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Abstract

This study evaluates job vulnerability to the advent of new technologies. Using the Frey and Osborne (2013) method, the 

estimate is that 63% of all jobs and 64.5% of manufacturing jobs in Mexico are at risk of being automated, making the 

least skilled workers the most vulnerable. Only the technical feasibility of automation was taken into account in this 

estimate; estimating the number of jobs that would truly be displaced would require analyzing economic, political, and 

social factors. Historically, the main consequence of automation has consisted of major changes to the job structure and 

widespread unemployment. Market mechanisms and public policy have been able to offset the impact of technology 

shocks, so that even as technological change displaces workers, it also creates new jobs by furnishing investment 

opportunities. 
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1. INTRODUCTION

Fear of technological dependence has been around for several centuries, and it has been documented to get worse in 

times of radical technological change (Mokyr et al., 2015). Analysis of the effects of technological change on employment 

dates back to the classic economists, and although a widely known and amply studied topic,2 continues to be 

controversial in light of the heterogeneity of the conclusions drawn in the diverse theoretical schools of thought and 

empirical evidence.

In broad strokes, theorists agree that technology tends to replace human labor, and that there are mechanisms that can 

offset or mitigate the adverse fallout of technological change on the employment level, even though they differ 

significantly in terms of the ability and speed of these offsetting mechanisms to restore full employment in the labor 

market. On the one hand, some hold that technology-related unemployment is fleeting, as the labor market balance will 

be "automatically" restored to full employment; on the other, some assert that due to the rigidities of the prices of factors, 

limits on the feasibility of the substitution of factors, the industrial structure, and the behavior of demand, the return to full 

employment in the labor market can require very long time periods and in the worst-case scenario, can even become 

structural unemployment (Standing, 1984).

Proponents of the “automatic” offsetting stance highlight the neoclassical school, which, following the Jean-Baptiste Say 

vision, says the following: 

...Say's law of markets excludes technological unemployment. If machines displace labor an alternative opens up: either 

workers will be absorbed, because as unit prices fall, so do prices, and demand for the product rises, thereby driving up the 

demand for labor, or the displaced workers will accept lower wages, bringing with it the substitution of capital for labor in 

other sectors and a trend toward production in the capital-product ratio that will be lower (Standing, 1984, p. 160). 

In neoclassical theory, production growth is endogenous and depends—in the long term—on the rise in productivity and 

the expansion of the economically active population. In that context, technical change entails an increase in income due 

to the rise in productivity and the quality of the goods, given a certain level of the workforce (driven by demographic 

conditions). Here, a portion of the income increase, derived from technical change, is distribution across the economic 

agents (workers and capitalists) at the innovative companies; another portion is transferred to the rest of society via lower 

prices, which increase real wages and, therefore, the demand for goods and services. In other words, greater productivity 

generates income and, therefore, an equivalent increase in demand, although note necessarily for the goods made by the 

innovative companies.

Pursuant to the predominant school, technical change activates market mechanisms that make it possible to efficiently 

reassign labor to companies that are increasing their production, offsetting job cuts at other companies. To guarantee that 

these offsetting mechanisms are effective, the neoclassicals stance holds that the following is required: 1) absolute 

flexibility in the labor and capital market; 2) that the workforce be homogeneous; and 3) that there are no barriers to the 

mobility of productive factors, so their transfer from one sector to another is immediate.

