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7
Wage Inequality and 
Cognitive Skills
Reopening the Debate

Stijn Broecke, Glenda Quintini, 
and Marieke Vandeweyer

7.1 Background and Objectives

In the late 1990s and early into the twenty- fi rst century, a brief  debate 
raged on the importance of cognitive skills in explaining international dif-
ferences in wage inequality—a debate that was never really settled. On the 
one hand, Blau and Kahn (1996, 2005) and Devroye and Freeman (2001) 
argued that diff erences in cognitive skills played a relatively minor role in 
explaining diff erences in wage inequality between the United States and 
other advanced economies while, on the other hand, Leuven, Oosterbeek, 
and van Ophem (2004) claimed that around one- third of the variation in 
relative wages between skill groups across countries could be explained by 
diff erences in the net supply of skills.

While these papers used diff erent methodologies and, in fact, addressed 
slightly diff erent issues (wage inequality versus skills wage premiums), what 
was really at stake was the role of the market (demand and supply) as an 
explanation for diff erences in the returns to skill versus an alternative expla-
nation that attributes skill prices to diff erences in institutional setups, like 
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the minimum wage and unionization. This mirrors a wider debate in the 
economic literature that has pitched the market (including the role of tech-
nological change and international trade) against institutions in explaining 
wage dispersion. As argued by Salverda and Checchi (2014), this literature 
really consists of two separate strands that, despite not being mutually exclu-
sive, have developed in parallel with very little interaction between the two.

Since the publication of these papers, the debate on the importance of 
cognitive skills in explaining international diff erences in wage inequality 
has been left largely untouched. During this period, however, inequality has 
continued to rise. In the United States, the P90/P10 earnings ratio rose from 
3.75 in 1975 to 4.59 in 1995 and to 5.22 in 2012.1 At the same time, a grow-
ing body of evidence has demonstrated that inequality has high social costs 
(Krueger 2012; Pickett and Wilkinson 2011; Stiglitz 2012), and there also 
appears to be a growing consensus that inequality may be bad for economic 
growth (Ostry, Berg, and Tsangarides 2014; Cingano 2014).

Recently, with the availability of new data (the Survey of Adult Skills—
PIAAC),2 researchers have started looking again at the relationship between 
cognitive skills and wage inequality. Using decomposition methods identical 
or similar to Blau and Kahn (2005), Paccagnella (2015) and Pena (2014) 
also fi nd that skills contribute very little to international diff erences in 
wage inequality, and that skills prices play a far more important role. From 
this, these authors conclude that diff erences in inequality must be driven 
primarily by diff erences in institutions—a view echoed by another recent 
paper (Jovicic 2015). However, neither of these studies considers the early 
criticisms made by Leuven, Oosterbeek, and van Ophem (2004) of the Blau 
and Kahn (2005) work. In particular, Leuven, Oosterbeek, and van Ophem 
(2004) argued that skills prices will not only refl ect institutional setups but 
also basic market forces, and that the decomposition approach taken by 
Blau and Kahn (2005) ignores important dynamic aspects of the relation-
ship between skills supply and demand that determine both the returns to 
skill and wage inequality.

In this chapter, we reconsider both sides of the argument, and conclude 
that the new wave of studies based on the PIAAC data (Jovicic 2015; Pacca-
gnella 2015; Pena 2014) may have been too quick in dismissing the impor-
tance of  cognitive skills in explaining international diff erences in wage 
inequality. First, we simulate alternative wage distributions for the United 
States using the methods proposed by DiNardo, Fortin, and Lemieux (1996) 
and Lemieux (2002, 2010) to see what would happen to wage inequality in 
the United States if  it had (a) the skills endowments and (b) the skills prices 
of other PIAAC countries. Consistent with the aforementioned studies, this 
exercise leads us to conclude (a) that diff erences in skills endowments can-

1. These fi gures are taken from the OECD earnings database and are estimated using gross 
usual weekly earnings of full-time workers age sixteen and over from the Current Population 
Survey.

2. PIAAC stands for the Programme for the International Assessment of Adult Competencies.
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not explain much of  the higher wage inequality observed in the United 
States, and (b) that higher skills prices in the United States account for a 
much larger share (nearly one- third on average) of the diff erence in wage 
inequality.

However, as argued by Leuven, Oosterbeek, and van Ophem (2004), this 
price eff ect will not just refl ect diff erences in institutions. Indeed, the higher 
price of skills in the United States will refl ect at least two factors: (a) dif-
ferences in institutions, but also (b) diff erences in the relative supply of, 
and demand for, skills. To evaluate the importance of the latter, we follow 
Leuven, Oosterbeek, and van Ophem (2004) and use Katz and Murphy’s 
(1992) demand and supply model to study the relationship between the net 
supply of skills, on the one hand, and wage inequality, on the other. While 
tentative, this analysis shows that market forces do indeed matter, and that 
diff erences in the relative net supply of high-  versus medium- skilled workers 
can account for 29 percent of the higher P90/P50 wage ratio in the United 
States (although the net supply of skills explains little of the higher wage 
inequality at the bottom of the wage distribution). We show that these fi nd-
ings are robust to the inclusion of labor market institutions in the set of 
control variables of the regression.

We also explore the extent to which higher wage inequality in the United 
States might be compensated for by relatively higher employment rates 
among the low skilled. Contrary to this “wage compression” hypothesis, 
and consistent with fi ndings from Freeman and Schettkat (2001) and Jovicic 
(2015), we fi nd that the employment (unemployment) rates of the low skilled 
are not much higher (lower) in the United States relative to those of the high 
skilled than they are in other countries. We also fi nd that the ratio between 
the average skills levels of the employed and the unemployed is quite high 
in the United States which, once again, is inconsistent with the idea that 
higher wage inequality is the price paid for better employment outcomes 
for the low skilled.

The next section of  this chapter describes the PIAAC data we use in 
our analysis, and provides a descriptive overview of wage inequality, skills 
endowments, and prices in the twenty- two Organisation for Economic Co- 
operation and Development (OECD) countries included in our sample. 
Section 7.3 introduces the method we employ for analyzing international 
diff erences in wage inequality and presents the results obtained. Section 7.4 
covers the demand and supply analysis, and section 7.5 tests the robustness 
of these fi ndings to the inclusion of labor market institutions. Section 7.6 
explores the wage compression hypothesis, while section 7.7 concludes and 
off ers some pointers for future research.

