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Abstract:  
 
This paper aims to explain how new technology impacts the labor market and to what extent it 
substitutes for labor. In addition, the relationship between new technology and income 
distribution will be examined. The analysis is based on an extensive literature survey and an 
empirical analysis covering 10 OECD countries over an eight year period. Advanced 
economies were chosen because according to recent research, they are likely to be most affected 
by rapid technological development. By implementing panel data and a fixed effect estimation 
technique, it is shown that ICT-investments are positively correlated with unemployment while 
no effect was found with regard to inequality.  
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1. Introduction 

 
There has been a lot of debate in recent years pointing to the threats that technology may inflict 
on the labor market and the distribution of income (OECD 2016a; OCED 2016b; Keeley 2015). 
We aim to empirically examine the effects of new technology, defined as ICT-investments, on 
employment and income inequality, in addition to how governments and businesses alike can 
better take advantage of the rapid technological change and automation. However, providing 
conclusive empirical evidence concerning whether these changes are good or bad for the job 
market as well as for the rise of inequality falls beyond the scope of this thesis. Rather, the 
intention is to investigate whether a significant correlation can be established among these 
variables. 
 
Here, the term “technology”  refers to both technological change and automation. Automation 
is defined as the way processes are substituting some human tasks within the labor force in 
terms of physical activity (robots) and virtual processes (software, algorithms). Technological 
change is defined as the speed in which new technology has evolved. Job destruction alludes 
to the way unemployment has risen while inequality is defined as differential income after 
transfers and taxes. Middle skilled workers are defined as high school graduates, with some 
college studies, while over all holders lack an academic degree (Graetz and Michaels, 2015). 
 
This paper uses and analyzes secondary data, which is already available at the country level in 
datasets from the Organisation for Economic Co-operation and Development (OECD). Also, 
several published articles have been used to define and structure the current analysis.  
 
Technology and innovation not only boost economic growth and prosperity within countries 
and regions but are also likely to affect other areas such as the dominant countries´ military 
power and diplomacy (Acemoglu and Robinson, 2012). Investing heavily in automation could 
help nations reach their technological goals and make them more powerful than others, but will 
also be likely to affect certain groups and individuals negatively, at least in the short run. A real 
benefit that automation can bring is that it increases productivity and efficiency, which lowers 
prices, resulting in real income growth as well as increasing demand for new goods (Frey and 
Osborne, 2013). On the other hand, every time we see new technological advancements, 
concerns are raised about possible job displacements (Brynjolfsson and McAfee, 2015). 
 
Some experts stress that technological advancements favor labor while others point out that it 
favors capital, but the fact is that technology often brings together labor and capital by 
providing new means that combine them (Brynjolfsson et al., 2014). Another way of seeing the 
influence of automation and technology within job structures in the marketplace is by a 
displacement of certain tasks within occupations instead of displacement of full job positions 
(Arntz et al., 2016). Thus, the prediction by some experts that 50% of all jobs within the job 
market will be lost due to automation might well be an inflated indicator. A more likely estimate 
is that 50% of tasks within 50% of total jobs will be conducted by new technology (OECD, 
2016a). Hence, whole occupations need not to be replaced by new technology, rather a hybrid 
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form of work tasks could be developed where workers receive a more flexible working structure 
that is complemented by technology. Already,  50% of adults in OECD countries are able to 
perform simple computer activities that involve writing emails and exploring the internet in 
spite of not having  any computing skills at all (OECD, 2016b). 
 
Based on previous findings this thesis explores the following research questions:  
To what extent will/can we expect ICT investments to negatively impact employment? 
How will ICT investments influence income inequality? 
 
This thesis contributes to the literature of technological change and automation by showing 
evidence of how the labor market is affected by ICT investments and by suggesting policies 
that could prevent or even mitigate its negative effects. 
 
We will first explore and portray an analysis of relevant previous literature that is divided into 
five parts: technological change, automation, job destruction, income inequality and 
sustainability. Then a theoretical framework based on empirical analysis will be developed. 
Next, the data and model are presented followed by the results and a discussion. And finally, a 
conclusion and introduction to what future research could be done.  
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2. Previous Research 
 
Institutions such as the OECD (2016a) claim that only 9% of jobs within member countries in 
the coming two decades will be affected by automation and technological change. That 
contrasts with some experts claiming that the number is around 40%. Two experts who estimate  
the effects of automation on whole occupations are Frey and Osborne (2013). They calculate 
that 47% of all jobs are at risk of replacement by automation within 10 to 20 years. However 
the OECD claims that only tasks within occupations will be replaced, and not entire 
occupations. Thus, we have two extremes of how automation will affect the job market; a 
conservative task-based automation estimate and a more (extreme) whole job-based automation 
projection.  Arntz et al. (2016) state that the adoption of technology is slow due to economical, 
legal, and social factors, and as a consequence, the adoption of new technology by workers or 
consumers is not as fast and extensive as expected by some experts. 
 
Previous literature has pointed out that there would be a shortage of demand for workers that 
perform jobs that are standardized by repetitive processes that could easily be done by robots 
or algorithms (Frey and Osborne, 2013). 

 

2.1. Technological Change 
 
Common concerns regarding technological change usually include that machines will 
substitute for humans in the workplace, which could raise unemployment and inequality in the 
near future. But the long term benefits of automation are likely to be positive (Mokyr et al., 
2015). If we look back to the industrial revolution, we could see a similar fear towards these 
kind of trends, but at that time it consisted of the dehumanization that technological change 
could bring to workers in terms of repetition of tasks in factories (Mokyr et al., 2015).  
 
The last 200 years of technological advancement has not made human labor redundant (Author, 
2015). But those 200 years of technological progress had not seen smart computing nor 
machine learning blossom as we have recently experienced it. The process of technological 
adaptation is “...frequently slow, costly and disruptive” (Author, 2014, p.166). The future is 
full of fears in terms of economic stability and job security, while history has proved that 
changes in technology have always been good in the long run. 
 
In the past,  according to Mokyr et al. (2015) economists had also demonized technological 
change and they did not take into account the fact that technology brought product innovation 
resulting in new industries that created new jobs. We might now see a kind of pessimism where 
economists and experts only stress the negative effects of technological change instead of 
looking at the benefits in the long run. The knowledge of our past experts and economists can 
be illustrated as limited if we see that they did not predict new occupations such as fashion 
experts, cyber-security engineers and digital community managers (Mokyr et al., 2015). 
 



 
 

9 

Author (2015) says that “...journalists and even expert commentators tend to overstate the 
extent of machine substitution for human labor and ignore the strong complementarities 
between automation and labor that increase productivity, raise earnings, and augment demand 
for labor” (p5). The industrial revolution might have also created concerns to experts at that 
time and, as a result, chaos was not conceived in terms of unemployment, but paradoxically 
economic development and prosperity was as strong as never observed. 
 
Technological change has proved that in the long run technology has benefited society more 
than the harm it has created; however it might affect some workers more than others. For 
example, the case of artisans who were displaced by manufacturing processes in the industrial 
revolution (Frey and Osborne, 2013). Nevertheless, these new manufacturing technologies 
amplified the possibilities of production by rising productivity and creating more jobs in the 
long run. As an example, the introduction of electricity did in fact make processes within 
factories to be automatable and as a response workers who were specialized in operating 
electric machines were on an increased demand (Frey and Osborne, 2013). This example 
demonstrates that technological change can, in fact, be a job creator considering that it will not 
only destroy jobs but it will create new labor divisions and industries. Technological change 
will undeniably generate innovation, new products, services, and business models development 
(Brynjolfsson et al., 2014). 
 
History has shown that technology has improved human standard of living in ways that were 
not imaginable in the past and will likely continue to be so; scarcity is predicted to still be 
present and because of competitive advantages, workers will be needed to develop certain tasks 
that robots and automation will not perform (Mokyr J. et al., 2015). No matter how advanced 
technology becomes there will always be space for humans to perform tasks and to work. Jobs 
might evolve into working by tasks or working by hours even in advance-skill positions.  
 