The speed and ability of these offsetting mechanisms to “automatically” restore full employment in the labor market have 

been seriously challenged throughout history. Specifically, Ricardo (1959, p. 294) asserted that “the demand for labor will 

continue to rise as capital increases, but not in proportion to that increase; the ratio shall, necessarily, be decreasing.” In 

the same sense, Marx (2010, p. 368) maintained that “the increase in the labor required to produce the instruments of 

labor themselves, the machinery, coal, etc., must be less than the reduction in labor achieved by the employment of 

machinery.” Moreover, the speed at which technology replaces human labor is greater than the capacity of the economy 

to create new jobs for the displaced workers. In the words of Keynes (1986, p. 330), technological unemployment will 

arise "...due to our discovery of means of economizing the use of labor outrunning the pace at which we can find new 

uses for labor.” Finally, there are factors that can put the brakes on compensation mechanisms. For example, a low value 

for the marginal efficiency of capital can undermine the effect of the effective demand on creating new jobs (Keynes, 

2003) and, given that innovation is an ongoing process, a delay in the offsetting can lead to permanent structural 

unemployment (Piva and Vivarelli, 2017).
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In spite of the adverse impacts of technological change on the level of employment and the labor structure, economists 

agree that its net socioeconomic effects are positive, so governments should not try to interfere. In this regard, Ricardo 

(1959, p. 295) wrote: 

The State should never discourage the use of machinery, because if capital is not permitted to obtain higher net income 

than the use of machinery will yield within the country, it will be carried abroad, and with that, it will for labor be even more 

disheartening than the maximum and widespread use of machinery; in effect, as long as the capital is employed within the 

kingdom, it will create a certain demand for labor; the machinery cannot operate without the assistance of man, nor can it be 

manufactured without the contribution of his labor. 

Finally, critics of this “automatic” offsetting note that although during transition periods the offsetting mechanisms do 

struggle indeed to restore full employment to the labor market, in the long term, they acknowledge that it is likely that they 

will counteract unemployment, because with technological change "entirely new branches of production, creating new 

fields of labor, are also formed, as the direct result either of machinery or of the general industrial changes brought about 

by it” (Marx, 2010, p. 370), which drives up the demand for labor, and eventually offsets the negative impact of 

technological change on employment. In the same sense, Schumpeter (1983, p. 120), claimed that “the fundamental 

drive that starts up the capitalist machine and keeps it running comes from the new consumer goods, the new production 

and transport methods, the new markets, the new forms of industrial organization, which capitalist entrepreneurship 

creates." To Schumpeter (1983), technical progress is an essential cornerstone of creative destruction and 

innovation—which entail the construction of new plants or the refurbishment of old ones—and which are creators of 

benefits and investment opportunities, which, when taken advantage of by dynamic companies, lead to the creation of 

new jobs.

Although the empirical evidence on the impact of technological change on the employment level is abundant, studies 

differ from one another significantly in the following, among other factors: period of study, countries analyzed, level of 

analysis (macroeconomic, regional, sectoral, or microeconomic), and the diversity of variables and indicators used to 

measure technological change.

At the macroeconomic level, much of the empirical evidence suggests that in the long term, there is a negative correlation 

between productivity growth3 and the unemployment rate (Muscatelli and Tirelli, 2001; Benigno et al., 2015; Gallegati et 

al., 2014). Although the negative correlation between productivity and unemployment seems to be the rule, it has been 

documented that in certain time periods in certain regions of Western Europe, productivity gains have happened at the 

expense of jobs (Enflo, 2010). Gallegati et al. (2014) furnished empirical evidence suggesting that in the short and 

medium term, productivity gains spur unemployment.

Up until now, in the long term and very imperfectly, these offsetting mechanisms have managed to counteract the effects 

of technological change on the employment level, because neither technology in general nor computers in particular lead 

to permanent widespread unemployment (Frey and Osborne, 2013). Nevertheless, during transition periods (short and 

medium term), economies bear high unemployment rates due to, among other factors, the employment structure of the 

labor market, which changes faster than workers are able to change their skills (Levy and Murnane, 2004).

Among the major historical changes in the labor structure, changes due to economic activity sector and skill level stand 

out. At the sector level, employees have been displaced from agriculture and craftsmanship to manufacturing and office 

jobs, and subsequently, to service and management positions (Frey and Osborne, 2013). When it comes to skill level, 

there have been several patterns over time: 1) in the nineteenth century, technological change boosted the demand for 

unskilled labor (Levy and Murnane, 2004); 2) throughout much of the twentieth century, technology complemented skilled 

labor (Acemoglu, 2002); and 3) in recent decades, technology applications have been replacing medium-skilled labor 

(Autor, Levy, and Murnane, 2003; Levy and Murnane, 2004; Goos and Manning, 2007). 

