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Abstract   

For many years, the Netherlands has been considered an exception to the general trend of growing wage 

inequality that most OECD countries have experienced since the 1980s. This OECD trend is generally 

explained by increasing relative demand for skilled labour due to skill biased technological progress and – 

to a lesser extent – by globalization. Using detailed micro data on the entire wage distribution in the 

Netherlands, this paper examines trends in Dutch (real pre-tax) wage inequality between 2000 and 2008. 

We show that the aggregate flatness of the distribution hides dynamics between different groups and 

regions. We find that inequality, after correcting for observed worker characteristics, decreased somewhat 

at the lower half of the wage distribution, while increasing slightly at most of the upper half  (both before 

and after correcting for differences in human capital). Residual wage inequality is high and increasing in 

most larger cities, which is in line with recent evidence on the increasing importance of agglomeration 

externalities.  
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1. Introduction 

Rising wage inequality in the United States and other OECD countries has provoked debates on 

the severity of this phenomenon, its causes, and its potential remedies. Up to now, however, the 

size of changes in the income distribution and especially its causes, have remained controversial 

issues. During the 1980s and 1990s, wages of some groups on the U.S. labour market – especially 

blue collar workers – have fallen in real terms, whereas the wages of workers in the higher 

percentiles of the wage distribution have grown substantially (Lawrence, 2008). The Netherlands 

is often considered an exception to this general picture. Changes in wage inequality have been 

mild, both when compared to the substantial increase in U.S. wage inequality and when 

compared to trends in most other European countries. For The Netherlands, Ter Weel (2003) 

shows that the 90–10
th 

percentile wage differential increased by less than two percent between 

1992 and 1998, after having increased by eight percent between 1986 and 1992. Similarly, 

Atkinson and Salverda (2005) have shown that Dutch inequality has remained fairly stable during 

most of the 1977–1999 period.  

 The literature on Dutch wage inequality in recent years is limited, despite several 

important trends such as globalization and the advent of ICT that may have impacted the wage 

distribution, especially in the past decade. This paper describes and explains trends in the Dutch 

wage distribution during the 2000–2008 period, using detailed micro data on wages and 

employee characteristics. We show that the best-paid workers have gained more during this 

period than workers in the middle of the distribution. Workers at the lower percentiles, however, 

have gained as well relative to the median worker. The 99–90
th

 wage differential has increased by 

1.3 percent, and the 90–50
th

 differential by 0.2 percent. At the bottom end of the wage 

distribution, inequality has fallen, as the 50–10
th

 differential decreased by 2.0 percent. The net 

effect of these changes on aggregate inequality measures such as the Theil and Gini coefficients 

boils down to only a very moderate increase in inequality.  

An important advantage of using micro data instead of macro data is that the former can 

provide insights in how changes observed in the aggregate wage distribution are related to 

changes in (implicit) prices and volumes of individual worker characteristics. This allows us to 

show that changes in aggregate wage inequality have no single explanation, but are the net effect 

of diverse and complex interactions on the labour market. More specifically, we will describe 

levels and trends of Dutch wage inequality, and apply the framework of Juhn et al. (1993) to 
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distinguish three types of effects: (i) quantity changes of observable worker characteristics – e.g. 

the effect of changes in labour market composition; (ii) changes in the implicit prices of worker 

characteristics; and (iii) residual changes that are related to unobservable worker characteristics. 

Additionally, we use this method to identify trends in prices and quantities of isolated 

components of human capital, like education and age. Well-paid jobs are not uniformly 

distributed across professions and regions. We will therefore present our results not only for the 

economy as a whole, but also for different regions. This shows that after correcting for observed 

human capital, wages in the four largest agglomerations of the Netherlands (Amsterdam, 

Rotterdam, The Hague and Utrecht) pay a premium of 8.9 (8.3) percent in 2008 (2000). 

Skill-biased technological progress is generally considered the most plausible explanation 

for increasing wage inequality in the U.S. (Katz and Murphy, 1992; Autor et al., 1998 and 2006). 

Other potential causes are globalization, reduced supply of skilled labour, and labour market 

institutions (see, for example, Nahuis and De Groot, 2003). The theories result in very similar 

testable hypotheses: rising skill and experience premiums. The mechanisms through which they 

operate are, however, very different. In the first case, technological progress increases relative 

demand for skills. For example, the advent of information and communication technology might 

be in favour of especially the high-skilled (Katz and Murphy, 1992; Autor et al., 1998 and 2006). 

