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Abstract— Adoption of high tech robot systems help economies and companies to be more competitive. We have analyzed the evolution of 71 countries, calculating the robot density (robots for each 10,000 people of active population). We have used a clustering algorithm using the dissimilarity measure which takes into consideration both the proximity of the values and the behavior of the series (temporal correlation). Our preliminary findings show that there exist four different clusters, based on their robot densification evolution over the years. These clusters, composed of countries with a similar evolution over time, have also similar competitiveness levels.
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INTRODUCTION
G
ROWING  consumer markets and global competition require continuous expansion and modernization of production capacities. Adoption of high tech robot systems help companies to increase production output, maintain high quality standards, improve productivity and upgrade the quality of work by taking over unsafe, tedious and dirty jobs. Literature points that growth in robot adoption may impact in decline of jobs and wages; it also suggests that higher level of education will help on the transition to adapt and switch to new occupational categories.
Our main contribution is to study industrial robots empirically, using new data from the International Federation of Robotics (IFR), the World Bank (WB), the International Labour Organization (ILO) and the World Economic Forum (WEF, Global Competitive Index (GCI)). In order to determine adoption paths, we have employed a time-series clustering algorithm with an adaptive dissimilarity index, covering both dissimilarity on raw values and on temporal correlation behaviors Chouakria-Douzal and Nagabhushan index [1].
Our preliminary findings show that there exist four different clusters, based on their robot densification evolution over the years. These clusters, composed of countries with a similar evolution over time, have also similar competitiveness levels, although we acknowledge that, in this moment, is not possible to propose a causal relationship. Based on these considerations, we discuss implications for public policy and for businesses.


GLOBAL COMPETITIVENESS AND ROBOTS
The Global Competitiveness Index (GCI) has identified, monitored and benchmarked the factors driving long-term growth and prosperity to the different economies all around the world for over forty years. The GCI measures the performance of close to 140 countries on 12 pillars of competitiveness, “helping policymakers identify challenges to be addressed and strengths to build on when designing the economic growth strategies for their countries” [2]. In the 2017 report, the GCI has pointed to the three main challenges for economic progress, public-private collaboration, and policy action: a) financial uncertainties as a threat to finance innovation and technological adoption; b) although reduced, there is still an innovation gap between developed and emerging economies; c) labor market flexibility and worker protection are needed [2]. Improving the competitiveness requires the coordinated action of the state, the business community, and civil society.
Long term economic progress and social welfare rely, in great extent, in technological progress. The implementation of new technologies as automation and robots has helped economies to grow and become more competitive, but it has always had an impact on employment. For decades, authors have conjectured that technology will bring higher unemployment rates, as robots will replace humans: Keynes [3] named it as “technological unemployment”; Leontief [4] stated that “labor will become less and less important… more and more workers will be replaced by machines”. 
Based on ISO 8373 standard, the IFR defines an industrial robot as “an automatically controlled, reprogrammable, multipurpose manipulator programmable in three or more axes, which may be either fixed in place or mobile for use in industrial automation applications” [5]. The terms used in the definition are essential for a machine to be considered an industrial robot. So, industrial robots are fully autonomous machines, and typical applications could be handling materials, welding, painting, assembling, processing, dispensing, packaging, etc. Robots will replace workers in these and other applications because they are faster, more efficient, more reliable, and they can also operate under harsh, unhealthy and dangerous conditions. What's more, during the last years robot prices have declined significantly, creating additional economic incentives for employers to replace labor for robots across industries and countries, although distribution of robot density is uneven [6] [7].
In this paper, we define robot density as the stock of robots per 10,000 people of active population[footnoteRef:2] (which accounts for active workers and those who are unemployed). Recent studies conclude that the increase of robot adoption, measured as robot density, during the next 10-15 years will reduce employment rates as well as wages, while there is an increase of labor and/or total productivity [8] [9] [6] [7] [10]. Nevertheless, it will not affect in the same manner to all the jobs; it will depend on personal characteristics (as gender, age and educational levels), labor characteristics (as contract type, seniority, skilled level, etc.) and company characteristics (size and sector). Some jobs might be lost, but other occupations will be changed and new ones that do not exist today will be created [6] [11] [12]. [2:  Other studies define the robot density as the stock of robots per 10,000 employees.] 

Due to the important changes that comes our way, the automation of processes and the incorporation of robots in all areas, we must highlight two things. The first is the need to train less qualified workers (and who have or will probably been replaced) so that they can develop new tasks. And the second, the importance to incorporate, in the primary education, contents on robotics to stimulate the "vocations" of the youngest towards more technical studies linked with the new positions demanded in the future. Training and education will be essential to enhance the labor market, and models and business approaches will be needed to achieve skill building, mainly during transition times, when all these policies should be strengthened [11].


MATERIAL AND METHODS
[bookmark: _Hlk528143505]We have used data from the International Federation of Robotics [5] about operational stock of robots in 71 countries[footnoteRef:3] during the period 1993-2016. After a review and cleaning of data, the robot density has been calculated, year on year, using information about active population from the World Bank and the International Labour Organization. Then, using the R package TSclust[footnoteRef:4], we have employed a time-series clustering algorithm with an adaptive dissimilarity index [1] to identify [3:  In the case of United States, information until 2010 includes also the data of Canada and Mexico. This implies a bias in that country, which is nevertheless small (we estimate it to be less than 2%). That’s the reason why, in the dendrogram (Annex 1), United States has been named as “North America”.]  [4:  For details about this package we recommend [13].] 

FIGURE 1. DENDROGRAM
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similar robotization trajectories. The result has been interpreted in terms of evolution patterns, and compared with an indicator about countries competitiveness, the GCI 2017 of the World Economic Forum.


RESULTS, DISCUSSION AND CONCLUSION
The time-series clustering algorithm (see dendrogram, Figure 1) allows us to identify four different clusters based on similar evolution over the studied period. This is a work-in-progress result that we need to refine, but, in our opinion, provide some relevant preliminary conclusions. 
First of all, we should consider Japan as an outlier. Its behavior is unique, and quite different from other countries. Then, four clusters have been identified. We call cluster 1 to the countries that started late with robotization and have grown little or have erratic behavior. In general, it corresponds to less competitive countries according to GCI. Clusters 2, 3 and 4 refer to the countries that, in general, occupy prominent positions within the GCI. 21 countries of these clusters are in the Top 30 of the GCI, and only 10 occupy lower positions. Clusters 2, 3 and 4 therefore correspond to highly competitive countries. Regarding the particular features of cluster 4 (Germany, Korea and Singapore), we have observed a sustained growth, that in the case of Singapore and Korea, includes a growth acceleration from 2009-2010 onwards. Cluster 3 (Sweden, Italy, France, Spain, Finland and Belgium) includes countries whose growth is less strong than C4, plus relative stagnation from 2007 (relatively flat series since then). Finally, cluster 2 (Norway, United Kingdom, Australia, North America (United States), Switzerland, Austria, China, Holland, Poland, among others), has values that are generally lower than those of C3, but we observe an acceleration in recent years, in contrast to C3.
As a conclusion, we can call Cluster 4 to the country leaders, Cluster 3 to the countries that were doing well but have been stagnant and Cluster 2 to the ones which are accelerating their robotization.
From a first analysis we do not see a clear relationship between robotization and unemployment increase (this will have to be verified in a further study).
Our study allows us to identify different clusters, as explained in previous section. A detailed analysis of the clusters with multiple macro variables will be developed in further research.
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