2. RECENT TECHNOLOGICAL BREAKTHROUGHS

Recent advances in artificial intelligence, machine learning, and robotics, alongside the constant decline in the costs of 

automation, derived from falling computer prices (which dropped 64% a year between 1980 and 2006, according to 

Nordhaus (2007)), and industrial robots (which dropped 10% annually, according to the International Robots Federation 

(2012, cited in MGI, 2013)), have created strong economic incentives for employers to replace human labor with 

computerized number control equipment (Frey and Osborne, 2013). The possibility that we are witnessing a radical 

technological change (once again) set off the alarm bells for technological unemployment, so in recent years, studies 

have multiplied as to the potential effects of automation on employment (Brynjolfsson and McAfee, 2011; MGI, 2017; Frey 

and Osborne, 2013; Chui et al., 2016; Jäger et al., 2016).

This burgeoning concern is in large part because until a little more than a decade ago, it was that that technology could 

only replace human labor in routine tasks (manual and cognitive) but not (yet) replace it in non-routine tasks (Autor, Levy, 

and Murnane, 2003; Goos and Manning, 2007). Even so, rapid technological change, as well as the fragmentation of 

productive processes, has been on the upswing with respect to the ability of technology to automate tasks, blurring the 

line between what can and cannot be automated. For example, Frey and Osborne (2013) signaled that in 2003, driving a 

car or reading a manuscript were considered non-routine tasks, but ten years later, they no longer were. Likewise, 

technology is moving forward in giant steps in automating non-routine cognitive tasks, like diagnosing cancer, which is 

now starting to be done by a computational algorithm developed by IBM (2017).

It is likely that as has happened in the past, in the long term, those offsetting mechanisms will manage to restore the 

employment level in the labor market. According to Levy and Murnane (2004), the main consequence of automation does 

not seem to be widespread unemployment, but rather a significant change in the employment structure. This is because 

although the impact of technological change on the employment level tends to be mitigated as time goes on, its effect on 

the labor structure is persistent, as even when employment opportunities continue to grow, they grow faster in skilled 

jobs, where computers complement human labor. 

In recent years, two methods have been proposed to try to quantify the potential impact of technological progress on 

employment. The first, proposed by Frey and Osborne (2013) makes it possible to quantify the impact of technology by 

occupation, and to estimate the proportion of employment that could potentially be replaced by capital and new 

knowledge. This method exclusively looks at technical capabilities (technical feasibility, as of 2013). In other words, the 

technical capacity for automation already existed in those jobs.



Even so, it is important to clarify that this method does not pretend to estimate how many jobs will really be automated, 

which is to say, it does not estimate the real risk, because there are other economic, political, social, legal, etc. factors 

that limit the implementation of technological innovations, even when they are technically feasible. Nor is it possible to 

predict how quickly the automation will come about.

With this method, the authors estimate that approximately 47% of all jobs in the United States are at high risk of being 

automated. Following this method, a team from the World Bank (2016) studied the share of jobs susceptible to 

automation in over 40 developing economies; Bowles (2014) did the same for 28 European countries.

The McKinsey Global Institute (MGI) (2017) proposed a method breaking down occupations into activities. These authors 

believe it can be used to estimate the potential impact of automation on over two thousand activities. Comparing the 

estimates made by the two methods, it emerges that in several countries, like the United States, Sweden, and Czech 

Republic, the results are very similar. Nevertheless, in the vast majority of countries, the impact estimated with the Frey 

and Osborne methodology is higher, with the gap particularly wide in developing economies (MGI, cited in Chui et al., 

2017; Bowles, 2014; BM, 2016).