In the case of globalization it is increased competition with countries housing large pools of 

unskilled workers that reduces the relative demand for low-skilled and thus increases the skill 

premium. The third case emphasises the fact that access to higher education is no longer 

increasing as it did during the 1970s and 1980s reducing the (growth of) the supply of high 

skilled (or alternatively that the quality of high skilled is deteriorating). It has proven difficult to 

empirically separate these different forces, and the debate is far from settled. Ter Weel (2003) 

and Nahuis and De Groot (2003) argue that the relative stability of the Dutch wage distribution is 

explained by the fact that educational attainment has continued to grow for a relatively long 

period in time. Increased demand for skilled labour (possibly caused by skill biased technological 

progress or globalization) was thus balanced by increased supply of skilled workers, such that the 

resulting price of skills showed little change. In countries where supply of skilled labour 

remained constant, it resulted in a higher skill premium and thereby higher wage inequality. 

Nowadays, the number of highly educated workers is increasing at a much lower rate. Reduced 

supply of skilled labour is likely to increase the skill premium and, again, to raise inequality. In 
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the Netherlands, the skill premium has increased by 12.3 percent between 2000 and 2008, which 

suggests that the market for skills has tightened. Finally, the effects of labour market institutions 

on the wage distribution can be substantial (Alderson and Nielsen, 2002; De Groot et al., 2006a 

and 2006b, Gottschalk and Smeeding, 1997). Changes in the way wages are negotiated, minimum 

wages, unemployment benefits, unionisation, and other institutions are known to be important 

determinants of wage inequality (Teulings and Hartog, 1998). 

 The remainder of this paper is organized as follows. The next section will present the 

micro data used in this paper. Section 3 presents descriptive statistics on (trends in) Dutch wage 

inequality between 2000 and 2008. Section 4 discusses the methodology that we have used to 

decompose trends in inequality in different components, and present the results of this exercise. 

Section 5 focuses on the regional dimension of wage inequality. And Section 6 concludes. 

2. Data 

We use employee micro data from Statistics Netherlands (CBS). Data on worker characteristics 

are drawn from nine consecutive cross-sections of the annual labour market survey (EBB, 

Enquête Beroepsbevolking) covering the period 2000–2008.
2
 For wages, we rely on tax data 

reported by employers, available through the CBS social statistics database (SSB, Sociaal 

Statistisch Bestand). For workers with multiple jobs, we include each job as a separate 

observation. We have used the CBS consumer prices deflator (CPI, Consumenten Prijs Index) to 

deflate annual earnings. Throughout most of our analyses, we rely on log hourly wages, defined 

as the natural logarithm of the deflated pre-tax wage divided by the number of hours worked. 

To make sure that only workers with a sufficiently strong attachment to the labour market 

are included, we have imposed the following restrictions. First, workers must be aged 18–65, and 

must work for at least 12 hours per week.
3
 Second, the hourly wage should exceed the minimum 

wage in 2008 (adjusted for inflation). Third, wages should not exceed 10 times the median wage 

to avoid an excess impact of extremely high incomes. We use age as a proxy for experience, 

which captures different sources of human capital, including – but not limited to – present and 

                                                 
2
 Due to methodological changes in the labour market survey, there is a discontinuity in our dataset between 2005 

and 2008. The effects of this change have been filtered out keeping the wage distribution constant between 2005 and 

2006. 
3
 Statistics Netherlands defines workers with a working week of at least 12 hours as employed, workers with a 

working week of at least 36 hours are considered full-time employees. Jobs occupied by teenagers are often sideline 

jobs, that would be outliers in our dataset.  
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previous occupations. We measure education as the nominal number of years of schooling that is 

needed to achieve the highest level of education that a worker has successfully achieved. Other 

worker characteristics that are included are country of birth (a binary variable that indicates 

whether a worker is born in the Netherlands or not), gender, and whether a worker is employed 

part-time or full-time. The resulting dataset of nine cross-sections contains 436,734 observations, 

an average of 48,526 per year. 

Table 1 presents some descriptive statistics on the key variables of interest. It must be 

kept in mind that all figures reflect our sample rather than the total Dutch working population, 

and thus may not be fully representative. Pre-tax real wages have increased by 6.3 percent 

between 2000 and 2008. Even though the period of observation is limited, some pronounced 

changes have occurred. Workers in 2008 have experienced on average 0.51 years more education 

than workers in 2000, and are 1.91 years older. The share of women has increased by 6.3 

percentage points, while the share of part-time jobs increased by 1.3 percentage points. As part-

time workers and females tend to be overrepresented at the lower percentiles of the wage 

distribution, and older and higher-educated workers feature most prominently at the higher 

percentiles, this could have resulted in increasing wage inequality. If, however, changes in 

worker characteristics are evenly distributed (if the higher average age is, for example, not the 

result of increased labour market participation of older workers, but only a level effect), 

inequality would have remained unchanged. The use of micro data gives the possibility to 

determine what driving forces are dominant, and how they interact. 
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Table 1. Descriptive statistics, 2000–2008 