The focus is now concentrated on the consequences that automation and technological change 
will generate over unemployment due to job automation. Arntz et al. (2016) think that the 
attention and possible solution needs to be based on re-training workers to stop the inequality 
trend that technological change has produced. The latest technological progress has changed 
the skills that are needed on the job market, and demand for high-skilled workers has been on 
the rise. Moreover, people need to be ready to transition into different jobs over their lifetimes 
to avoid unemployment or low wages (OECD, 2016b). From 1965 to 1995 the skill premium 
(ratio of high school graduate wages to college graduate wages) went from 1.45 to 1.7 
(Violante, 2008). This can illustrate that those who can adapt to the new skills that are in 
demand will be rewarded. The real challenge may lie in how to motivate or incorporate workers 
left behind into the new working dynamics that technology is bringing.  
 
It could be said that no worker will escape from automation and technological change since 
even jobs that need specialized skills and critical thinking will risk being replaced by computers 
and algorithms in the long run (Frey and Osborne, 2013). The only jobs1 that seem safe in the 
                                                
1  For a wider view of the whole occupations in risk of loss through automation according to Frey C. and 
Osborne M. look at figure 7 in the appendix. 
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coming decades according to Frey and Osborne (2013) are “…occupations that involve 
complex perception and manipulation tasks, creative intelligence tasks, and social intelligence 
tasks are unlikely to be substituted by computer capital over the next decade or two” (p.27). 
Everything will be automated  in the long run but in the meantime, there will still be tasks and 
positions that require human beings. 
       
A clear example by Author (2015) of the complementation of technology to workers is when 
automatic teller machines (ATM) were introduced to banks in the U.S. Many experts argued 
that the effect would be devastating to workers in the banking industry, but instead of the 
predicted chaos, banking teller positions increased by 4 times after the introduction of ATMs 
and even between 1980 and 2010 the number of employees grew by 50,000 (Author, 2015). 

2.2. Automation 
 
Cognitive skills seem to be difficult to replace by automation, and “...there will continue to be 
a high premium placed on having the cognitive skills to solve non-standard problems” (OECD, 
2016a, p. 1). Other experts claim that not only routine jobs will be displaced by automation but 
also some that involve cognitive skills such as writing complex reports (OECD, 2016a). 
 
Job displacement analysis frequently focuses on the potential that new technology has, but at 
the same time, ignores whether new technologies that are a threat to conventional jobs are 
implemented in the workplace. This dynamic may lead to an overestimation of the number of 
job displacements that technology brings (OECD, 2016a). The introduction of new technology 
is tedious, consumes time and resources and creates problems including legal and social 
resistance that lead to the possibility that the new technology is not adopted at all (OECD, 
2016a). 
 
Since the cost of computing has decreased by around 50% every year from 1940 to 2012, we 
may think that automation and technology adoption can be implemented at lower costs by 
corporations and businesses (Nordhaus, 2015). The low cost of technology can motivate 
enterprises to acquire and adopt available technologies to improve processes, and raise 
productivity. The quick adoption of computers into businesses has brought tension regarding 
whether unskilled workers will be replaced entirely (Nordhaus, 2015). 
 
On the other hand, a study performed by Graetz and Michaels (2015) claims that robots will 
boost the value-added and productivity of labor, meaning that there will be a positive output 
effect in the long run. The recent reduction in the price of robots will make their acquisition 
and use more likely in the near future. For example, the price of robots in 2005 was 20% of 
what they cost in 1990 (Graetz and Michaels, 2015). Between 1993 and 2007 GDP and 
productivity grew at 0.37% and 0.36% respectively due to robots (Graetz and Michaels, 2015). 
It is clear that robots and automation do not simply affect job security but can also enrich it 
with economic growth and increased output productivity, which increases the demand for labor. 
According to Graetz and Michaels (2015) an economy without robots would reduce value-
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added and productivity by around 5%. While it can be argued that robots are bad, the economic 
situation would probably be worse without them. 

2.2.1  Limitations of Automation 
 
Technology is making sophisticated devices that can perform complex tasks. Tasks such as 
self-driving vehicles and writing meaningful texts can now be done by smart machines and 
algorithms (Arntz et al., 2016). This recent progression of technology that is helping to 
automate cognitive activities is being led by machine learning (ML), which includes statistics, 
artificial intelligence (AI), mobile robotics (MR) and data mining (Arntz et al., 2016). 
 
Moreover, it will take considerable time to automate or substitute certain “very human tasks”. 
The tasks that are difficult to automate in both the near and distant future, include persuasion, 
negotiation and human care-giving. Since there is a preference for humans over robots in some 
tasks, jobs for humans such as nursing or caring for the elderly and retired people will always 
prevail because those jobs involve labor-intensive tasks that require human interpersonal 
interactions that may only be incompletely complemented by machines (Arntz et al., 2016) 
(Author, 2014). 
 
According to Author (2016) there are three elements that influence automation and 
technological change: 
 
● Employees improve their skills with automation if the tasks they perform are a 

complement to automation instead of a substitution for it. 
 
● Elasticity of demand can ameliorate or worsen the benefits that automation can create. 

 
● Adjustments to the labor supply can diminish improvement of salaries.  

 
A clear example of an industry that has not been affected by automation because of its tacit 
implications is the service industry, which has grown at a rapid pace even though many of its 
workers can be relatively unskilled with only a primary to secondary education (Author, 2014). 
In addition, tasks and jobs that are performed by hand (handcraft) will not be affected much by 
technology in either a negative (substitution, automation) or a positive (complementation) way 
(Author, 2014). As a consequence, automation may, in an indirect way, increase demand and 
incomes for manual task workers (Author, 2014). 
 
Author (2014) states that “…a significant stratum of middle-skill, non-college jobs combining 
specific vocational skills with foundational middle skills-literacy, numeracy, adaptability, 
problem-solving and common sense-will persist in coming decades” (pp. 164-165). Not all 
opportunities seem to be for the skilled premium or those with more than 10 years of higher 
education. There will also be opportunities for individuals in middle-skill jobs that can 
complement their activities with critical thinking and reasoning. Author (2015) stresses that the 
following characteristics will still persist and be attractive for employers “...sensorimotor skills, 
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physical flexibility, common sense, judgment, intuition, creativity, and spoken language 
capabilities that the human species evolved, rather than developed” (p. 12). 

2.3. Job Destruction 
 
Technology experts claim that the employment rate will decrease due to automation and 
technology (OECD, 2016a). But there is a greater concern new jobs with new required skills 
will be created faster than labor market can prepare people for them (Author, 2015). According 
to the OECD (2016a) automation is threatening to 9% of jobs over OECD countries, and it will 
influence by some extent 50% of the tasks in 25% of all jobs. Also, some estimates claim that 
50% of the jobs in the US and other developed economies are at risk of replacement by 
machines or algorithms within 10 to 20 years (Frey and Osborne, 2013). While these numbers 
seem alarming, the true numbers could be mediated by the fact that the estimates do not take 
into consideration that single tasks will be at higher risk than full professions.  
 
The overall 9% automotability figure from the OECD (2016a) study varies from 12% in Austria 
to 6% or less in Korea (Arntz et al., 2016; Fig. 1). Jobs that are based on less face-to-face 
interaction will always be at a higher risk (OECD, 2016a).  
 
	 Figure 1: Share of workers with high automatibility by OECD countries 

 
Source: OECD 

 
If the job market continues its polarization process, countless workers will be trapped in low-
skilled low-paying jobs with few possibilities of a decent life (OECD, 2016a). The trend 
suggests that middle income jobs are being sent to both extremes, high-skilled, high-paying 
jobs and low-skilled, low-paying jobs. 
 
As a consequence of job polarization, some labor markets have reduced demand for middle-
skilled workers, creating greater competition for low-skilled jobs and putting downward 
pressures on the bottom 50% of income earners (OECD, 2016b). Due to this polarization 
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phenomenon, the job market, policy-makers and the tax and benefit systems need to develop 
mechanisms that can facilitate a transition for the most affected workers. It is crucially 
important to provide these groups with better possibilities to qualify for high-skilled jobs 
(OECD, 2016b). 
 
It can also be said that automation is disproportionately affecting workers with lower education 
since they tend to perform most of the tasks that can be automated. Countries that have invested 
heavily in developing highly qualified workers have lower percentages of workers at risk from 
automation (Arntz et al., 2016). The higher the level of education a worker has, the lower the 
risk that their tasks or occupations will be automated (Arntz et al., 2016; Fig. 2). Low skill 
workers seldom receive training, and they stand at the bottom of society in terms of social 
mobility and economic opportunities (OCDE, 2016b). 
 