In the case of Mexico, using the MGI method, Chui et al. (2016) estimated that 52% of total jobs and 64% of all 

manufacturing jobs are at risk of being automated. However, it is unclear how many of these jobs are at risk of being 

automated by industry and what the skill level is of the workers whose jobs are in jeopardy in the manufacturing sector, as 

well as which occupations are most vulnerable and which local factors might accelerate or slow down the adoption of 

automated solutions in Mexican manufacturing.

With the likelihood of automation by occupation calculated by Frey and Osborne (2013), we estimated the potential 

impact of technological change on employment in the manufacturing industries; identified the jobs most vulnerable to 

technology breakthroughs; and developed a skill level vs. automation risk matrix. Finally, we analyzed the main factors 

that can influence the speed at which the Mexican manufacturing industry adopts automated processes.

Although the estimate of the impact of technology on employment level by activity could be more precise, the Frey and 

Osborne method was chosen thanks to the availability of estimates of the likelihood/risk of automation in 702 jobs, 

because up until now these occupations were the greatest level of disaggregation available in statistical information on 

employment in Mexico. 

3. DATA AND METHODOLOGY 

The statistical information used in this study was fundamentally taken from the Frey and Osborne (2013) paper and the 

National Occupation and Employment Survey (ENOE) from third quarter 2016 (INEGI, 2016). In the appendix to their 

study, Frey and Osborne published a table listing 72 occupations, and the likelihood they would be computerized,4 even 

though the jobs are listed based on the Standard Occupational Classification (SOC), while Mexico’s employment statistics 

use the National Occupations Classification System (SINCO). In order to assign an automation probability to the 

occupations in Mexico, it was necessary to find matches between the two classification systems. As such, we used the 

SOC-SINCO comparison table provided by the National Statistics and Geography Institute (INEGI, 2012). Because this 

table uses the SOC system disaggregated to five digits and Frey and Osborne (2013) go to six, employment statistics 

from the United States (BLS, 2016) were used to weigh the sum of the probabilities.

To validate that the sum of the likelihoods would not significantly modify the results, the Frey and Osborne (2013) 

exercise was replicated with data from 2016 with the occupations disaggregated to 6 and 5 digits. It was found that with 

the information at 6 (5) digits, 51% (52%) of total employment was at high risk of being automated, 20% (19%) was at 

medium risk, and 29% (29%) was at low risk.

Because the two classification systems do not match up perfectly, to estimate the likelihood for the occupations that do 

not have a one-to-one match, the following methods were used: 1) a weighted probability was estimated using the United 

States employment statistics (assuming that the Mexican labor structure is similar to the American) and 2) the probability 

was estimated based on a simple mean (see Appendix 1). Comparing the estimates made with the two methods, a 

difference was found of approximately 3% in the share of jobs at a high risk of being automated in the total economy, and 

at least 1% in the manufacturing industry. For this paper, the difference between the values estimated with the two 

models did not prove to be significant in the case of the manufacturing sector (64.5 with the weighted probability and 65.3 

with the simple probability), so the following sections of this paper report only the estimates made using the former 

method.5

According to the ENOE,6 the total employed population in Mexico as of the third quarter 2016 was approximately 52 

million, with 8.5 million in the manufacturing industry. To perform the estimates for the total economy, we only considered 

47.9 million people, and 7.4 million for the manufacturing industry, because 1) for some occupations, Frey and Osborne 

(2013) did not estimate the likelihood of automation and 2) the equivalence between the American and Mexican 

occupation classification system is not exact, so there are some jobs that simply do not match up.

Following the Frey and Osborne (2013) proposal,7 occupations were grouped by the level of risk that they would be 

automated: 1) high, for occupations with an automation likelihood higher than 0.7, 2) medium, for occupations with an 

automation likelihood between 0.3 and 0.7, and 3) low, for occupations with a likelihood less than or equal to 0.3. 