  2000 2002 2004 2006 2008 
      

# Observations 17,829 22,953 45,553 82,676 82,089 
      

Log real hourly wage 2.913 2.939 2.955 2.955 2.976 

 (0.424) (0.422) (0.426) (0.425) (0.426) 

Age 40.67 41.12 41.78 42.19 42.58 

 (10.48) (10.64) (10.75) (10.68) (11.00) 

Education (years) 14.39 14.45 14.71 14.83 14.90 

 (3.162) (3.148) (3.129) (3.119) (3.116) 

Females 0.368 0.397 0.415 0.420 0.431 

 (0.489) (0.492) (0.493) (0.494) (0.495) 

Part-time 0.506 0.531 0.567 0.582 0.566 

 (0.483) (0.487) (0.492) (0.493) (0.496) 

Foreign born 0.072 0.075 0.071 0.074 0.080 

  (0.258) (0.264) (0.258) (0.262) (0.271) 
 

Note: standard deviations are between parentheses. 

 

3. Trends in inequality 

Before we start exploring the determinants of both levels and trends in the distribution of wages, 

we first look in somewhat greater detail at the dynamics of wage inequality in the Netherlands. 

Figure 1 shows how the distribution of pre-tax real hourly wages of employees in the Netherlands 

changed during the last decade. Wage inequality among full-time working employees increased 

somewhat (see panel A). However, when we look at part-time working employees, the trend is 

opposite. The net effect of the trends for full-time and part-time workers is close to zero. The 

90/10, 80/20 and 50/10 percentile ratio of the wage distribution of full-time workers remained 

unchanged (see panel B), while the 80/20-ratio increased slightly, and the 90/10-ratio increased 

somewhat more. This implies that the slight change of inequality was due to changes in the wage 

distribution. 
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Figure 1. Trends in wage inequality, 2000–2008 

 

A. Standardized Gini and Theil coefficients B. Standardized percentile ratios of full-time workers  
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These results are in line with previous studies on wage inequality in the Netherlands (Ter Weel, 

2003, Irrgang and Hoeberichts, 2006; Suyker and De Groot, 2006; SCP, 2007, Van den Brakel-

Hofmans, 2007). Comparative research into wage inequality in advanced countries indicates that, 

during the past two decades, wage inequality increased in most OECD countries (OECD, 2007; 

Gottschalk and Smeeding, 1997). The Netherlands thus appears to be one of the few exceptions 

to the general trend. There is some variety in studies that rank countries based on wage 

inequality, but the Netherlands is generally viewed as a country with a relatively egalitarian 

distribution and only a slight increase in inequality (see, for instance, Förster and Mira d’Ercole, 

2005; Burniaux et al., 2006).4 Notwithstanding these results, recent findings of Straathof et al. 

(2010), indicate that also in the Netherlands top wage inequality has started to increase 

somewhat, following the international trend.  

 As the Theil index is an entropy, it is relatively straightforward to decompose inequality 

into different components (Theil, 1979). Authors like Bourguignon (1979) and Shorrocks (1980) 

have developed a simple methodology to decompose inequality into a within-group component 

and a between-group component. Inequality within each subgroup g is given by: 
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4
 The OECD (2007) reports the same for disposable income, but reports a clear increase in wage dispersion measured 

as the 90
th

 to 10
th

 percentile ratio.  
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where lg is the number of workers in group g, wg,i the wage of each worker and wg the average 

wage of the workers in the group. Inequality between these subgroups is then given by 
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where N equals the number of groups that are defined, L the total labour force, and w  the average 

wage across all workers. When inequality within each subgroup has been calculated using 

equation (1) and between-group inequality using equation (2), total inequality is equal to the sum 

of average within-group inequality Tg in each of the N subgroups that were distinguished 

(weighted by their economic weight) and between group inequality: 
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The Theil index thus provides the possibility of an exact decomposition of inequality, where 

different components are meaningful and can be added by simple mathematical manipulations. A 

disadvantage of the Theil index – which is equal to the mean product of income and its own 

logarithm (Theil, 1972, pp. 100) – is that its interpretation has no clear economic logic. The 

popularity of the Theil coefficient in the economic literature is thus largely based on its suitability 

for estimating the contribution of different groups to total inequality (Fields, 1979).
5
 

 The Theil coefficient can also be used to further decompose total between group 

inequality into the specific contribution of each type of between group inequality (e.g. education, 

experience, gender and part-time vs. full-time in our case), by a more sophisticated extension of 

the Theil model that was introduced by Fishlow (1972). The contribution of one type of between 

group inequality can be written formally as: 
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5
 In this respect, the Gini coefficient is the exact opposite of the Theil coefficient. The Gini coefficient is often used 

for its clear economic interpretation, which originates in the Lorenz curve. Gini decomposition procedures have been 

developed by, among others, Rao (1969) and Fei and Ranis (1974). These methods are not based on weighting 

different inequality components, since ranking of subgroups on each of this different inequality is required, but on 

more complex calculation methods (Fields, 1979). 
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Similar equations yield the contribution of gender and experience to total inequality between 

groups. Total between-group inequality is given by the sum of the different components, and a 

remaining part with random effects and interactions. Formally: 