Figure 2: Shares of workers with high automatibility by education 

 
Source: OECD 

 
 
This is a cause of concern, since workers who hold only primary or less education stand at a 
very high risk for replacement by automation, and as 50% of all workers belong to this category. 
 
Arntz et al. (2016) argue that by “..applying a task-based approach that takes account of the 
heterogeneity of workplace tasks within occupations already strongly reduces the predicted 
share of jobs that are at a high risk of automation” (2016). A clear example of a task-based 
marketplace is noticed by JPMorgan & Chace Co. Institute (2016); “Rapidly growing online 
platforms, such as Uber, AirBnB, and eBay, have created a new marketplace for work by 
unbundling a job into discrete tasks and directly connecting individual sellers with consumers.” 
(p.8). 
 
Moreover, new technologies that will eventually replace jobs need to be developed into the 
workplace and this process of introduction, adjustment and testing requires many phases. Once 
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the new technology it is introduced to labor markets it creates new jobs and new industries . 
Arntz et al. (2016) identify three main difficulties in predicting future  threats to the job market: 
 
● Experts estimates are based on the potential of technologies and not their actual 

application or their effects in the workplace, thus, creating the potential for an 
overestimation of the number of jobs at risk from automation. 

 
● It does not matter whether technologies are being adopted by the economy. What 

matters is whether or not the workplace moves to a new level of productivity due to 
employees being complemented by technology. 

 
● Estimates take into account jobs that are already on the market, but ignore new jobs that 

will be introduced to the market due to an increase in demand for workers based on an 
increase in consumption and productivity. 
 

Obviously, the loss of jobs as a consequence of technological change and automation is difficult 
to predict. Policy makers shall be focused on new ways of how to get hybrid models where 
workers can be complemented by technology. Technology and automation will not influence 
the labor market negatively until they are implemented. 
 
Jobs  have been polarized by automation and technological change (Frey and Osborne, 2013). 
This has increased demand for highly skilled workers and put unskilled and middle qualified 
workers at risk2 of displacement (Frey and Osborne, 2013). New policies are needed to maintain 
a skilled and competitive job force. Re-training, motivation to learn, and efficient job matching 
are a few actions that could be taken to optimize the job market and make more workers better 
qualified (OECD, 2016b). 
 

2.4.  Income Inequality 
 
Inequality has played a big role in recent economic policy; from politicians to tech experts, the 
topic has been widely discussed. This problem seems to be one of the biggest challenges of our 
times. Workers that are creative and have advanced skills are of a limited number, but capture 
most of the benefits in the new income distribution dynamics (Brynjolfsson et al., 2014).  
 
According to Keeley (2015), a certain level of inequality is needed for entrepreneurs and 
investors to take risks that will generate a greater return out of their investments. Moreover, 
higher inequality is likely to cause political tensions by granting more power for top earners, 
thereby limiting the opportunities for economic and social prosperity for the rest (Acemoglu 
and Robinson, 2012). High levels of inequality harm both the economy and society. As Angel  
Gurría, Secretary-General of the OECD, stated; “high levels of inequality generate high costs 

                                                
2 See figure 11 to see job losses over  low, middle, and high paying job from 1993 to 2010. 
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for society, dampening social mobility, undermining the labor market prospects of vulnerable 
social groups, and creating social unrest” (Keeley, 2015, p. 3). 
 
The reasons of the rapid rise of inequality is conceived as complex. There are two factors that 
explain the recent rise in inequality. First, the fast pace of technological development and, 
second, the consequences of globalization (Keeley, 2015). Moreover, social changes such as 
new marital dynamics and new structures for organizing work have increased inequality 
(Keeley, 2015). Finally, the increased3 earnings of the top has its own negative influence on 
inequality (Keeley, 2015). As an example, JP Morgan & Chace Co. Institute (2016) state “...the 
decline in real wages since 2009 for all income groups except the top 5th percentile…” (p2). 
 
Globalization and technological change combined to elevate the level of wealth and economic 
performance for countries, but are disadvantageous for some groups of workers in the short and 
medium run (Brynjolfsson et al., 2014). According to Author et al. (2013) higher imports to a 
country could mean lower wages in the domestic market and an increase of the unemployment 
in domestic manufacturing industries. Globalization affects local labor markets and wages 
thorough increased , thereby directly creating higher unemployment and increased use of social 
benefits. Chinese goods have dominated the international markets. Imports to the U.S. from 
China have increased from 26 billion USD in 1991 to 330 billion USD in 2007. This increase 
is caused by China's higher competitive edge and the overall change in relative processes. In 
addition, Author et al. (2013) claim that “...a $1,000 per worker increase in import exposure 
over a decade reduces manufacturing employment per working-age population by 0.596 
percentage points” (p. 2139). Chinese imports to the U.S. account for 548,000 lost jobs in the 
manufacturing industry for the period 1990-2000 and 982,000 for the period 2000-2007 
(Author et al., 2013).  
  
Inequality increases in the job market partly because tasks are transferred from unskilled to 
qualified workers (Acemoglu and Restrepo, 2016). Income inequality seems to hurt the 
economy according to studies by the OECD, who showed that increasing income inequality is 
correlated with decreasing economic growth (OECD, 2014). Hence, in the short-run, rapid 
adoption of new technology together with increased trade could be the main drivers of income 
inequality (Keeley, 2015). 

2.4.1  Development of Income Inequality 
 
The gap between different social classes has increased recently in most countries independent 
of their economic situations. Still, developing countries have built a small (and weak) middle 
class. That gives an opportunity to the poorest inhabitants for social mobility. The early 1900s 
experienced a decrease in income inequality until the middle of the century, but from the 1970s 
and onwards, inequality indicators have increased (Keeley, 2015). Even though economic 
recovery and growth have been strong since the last economic crisis of 2008 income inequality 

                                                
3 See figure 15 to for the latest changes of the top earners. 
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has not decreased. The following graph by the OECD (2016) illustrates how inequality has 
evolved over the 7 years between 2007 and 2014. 
	

Figure 3: Gini coefficient of disposable income inequality in 2007-14, total population 

 
Source: OECD 

 
According to the Gini-coefficient, a value of 1 means that one person receives all the income, 
while 0 means that all workers have the same income. A Gini coefficient score that is above 
0.40 points is considered bad for the economy (Keeley, 2015). Since the average Gini score of 
OECD countries is 0.32, they are approaching a relatively high inequality level. 
 
Moreover, Keeley (2015) found that the 2014 annual report of Credit Suisse claims “that the 
lower half of the global population collectively own less than 1% of global wealth” and at the 
same time the bank concluded that 10% of the richest people on earth have 87% of worldwide 
assets and that the top 1% has almost 50% of global wealth.  
 
The differences in income4  between wealthy and poor people seem to be the widest in 30 years. 
This can be illustrated by the fact that the 10% of the most wealthy individuals make 9.5 times 
more money than the lowest 10% earners. In 1980, this figure was 7 times more (OECD, 2014). 
Inequality drives down economic growth, and according to the OECD (2014); “…by hindering 
human capital accumulation income inequality undermines education opportunities for 
disadvantaged individuals, lowering social mobility and hampering skills development” (p. 3). 
To provide a quantitative estimate of the damage, an increase of inequality by 0.03 Gini points 
a year, as we have seen over the last 20 years on average in OECD economies, would negatively 
affect economic growth with 0.35% GDP per year, resulting in an accumulated 7% reduction 
in GDP over the 20 years (OECD, 2014). Moreover, within the last 20 years half of the 
countries of the OECD have been affected5 by an accumulated 4% economic growth decreased 
due to income inequalities (OECD, 2014).  
 
Labor dynamics are likely to develop regional inequalities (Berger and Frey, 2016). New jobs 
are usually placed in cities where there is already a significant concentration of high-skilled 

                                                
4 See figure 9 on the appendix for the evolution of  recent income inequality 
5 See figure for negative effects of inequality in economic terms in OECD countries 
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workers. Cities are not suffering the high effects of job displacements due to technology,  the 
focus needs to be pointed towards supporting rural regions that are affected (Berger and Frey, 
2016). Inequality feeds back into poor economic growth when disadvantaged families cannot 
get an advanced education, which then reduces the combined skills in the labor market. As a 
consequence, productivity decreases and fewer families attend university, leading to longer 
periods of unemployment (Keeley, 2015).  
 