7.2 Data

The data collected by the OECD’s 2012 Survey of Adult Skills (PIAAC) 
off ers an unparalleled opportunity to investigate the relationship between 
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cognitive skills and wage inequality. The survey directly assessed the profi -
ciency of around 166,000 adults (age sixteen to sixty- fi ve) from twenty- four 
countries3 in literacy, numeracy, and problem solving in technology- rich 
environments. In addition, the survey collected information on individuals’ 
skills use in the workplace, as well as on their labor market status, wages, edu-
cation, experience, and a range of demographic characteristics. The achieved 
samples range from around 4,500 in Sweden to nearly 27,300 in Canada. In 
this chapter, the focus is on the twenty- two OECD countries in the sample 
(i.e., excluding the Russian Federation and Cyprus).

The direct assessment of cognitive skills in PIAAC represents a signifi cant 
improvement over the more traditional skills proxies (such as years of edu-
cation, qualifi cation levels, and experience) used in many other surveys and 
research. Such direct measures are particularly important when doing inter-
national comparisons because a year of education, for example, will mean 
something very diff erent from one country to another, partly because there 
are important diff erences in the quality of  educational systems between 
countries. By contrast, the PIAAC assessments were deliberately designed to 
provide reliable measures of skills profi ciency that can be compared across 
countries, languages, and cultures. There is also a growing body of research 
that has highlighted the importance of  cognitive skills in determining a 
range of labor market outcomes, including employment and wages (e.g., 
OECD 2014; Hanushek et al. 2015).

It is important to point out that cognitive skills are not the same as the 
task- based defi nition of skill emerging from the literature on routine- biased 
technological change (see, e.g., Autor, Levy, and Murnane 2003; Autor, 
Katz, and Kearney 2006; Autor and Dorn 2013). While cognitive skills can 
be seen as characteristics of the worker and refl ect his or her education and 
personal background, as well as a number of other factors, tasks focus on 
the content of occupations. There is not necessarily a one- to- one mapping 
between the two, and any worker with a particular skills set can perform 
a variety of tasks. In addition, the set of tasks performed by a worker can 
change in response to changes in the labor market, which are driven by 
technological progress, globalization, and other such trends.

The two skills concepts are nonetheless closely related. According to the 
routine- biased technological change hypothesis, routine tasks (i.e., those 
that can easily be automated) are disappearing (and with it the demand for 
routine skills), while the demand for nonroutine tasks and skills is rising. 
The concept of nonroutine skills encompasses a wide array of skills, but 
cognitive skills (or “key information- processing skills” as they are sometimes 

3. Twenty-two OECD countries/regions: Australia, Austria, Canada, the Czech Republic, 
Denmark, Estonia, Finland, Flanders (Belgium), France, Germany, Ireland, Italy, Japan, 
Korea, the Netherlands, Norway, Poland, the Slovak Republic, Spain, Sweden, the United 
Kingdom (England and Northern Ireland), and the United States; one region; as well as two 
non-OECD countries: Cyprus and the Russian Federation.
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referred to) form an essential part of them. These skills provide a fundamen-
tal basis for the development of other, higher- order skills, and are necessary 
in a broad range of contexts, including work. The close relationship between 
the two concepts is borne out by the data: just as there has been an increase 
in employment in nonroutine occupations, there has been growth in the 
share of employment in occupations associated with the highest levels of 
key information- processing skills (OECD 2013).

It is also important to point out that cognitive skills are assessed in PIAAC 
by focusing on the ability of  individuals to perform certain tasks. For 
example, numeracy skills in PIAAC are defi ned as the ability to “access, use, 
interpret and communicate mathematical information and ideas in order to 
engage in and manage the mathematical demands of a range of situations in 
adult life.” To this end, numeracy involves managing a situation or solving a 
problem in a real context, by responding to mathematical content/informa-
tion/ideas represented in multiple ways (OECD 2013). Literacy and problem 
solving in technology- rich environments are assessed in a similar way.

Finally, while PIAAC collected information on three diff erent cognitive 
skills, only numeracy skills will be used in the present chapter. This is because 
the three measures are highly correlated and the conclusions reached do not 
depend on the choice of measure.

A second strength of the present chapter is its ability to draw on detailed 
(and continuous) wage data for the twenty- two OECD countries/regions that 
are covered by PIAAC. In contrast, Leuven, Oosterbeek, and van Ophem 
(2004) could use only fi fteen (out of twenty) countries that participated in 
the International Adult Literacy Survey (IALS—a predecessor of PIAAC), 
because wage information was only available in quintiles for the other fi ve 
countries. Similarly, Blau and Kahn (2005) cite wage- data restrictions as a 
primary reason for focusing on just nine of the advanced countries included 
in IALS, while Devroye and Freeman (2001) use eleven. Even among the fi f-
teen countries covered by Leuven, Oosterbeek, and van Ophem (2004), wage 
data were only available in twenty intervals for three of them (Germany, the 
Netherlands, and Switzerland), while it was impossible to calculate hourly 
wages in the case of Sweden. Finally, the more recent research using PIAAC 
data also suff ers from similar problems. In the data used by Pena (2014), for 
example, continuous wage data is missing for fi ve of the countries (including 
the United States), while Jovicic (2015) does not have access to continuous 
wage data for Austria, Canada, and Sweden.

Table 7.1 off ers some basic descriptive statistics on the number of observa-
tions in PIAAC with valid wage observations, as well as on the level and disper-
sion of both skills and wages. The table shows that the United States combines 
one of the lowest levels of skill (only Spain and Italy do worse) with the highest 
skill dispersion (both at the top and at the bottom of the distribution). Gross 
hourly wages (which are expressed in PPP- corrected USD) are among the 
highest in the United States (although they are higher still in Ireland, Flanders, 
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Denmark, and Norway). Wage inequality in the United States (as measured by 
the P90/P10 wage ratio) is second only to Korea, and is particularly high at the 
top of the distribution. In contrast, Canada, Estonia, Korea, and Germany 
all have P50/P10 wage ratios higher than that observed in the United States. 
Figure 7.1 shows the full skill and wage distributions of the United States in 
comparison to the PIAAC average. The shapes and positions of these curves 
confi rm the higher skills and wage inequality in the United States, as well as 
the lower average skill level of the employed population.

To conclude this section, fi gure 7.2 shows the results of a simple Mincer- 

Fig. 7.1 Skills and wage distributions, United States and PIAAC average. A, skill 
distribution; B, wage distribution.
Note: Obtained by kernel density estimation.

