
CL-Upper




	
V1

	
2.9468

	
0.5282

	
1.1661

	
2.5269

	
0.025

	
0.4275

	
5.4662




	
V2

	
−0.0874

	
−0.0954

	
0.1244

	
−0.703

	
0.494

	
−0.3562

	
0.1813




	
V3

	
1.5914

	
0.2165

	
1.3622

	
1.1675

	
0.264

	
−1.3534

	
4.5368




	
V4

	
0.4033

	
0.4033

	
0.1102

	
3.6572

	
0.003

	
0.165

	
0.6416




	
V5

	
−0.0783

	
−0.0783

	
0.1340

	
−0.5846

	
0.569

	
−0.3679

	
0.2112




	
Dependent Variable V8




	
Covariate

	
B

	
Beta

	
Std. Err.

	
t-Value

	
Sig. of t

	
Lower −95%

	
CL-Upper




	
V1

	
0.1573

	
0.3449

	
0.1328

	
1.184

	
0.258

	
−0.1297

	
0.4443




	
V2

	
−0.0146

	
−0.1956

	
0.0141

	
−1.0344

	
0.320

	
−0.0452

	
0.0159




	
V3

	
−0.5324

	
−0.8857

	
0.1553

	
−3.4277

	
0.004

	
−0.868

	
−0.1968




	
V4

	
0.0028

	
0.0351

	
0.0125

	
0.2286

	
0.823

	
−0.0242

	
0.03




	
V5

	
0.0351

	
0.4301

	
0.0125

	
2.3028

	
0.038

	
0.0021

	
0.068




	
Dependent Variable V9




	
Covariate

	
B

	
Beta

	
Std. Err.

	
t-Value

	
Sig. of t

	
Lower −95%

	
CL-Upper




	
V1

	
−5.5427

	
−0.1724

	
15.9782

	
−0.3468

	
0.734

	
−40.0616

	
29.9761




	
V2

	
0.9090

	
0.1721

	
1.7047

	
0.5332

	
0.603

	
−2.7739

	
4.592




	
V3

	
−30.8878

	
−0.7294

	
18.6788

	
−1.6536

	
0.112

	
−71.241

	
9.4652




	
V4

	
1.1331

	
0.1967

	
1.511

	
0.7498

	
0.467

	
−2.1314

	
4.3976




	
V5

	
−2.8150

	
−0.4887

	
1.8366

	
−1.5327

	
0.149

	
−6.7288

	
1.1527




	
Dependent Variable V10




	
Covariate

	
B

	
Beta

	
Std. Err.

	
t-Value

	
Sig. of t

	
Lower −95%

	
CL-Upper




	
V1

	
−0.7516

	
−0.1357

	
2.6281

	
−0.288

	
0.778

	
−6.435

	
4.9207




	
V2

	
0.1881

	
0.2053

	
0.2804

	
0.671

	
0.514

	
−0.4176

	
0.7939




	
V3

	
1.9477

	
0.2649

	
3.0724

	
0.6339

	
0.537

	
−4.6897

	
8.5853




	
V4

	
−0.7235

	
−0.7235

	
0.2485

	
−2.9109

	
0.012

	
−1.2605

	
−0.1865




	
V5

	
−0.3547

	
−0.3547

	
0.3021

	
−1.1741

	
0.261

	
−1.0073

	
0.2979








(Source: our calculation).
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Table 14. Rotated Component Matrix and Total Variance Explained.






Table 14. Rotated Component Matrix and Total Variance Explained.





	
Rotated Component Matrix

	
Total Variance Explained




	

	
Component

	
Component

	
Rotation Sums of Squared Loadings




	
1

	
2

	
3

	
Total

	
% of Variance

	
Cumulative %






	
V1

	
0.722

	
−0.571

	
0.116

	
1

	
4.020

	
40.201

	
40.201




	
V2

	
0.789

	
0.015

	
0.141

	
2

	
2.822

	
28.221

	
68.422




	
V3

	
0.907

	
−0.206

	
0.189

	
3

	
1.682

	
16.822

	
85.245




	
V4

	
0.468

	
−0.083

	
0.801

	




	
V5

	
−0.109

	
0.969

	
0.122




	
V6

	
−0.093

	
0.968

	
0.117




	
V7

	
0.740

	
−0.458

	
0.400




	
V8

	
−0.856

	
0.368

	
0.052




	
V9

	
−0.724

	
−0.386

	
0.089




	
V10

	
0.099

	
−0.277

	
−0.879








(Source: our calculation).
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