Keeley (2015) found that national income is more strongly linked6 to capital than labor. In the 
early 1990s around 66% of national income went to labor. By 2010 decade around 62% went 
to labor, and as a consequence, earnings that once went to employees now benefit investors and 
capital-owners. The financial industry is said to be another factor contributing to inequality, 
due to workers in this industry being disproportionately well-paid relative to workers in other 
industries that have the same skills (Keeley, 2015). 
 
A broad explanation of the effect and dynamics of inequality over automation is given by 
Acemoglu and Restrepo (2016). They state that “the creation of new tasks increases inequality 
in the short run, but not in the medium run. In fact, low-skilled workers gain relative to capital 
in the medium run from the creation of new tasks. Interestingly, inequality may be particularly 
high following a period of adjustment in which the labor share first declines— due to increases 
in automation—and then recovers—due to the introduction of new complex tasks. Inequality 
may remain high for a while, and only start declining after recently-introduced new tasks 
become sufficiently standardized” (p. 33). According to them, in the long run, adoption of 
automation seems prosperous for the economy, for income equality and for the job market.  
     
Even though inequality has risen, extreme poverty seems to have fallen7 according to Keeley 
(2015). There were 650 million fewer people in extreme poverty in 2015 than in the early 
1980s, with most of this advancement (500 million) made in China. Another strong element 
that influences inequality, at least in developing nations, is “job informality”, defined by a 
lack of legal or governmental protections, pensions and unions. Informal jobs usually offer 
lower salaries than the legally registered jobs (Keeley, 2015). 

2.5. Sustainability 
  
Technological change is perceived to have positive and negative effects on sustainability. On 
the one hand, it creates economic development and raises the quality of life of people while on 
the other hand, it may lead to pollution. Humans have been empowered by technology as never 
before, changing the dynamics of society and its priorities (Armand, 2012). Technology and 
sustainability are interconnected. Hasna (2010) claims that sustainable development can be 
achieved by balancing 3 factors; the economy, the environment and the society. 
  

                                                
6 See figure 13 for the evolution of labor and capital shares in national income. 
7 See figure 12 to get a view of the decrease of extreme poverty. 
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The European Union (EU) has been concerned about climate change as a consequence of the 
burning of fossil fuels in the production of goods and services. With this in mind, the EU have 
prioritized programs such as the Renewable Energy White Paper and SAVE, on energy 
efficiency, which focus on the development of innovation, but also on sustainable technologies 
that foster economic growth and protect our environment with less carbon emissions 
(Vollerbergh and Kemfert, 2005). These programs are more efficient if they are adopted during 
production processes. Moreover, the implementation of cleaner technologies into production 
processes, better logistics and the use of more waste-free and sustainable materials will improve 
sustainability (Martins and Mata, 2010). 
  
Martins and Mata (2010) state that the “...development of cleaner products and processes 
requires efficient forms of technology transfer and application of knowledge and technologies 
developed elsewhere in industrial and other practical settings” (p. 1). But, one of the most 
important challenges of sustainability is balancing productivity and growth with natural 
resources for the long run (Hasna, 2010). Sustainability and technological change can be 
harmonized with the following measurements, according to Hasna (2010): 
  

• A decrease in resource extraction. 
• Stopping production from non-renewable materials. 
• Preference given to renewable and recycled materials and energy. 

 

2.5.1  Reaching Sustainability Through Technology 
 
By using technology, problems concerning environmental degredation can be avoided. Air 
pollution is one of the main challenges in sustainability that must be regulated to maintain and 
foster quality of life in urban areas. With monitoring systems and data sharing, institutions and 
governments can learn to manage, control and prevent excessive pollution (Arco et al., 2016). 
 
Air pollution is one of the most serious threat to human health in big cities. Technology, if used 
smartly, can provide important information to environmental authorities that helps people 
prevent and avoid hazardous polluted zones (Arco et al., 2016). Moreover, according to Arco 
et al. (2016), a successful monitoring system for air quality that aids in human health should be 
composed by the following factors: 
 

• Monitoring large and wide areas. 
• Collecting precise data. 
• Guaranteeing a minimum level of accuracy. 
• Developmental success with a limited budget. 
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2.5.2           Inequality, Unemployment and Social Sustainable Development 
 
Low levels of inequality are vital for sustainable human development. The effect of 
technological change through human capital is one of the factors that causes a widening of 
inequality (Genevey et al., 2013). Unemployment from skill-biased technological change is 
linked to lacking or inadequate worker training (Aceleanu et al., 2015). Sustainable 
development leading to a more equal society will be reached through the actions that social 
institutions, civil society, international organizations, transnationals and governments can 
combine with resources and knowledge to develop productive solutions (Genevey et al., 2013). 
 
There already exists solutions for tackling both inequality and unemployment, but long and 
short term solutions are different.  A short run solution for unemployment and inequality is to 
promote sustainable economic growth and to develop advanced educational systems.  
 
Sustainable growth, advanced education systems, and industrialization, are long and slow 
processes that will be achieved by high quality training with educational systems that offer 
complementary skills. In order to produce high-quality skilled workers, people need access to 
advanced education (higher education,  technical education) complemented with training 
through working placements. As a result, universities and educational centers will be the engine 
for industrialization and sustainable growth (Ogbimi, 2007). High rates of unemployment, 
poverty and inequality are consequences of obstacles to industrialization, according to Ogbimi 
(2007). 
 
Another engine for a sustainable development is to train young professionals with skills that 
will boost the development of green economies. Sustainable development is not only about the 
society, the economy and the environment, but also about human development consisting on 
increasing the quality of life through education and training programs (Aceleanu et al., 2015). 
According to Aceleanu et al (2015), the development of human capital creates sustainability 
through:  
 

• Rapid innovation processes and green technologies. 
• Widening of skilled workers who can understand sustainability in process. 
• The development of a working culture that employs intensive resources. 

 
Moreover, green jobs could be the basis for sustainable development and solving worldwide 
problems such as environmental degradation, economic under-development and social 
segregation. Green positions that include green production process and services ensure 
responsibility for the environment and can influence economic advancement by paying 
attention to and adjusting actions, production and consumption. Hence, prioritizing the creation 
of green jobs will generate a ground for green economic growth that will lead countries towards 
sustainable growth (Aceleanu et al., 2015).  Finally, Aceleanu et al. (2015) define sustainable 
development as “ …ensuring economic, social and environmental development through 
adequate policies at the microeconomic and macroeconomic level” (p. 5). 



 
 

20 

3. Theoretical Framework 
 
The theoretical framework with which to analyze how technology influences unemployment 
on one hand, and income inequality on the other, is outlined below. 
 
Brynjolfsson et al. (2014) claim that technology empowers workers by expanding “...the 
potential reach, scale, and monitoring capacity of a decision maker, increasing the value of a 
good decision-maker by magnifying the potential consequences of his or her choices” (p. 4). 
According to Reenen (1997), the launch of a new product creates more demand for labor. On 
the other hand, he claims that if the same firm launches many products at the same time the 
new products will take out the old ones and decrease demand for labor. The general view of 
technology within companies is that they all have the same level within their industry. Labor 
saving technological progress tends to decrease the labor input needed per unit of output and 
by the reduction of cost, an output expansion effect is created (Reenen, 1997). 
 

3.1. Technology Production Function 
 
In the basic production function, factors such as technology and human capital are assumed as 
given. The production function explains the production possibilities with the following 
equation: 
 
(1) Y = F(K,N) 
 
With Y meaning production, K as capital stock, and N, the number of employees. With this in 
mind, the aim of the production function is to capture how much can be produced given the 
amount of capital and labor that is used.  
 