A B

Fig. 7.2 The return to skill, United States and other PIAAC countries
Note: The fi gure shows the coeffi  cient on skill from a regression of log hourly wages (including 
bonuses) for wage and salary earners (in PPP- corrected USD) on standardized numeracy 
scores and a quartic of  experience.
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type regression of log wages on skills, experience, and experience squared, 
and confi rms that the higher return to skill in the United States might be one 
of the key reasons why wage inequality is so much higher. Indeed, among the 
twenty- two countries shown in fi gure 7.2, the United States is the country 
with the highest return to skill (more than twice as high as in Sweden and 
Denmark). As will be argued throughout this chapter, this higher return to 
skill in the United States will refl ect a combination of diff erences in (a) the 
demand for and supply of skill, and (b) labor market institutions, policies, 
and practices.

7.3 The Role of Skills and Skills Prices

In this section, we estimate the extent to which higher wage inequality 
in the United States is associated with diff erences in (a) skills endowments, 
and (b) skills prices. Our method diff ers from those used in the previous 
research on wage inequality and cognitive skills, and brings a number of 
improvements. Both Devroye and Freeman (2001) and Jovicic (2015) use a 
simple variance decomposition method, which cannot account for the full 
distributional aspects of both wages and skills. Blau and Kahn (2005) and 
Pena (2014) use the Juhn, Murphy, and Pierce (1993) decomposition—but 
this method has become the subject of a number of criticisms over time (Yun 
2009; Suen 1997; Fortin, Lemieux, and Firpo 2010).4 Finally, Paccagnella 
(2015) resorts to unconditional quantile regressions (Fortin, Lemieux, and 
Firpo 2010), but his application of the method only allows an analysis of the 
eff ect of overall, average skill levels (and not the entire skills distribution) on 
wage inequality. Instead, we draw on DiNardo, Fortin, and Lemieux (1996) 
and Lemieux (2002, 2010) and simulate counterfactual wage distributions 
using reweighting techniques. As will be shown below, an important attrac-
tion of this method lies in its simplicity and the visual inspection of alterna-
tive wage distributions that it permits.

While we believe that our approach off ers some improvement over previ-
ous methods used in the literature, the conclusions we reach in this section 
are essentially the same as those reached by other authors—that is, that 
diff erences in skills endowments across countries can account for little of 
the diff erence in wage inequality, while diff erences in skills prices (or how 
skills are rewarded) appear to play a far more important role. We begin this 
section by explaining our methodology in some more detail, and then pre-
sent the results.

4. One of the main criticisms of the Juhn, Murphy, and Pierce decomposition concerns the 
“residual imputation” step. In this step, the residuals of the base country are replaced with the 
similarly ranked residuals of the comparator country. However, a key assumption behind this 
approach is that these residuals (from a regression of wages on skills) are independent of skills, 
which is clearly unrealistic. For further detail, see Fortin, Lemieux, and Firpo (2010).
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7.3.1 Simulating Counterfactual Wage Distributions

To estimate the contributions of skills prices and skills endowments to 
higher wage inequality in the United States, we will estimate two sets of alter-
native wage distributions. In the fi rst, we impose the skills distributions of 
the other PIAAC countries onto the United States (holding skills prices con-
stant). In the second, we impose the skills prices of the other PIAAC coun-
tries onto the United States (this time holding skills endowments constant).

7.3.2 The Eff ect of Skill Endowments

To see what would happen to wage inequality in the United States if  it had 
the same skills distribution as the other PIAAC countries, we reweight the 
United States data to make the skills profi le of its workforce resemble that of 
the comparator country. We then estimate the diff erence this makes to wage 
inequality. Intuitively, if  the comparator country has more skilled workers, 
then the reweighting method will give more weight to skilled workers in the 
United States, while reducing the weight given to less skilled ones. Because 
the other characteristics of  the individuals are left unchanged (including 
their wages), this results in an alternative wage distribution. This alternative 
wage distribution can then be used to calculate standard measures of wage 
inequality that can be compared to those estimated on the original wage 
distribution. The diff erence between the two measures of wage inequality 
can be attributed to the diff erence in skills endowments.

More formally, assume one is interested in seeing what would happen 
to the wage distribution of the United States (US) if  it had the same skills 
distribution as country x. Then, taking an individual i in the United States, 
the original sample weights ωi,US for that individual are replaced by a coun-
terfactual weight i,US = i,US i where Ψi represents the reweighting factor. 
While DiNardo, Fortin, and Lemieux (1996) suggest regression methods to 
compute the reweighting factor Ψi, the latter may be obtained more simply 
and nonparametrically if  the data can be divided up in a fi nite number of 
cells (Lemieux 2002). In the case of skills, this is indeed possible.

In practice, the procedure is implemented as follows. The data for the 
United States and the comparator country are divided into skill cells/inter-
vals s of  5 points each,5 and the shares of the total workforce employed in 
each cell, θs,US and θs,x, are calculated. One can then reweight the US data 
to approximate the skills distribution of the comparator country by simply 
using the following reweighting factor:

i = s,x

s,US .

5. Except for individuals at the top (more than 355 points) and bottom (fewer than 180 points) 
of the distribution. These are put into two separate groups.
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7.3.3 The Eff ect of Skill Prices

The price eff ect simulations are inspired by a method proposed by 
Lemieux (2002). Intuitively, we give individuals with a certain skill level in 
the United States the same return to skill as individuals with that skill level 
would obtain in country x. More formally: assuming that the data can be 
divided up in a fi nite number of cells (e.g., intervals s of  5 numeracy points 
each), then changes in skill prices can be simulated by comparing the mean 
of (log) wages of skill group s in the United States, ys,US, with the mean of 
(log) wages in skill group s in country x, ys,x. The new (log) wage for each 
individual i in the United States, yi,US, can then be calculated by adding the 
diff erence between country x’s average (log) wage for skill group s and the 
average (log) wage for skill group s in the United States:

yi,US = yi,US + (ys,x ys,US).

Price and quantity eff ects may of course be applied simultaneously to 
obtain a joint eff ect on the wage distribution. The order in which these eff ects 
are calculated does not aff ect the outcome, since both are calculated within 
the same skill cell.

Figure 7.3 illustrates the eff ect on the United States wage distribution 
of  (a) adopting the skills distribution of  the average PIAAC country,6 

6. The average PIAAC country is constructed on the basis of all PIAAC observations. How-
ever, because countries with larger populations would have a greater weight and, therefore, a 
disproportionate infl uence on the distribution, the survey weights are rescaled so that the sum 
of each country’s weights is equal to one. In essence, this is equivalent to taking an unweighted 
average across countries. In addition, because wage levels diff er signifi cantly across countries, 

Fig. 7.3 Simulating alternative wage distributions in the United States based on 
PIAAC skills endowments and prices
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(b) adopting the skills prices of the average PIAAC country, and (c) adopt-
ing both the skills distribution and prices of the average PIAAC country 
simultaneously. As the fi gure shows, imposing the skills distribution of the 
average PIAAC country onto the United States would change the wage dis-
tribution somewhat, but would have relatively little eff ect on wage inequality 
(as indicated by the height of the distribution). Imposing skills prices of the 
average PIAAC country would, however, have a more important compress-
ing eff ect on the wage distribution. Similarly, imposing both the skills dis-
tribution and prices of the average PIAAC country onto the United States 
would lead to a fall in wage inequality.