 

 nsinteractiobetweentimepartbetweengenderbetweenexperiencebetweeneducationbetweenbetween TTTTTT −−−−−− ++++= .  (6) 

 

We use this equation to determine how much of total between-group inequality is explained by 

variation among industry, gender, and experience wage averages. The difference between 

equation (2) and equation (6) stems from the exclusion of variation in income classes, and is 

equal to the within-group variance. 

Figure 2. Trends in wage inequality, 2000–2008 

 

Theil coefficients of within and between inequality Additional decompositions for 2008  

 

 

 

  

 

  

 

 

 

 

The left panel of Figure 2 shows the development of total, within and between-group inequality, 

as computed by the method described in equations (1)–(3). It reveals a marginal increase of total 

wage inequality. About 40% of inequality is due to between-group differences, and it appears that 

the share of between-group inequality has remained fairly constant. The right panel of Figure 2 

and Table 2 shows the results of a further decomposition of inequality between groups with the 

method described in equations (4)–(6). The most important source of between-group inequality is 

Between 
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between workers with different levels of education, followed by differences between workers that 

differ by age. A relatively small effect is attributed to differences between genders or differences 

between part-time and full-time workers. Looking at the trends in Table 2, it becomes clear that 

there is a relatively high variation over time in the different components that sum up to the more 

constant overall inequality. Inequality between education groups increased by 14%, but this was 

overcompensated by steep decreases in inequality between workers with different experience 

levels (–34%). The gender gap remained constant, while the amount of inequality associated with 

differences between part-time and full-time workers has more than doubled. 

Table 2. Theil decomposition of pre-tax wage inequality 

       2000        2002        2004        2006      2008 
      

Total 10.88 10.98 11.40 11.66 11.39 

Within groups 5.98 6.19 6.76 6.98 6.58 

Between groups: 4.80 4.71 4.62 4.67 4.81 

   Education 2.31 2.51 2.44 2.52 2.63 

   Experience 2.03 1.62 1.40 1.31 1.32 

   Gender 0.72 0.64 0.74 0.70 0.72 

   Part–time 0.12 0.18 0.21 0.26 0.36 

Interactions –0.09 –0.10 –0.12 –0.12 –0.22 

 

As the Gini and Theil indices are aggregate measures for inequality, they are not very informative 

about where in the wage distribution changes have occurred. An observed change in the 

coefficients can be consistent with many different underlying processes. Figure 3 shows recent 

trends in Dutch wage inequality, as measured by percentile changes of log hourly wages between 

2000 and 2008, for each percentile of the wage distribution. The median wage has increased by 

5.9 percent. The negative slope for the bottom half of the wage distribution implies that wages 

have become somewhat more equal for the lower incomes. For above median wages, the pattern 

is diverged, though most of the higher percentiles experienced above median wage growth. At the 

highest percentiles, there has been some diversion. Workers at the top five percentiles have 

gained 8.3 percent on average. It seems thus that “the rich” have gained the most, though the 

difference with the median worker is not large. It is important to note that wages in Figure 1 have 

not been corrected for a changing composition of the labour market. It could be that the people 

that are rich in 2008 have different characteristics than those in 2000. 
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Figure 3. Trends in wage inequality, 2000–2008
6
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The four panels in Figure 4 compare wage changes by percentiles for different subgroups on the 

labour market. Differences in average wage growth are related to between group inequality (e.g. 

if one curve is above another on average, average wage growth was higher in that group), while 

differences in the shape of the distributions are the result of changing within group inequality.  

Similar to Figure 3, it compares aggregated change in real log wages between 2000 and 2008. 

Panel A compares workers with different levels of education. We start by discussing level effects. 