Since technological advancements are a primary factor for economic development a new 
variable E, standing for the level of technology, needs to be added to the production function. 
Then the production function with technology is as follows: 
 
(2) Y = F(K,EN) 
 
A common specification is the Cobb-Douglas production function:  
 
(3) Y = Kα (EN)1-α 
 
The value for parameter α is between zero and one. The marginal product of capital (MPK) is 
the derivative of the Cobb-Douglas production function measuring increments in production 
when capital stock increases. MPK is calculated by letting E and N be constants and deriving 
with respect to K: 
 
(4) MPK = αK α-1 (EN)1- α 
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Due to parameter α having a positive value, MPK will always be positive. MPK is characterized 
by having constant return to scale. 
From the marginal product of labor (MPL)  the real wages can be derived. MPL increases with 
better technology and with more capital per worker. To derive the MPL we simplify the Cobb-
Douglas production function as follow: 
 
 
(5) Y = K αE1- αN1- α 

 

K and E are now fixed and we take the derivative with respect to N and rearranging the 
expression in equation 5, 
 
(6)  MPL = KαE1- α(1- α)N- α = (1- α)E1- α (K/N)α 
 
If either K or E increase while N remains constant, MPL will also increase.  

3.2. Skill-biased Technological Change 
 
A new trend over changing job patterns is that demand for workers is moving towards the most 
educated individuals (Goos et al., 2014). A shock of new technological advancements increases 
the demand for skilled workers and as a consequence, rises income inequality; this effects is 
known as skill-biased technological change (SBTC) (Card and DiNardo, 2002). SBTC gives 
advantages to skilled workers over unskilled workers (Brynjolfsson et al., 2014). Technological 
change increases unemployment over the short run. Immediately after technological change or 
new technologies are adopted by enterprises; more skilled workers enter to the job market and 
there may be situations where the skill premium decreases in a short term and right after this 
new adjustment the skill premium increases rises above its original value (Acemoglu, 1998). 
  
Innovation and technological progress enhance productivity and output improvements, 
increasing demand for workers in the long run. Skilled workers and technology are 
complementary while unskilled workers are substituted by capital. Skill-biased technological 
change portrays how skilled workers take advantage of technology while unskilled workers are 
likely to experience a decrease in demand, leading to lower wages and greater unemployment 
(Greenhalgh, 2010). 
  
Technology directly influences wages by increasing productivity for skilled workers who use 
technology that is complementary to their skills (Greenhalgh, 2010). Violante (2008) defines 
skill-biased technical change as “a shift in the production technology that favors skilled over 
unskilled labor by increasing its relative productivity and, therefore, its relative demand” (p.1). 
Likewise, this effect gives advantage to educated workers by increasing their productivity as 
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well as the skill premium (Violante, 2008). Figure188 by Greenhalgh (2010) illustrates the 
effect of skilled-biased technological change over wages.  
   
Technology thus creates unemployment for certain positions and boosts demand for others with 
the relevant skills. These changes can lead to disproportionate effects on supply and demand 
for different types of skills. Because workers can´t be immediately trained for jobs that are 
newly created by technology, shifts in demand will influence wages and unemployment. This 
effect will continue until supply is adjusted by demand. On the other hand, when supply is 
larger than demand, wages will decrease and unemployment will increase. Alternatively, if 
supply does not catch up with new demand, wages will increase (Greenhalgh, 2010). 
Computers, robots and the use of the internet complement workers with skills, who replace 
unskilled workers. As a result, SBTC can be perceived as a direct cause of an increase of the 
skill premium and income inequality (Hutter and Weber, 2017). Technological change 
increases unemployment for unskilled workers while wages stagnate for unskilled workers and 
income inequality grows. 
 

3.3. A Framework for Skill-biased Technological Change 
 
The following framework is based on work developed by Card and DiNardo (2002). It focuses 
on the simple skill-biased technological change form that assumes an aggregate labor demand 
equation generated by a constant elasticity of substitution production function9 as follow: 
 
(7)  Y = f(NH,NL) = A [α(gH NH)(𝞂 -1)/𝞂  + (1-α)(gLNL )(𝞂 -1)/𝞂  ] 𝞂 /(𝞂 -1) 
 
Y represents output, NH is labor input for skilled-workers, NL is input of lower skilled workers, 
𝞂 > 0 is elasticity of substitution (ES) between labor inputs; and finally, A, α, gH, gL are 
parameters of technology that vary over time. NH can be thought of as the number of college 
graduates and NL refers to high school graduates.  
 
Relative demand for high-skilled workers is measured by the ratio of the marginal product of 
high-skilled workers and low-skilled workers, which is equal to the corresponding wage ratio 
wH/wL. Applying logarithms to the emerging expression and  differentiating  with respect to 
time time results in the following equation, frequently used for discussion over the evolution 
of relative wages: 
 
(8)  𝚫log[wH/wL] = 𝚫log[α/(1-α)] + (𝞂 -1)/𝞂  𝚫log[gH/gL] - 1/𝞂  𝚫log[NH/NL]. 
 
This equation determines the development of relative wages over time when taking the relative 
supply of skilled and unskilled workers as exogenous. Technological parameters are not seen 

                                                
8 See appendix for figure 18.  
9 For details on deriving the equations, see Card and DiNardo 2002.  
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directly on this equation but are inferred from how they evolve in time. Then two conclusions 
can be drawn from the expression in equation 2. 
 
The first observation is that changes in relative wages have to correspond to changes in relative 
supply or changes in technology. Factors of the labor market, such as unions and wage floors, 
that can directly affect relative wages are not considered. If there is an absence of technological 
change, the relative wage of skilled workers will directly vary with their corresponding relative 
supply. Through expert consensus, the parameter has the value of  approximately 1.5 when skill 
groups are referred to as college and high school workers. With this in mind, a 10% increase in 
the relative proportion for college workers will decrease the relative wage of college workers 
by 6.6% according to previous empirical results. The relative proportion of skilled workers has 
risen in the past decades. Hence, there is only one cause of the rise of relative wages of skilled 
workers, and the increase of income inequality, which is the change in the parameters α and g 
that belong to technology.  
 
A second observation is that skill-biased technological change creates changes in wage 
inequality. A movement in parameter A or a proportional change in gH and gL, leaves the relative 
productivity of skilled and unskilled workers unchanged and only influences the general level 
of wages. Skill-biased technological changes is associated with increases in α or in gH relative 
to gL. Rising α will increase the marginal productivity of skilled workers and decrease the 
marginal productivity of the unskilled. 
 
Finally the following graph illustrates SBTC: 
 
 
Figure 4: Relative Demand for Skills 

	

	

	

 

 
 
 
 

                         
Source: Acemoglu (2002) 
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Where L is unskilled labor, H skilled labor and w, wages. An increase in the relative demand 
of skills moves the wage premium from w to w´´ thus creating an effect for SBTC. 
 
From a more technical view, Acemoglu and Restrepo (2016) calculated that technological 
change has the potential to increases unemployment and reduce wages but, if more 
sophisticated tasks are developed, then opposite effect could also result. In other words, as an 
increase in technology sinks the cost of production it is possible that instead of increasing 
technology and its associated job losses, the boost in profits could incentivize the rapid 
development of more complex and sophisticated tasks that could boost wages and decrease 
unemployment (Acemoglu and Restrepo, 2016). 
 
Acemoglu and Restrepo (2016) state that the effect of automation and technological change in 
the long run is that wages will be higher while unemployment will be lower10. A counter force 
for automation is that as the cost of human labor for performing non-sophisticated tasks 
decreases, automation will slow further automation with a self-correction that will approach a 
balance (Acemoglu and Restrepo, 2016). 
 
We expect that technological change directly increases unemployment and inequality in the 
short run. But empirical evidence shows that unemployment and inequality will decline in the 
long run. For our analysis, we expect that unemployment and inequality are negatively 
influenced by technology meaning that the more technological investments that are made, the 
more unemployment and inequality we will have. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                                                
10  See figure 8 on appendix to get an illustration of the balance between wages and automation. 
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4.  Empirical analysis: Unemployment and 
Inequality 
 
In this section, an analysis on unemployment and inequality in 10 OECD countries for the 
period 2003-2010 will be presented. Inequality is measured by the Gini coefficient while 
unemployment is based on the OECD’s measures (Fig. 5). The 10 countries are: Austria, 
Canada, Finland, Germany, Ireland, Italy, Japan, Netherlands, Spain and the United Kingdom. 
All of them have a GDP per capita exceeding 35,000 USD, meaning that they are defined  as 
rich and developed nations. 
 
The following graphs shows the development of unemployment from 2003 to 2010.  
 