Table 7.2 contains the full set of results from our analysis.7 The fi rst set 
of  columns shows the impact on wage inequality in the United States if  
it adopted the skills distribution of the comparator country. It essentially 
confi rms the fi ndings of earlier papers (e.g., Blau and Kahn 2005) that the 
contribution of cognitive skills to explaining higher wage inequality in the 
United States is small. One diff erence is that the earlier analysis had found 
that the contribution of skills was positive (ranging from 3 percent to 13 per-
cent on average), while table 7.2 indicates that, in most cases, the contribu-
tion is actually negative—that is, that the P90/P10 wage ratio in the United 
States would increase if  it had the skills distribution of  the comparator 
country (the estimates suggest that it would be around 10 percent higher 
on average). Only if  the United States had the skills distribution of France, 
Poland, Ireland, Italy, and Spain would wage inequality fall.

While surprising, these results are consistent with the recent fi ndings of 
Paccagnella (2015), who fi nds that average skills levels in the United States 
can account for −4 percent, on average, of the higher P90/P10 wage ratio in 
the United States (although the author controls for educational attainment 
in addition to skills, which is likely to explain the lower estimate). Again, 
similar to Paccagnella (2015), table 7.2 suggests that these negative eff ects 
are driven primarily by the P50/P10 wage ratio (i.e., the bottom of the wage 
distribution).8 These counterintuitive results can be explained by the skills 
profi le of wages in the United States, which is signifi cantly steeper in the 
top half  of the skills distribution. Because skills prices are held constant in 
the analysis, increasing the number of skilled workers in the United States 
mechanically results in higher wage inequality as the wages of those at the 
P50 of the wage distribution would increase faster than the wages of those 
at the P10.

they need to be adjusted before being combined into a single PIAAC distribution (which would 
otherwise be too wide). Wages are therefore demeaned by country, and all the analysis is carried 
out on these country-specifi c deviations from the mean.

7. The full set of fi gures associated with these simulations can be found in appendix fi gure 
7A.1.

8. Blau and Kahn (2005) also fi nd some negative eff ects, but these are at the top of the wage 
distribution (P90/P50), and for males.
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The diff erence between our results and those of Blau and Kahn (2005) 
may be driven by the diff erent methodology that we use. When we apply 
Blau and Kahn’s (2005) methodology to the PIAAC data, we still fi nd that 
the contribution of skills is small and negative on average (−7.9 percent)—
however, this result is driven primarily by a large negative eff ect for Estonia.9 
Excluding this country, we fi nd that the contribution of skills is still small, 
but positive (4.5 percent, on average)—as in Blau and Kahn (2005). How-
ever, to confi rm that this diff erence in results is truly driven by the diff erence 
in methodology, one would also want to run the experiment the other way 
around, and use our methodology on the IALS data. Unfortunately this was 
not possible because access to the detailed IALS wage data is restricted for 
the United States and we were unable to obtain access to these. One cannot 
rule out, therefore, that some of the diff erence between our results and those 
of Blau and Kahn (2005) is also driven by (a) a real change over time in 
the role that skills play in explaining higher wage inequality in the United 
States, and (b) the country coverage in PIAAC, which is diff erent from the 
one of IALS.

On the whole, however, the most important conclusion that emerges from 
the above analysis is that, despite our diff erent (and, we believe, improved) 
methodology, our fi ndings are largely consistent with those of  Blau and 
Kahn (2005)—that is, diff erences in skills endowments across countries can-
not account for much of the diff erences in wage inequality.

The second set of fi ndings presented in table 7.2 are also consistent with 
both Blau and Kahn (2005) and Paccagnella (2015)—that is, skills prices 
can account for a signifi cantly larger share of  higher wage inequality in 
the United States than can skills endowments. The contribution of skills 
prices ranges from 18 percent in the Czech Republic to nearly 64 percent in 
Germany, and can explain nearly one- third, on average, of the higher wage 
inequality in the United States (excluding both Estonia and Korea, two 
clear outliers). Skills prices also tend to play a slightly more important role 
in explaining wage inequality at the top than at the bottom of the wage dis-
tribution: this is the case in eighteen of the twenty- one country comparisons 
shown in table 7.2.

While Blau and Kahn (2005) at least acknowledged the possibility that 
higher skills prices could refl ect market forces as well as diff erences in institu-
tions, the more recent research using PIAAC simply ignores this argument. 
Paccagnella (2015) concludes that the greater contribution of skills prices 
to wage inequality “suggests that economic institutions [. . .] are the main 
determinants of wage inequality,” but without actually proving this point. 
Similarly, Pena (2014) somewhat hastily concludes that institutional factors 
are more important than market forces, but she only “controls” for the latter 
by including additional demographic factors in her model. Finally, Jovicic 

9. These results are not shown, but are available from the authors upon request.
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(2015) presents a few simple correlations between labor market institutions 
and measures of wage inequality (all of which are signifi cant and have the 
“right” sign), and concludes from this that “institutions have more power” 
in explaining international diff erences in wage inequality than skills do.

We will return to the importance of market forces in explaining higher 
inequality in the next section of this chapter. Before we do so, the fi nal three 
columns in table 7.2 show the combined eff ect of skills and skills prices in 
explaining higher wage inequality in the United States. Only in the cases 
of Korea and Japan do these explain a negative part of  the diff erence in 
wage inequality with the United States. In the other countries, the joint 
contribution of skills and skills prices ranges from 11.4 percent in the case 
of England/Northern Ireland to 49 percent in the case of Italy (excluding 
Estonia, which is a clear outlier). These results are not surprising given that 
they combine the modest, negative eff ects of  skills endowments with the 
larger, positive eff ects of skills prices.

7.4 The Role of Demand and Supply

One weakness of  the wage simulation method used above (but which 
applies equally to the methods used by Devroye and Freeman [2001], Blau 
and Kahn [2005], Jovicic [2015], Paccagnella [2015], and Pena [2014]) is that 
it analyzes the role of skills from a static perspective. However, as pointed 
out by Leuven, Oosterbeek, and van Ophem (2004), this is not realistic and 
the price of skills should be seen as refl ecting at least in part the outcome of 
the dynamic interaction between demand and supply: if  the supply of skills 
increases relative to demand, then one would expect both the price of skills 
and inequality to fall.