4. RESULTS

According to our own estimates, 63% of total employment is at high risk of being automated (see Table 1), which 

according to Frey and Osborne (2013) means that with existing technology (as of 2013), there is a high likelihood (greater 

than 0.7) that the tasks involved in occupations at a high risk of automation can be done by computer-controlled 

equipment. The proportion of Mexican jobs at a high risk of being automated is higher than it is in the United States 

(47%), the European Union (54%), and the average of the Organization for Economic Cooperation and Development 

(OECD) countries (57%), but below that of Asian countries like China (77%) and India (69%) (BM, 2016; Bowles, 2014). 



On another note, estimates for the manufacturing industry suggest that approximately 64.5% of Mexican manufacturing 

jobs are at a high risk of being automated (see Table 2). 



Analyzing the potential impact of technology by industry, we found that there are three industries (timber, furnishings, and 

apparel) in which over 85% of jobs are highly likely to be automated. The timber and furniture manufacturing industries 

together represent just 5.8% of manufacturing employment, so the impact of automation there would be moderate. By 

contrast, advances in automation in other industries, like the food, transport equipment, apparel, and metal product 

manufacturing industries, would indeed entail a serious threat to employment, as together they account for over 50% of 

manufacturing jobs. Meanwhile, the greater adoption of automated processes in the transport equipment and electronics 

industries, in both Mexico and abroad, represents a major risk to Mexican manufacturing, as together, these two 

industries concentrate 17.8% of employment and over 60% of manufacturing exports.

Estimating the potential impact of technology on occupations in the manufacturing industry, it emerged that 117 of the 

255 occupations comprising this industry are facing a high risk of automation. However, what is alarming is that 15 of the 

117 account for over 70% of the jobs at risk of being automated.

The high concentration of workers in just a few jobs makes Mexican manufacturing employment particularly vulnerable to 

the march of automation (see Table 3). 

5. MITIGATION AND ADAPTATION MECHANISMS 

Although the estimated potential impact of technological change on manufacturing employment is alarming, it emerged 

that market mechanisms, governmental policies, the speed and reach of technological change, and economic and social 

factors can all contribute significantly to mitigating technological unemployment, and help aid adaptation to the new 

employment structure. 

Market Mechanisms and Investment Opportunities

Throughout history, during transition periods (short and medium term), economies have dealt with technology shocks via 

high unemployment rates. However, in the long term, market mechanisms have managed to restore the employment level 

in the labor market. As previously noted, technical progress not only destroys jobs but also creates opportunities for 

benefits and, therefore, investment. Moreover, technological progress renders capital goods, intermediate inputs, 

services, and workforce skills obsolete, opening up opportunities for new investments and new locations for that 

investment.8 If investments are taken by companies, new jobs will be created not only in the innovative sector but also in 

other sectors supplying them (goods and intermediate services), as well as complementary goods and services, and 

traditional sectors, thanks to rising income.



In recent decades, new products and services have arisen that have driven up output and labor productivity, generating 

new sources of jobs. Some examples of that include semiconductors, computing equipment, cell phones, ATMs, drones, 

industrial and service robots, cloud storage services, big data, social media, etc. According to the MGI (2017, p. 101), 

"one third of new jobs created in the United States in the past 25 years did not exist, or barely existed, just 24 years ago." 

Furthermore, several traditional industries are being reinvented, with a major impact expected on productivity, energy 

efficiency, quality, and employment. 

Government Policies

Starting in the nineteen-thirties, the role of the state in creating jobs became vital, either via intervention in the so-called 

“traditional” areas, like education, healthcare, social security, and macroeconomic stability, or via industrial policy, 

wielding instruments like subsidies, trade protectionism, coordinated complementary and competing investments, policies 

to guarantee economies of scale, regulations on importing technology and foreign direct investment, venture capital and 

incubating for high-tech firms, export promotion, and foreign currency allocations (Chang, 2009) to foster the emergence 

and development of new and/or strategic industries. According to Shafaeddin (1998), with the exception of Hong Kong, 

no other country has developed its industry without governmental intervention, specifically, without policies designed to 

protect nascent industries. 