Figure 5: Unemployment rates of Austria, Canada, Finland, Germany, Ireland, Italy, Japan, Netherlands, Spain 
and United Kingdom for the period 2003-2010. 
	

 
 

Source: OECD 
 
 
The graph reveals that some countries have experienced an increase in their unemployment 
rates; Austria, Canada, Ireland, Netherlands, Spain and the United Kingdom. Finland, 
Germany, Italy and Japan have witnessed decreased rates. The trend implies that 
unemployment is increasing because of automation but it seems as some countries have the 
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opposite effect. The countries that have experienced a decrease on unemployment rates might 
be doing something in order to mitigate the negative effect that technology causes to 
unemployment. In addition we illustrate the development of inequality in the period 2003-2010 
with the following graph. 
 
Figure 6: Gini coefficients of Austria, Canada, Finland, Germany, Ireland, Italy, Japan, Netherlands, Spain and 
United Kingdom for the period 2003-2010. 
 
 

 
Source: OECD 

 
 
Here we see a trend-wise rise in inequality; Austria, Canada, Finland, Japan, Netherlands, Spain 
and the United Kingdom have experienced increases in inequality. Only Germany, Ireland and 
Italy have decreased their Gini coefficients of inequality. 
 
For both variables (unemployment and inequality) we see more increases than decreases. 6 out 
of the 10 countries have experienced higher unemployment rates from 2003 to 2010 and 7 out 
of the 10 countries have seen their inequality rates increase as well. 
 
In the Data and Model sections below we will analyze if there is a relationship between 
unemployment and technological change, as well as between inequality and technological 
change. 
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5.  Data and Model 
 
The following three econometric models will be estimated in order to explain how 
unemployment, employment levels and inequality are influenced by ICT investments: 
 
 
Inequalityi,t = 𝛽$ICTi,t + 𝛽%GdpCapitai,t + 𝛽& Educationi,t +  𝛽'	Taxi,t +λt + uit 
 
 
Unemploymenti,t = Δ1ICTi,t + Δ2GdpCapitai,t + Δ3Educationi,t +  Δ4Taxi,t +λt + uit 
 
 
EmploymentI,t = θ1ICTi,t + θ2GdpCapitai,t + θ3Educationi,t +  θ4Taxi,t +λt + uit 
 
 
In our econometric models λt stands for a time dummy variable. The first econometric model 
aims to test how inequality is influenced by ICT, GDP per capita, Education and Taxes. In the 
second model we are trying to infer how unemployment is influenced by the same variables. 
Finally, we also examine employment levels as an alternative to unemployment. Our key 
variable is ICT investments while the rest of the variables are used to as control variables.  

5.1. Data  description 
 
Data was gathered from the OECD official datasets for the period 2003-2010 and 80 
observations were captured. The dataset includes the following variables: Income inequality, 
ICT investments, Unemployment, GDP per capita, Employment labor participation rate, 
Tertiary Education and Tax revenue. The countries and years were chosen based on our 
constraints and limitations. 
 
Variables 
 
Our model is constructed with three dependent variables (inequality, unemployment and 
employment) and four independent variables (ICT investment, GDP per capita, education and 
tax) and one time dummy variable.    
 
ICT investment is considered as our core independent variable since  we are trying to test the 
influence of technology on inequality and unemployment levels. We examine to what extent 
the Gini coefficient is affected by ICT investments, the level of GDP per capita, the level of 
education and the level of taxes. These variables are also regressed on the unemployment rate 
and the level of employment,   
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A time dummy variable was added in order to control for time-specific effects that prevent us 
from capturing only time trends. 
 
Table1: Variable description and statistics  

Variable Description Source Mean Std. dev. Min Max 

 
 

Inequality 

Measured by the Gini coefficient which 
goes from 0 to 1, being 1 that one 
person holds all the wealth that a nation 
has and being 0 that everyone in a 
country has the same wealth. 

 
 

 OECD 

 
 
0.30 

 
 
0.03 

 
 
0.25 

 
 
0.37 

 
 
 

ICT 

Investments made in computing 
equipment and software which 
includes three main factors: IT 
equipment, communication equipment 
and software. ICT investment is 
measured by the percentage of gross 
fixed capital formation. 

 
 
 

OECD 

 
 
 

15.14 

 
 
 

4.49 

 
 
 

7.53 
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Education 

Population with tertiary education. 
People aged 25-64 that complete the 
highest level of education. It is measure 
as a percentage. 

 
  OECD 

 
31.27 

 
9.22 

 
10.46 

 
50.31 

Employment Is the labor force participation rate by 
working population aged 15-64. 

OECD 73.25 4.30 61.58 78.50 

 
Unemployment 

Is the rate as the number of 
unemployed people as a percentage of 
the labor force aged 15-64. 

OECD 6.96 3.00 2.75 19.85 

 
 
 
 

Tax 

Revenue collected from taxes on 
income and profits, social security 
contributions, taxes levied on goods 
and services, payroll taxes, taxes on 
ownership and transfer of property and 
other taxes. It is measured in USD. 

 
 
 
 

OECD 

 
 
 
 

14059 

 
 
 
 

3357 

 
 
 
 

7168 

 
 
 
 

21065 

 
 

Gdpcapita 

Gross domestic product (GDP) at the 
market price is measured by 
expenditure on final goods and services 
- imports. This indicator is in USD per 
capita.  

 
 

OECD 

 
 

35688 

 
 

4761 

 
 

25049 

 
 

46749 

 
        N = 80 
___________________________________________________________________________ 
 
Limitations 
 
Data was limited for some countries, particularly on the Gini coefficient indicators. ICT 
investments, Gini coefficients and tertiary education indicators were difficult to coordinate for 
the same countries, limiting the number of observations that were gathered. Due to this 
limitations on data, countries with the maximum number observations were chosen. However, 
since some countries lack observations for the years that we chose (inequality and ICT), the 
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average values have been calculated to fill the missing data and make panel data analysis 
possible.  
 
The original attempt was to analyze all the 35 OECD member countries, but due to a lack of 
data availability for our variables, this was impossible. We believed that the wider dataset from 
10 countries analyzed for 8 years would provide more reliable results. 
 
Method 
 
A Hausman test was developed to select among models. Due to the fact that the probability for 
the model was zero (0.05 ﹤ Fixed effect), the random effect estimator was rejected and the fixed 
effect was chosen. A robust test was included with the fixed effect estimator in order to control 
for heteroscedasticity. 
 
Correlations 
 
The only variables that reveal  strong correlations were Tax and GDP/Capita (0.73). It is said 
that a correlation level of ±0.8 is strong and that the variables shall be omitted in order to avoid 
multicollinearity problems. In our fixed effect regression, the variables were excluded but the 
results were similar and as a result, the variables were kept. 
 
Table 2.  Correlation matrix  

 Inequality ICT Education Employment Unemployment Tax GdpCapita 

Inequality 1       

ICT 0.25 1      

Education 0.12 0.32 1     

Employment -0.11 0.60 0.73 1    

Unemployment 0.06 -0.19 -0.10 -0.14 1   

Tax -0.54 -0.01 -0.07 0.18 -0.35 1  

GdpCapita -0.31 -0.03 0.24 0.35 -0.32 0.73 1 
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5.2. Results 
 
The models were input to Stata with the fixed effect standard robust error method for panel 
data. Step-wise panel data regression analysis was introduced for the explanatory variables. 
The following results were gathered from the panel data regressions. 
 
Table 3: Step-wise panel data results with fixed effect models and time variable 

(Model 1) Unemployment Unemployment Unemployment Unemployment 

ICT1 1.12 (.4)** .97 (.4)** .78 (.28) ** .809 (.28)** 
Education - .34 (.24) .21 (.25) .17 (.26) 

Tax - - -.0006 (.0002)** -.0005(.0003) 
GDP/capita - - - -.0001 (.0002) 

Time dummy Yes Yes Yes Yes 
Nb of obs 80 80 80 80 

R 0.48 0.52 0.62 0.63 
Panel data statistics based on robust errors indicated on parenthesis. Statistical level of significance is indicated by *, **  
and ***. For a ﹤0.01, ﹤0.05 and ﹤0.10 respectively. 
 