The idea that the returns to skill (and therefore inequality) depend on 
demand and supply factors was fi rst introduced by Tinbergen (1975), who 
famously described inequality as a “race between education and technology.” 
Technological change was argued to be skills biased—that is, it increases 
the demand for more skilled workers and therefore their wage premium 
in the labor market. To keep inequality in check, the supply of skills needs 
to increase to meet that demand. It is now widely accepted that the increase 
in inequality in the United States over the past few decades can be partly 
blamed on the fact that the supply of educated workers has not kept pace 
with the rise in demand for them (Juhn, Murphy, and Pierce 1993; Juhn 1999; 
Goldin and Katz 2008; Autor 2014). While more recent theories of routine- 
biased technological change have refi ned this argument somewhat, they still 
maintain a central role for skills in explaining rising wage inequality in the 
United States (Autor, Levy, and Murnane 2003; Autor, Katz, and Kearney 
2006, 2008; Autor and Dorn 2013; Autor 2015).

The fi ndings from the previous section, and the results obtained by Blau 
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and Kahn (2005) and Paccagnella (2015), among others, therefore appear at 
odds with the story that rising wage inequality in the United States was to a 
large extent related to changes in the demand for, and the supply of, skills. 
One possible explanation for this inconsistency is that the decomposition 
methods used in the literature fail to account for the dynamic interaction 
between the demand and supply of skills. To gain a better understanding 
of how the supply of skills interacts with the demand for skills and what 
eff ect this may have on wage inequality (through its eff ect on the price of 
skills), this section applies a diff erent methodology developed by Katz and 
Murphy (1992) and used by a number of researchers since to investigate the 
relationship between the net supply of cognitive skills and wage diff erentials 
between skill groups (Blau and Kahn 1996; Leuven, Oosterbeek, and van 
Ophem 2004). The only diff erence is that, instead of looking at wage diff er-
entials between skill groups, the analysis that follows focuses on standard, 
interdecile measures of wage inequality.

To implement the Katz and Murphy (1992) methodology, we follow an 
approach similar to both Blau and Kahn (1996) and Leuven, Oosterbeek, 
and van Ophem (2004). In a fi rst step, the workforce of the average PIAAC 
country is divided into three skills groups of equal size corresponding to 
the low, medium, and high skilled, respectively. The thresholds defi ned by 
these groups (in numeracy points) are then applied to each of the twenty- two 
countries included in the sample to classify workers as either low, medium, 
or high skilled. Because the distribution of  skills varies from country to 
country, applying these PIAAC average thresholds will result in diff erent- 
sized groups of  low- , medium- , and high- skilled workers in each one of 
these countries. For example, table 7.3 shows that in Japan, 47.4 percent of 
the working- age population is high skilled according to this defi nition, but 
that in both Italy and Spain more than 50 percent is low skilled. Equally, 
the workforce in the United States is relatively low skilled, with 45.8 percent 
low- skilled workers and only 24.6 percent high- skilled workers.

The next step is to construct indices that measure how the demand and 
supply for each skill group in the United States compare to those in the 
other PIAAC countries. We start by building a supply index Supplys,x, which 
intends to measure the relative supply of skills group s in the United States 
compared to country x:

Supplys,x = ln s,US

s,x

where s,x and s,US are the shares of the labor force accounted for by skill 
group s in country x and the United States, respectively (as reported in table 
7.3). Intuitively, the supply index compares the relative importance of each 
skill group in the United States labor force with country x’s shares used as 
the norm.
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We then build a demand index Demands,x, which measures the degree to 
which the industry- occupation structure10 in the United States favors skill 
group s in comparison to country x:

Demands,x = ln 1 +
o

s,o,x

s,x

( o,US o,x)

where θs,o,x is skill group s’s share of employment in industry- occupation 
cell o in country x; θo,x and θo,US are the total shares of employment in cell o 
in country x and the United States, respectively, and s,x is the share of skill 
group s in the total workforce of country x. The demand index therefore 
represents the average diff erence in the employment shares of each indus-
try/occupation between the United States and the comparator country—
weighted by the skill intensity of each industry/occupation relative to the 
overall skill intensity in the comparator country.11 If  employment in the 
United States were strongly concentrated in industry/occupation cells that 
employ a large share of skilled workers compared to country x, the demand 

10. Industry-occupation cells are defi ned in the same way as in Blau and Kahn (1996) and 
Leuven, Oosterbeek, and van Ophem (2004).

11. Country x is chosen to calculate these weights. This is an arbitrary choice, with no eff ect 
on the results.

Table 7.3 Proportion of high- , medium- , and low- skilled individuals in the labor 
force by country (percent)

 Country  Low  Medium  High  

Australia 34.3 32.2 33.4 
Austria 28.0 35.2 36.9 
Canada 36.5 31.4 32.0 
Czech Republic 26.7 38.1 35.2 
Denmark 26.8 32.7 40.5 
England/N. Ireland (UK) 39.7 31.1 29.2 
Estonia 28.8 37.9 33.3 
Finland 24.7 31.7 43.6 
Flanders (B) 25.7 32.1 42.2 
France 43.8 31.0 25.2 
Germany 31.9 31.5 36.6 
Ireland 42.5 34.1 23.4 
Italy 50.9 31.4 17.7 
Japan 18.7 33.9 47.4 
Korea 35.5 38.7 25.8 
Netherlands 24.6 32.1 43.2 
Norway 26.3 32.1 41.7 
Poland 40.0 34.5 25.4 
Slovak Republic 26.1 36.3 37.6 
Spain 50.1 33.1 16.8 
Sweden 25.6 32.3 42.1 

 United States  45.8  29.6  24.6  
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index would be high (and vice versa).12 Table 7.4 shows the diff erence between 
the demand index for the United States and every other country, and for each 
of the three skills groups. It shows clearly that the demand for high- skilled 
workers in the United States is higher than in most other countries, while 
the demand for low- skilled workers is lower. To some extent, this is driven 
by the industry- occupation structure of employment in the United States. 
Indeed, when we look at employment shares by industry- occupation in 
the United States compared to those of  the other countries included in 
PIAAC (appendix table 7A.1), we notice that demand in the United States 
is relatively high in some high- skill industry/occupation combinations (e.g., 
managers and professionals in government and in fi nance, insurance, real 
estate, and services). By contrast, the employment share of craft workers, 
operatives, labor and service workers is relatively low in the United States.

In the fi nal step, because market forces refl ect the interaction between 
supply and demand, a “net supply” index is calculated by subtracting the 
demand index from the supply index:

12. This demand index implicitly assumes that the demand for labor is a derived demand 
refl ecting the composition of output by industry and occupation. It therefore treats output as 
an intermediate product.