Wages of workers with only primary education have decreased by 2.0 percent on average in real 

terms, wages of workers with secondary education increased by 3.5 percent and wages of 

workers with tertiary education by 4.9 percent. Between group inequality has thus increased (as 

the highest growth rate was experienced by the group with the highest average wage in 2000), 

which is consistent with the results of the Theil decomposition. For workers with only primary 

education, wages around the median and at the highest percentiles have decreased substantially in 

real terms, while wages at the lower percentiles have remained constant. For workers with 

secondary education, wages have increased somewhat faster at the lower than at the higher 

percentiles, thus decreasing within group inequality. Compensation of workers with tertiary 

                                                 
6
 This figure is constructed as follows: all employees have been sorted according to their log real wages in both 2000 

and 2008. We calculate the change in log real wage at each percentile between 2000 and 2008. Figure 3 gives the 

relation between the percentile and change in log wage. If wages have increased relatively fast at either the lowest or 

the highest percentiles (in the centre of the distribution), inequality as defined by common measures like the Theil or 

Gini indexes would have increased (decreased). 
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education has increased more at the higher percentiles than at the rest of the distribution, resulting 

in higher inequality. At first sight, the fact that wages increased by 6.3 percent on average seems 

incompatible with the finding that wage growth was lower than 6.3 percent at each individual 

level of education. This is, however, the result of the increased share of higher educated workers. 

As they are vastly overrepresented in the higher percentiles, this change in labour marked 

composition results in higher wages at higher percentiles of the aggregate wage distribution, even 

when inequality within education groups would not have changed at all. 

Panel B compares wages of workers of different age. Age groups mainly differ in the 

level of growth. Wages of workers in their thirties and early forties have increased by 6.8 percent, 

wages of younger workers by 8.2 percent, and wages of older workers by only 1.2 percent on 

average. This reduced inequality between groups. The most likely explanation for this 

phenomenon is a changing skill composition within the group of older workers. Well paid and 

higher educated workers are far more likely to continue working when they are old than less 

educated workers, but during the last decade policies targeted at increasing labour market 

participation of elderly workers have been implemented. As less educated workers are now also 

more likely to work in their fifties and sixties, the average level of education has decreased. This 

results in relatively low growth of wages for this group of workers. An alternative explanation is 

also related to changing institutions. Even though workers are generally thought to reach the top 

of their productivity between their forties and fifties, older workers have the highest wages for 

institutional and historical reasons. As the economy has become more competitive, inequality 

between older workers and workers of middle age could have decreased. Differences between 

trends in the distribution of wages within the different groups are relatively small. All ages show 

a similar above average growth of wages at the highest percentiles. 

Panel C shows trends in wages of male and female workers. Wages of males have 

increased by 7.2 percent on average, wages of females by 8.8 percent. Wages of both genders 

thus increased faster that the aggregate wage growth of 6.3 percent. This is the result of increased 

female labour market participation. As wages of females are on average lower than wages of 

males (male wages were 23 percent higher in 2008), increased labour market participation of 

women reduces aggregate wage growth. The diversion of wages at the top is much more 

pronounced for male than for female workers. Also, male wage inequality has increased 

somewhat across almost the entire distribution, and in particular at the highest percentiles, while 
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remaining constant for females. Within group inequality of male workers has thus increased, and 

between gender inequality was reduced. Panel D compares wages of full-time workers with 

wages of part-time workers. Wages of full-time workers increased by 9.9 percent, substantially 

faster than wages of part-time workers, which increased by 4.1 percent. The fact that growth of 

full-time worker wages outpaced aggregate wage growth is the result of an increased share of 

part-time jobs. Payment of part-time jobs has become substantially more equal across the entire 

distribution, which is consistent with a decreasing importance of cohort effects. The increased 

share of part-time jobs is closely related to increased female labour market participation. Euwals 

et al. (2007) show that the participation rate of women (at a given age) increases as they are 

member of younger age cohorts, but find that this effect is now declining. Because of this, an 

increasing share of the part-time jobs is occupied by older workers (that have higher average 

wages). This results in a shift in percentiles. 
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Figure 4. Trends in wage inequality by subgroup, 2000–2008 
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C. Change by gender     D. Part-time vs. full-time work 
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We have thus far seen that composition effects explain a large part of observed trends in the wage 

structure. The Mincerian wage regression (Mincer, 1974) is an often-used tool to analyze the 

structure of wages, as it separates variation in wages due to observed worker characteristics from 

a residual wage component. We have estimated a wage regression for each year separately, 

 

 ittitit Xw εβ +=  , (7) 

 

which explains log wages 
iw  as a function of a constant and worker characteristics 

iX , and a 

remainder iε  that is attributed to unobserved differences between workers. We include education 

(years of educational attainment), age (as a proxy for experience), gender, whether a person 
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works part-time or not, and whether a person is a foreign born or not. The results are presented in 

Table 3. The skill premium (e.g. the monetary value of having attended one additional year of 

education) ranges from 5.7 percent to 6.4 percent, and is moderately increasing over time. The 

returns to age or experience are concave, with an estimated top at 55 in 2000 and 52 in 2008. The 

career premium, measured as the expected ceteris paribus wage difference between an 18 year 

old worker and a worker at the career top ranges from 74 percent in 2000 to 70 percent in 2008. 