Speed and Scope of Technological Change 

The speed at which technological change appears is a key factor to determining its impact on the employment level. Fast 

and profound technological change challenges the economy’s ability to create new jobs for displaced workers, and the 

ability of workers to change their skills and adapt to the new labor structure. There are two opposing visions of the speed 

at which new technologies are being introduced nowadays: the first holds that the technological change of the present, 

compared to that of the past, is less profound and slower moving (Gordon, 2012), leading to low productivity, low growth 

in the product, and low employment growth. Hansen (1939) characterized this situation as "secular stagnation." The 

second maintains that the transformations derived from the incorporation of current digital technologies are profound, far-

reaching, and fast-moving. As such, recent decades gave rise to very rapid productivity growth, ending millions of jobs, 

which suggests that we could be facing radical technological change whose adverse impacts are barely becoming 

apparent, as noted by Brynjolfsson and McAfee (2011). 

Economic and Social Factors 

Among the factors that affect the speed at which a new technology is adopted, once its technical feasibility has been 

proven, are the following: labor market conditions, the economic benefits derived from its adoption, and the industrial 

structure (MGI, 2017; BM, 2016).

Labor market conditions. The relative cost of human labor versus automated solutions affects the speed and degree to 

which new technology applications are adopted. In countries where labor is abundant and wages are low, it is likely that 

the high competitiveness of labor-intensive processes will delay the adoption of automation. By contrast, in countries with 

high wages, where the percentage of the population in working age is waning, the labor market conditions oblige them to 

pioneer the development and implementation of new technology applications (BM, 2016; MGI, 2017).

Having abundant labor and low wages is what has allowed Mexico to compete with production processes intensive in 

unskilled labor, which could potentially hold back the speed at which automated processes are adopted. Nevertheless, as 

will be seen later on, the economic benefits of automation are not limited to merely reducing labor costs, so in spite of low 

wages, the country may have industries (like the automotive industry) in which automation has made significant inroads.

It is also important to bear in mind that there is empirical evidence (Graetz and Michaels, 2015) suggesting that the 

negative impact of automated processes on employment (read, industrial robots) in the manufacturing industries is 

particularly adverse for less-skilled workers, and less so for medium-skilled employees. The high share of low-skill 

workers in total employment (58%) means that the Mexican manufacturing industry is extremely sensitive to the march of 

automation. According to our own estimates, 70% of low-skilled jobs (and 66% of medium-skilled jobs) are at a high risk 

of being automated; 28% (29%) are facing a medium risk, and only 2% (5%) have a low risk (see Table 4). 



Finally, implementing automated processes on a regular basis requires having specialized and highly-skilled technical 

personnel. But, in recent years, Mexican companies have signaled that they are seriously struggling to find skilled staff, 

which has led to a lot of open vacancies (Hays, 2013, cited in Forbes, 2014). Some of the top vacancies that employers 

have had difficulties to cover include: engineers, technicians, managers, and information technology staff 

(Manpowergroup, 2015). Failing to find enough people to fill these jobs restricts the country's capacity to adopt new 

technologies, putting it at a disadvantage with respect to its competitors.

The economic benefits of automation. Beyond reducing labor costs, automation generates economies of scale, so it 

boosts production, productivity, and gains for companies, reduces errors and increases the quality of products, diminishes 

technical shutdowns, and improves occupational safety. Thanks to all of that, analyzing the economic feasibility of 

adopting automated processes requires taking a look at all of its potential economic benefits and not limiting the scope to 

merely the effect on labor costs (MGI, 2017).