Table 7.4 Diff erence in the demand for high- , medium- , and low- skilled workers 
between the United States and other PIAAC countries

   Low  Medium  High  

PIAAC −0.026 −0.012 0.037
Australia −0.013 −0.013 0.026
Austria −0.031 −0.003 0.024
Canada 0.044 −0.012 −0.042
Czech Republic −0.133 −0.019 0.109
Denmark 0.002 −0.003 0.001
England −0.048 −0.008 0.071
Estonia −0.052 0.000 0.042
Finland −0.027 −0.017 0.026
Flanders 0.022 −0.008 −0.007
France −0.072 0.010 0.103
Germany −0.048 −0.030 0.063
Ireland −0.049 −0.004 0.094
Italy −0.092 0.023 0.205
Japan −0.086 −0.015 0.039
Korea −0.138 0.009 0.155
Netherlands 0.058 −0.003 −0.031
Norway 0.019 −0.013 −0.001
Poland −0.102 −0.010 0.156
Slovakia −0.055 0.014 0.025
Spain −0.094 0.024 0.213

 Sweden  −0.007  −0.009  0.011  
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Supplys,x = Supplys,x Demands,x.

The hypothesis we then want to test is whether diff erences across countries 
in the relative net supply of skills (Supplys,x Supplys,x) can explain cross- 
country diff erences in wage inequality (as measured by interdecile wage 
ratios). Intuitively, the larger the supply of skill group s relative to demand 
in the United States compared to country x, the worse off  we expect skill 
group s to be in the United States compared to country x. For example, if  
the net supply of high-  relative to low- skilled workers is lower in the United 
States than it is in Sweden, then we would expect to see higher wage inequal-
ity in the United States than in Sweden. Indeed, juxtaposing the information 
from tables 7.3 and 7.4, we see that the United States combines a low supply 
of high- skilled workers with a high demand for such workers, while in Swe-
den the high demand for high- skilled workers is matched by a high supply—
which would help explain why inequality is higher in the United States. While 
there are other countries with a low supply of high- skilled workers (e.g., Italy 
and Spain), these countries also have a low demand for high- skilled workers 
and, therefore, lower wage inequality than the United States.

The relationship between the relative net supply of  skills and wage 
inequality is shown in graphical form in fi gure 7.4. The fi rst graph plots 

Fig. 7.4 Net supply of skills and wage inequality
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the relationship between the relative net supply of  high-  versus low- skilled 
workers, on the one hand, and the P90/P10 wage ratio on the other. Each 
observation shows the extent to which the United States diff ers with 
respect to that particular country. Taking Sweden as an example again, 
the graph confi rms that the United States has a much lower relative net 
supply of  high-  versus low- skilled workers, as well as a signifi cantly higher 
P90/P10 wage ratio. While the relationship is negative overall, it is not 
particularly strong: only 5 percent of  higher wage inequality in the United 
States can be explained by the higher net supply of  skilled workers in 
other countries.

The second graph in fi gure 7.4 shows that the relationship is much stron-
ger at the top of the wage distribution: the higher relative net supply of high-  
versus medium- skilled workers in other countries accounts for 29 percent 
of the higher P90/P50 ratio in the United States. The eff ect size is also quite 
large: a 1 percent increase in the relative net supply of high- skilled workers 
in the United States would reduce the top- half  wage inequality by 0.27 per-
cent. By contrast, the third graph shows that the net supply of skills explains 
nothing of the higher wage inequality at the bottom of the wage distribu-
tion (P50/P10).13 Finally, the fourth graph combines all the observations of 
the previous three graphs and shows that, overall, diff erences in the relative 
net supply of skills can explain 9 percent of diff erences in wage inequality 
between the United States and other countries.14

13. Leuven, Oosterbeek, and van Ophem (2004) found that diff erences in the relative net 
supply of  skills could account for 58 percent of  the cross-country variance in skills premi-
ums between medium- and low-skilled workers, and 44 percent in the case of  high- versus 
low-skilled workers. There are some important diff erences between our analysis and that of 
Leuven, Oosterbeek, and van Ophem (2014). The fi rst of  these is that we focus on wage 
inequality while they look at relative skills premiums. The second diff erence lies in the fact 
that we defi ne our skills groups using “absolute” thresholds based on the PIAAC average, 
while they defi ne them relative to one specifi c country. Because their approach means that the 
results are sensitive to the choice of  reference country, they repeat the analysis as many times 
as there are countries in their sample. This boosts their sample size which, in turn, increases 
their R-squared. When we repeat our analysis to replicate exactly the methodology used by 
Leuven, Oosterbeek, and van Ophem (2004), we fi nd that the relative net supply of  skills can 
explain 19 percent of  the cross-country variance between medium- and low-skilled workers 
and 22 percent in the case of high- versus low-skilled workers. These estimates are considerably 
lower than those found by Leuven, Oosterbeek, and van Ophem (2014). It is diffi  cult to say 
whether the diff erence represents a real change over time in the relationship between net skills 
supplies and relative wages of  skills groups, or whether it can be explained by the diff erence 
in samples. Countries included in their sample but not in ours are Chile, Hungary, Slovenia, 
and Switzerland. Conversely, countries included in our sample, but not in theirs, are Australia, 
Austria, England/Northern Ireland, Estonia, Flanders, France, Ireland, Japan, Korea, the 
Slovak Republic, and Spain.

14. Blau and Kahn (1996) also carry out a demand and supply analysis to quantify the extent 
to which higher wage inequality in the United States could be explained by diff erences in the 
relative supply of, and demand for, educated workers—but they conclude that market forces 
appear to have little explanatory power. However, Blau and Kahn (1996) derive workers’ skill 
levels simply from the number of years of schooling and work experience, and Leuven, Ooster-
beek, and van Ophem (2004) show that the Blau and Kahn (1996) results change substantially 
once more direct measures of skills are used.
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7.5 Controlling for Institutional Characteristics

The previous analysis demonstrated that the demand and supply of skills 
appear to be correlated with wage inequality. However, one may argue that 
this correlation is, in fact, driven by diff erences in labor market institutions 
that happen to be correlated with diff erences in skills demand and supply. 
To test for the robustness of the fi ndings obtained in the previous section, 
we therefore run a series of regressions identical to those reported in fi gure 
7.4, but add controls for labor market institutions, policies, and practices 
as well. The results from this analysis are reported in table 7.5. The fi rst 
column of each panel simply reproduces the regressions from fi gure 7.4, 
which shows that a signifi cant portion of the diff erence in top- half  wage 
inequality between the United States and other countries can be explained 
by diff erences in the net supply of high-  versus medium- level skills, but that 
skills do not appear to explain the higher inequality in the United States in 
the bottom half  of the wage distribution.