Male workers earn substantially more than females after correcting for other characteristics, full-

time workers more than part-time workers, and native born workers more than foreign born. The 

latter is most likely at least partially the result of omitted variables, like social skills (for example 

language). 

 

Table 3. Estimation results wage regressions, 2000–2008 

  2000 2002 2004 2006 2008 
      

Education (years) 0.057 0.061 0.062 0.062 0.064 

 (79.8) (95.9) (133.9) (167.8) (174.7) 

Age 0.059 0.062 0.062 0.064 0.063 

 (28.4) (34.6) (47.1) (77.6) (79.2) 

Age-squared –0.0005 –0.0006 –0.0006 –0.0006 –0.0006 

 (–21.2) (–27.0) (–37.8) (–63.5) (–64.8) 

Female –0.177 –0.147 –0.163 –0.197 –0.191 

 (–33.2) (–31.0) (–47.5) (–76.3) (–73.8) 

Part-time –0.031 –0.054 –0.051 –0.014 –0.038 

 (–5.8) (–11.3) (–14.9) (–5.6) (–14.9) 

Foreign born –0.067 –0.063 –0.070 –0.091 –0.087 

 (–8.0) (–8.7) (–13.1) (–20.6) (–20.7) 
      

R
2
 0.991 0.991 0.991 0.988 0.988 

 

Note: t-statistics are between parentheses. 

 

The distribution of the unexplained wage component ε i
 can be interpreted as inequality within 

groups on the labor market with narrowly defined worker characteristics, which is conceptually 

similar to the within group inequality from the previous section. Sorting all workers in our 

sample by their residual wage gives the distribution of wages independent from observed human 

capital. Figure 5 shows trends in residual wage inequality, e.g. the change in residual wage 

inequality at each percentile between 2000 and 2008. The changes in residual inequality are 

relatively low, given the fact that our data covers 9 years. Residual wage growth at the top five 

percentile was 1.5 percent above average. Wages at the lowest percentiles also increased 
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somewhat above average. This is in clear contrast with all workers between the 20
th

 and the 80
th

 

percentile, where the distribution remained very flat. When we compare Figure 5 with Figure 3, 

we see that almost all changes in aggregate wages (e.g. before correcting for human capital) are 

explained by the variables included in the Mincer equation. The resulting residual wage 

distribution is almost flat. The difference between the highest few percentiles and the rest of the 

distribution, however, are somewhat more pronounced in Figure 3, providing limited evidence for 

increasing top wage inequality. 

 

Figure 5. Trends in residual wage inequality, 2000–2008 
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4. Decomposition of changes in wage inequality 

There are several methods to analyze changes in the structure of wages. Most methods – like the 

Theil decompositions used in the previous section – typically decompose differences in average 

wages between groups of workers with certain characteristics (e.g. education, age, gender) in two 

sets of components: (i) changes in average observed worker characteristics, and (ii) changes in 

the estimated returns or prices of those characteristics. In this section, we use the technique 

developed by Juhn et al. (1993) to decompose trends in wage inequality into three components, 

(i) a part due to quantitative changes of observable worker characteristics – e.g. the number of 

workers on the labor market with certain characteristics, (ii) a part that can be attributed to price 

changes – representing the wages that are associated with each of these worker characteristics 
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given their supply – and (iii) residual changes that are related to unobservable worker 

characteristics. The method thus takes residual wage inequality explicitly into account, a feature 

that other models lack. Another important advantage of the method is that it allows us to analyze 

the entire wage distribution, instead of just the variance of wages. The method of Juhn et al. is 

based on estimating wage equations (this is just the Mincer equation, as presented in the previous 

Section): 

 

ittitit uXw += β ,          (8) 

 

where itw  is a vector with the log hourly wage of individual i  in year t, itX  is a matrix with 

individual characteristics, tβ  is a matrix vector with separate regression coefficients for each 

year and itu  an error term that captures all unobserved dimensions of the wage. In each year, we 

sort all workers according to their residual wage. The residual itu  can be separated into two 

components: the position of the individual in the residual wage distribution (a percentile rank
itθ ) 

and the cumulative distribution function of the residual wage ( )⋅tF , which gives the relation 

between the percentile rank and the amount of residual wage inequality, which varies over time. 