 

(Model 2) Employment Employment Employment Employment 

ICT1 -.086 (.196) .055 (.17) .1 (.14) .05 (.14) 
Education - -.31 (.12)** -.277 (.15)*** -.21 (.14) 

Tax - - .001 (.0001) -.00006 (.0001) 

GDP/capita - - - .0003 (.0001)** 
Time dummy Yes Yes Yes Yes 

Nb of obs 80 80 80 80 
R 0.55 0.62 0.63 0.66 

Panel data statistics based on robust errors indicated on parenthesis. Statistical level of significance is indicated by *, **  
and ***. For a ﹤0.01, ﹤0.05 and ﹤0.10 respectively. 
 
 

(Model 3) Inequality Inequality Inequality Inequality 

ICT1 -.0007 (.001) -.00001 (-.009) .00009 (.0009) .0002 (.001) 
Education - -.0017 (.0019) -.001 (.001) -.001 (.0019) 

Tax - - 4.33e-07 (7.10e-07) 1.03e-07 (1.68e-06) 
GDP/capita - - - -7.98e-07 (1.94e-06) 

Time dummy Yes Yes Yes Yes 
Nb of obs 80 80 80 80 

R 0.05 0.12 0.12 0.13 
Panel data statistics based on robust errors indicated on parenthesis. Statistical level of significance is indicated by *, **  
and ***. For a ﹤0.01, ﹤0.05 and ﹤0.10 respectively. 
 
 
We obtained the following results with step-wise panel data regressions conducted in order to 
assimilate how the key variables reacted as we added the control variables. 
 
Our first econometric model indicates that ICT has a positive influence on unemployment in 
all the step-wise regressions. The probability is significant at a ﹤0.05 level for all of them. With 
this result in mind it can be confirmed that there is a positive relationship between 
unemployment and ICT investments. Hence, more investments in ICT tend to have a negative 
impact on unemployment.   
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In addition, our second econometric model indicates that GDP per capita has a positive 
influence on employment when regressing with all the control variables. This can be confirmed 
with a significant value at a ﹤0.05 level. This result indicates that the higher the GDP per capita, 
the higher will the employment level be.  
 
Moreover, education is positively related to employment in two cases of the regressions on 
employment levels. The p-values of the two cases are ﹤0.05  and ﹤0.10 respectively.  In the first, 
when using ICT and education as control variables and in the second with the ICT, education 
and taxes as variables. This give some support to  education investments being positively 
associated with employment. 
 
The third econometric model did not show any positive relationship among any variables. 
The R-squared, which measures the fit of the model, for the three econometric models using all 
control variables is 0.13 for the first, 0.63 for the second and 0.66 for the third, meaning that 
13%, 63% and 66% of the variation is explained by these models. 
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6. Discussion 
 
Our results indicate that unemployment is affected by ICT investments. Thus, technology 
influences the labor market, at least in the short-run. The private and the public sectors need to 
come together to create solutions that give opportunities for displaced workers and for future 
generations to enter the labor market. 
 
Multi-skilled workers are going to be needed according to previous empirical analyses, 
however such  programs are rare at universities. Technology needs to be taught in early 
education in order to boost the interest of students and facilitate the acquisition of relevant 
skills.  
 
Inequality is another challenge that must be addressed. By testing the influence of ICT 
investments on inequality, we can conclude that ICT investments as such do not increase 
inequality, which are influenced by many other elements such us globalization and social 
structures. Skilled-biased technological change has its own effect on inequality according to 
experts. Governmental intervention needs to be implemented to develop programs that retrain 
workers and make social mobility easier and faster. 
 
There will be individuals who lose from job displacement effects, which obviously is a 
disadvantage of a transition to new technological trends. We acknowledge that a similar effect 
took place during the industrial revolution. In those days there were no support from 
governments to  alleviate the situation (Mokyr et al., 2015). Our times are different and targeted 
support from  the state could help displaced workers, including payment transfers for those in 
need (Mokyr et al., 2015). The governmental role in this new problem is crucial and if they do 
not act in time, people will suffer from the creation of further unprecedented inequality.  

6.1. Policy 
 
Inequality influences the way social groups interact with each other or with institutions. Low, 
middle and upper social classes are affected respectively if inequality changes. If inequality is 
increased, low-income earners are stuck with a poor standard of living with difficulties reaching 
a prosperous life through mobility (Keeley, 2015). Middle-income earners are affected by 
inequality since it influences the amount and type of goods and services they demand. 
Moreover, an increase in inequality gives high-income earners more power to make financial 
decisions in their interest and facilitating the accumulation of more wealth. Keeley (2015) 
suggests that inequality affects different social groups in different ways by the interaction11 of 
factors such as “...trust, social capital, social unrest, and volatility…” (p.67). 
 
Attention from governments should primarily be given to low social classes by developing a 
high quality education system, health care programs and extracurricular activities to help them 
                                                
11 See figure 16 for details of how different social factors interact  
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develop skills (Keeley, 2015).13 Inequality will continue to increase without intervention, 
creating a negative effect for social opportunities, political power and the democratization of 
nations (Brynjolfsson et al., 2014). 
 
Governments could regulate inequality through taxation and financial aid (Keeley, 2015). 
Acemoglu and Restrepo (2016) believe that “In addition to the usual taxes and subsidies to 
internalize monopoly markups and technological externalities, the social planner will need to 
impose a tax on automation and a subsidy on the creation of new tasks in order to combat the 
tendency of the decentralized equilibrium to automate excessively” (p30). The challenge of a 
tax on machines is that it would limit private companies in continuing to invest in automation, 
which as a result, could decrease productivity. Moreover, it may trigger relocation to other 
countries if the tax is not universally applied. 
 
Productivity is the engine of economic growth, economic progress and a more even distribution 
of income. Ways to increase productivity are an efficient allocation of workers to their best 
suited occupations as well as increasing efficiency of firms lacking technological knowledge 
(OECD, 2015). 
 
According to the OECD (2015), in order to sustain and increase productivity, at least the 
following 3 policies are needed: 
 
● “...foster innovation at the global frontier and facilitate the diffusion of new 

technologies to firms at the national frontier...” (p.9). 
          
● “...create a market environment where the most productive firms are allowed to thrive, 

thereby facilitating the more widespread penetration of available technologies...” (p.9).
   

   
● “...reduce resource misallocation, particularly skill mismatches…” (p.9)  
           

 
A way to understand the full effects of automation would be to improve the documentation of 
technological change. With insights from data and analysis on the impacts of technology, 
innovative approaches to workers´ salaries could be developed (Acemoglu and Restrepo, 
2016). 
    
Programs that attack poverty are not enough for decreasing inequality, but a wider view is 
needed that covers aspects such as “...cash transfers but also increasing access to public 
services, such as high quality education, training and healthcare, constitute long-term social 
investment to create greater equality of opportunities in the long run” (OECD, 2014, p.3). 
Brynjolfsson et al. (2014) state that a possible solution for the effect of automation is to “...boost 

                                                
13 See figure 17 for an illustration of health care needs by OECD countries 
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public-sector investment over the short and medium term while making such investment more 
efficient and putting place a fiscal consolidation plan over the long run” (p. 5). 
 
In order to simultaneously increase productivity and reduce income equality, new policies that 
stress the diffusion of education for youth and adults  are needed.  Aid for workers affected by 
technological change is needed with pension programs, unemployment compensation 
programs, medical care programs and retraining programs (OECD, 2015). 
 
Another element of inequality that remains and heavily influences income inequality is what is 
called “inequality of opportunity” and according to Keeley (2015) it includes “...notably access 
to healthcare, education and jobs…” (p.37). A good and effective method that is used in 
industrialized countries to decrease inequality is a solid taxation and transferring14 system, 
which is usually nonexistent or inefficient in less developed nations (Keeley, 2015). 
 
It  is also important to adopt a tax systems that balance incentives to economic growth and 
redistribution policies (Keeley, 2015). Continuous investment in re-training and skills 
development helps those willing to get into the workforce, and ensures that worker´s 
competences are more likely to be compatible with new tasks. Since investments in 
entrepreneurship and startup may promote economic growth, employment development and 
thereby decrease inequality. Keeley (2015) stresses that policies shall be focused on 4 areas 
“...education, employment policy, taxes and transfers” (p. 103).  
 