In subsequent columns, we include a series of controls for labor market 
institutions, policies, and practices:15 the level at which statutory minimum 
wages are set (with a dummy to control for countries that do not have a 
statutory minimum wage), the strictness of employment protection legis-
lation, the bargaining coverage rate, the size of the public sector, and the 
generosity of unemployment benefi ts. In the fi nal column, all controls are 
added simultaneously.

All the aforementioned institutions could be argued to reduce wage 
inequality, either directly or indirectly. The impact of statutory minimum 
wages is perhaps the most obvious one, as they directly boost the wages of 
workers at the bottom of the distribution.16 Even in countries with no statu-
tory minimum wage, a large part of the workforce is covered by wage fl oors 
specifi ed in sector-  and/or occupation- level collective agreements which, 
in combination with high collective bargaining coverage, are a functional 
equivalent of a binding minimum wage (Garnero, Kampelmann, and Rycx 
2015). Wage inequality could therefore be expected to be lower in countries 
with higher bargaining coverage.17 Strict employment protection legislation 
might have a more indirect eff ect by reducing employment overall, and of 
low- skilled, low- wage workers in particular. Because wages paid to low- 
skilled workers in the public sector may be higher than those that would be 
dictated by the market, the size of the public sector may also be inversely 
related with wage inequality. Finally, generous unemployment benefi ts may 
raise the reservation wages of the unemployed to the extent that low- skilled 

15. These institutional controls are added one at the time to avoid issues of collinearity.
16. See DiNardo, Fortin, and Lemieux (1996), Lee (1999), and Autor, Manning, and Smith 

(2016) for evidence of the link between minimum wages and inequality in the United States.
17. See Blau and Kahn (1996), DiNardo, Fortin, and Lemieux (1996), and Firpo, Fortin, and 

Lemieux (2011) for the impact of falling union coverage on wage inequality in the United States.
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workers decide not to work for low wages, indirectly compressing the wage 
distribution. Further details about the construction of the variables can be 
found in the notes to table 7.5.

The results show that the relative net supply of  high-  versus medium- 
level skills (panel B) always remains signifi cant in explaining higher wage 
inequality in the United States, regardless of which institutional control is 
included in the regression. By contrast, the relative net supply of medium-
  versus low- skilled workers is never statistically signifi cant (panel C). In 
panel A, which reports the results for the P90/P10 wage ratio, the coeffi  cient 
of the skills variable is insignifi cant in the regression without institutional 
controls, but it turns statistically signifi cant in most of the regressions with 
institutional controls. This suggests that diff erences in the net supply of 
skills can explain diff erences in the 90–10 gap within countries with similar 
institutional setups.

Overall, this robustness check corroborates the previous conclusion that 
the supply of skills seems to matter for wage inequality, particularly at the 
top of  the wage distribution. All the institutional controls also have the 
expected, negative impact on inequality. However, it is worth repeating that, 
based on the analysis presented here, these relationships cannot necessar-
ily be interpreted as causal. As mentioned above, there is a high degree of 
collinearity between the institutional variables. Indeed, institutions within 
a country do not evolve in isolation, and one would therefore expect a high 
degree of interdependence between them. Also, the analysis treats policies 
as exogenous factors aff ecting inequality, but there may be reason to be 
concerned by endogeneity: institutions may be introduced or adjusted in 
response to changes in inequality. Given that data are only available for 
one point in time, we cannot include country fi xed eff ects and country- level 
institutions at the same time in the regression model. The results from these 
regressions should therefore not be interpreted as causal links, but rather as 
interesting statistical correlations.

7.6 Wage Compression and Employment Eff ects

So far, we have shown that wage inequality is signifi cantly higher in the 
United States than it is in most other OECD countries. We have also argued 
that diff erences in skills are likely to play some role in explaining this higher 
wage inequality. However, skills could only explain part of  the gap and, 
as seen in section 7.5, labor market policies and institutions also have a 
compressing eff ect on the wage distribution. One key mechanism through 
which they achieve this is by artifi cially raising the wages of those at the bot-
tom of the distribution, possibly above the level that would arise under free 
market conditions. By looking at wages alone, we may therefore be ignoring 
another important aspect of inequality, which is inequality in employment 
outcomes. Indeed, in countries with stronger labor market institutions wage 

You are reading copyrighted material published by University of Chicago Press.  
Unauthorized posting, copying, or distributing of this work except as permitted under 

U.S. copyright law is illegal and injures the author and publisher.



Wage Inequality and Cognitive Skills    275

inequality might be lower, but so might the employment rates of the least 
skilled. If  unemployment and other out- of- work benefi ts are lower than 
what individuals would earn in the labor market, more compressed wage 
distributions could result in more unequal earnings distributions if  a large 
portion of low- skilled workers are forced out of a job.

In this section, we explore to what extent higher wage inequality in the 
United States might be compensated for by higher employment rates among 
the low skilled. To shine light on this issue, we once again split the workforce 
of each country into high- , medium- , and low- skilled groups using the same 
skill group defi nitions derived in section 7.4. Table 7.6 shows the employ-
ment and unemployment rates of each of these skills groups by country. 
Employment rates are generally higher in the United States than they are in 
other countries. However, the diff erences in employment rates between the 
various skill groups in the United States are comparable to those observed 
on average across the PIAAC countries. In the United States, the low skilled 

Table 7.6 Employment and unemployment rates by skill group and 
country (percent)

Employment rate Unemployment rate

  
Low 

skilled  
Medium 
skilled  

High 
skilled  

Low 
skilled  

Medium 
skilled  

High 
skilled

Australia 61.8 76.8 81.9 8.0 4.8 5.0 
Austria 64.0 72.7 81.2 5.9 4.8 3.3 
Canada 66.3 78.4 84.3 8.4 4.8 3.5 
Czech Republic 56.1 65.0 73.4 10.8 7.2 3.7 
Denmark 57.0 73.9 83.8 9.7 7.8 3.7 
England/N. Ireland (UK) 59.9 74.4 81.7 13.6 6.8 3.6 
Estonia 60.9 71.8 81.6 12.4 8.5 3.8 
Finland 54.1 70.8 78.5 10.1 5.9 4.4 
Flanders (B) 56.4 70.0 78.2 4.0 2.8 2.4 
France 57.0 65.6 73.9 11.8 9.2 5.6 
Germany 63.2 77.6 84.1 9.6 4.8 2.6 
Ireland 51.6 64.5 74.2 17.6 12.0 7.9 
Italy 48.7 59.2 73.6 17.5 12.9 7.2 
Japan 65.7 70.1 76.4 1.9 3.6 2.4 
Korea 66.7 68.1 67.2 4.4 3.7 4.2 
Netherlands 60.7 75.9 84.8 8.7 5.2 3.1 
Norway 65.0 77.7 88.1 7.1 4.3 2.3 
Poland 53.1 63.3 72.0 13.2 9.3 6.8 
Slovak Republic 42.1 62.8 71.6 23.0 9.0 6.4 
Spain 48.4 64.9 76.5 25.7 15.4 10.1 
Sweden 57.9 73.9 83.0 12.4 7.0 3.4 
United States 63.5 78.4 85.7 14.5 8.3 4.0 
PIAAC average  58.2  70.7  78.9  11.4  7.2  4.5 