We thus have: 

 

( )itittit XFu |1 θ−=   ,          (9) 

 

where the right-hand side term is the inverse cumulative distribution of the residual wage of 

workers with the characteristics itX . So we are left with three sources of changing wage 

inequality: (i) changing distributions of the characteristics of workers that are captured in itX , (ii) 

changes in the prices of various observed characteristics, the estimated tβ ’s and (iii) changes in 

the distribution of the residuals (
itu ). Changes in the residual wage distribution are changes in the 

relation between the percentile rank, and the residual wage. We define β  as the average price of 

observable characteristics, and ( )
itt XF |1 ⋅−  as the average cumulative residual wage distribution 

(taking the average residual at each percentile over the years 2000–2008). Wage inequality can 

subsequently be decomposed in its three sources as follows:  

 

( ) ( ) ( ) ( )[ ]
itittitittititttititit XFXFXFXXw ||| 111 θθθβββ −−− −++−+=   .  (10) 
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The first term represents the effect of a changing labor market composition at fixed prices. The 

second term captures the effects of changing prices of the observables, keeping the quantities of 

each worker characteristic fixed, and the third and fourth term capture the effects of changes in 

the residual wage distribution. We can use equation (10) to reconstruct the wage under ceteris 

paribus conditions. At a given price level of worker characteristics and a given distribution of 

residual wages, the wage distribution is given by: 

 

( )
itittit

q

it XFXw |1 θβ −+=   .         (11) 

 

If we keep only the residual wage distribution constant, such that both prices and observed 

characteristics of workers vary over time, the distribution of wages is given by: 

 

( )
ititttit

qp

it XFXw |1, θβ −+=   .        (12) 

 

If all three sources of wage change vary together, changes in wage inequality are captured by: 

 

( )
ittitititttit

dqp

it uXXFXw +=+= − βθβ |1,,   .      (13) 

 

A convenient way to identify these different effects is to start by estimating equation (13), which 

is equivalent to equation (8). The regression coefficients of different years are used to obtain 

average prices β . After sorting the residuals (in each year separately) we can determine the 

average residual over the years in each percentile. The next step is to calculate quantity effects, 

using equation (11), and price effects, by taking the difference between equations (12) and (11). 

The effects of changes in the residual wage distribution are given by the difference of equation 

(13) and (12). 

Juhn et al. (1993) use their methodology to decompose changes in wage inequality in 

price and quantity effects for all worker characteristics together. We now propose a simple 

extension to their framework, which enables us to isolate effects of different worker 

characteristics. Let m

itx  be a vector with the quantities of individual worker characteristic m with 

corresponding price m

tβ , and itX '  a matrix with all other observed quantities (with prices t'β ), 

such that 
tittit

m

t

m

it XX βββ =+ ''x . 
itX '  is thus very similar to 

itX , but it does not include the 

variable m that we would like to isolate, which is in the vector m

itx . We define itϕ  to be the 
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position of an individual in the conditional wage distribution ( )
tititt XF ''|1 βϕ− , representing the 

distribution of wages conditional on quantities and prices of all worker characteristics except 

characteristic m. As before, m

tβ  and 
t'β  are estimated using equation (13). By keeping 

( )
tititt XF ''|1 βϕ−  constant, we can isolate the effects of changes related to characteristic m from 

changes in both the residual distribution and changes in the wage distribution related to all other 

worker characteristics. The ceteris paribus effect of changes in the quantity of m is given by: 

 

( )
tititt

m

t

m

it

q

it XFw ''|1 βϕβ −+= x   ,        (14) 

 

and the effect of changes in prices and quantities of characteristic m jointly give rise to: 

 

( )
tititt

m

t

m

it

qp

it XFw ''|1, βϕβ −+= x   .        (15) 

 

A difference between the above equations and equations (11) and (12) is that m

itx  and 

( )
tititt XF ''|1 βϕ−  are correlated, whereas itX  and ( )

ititt XF |1 θ−  are independent. Within groups 

with similar characteristics, however, the distribution of ( )
tititt XF ''|1 βϕ−  remains to be 

uncorrelated from m

itx . This implies that interdependencies between characteristic m and the 

distribution of wages related to all other worker characteristics (for example the fact that older 

workers are relatively skill abundant) is captured in ( )
tititt XF ''|1 βϕ− , whereas changes in 

( )
tititt XF ''|1 βϕ−  that are the result of changes in m

itx  are not captured. This implies that, for 

example, an increasing share of higher educated workers resulting from a higher participation 

rate of older workers – that have a higher average level of education – will not be captured. We 

can thus estimate a wage distribution corresponding to changed prices and quantities of 

characteristic m as if all other worker characteristics had remained unchanged.  

Panel A in Table 4 gives the results of the decompositions for all worker characteristics 

combined. Changes in the 99–90
th

 differential are partly due to composition effects (observed 

quantities), but are mostly due to changes in the residual wage distribution. Price effects have 

slightly reduced inequality at the highest percentiles. This is consistent with the findings of the 

previous section, which showed a strong increase of residual wage inequality at the highest 

percentiles. The unchanged 90–50th differential is the net effect of different opposite forces. 

Observed quantities have reduced inequality, whereas observed prices tended to increase 
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inequality. The lower half of the wage distribution shows a different pattern. Here, a changing 

labor market composition fully explains decreased inequality, although its effect is somewhat 

moderated by changing prices of human capital. Within group inequality remained unchanged. 