Moreover, education levels are linked to the probabilities of job loss due to automation. Across 
the world, the lower the education that workers have, the higher the risk for displacement. That 
figure could rise to 40% of all those with secondary educations or less, and it is these people 
who have occupations that are at high risk of substitution. On the other hand, the risk of 
substitution drops to as low as 5% for those who hold a tertiary education degree (OECD, 
2016a).  
 
In the very long run there might even be an increase in the demand for manual task jobs  as 
monetary gains from automation stagnate. The subsequent increase in demand could make 
those jobs more valuable (Author, 2014). According to Calvino et al. (2015) new younger firms 
are the main generator of jobs. With this in mind Calvino et al. also state that there are 4 factors 
that influence new firms to create new jobs “... the start-up rate; the average size of firms at 
entry; the survival rate;  and the average growth rate of survivors” (2015, p.6). New firms could 
create different and better opportunities for those who just acquired new skills, since the most 
experienced workers usually prefer to work in bigger more experienced companies. 

 
 

                                                
14 See figure 14 for an example of  a successful transferring systems 
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7. Conclusions  
 
Our models do not show that ICT investments create inequality, but previous research  has 
shown that there is a link through skill-biased technological change. The output of our 
regressions show the expected positive relationship between unemployment and ICT 
investments. We conclude that unemployment is influenced by ICT investments and that more 
ICT investments will create more unemployment. Employment and GDP per capita have a 
positive relationship, meaning that the higher the GDP per capita, the higher the employment 
rate. 
 
This effect of ICT investments creating unemployment can be neutralized by programs that 
rapidly retrain and reallocate displaced workers. ICT investments help automate processes that 
increase productivity, which, according to research, creates a better life for many, but may also 
lead to unemployment and higher inequality for those without technological skills.  
 
Technological change is affecting the job market and inequality to some extent. In the short-
run both inequality and unemployment seems likely to increase even though the long-run 
implications may be beneficial for the entire society and reduce unemployment and inequality.  
  
Technology is affecting workers in different ways, and governments need to intervene to 
alleviate the different unfavorable situations for those who lose due to automation and 
technological change. 
 
Through the use of policies that incentivize the creation of jobs and the training of unskilled 
workers, the downward trends in employment may be reversed. Inequality can be ameliorated 
by a reasonably progressive tax system that favors the poorest individuals, and by social 
systems that give opportunities for proper education, nutrition, health care and easy social 
mobility for all. 
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8. Future Research  
 
We suggest that a similar new study be performed when data are available for a longer time 
period. More data regarding the association between ICT-investments, unemployment, the Gini 
coefficient, tertiary education, tax revenue and GDP per capita would offer deeper insights into 
the underlying dynamics.  
 
Future studies should also focus on more precise numbers of  job losses due to automation and 
technology. By performing this kind of analyses it could be shown whether we face a deficit or 
a surplus of jobs in net terms, and thus governments could get a better measure of interventions 
needed to ameliorate the situation. 
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10. Appendix 

 
Figure 7:  Probability of automatization by occupations in the U.S. (Frey and Osborne, 2013). 

 
Figure 8: Dynamic behavior of wages following a permanent increase in automation. (Acemoglu and Restrepo, 
2016). 
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Figure 9: Income inequality increased in most OECD countries (OECD, 2014). 
	

 
 
 
 
 
Figure 10: Estimated consequences of changes in inequality (1985-2005) on subsequent cumulative growth 
(1990-2010) (OECD, 2014). 
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Figure 11: Change in Occupational Employment Shares in Low, Middle and High-Wage Occupations in 
16 EU Countries, 1993-2010 (Author, 2015, p.15). 

 
 
Figure 12: Poverty rates for the developing world, 1981-2008 (Keeley, 2015). 
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Figure 13: Labour share of national income in OECD countries, 1990 and 2009 (Keeley, 2015). 

 
 
 
Figure 14: Inequality of market income (before taxes and transfers) and disposable income (after taxes and 
transfers) in OECD countries, late 2000s (Keeley, 2015). 
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Figure 15: Share of top 1% incomes in total pre-tax income, 1981-2012 (or latest year available) (Keeley, 
2015). 

 
 
 
Figure 16: Inequality affects how different income groups interact (Keeley, 2015). 
 
 
 

 
Trust 

Higher inequality is probably associated with reduced trust, which may 
hurt business by imposing higher “transaction costs”. For example, if a 
business trusts a customer and vice versa, they may be able to agree a deal 
without expensive legal advice and contracts. 

 
 

Social capital 

In an unequal society, people´s network of social relationships – their 
social capital – may not extend beyond their own income group and so 
may not be useful in helping them to find work. Equally, elite groups may 
use their social networks to exclude “outsiders” from economic 
opportunities. 

Social unrest Large wealth gaps can be associated with social conflicts, and with higher 
security costs, for both businesses and governments. 

 
Volatility 

High levels of inequality may take it hard for societies to come to a 
political consensus, resulting in sudden policy shifts or governments 
serving the interests of their own supporters at the expense of the greater 
good. 
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Figure 17: Unmet care needs for medical examination by income level, European countries, 2011 (Keeley, 
2015). 

 
Figure 18: Skill-biased technological change and the relative wages of skilled to unskilled workers 
(Greenhalgh, 2010). 
 
Box 10.2. Skill-biased technological change and the relative wages of skilled and unskilled workers. 
 

We contrast here two models of relative wages compared by Hornstein et al. (2005). The first model is drawn from Katz 
and Murphy (1992) and it posits factor-specific productivity. Skilled and unskilled labor are deemed to be substitutes in 
production to some degree, but they also have different productivities. Here 𝞂su	is defined as the elasticity of substitution 
of the two types of labor in production. The real wages of skilled and unskilled labor are ws and wu. In this model, which 
assumes competitive labor markets and firms choosing inputs to minimize costs, the relative wage equation that can be 
derived is: 
 
ln(ws/wu) =  [(𝞂su-1)/ 𝞂su] ln (As/Au) – [1/𝞂su] ln (ls/lu)                                (10.4) 
 
The relative wage of skilled to unskilled labor is driven by two ratios. The first is the difference in productivity growth of 
each type of labor, denote by As/Au, and the second is the relative supply of each type of labor, denoted by ls/lu. The exact 
nature and driving forces of the rise in the relative productivity of skilled workers are not specified. What equation (10.4) 
predicts is that, if the productivity of skilled labor rises faster than that of the unskilled labor, the wage ratio for skilled 
workers will increase. In contrast, if the supply of skilled labor rises faster than the unskilled, then the wage ratio will 
decrease. The higher is the degree of substitutability (i.e. the value of 𝞂su	), the larger is the positive effect of rising relative 
productivity on wages and the smaller is the negative of rising relative supply. From empirical analysis, Katz and Murphy 
estimate 𝞂su to be 1.4. However, to fit the empirical trends in wages and supply in the United States, Hornstein et al. 
comment that the relative productivity of skilled labor would have had to have grown by 11% per year, which they deem 
unlikely. The second model outlined by Hornstein et al. comes from Krusell et al. (2000). As well as different factor-
specific productivities, there are also different elasticities of substitution between capital equipment (ke) and the two types 
of labor. The elasticity of substitution between unskilled labor and equipment is here denoted by 𝞂ue = 1/(1- φ), while that 
for skilled labor and equipment is 𝞂se = 1/(1- p), The maintain hypothesis is that unskilled laboris more easily substitutable 
with equipment than skilled labor. So 𝞂ue >𝞂se. The derived relative wage equation is now 
 

ln(ws/wu) =  [(𝞂ue-1)/ 𝞂ue] ln (As/Au) – [1/𝞂ue] ln (ls/lu) +( λ(φ-p)/p)/p (ke/ls) p.                                               (10.5) 
 
The important feature of equation (10.5) is that there is an additional effect driving demand for skilled labor due to its 
complementary with equipment. The relative wage will now rise as long as there is an increase in the ratio of equipment 
to skilled labor, even if the first two terms were to remain constant. From the Krusell et al. (2000) estimates of φ = 0.4 
and p = -0.5, the elasticities of substitution are, respectively, 𝞂ue = 1.67 and 𝞂se = 0.67, showing support for the hypothesis 
that unskilled are most easily substituted for capital when the price of capital falls. 