Note: PIAAC average is the unweighted average of the country employment and unemploy-
ment rates.
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(medium skilled) are 26 percent (9 percent) less likely to be employed than 
the high skilled, while the equivalent PIAAC averages are 26 percent and 
10 percent, respectively. The least skilled in the United States are therefore 
not more likely to be in employment relative to the more skilled—which 
contradicts the wage compression hypothesis. Overall, there is a slight nega-
tive relationship between wage inequality (as measured by the P90/P10) and 
the percentage diff erence in employment rates between high-  and low- skilled 
groups (although this is signifi cant only at the 10 percent level). Countries 
like Japan and Korea have relatively high wage inequality, but small diff er-
ences in the employment rates of diff erent skills groups, while Scandinavian 
countries tend to have low wage inequality, but relatively large diff erences in 
the unemployment rates of diff erent skills groups.

Turning to unemployment rates, there is even less support for the wage 
compression hypothesis in the United States: the low skilled (medium skilled) 
are 3.6 (2.1) times more likely to be unemployed than the high skilled. The 
equivalent PIAAC average ratios are 2.5 and 1.6, respectively. Again, there 
is very little evidence of  a relationship between wage inequality and the 
relative unemployment rates of skills groups across countries. Some coun-
tries with much lower wage inequality than the United States have similar 
unemployment ratios between skills groups (e.g., Sweden), while others have 
much higher unemployment gaps (e.g., Flanders). Overall, these results do 
not suggest that higher wage inequality in the United States results in bet-
ter relative employment outcomes for the low skilled—which is consistent 
with earlier fi ndings from Nickell and Bell (1996), Freeman and Schettkat 
(2001), and Howell and Huebler (2005), as well as with more recent analysis 
by Jovicic (2015).

An alternative way of assessing the employment eff ects of wage compres-
sion is to look at whether the skills of the unemployed diff er from the skills 
of the employed. If  wage compression were pushing the least skilled into 
unemployment, one would expect the unemployed to be signifi cantly less 
skilled than the employed. Table 7.7 reports the average numeracy scores 
for the unemployed and employed by country. While the average skill level 
of the unemployed is (nearly) always lower than that of the employed, the 
employed- to- unemployed average skills ratio ranges from 1 in Korea to 1.14 
in England/Northern Ireland. In the United States, this ratio (1.10) tends to 
be quite high as well (i.e., the unemployed are relatively less skilled compared 
to the employed than they are in other countries). Once again this is incon-
sistent with the idea that higher wage inequality might be the price paid for 
higher employment rates among the low skilled.

While table 7.7 looked at the average skills of the employed and unem-
ployed in each country, fi gure 7.5 sheds some light on how these skills are 
distributed. It shows the proportion of the employed and unemployed who 
are low, medium, and high skilled, respectively. Compared to the PIAAC 
average, the unemployed in the United States are disproportionately low 
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skilled, but this will partly refl ect the fact that skills are generally lower in the 
United States. More important, the proportion of unemployed among the 
low skilled is 1.63 times the proportion of employed among the low skilled, 
while this ratio is 1.54 across PIAAC countries on average.

7.7 Conclusion

The collection and publication of new data from internationally compa-
rable assessments of cognitive skills has sparked renewed interest in the rela-
tionship between skills and wage inequality (e.g., Jovicic 2015; Pacca gnella 
2015; Pena 2014). While the earlier literature on this topic was divisive and 
did not come to any defi nite conclusions about the role of skills, the more 
recent literature has tended to ignore an entire side of the earlier argument 
and claims that skills matter very little to explaining international diff er-
ences in wage inequality. This assertion seems counterintuitive, however, 
given (a) that skills play an important role at the individual level in terms of 
determining wages (Hanushek et al. 2015), and (b) that skills- /routine- biased 
technological change has played a crucial role in labor market polarization 

Table 7.7 Average skills by employment status and country (points)

   Employed  Unemployed  P- value  

Australia 275 262 0.002
Austria 280 265 0.001
Canada 272 249 0.000
Czech Republic 281 259 0.000
Denmark 286 265 0.000
England/N. Ireland (UK) 270 237 0.000
Estonia 278 258 0.000
Finland 290 271 0.000
Flanders (B) 287 278 0.036
France 261 245 0.000
Germany 278 248 0.000
Ireland 264 247 0.000
Italy 255 236 0.000
Japan 291 286 0.286
Korea 264 264 0.925
Netherlands 287 265 0.000
Norway 285 257 0.000
Poland 267 251 0.000
Slovak Republic 285 258 0.000
Spain 256 235 0.000
Sweden 287 255 0.000

 United States  260  236  0.000  

Notes: PIAAC average is the unweighted average of the country skill levels. The P- values re-
ported are from a test of  the equality of mean skill levels between the employed and unem-
ployed.
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and rising inequality (Juhn 1999; Goldin and Katz 2008; Autor and Dorn 
2013; Autor, Katz, and Kearney 2006). The primary purpose of this chapter 
was therefore to fully revive the earlier literature on cognitive skills and wage 
inequality and to show that, despite the availability of new data, this earlier 
polemic remains unsettled. Indeed, as the results in this chapter have shown, 
there does appear to be a role for skills in explaining international diff erences 
in wage inequality, which operates primarily through the relative balance 
between supply and demand. What has been missing to date, however, is 
the methodology to make comparable assessments of  the importance of 
skills and labor market institutions in determining wage inequality. This 
would require a unifi ed framework for analysis, and should be a priority for 
future research.

A

B

Fig. 7.5 Distribution of skill levels among employed and unemployed. A, United 
States; B, PIAAC average.
Note: PIAAC average is the unweighted average of the country shares.
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Appendix

Fig. 7A.1 Wage simulations of skill endowment and price eff ects
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