The Heckscher-Ohlin model states that if a country has a relative abundance of one factor, it can be more competitive in 

producing the goods that require a greater amount of that factor, so it is expected to specialize in producing and exporting 

that type of good. Pursuant to this model, with abundant labor and low wages, Mexico ought to specialize in labor-

intensive goods and processes. Nevertheless, enormous gains in competitiveness, efficiency, and quality thanks to the 

automation of certain exhausting and repetitive tasks, especially in the automotive industry, have driven automation and 

digitization in the country in recent years, making it in 2016 ranked fourth on the list of users of industrial robots worldwide 

(Guthrie, 2017; El Financiero, 2017).

The industrial structure. Even as the degree of automation is vastly heterogeneous across industries, once the technical 

feasibility is overcome, it is very likely that automated processes will be incorporated even more rapidly in industries with 

highly concentrated markets. According to Jäger et al. (2016), this is because the largest companies have the most 

experience in introducing advanced production technologies and have larger economies of scale to make efficient use of 

industrial robot systems. Moreover, these companies have access to the large amounts of capital required to develop and 

implement new technology applications.

The high degree of Mexican manufacturing concentration could favor the rapid advance of automation. In 2013, 92% of 

manufacturing production was done by medium and large companies (see Table 5). Analyzing production by industry, the 

outlook does not change, as in 15 of the 21 manufacturing industries, medium-sized and large companies accounted for 

over 75% of production (see Table 5). 



The rapid march of automation, with a paucity of policies to mitigate its adverse effects, could be painful for the Mexican 

labor market, as over 50% of manufacturing jobs are found in just four highly concentrated industries (food, transportation 

equipment, metal products, and plastics and rubber), which—except in the case of the food industry—are some of the 

most robotized worldwide (IFR, 2015; Jäger et al., 2016). 

6. CONCLUSIONS

Technological change boosts productivity and competitiveness, redefining production models and displacing human labor 

in activities where machines can get the job done more efficiently. Until a little over a decade ago, it was thought that 

technology would only be able to replace human labor in routine tasks, but (still) would be unable to supplant it in non-

routine tasks (Autor, Levy, and Murnane, 2003; Goos and Manning, 2007). Nevertheless, rapid technological change and 

the advance of the fragmentation of productive processes have increased technology’s ability to automate tasks, blurring 

the border between what is and is not automatable. 

This paper posed questions such as: what is the potential impact of technology change on manufacturing industry 

employment? What are the most vulnerable jobs? And, what is the relationship between skill level and automation risk? 

To answer these questions, we turned to the automation likelihoods per occupation estimated by Frey and Osborne 

(2013) and the ENOE from the third quarter of 2016 (INEGI, 2016). According to data obtained in the research, without 

looking at estimates of timeframes, approximately 64.5% of manufacturing jobs are at a high risk of being automated. The 

analysis by industry found that over 50% of manufacturing jobs are found in just four industries, three of which are 

robotized around the world (IFR, 2015; Jäger et al., 2016). Finally, a negative correlation was found between skill level 

and automation risk, as 70% of low-skilled jobs face a high risk of automation, while just 40% of high-skilled jobs are at 

high risk of automation.

Although the estimated potential impact of technological change on manufacturing jobs might seem terrifying, historically, 

imperfectly and at a very high human cost, industrial revolutions ushered in market mechanisms that have managed to 

offset the displacement of labor. Is it perchance possible that in this day and age, the offset would be different, given the 

expulsion of physical labor and the new demand for fundamentally cognitive work?

Recent decades have witnessed the rise of new companies with new products and services that have boosted labor 

productivity and production, thereby generating new sources of jobs, although primarily cognitive. In addition to new 

products and services, several traditional industries are being reinvented (like the automotive and pharmaceutical 

industries), with major impacts expected for productivity, energy efficiency, quality, and employment. Thus, the main 

consequence of automation seems to be a significant change in the occupational structure, with a constant decline in the 

demand for low- and medium-skilled labor, with a shift toward widespread unemployment as a consequence (Levy and 

Murnane, 2004). 
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