The panels B and C show the isolated effects of education and experience on the wage 

distribution (recall that all variables on human capital are still included in the regression 

analysis). The diverged pattern shows that education or experience alone do not provide a clear 

cut explanation for observed changes in the aggregate wage distribution. Different types of 

human capital have opposite or interacting effects on the wage distribution. 

 

Table 4. Decomposition of wage inequality, 2000–2008 

Differential 

Total 

change 

(1) 

Observed 

quantities 

(2) 

Observed 

prices 

(3) 

Residual 

distribution 

(4) 
     

 A. All characteristics 

99–90
th
 0.013 0.007 –0.006 0.011 

90–50
th
 0.002 –0.007 0.008 0.001 

50–10
th
 –0.020 –0.030 0.013 –0.003 

     

 B. Only education 

99–90
th
 0.013 –0.011 0.010 0.014  

90–50
th
 0.002 –0.022 0.012 0.011 

50–10
th
 –0.020 –0.005 0.015 –0.031 

     

 C. Only experience 

99–90
th
 0.013 –0.007 –0.016 0.036 

90–50
th
 0.002 –0.003 –0.009 0.014 

50–10
th
 –0.020 –0.030 –0.001 0.011 

 

The broad picture of Table 4 nevertheless seems to be consistent with the findings presented in 

Figure 3. It shows that wage inequality within groups of workers with homogeneous skill 

characteristics decreased for the lower percentiles (this is consistent with the negative slope in 

Panel A of Figure 4), whereas within group inequality remained stable for most of the above 

median workers (which implies a zero slope in Figure 4), and increased at the top few percentiles 

(positive slope in Figure 4). Wage inequality within groups with similar experience has stayed 

constant at the lower half of the distribution, and is increasing as we approach the highest 

percentiles. 
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5. The regional dimension of wage inequality 

Wages do not only vary across workers with different human capital endowments and across 

occupations, but there are also substantial regional wage differences (see Glaeser et al, 2008, for 

the United States, and Gibbons et al., 2010, for the United Kingdom). This is to some extent 

explained by spatial heterogeneity in the distribution of workers and economic activities (and 

thus different job types), but after correcting for these, there remain regional wage disparities due 

to differences in the level of productivity that are quite large in some regions. Table 5 shows 

levels and trends in the distribution of pre-tax wages and residual wages between and within the 

22 largest agglomerations (as defined by Statistics Netherlands) and the periphery (which we 

define as all municipalities outside the agglomerations. Jobs in the largest agglomerations pay a 

clear premium over the periphery (column 4), even after correction for human capital (see also 

Groot et al., 2011). Absolute wages in Amsterdam are about 20 percent higher than in the 

periphery, while the residual wage differential (the average of the residual wage of all workers in 

a region) is about 10.2 percent. In several other agglomerations there is a negative average spatial 

residual. A worker with a standardised level of human capital is expected to earn a 7.7 percent 

lower wage in Enschede than in a peripheral municipality, and 6.1 percent in Heerlen. There is a 

positive and significant correlation of 0.47 between the level of (residual) wages and (residual) 

wage growth, pointing at enhanced regional disparities. Agglomeration externalities provide a 

partial explanation for the observed differences in residual wages across regions (cf. Groot et al., 

2011). 

 When looking at the percentile ratios for different regions presented in the columns 6 to 8 

in Table 5, it appears that regional differences in the log wage distribution below the median are 

relatively small. A potential explanation for this is that institutions – that do not differ between 

regions – are more important at the bottom of the wage distribution than at the top. Above the 

median, and especially at the top of the distribution, there are some substantial differences. As 

expected – given the presence of many high quality jobs – the 90–50
th

 percentile differential is 

slightly higher in the Randstad agglomerations – in particular in Amsterdam, where the 

differential is (0.686). The lowest 90–50
th

 percentile differentials are found in agglomerations 

outside the Randstad. The highest 99–90
th

 percentile differential is found in The Hague (0.733), 

while it is the lowest in ’s-Hertogenbosch (0.474). In general, inequality at the highest percentiles 
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is somewhat higher in agglomerations with high average wages.
7
 Furthermore, there is a relation 

between initial (above median) inequality and trends in inequality. In case of the agglomerations 

in Table 5, there is a correlation coefficient of 0.48 for the 99–90
th

 differential, 0.48 for the 90–

50
th

 percentile differential and 0.11 for the 50–10
th

 differential. So inequality in already unequal 

agglomerations increased relatively fast, especially in the highest percentiles.  

                                                 
7
 It is to be noted that the relatively low number of observations for individual agglomerations makes the results less 

reliable. For example in Sittard/Geleen, the smallest agglomeration in Table 5, our dataset contains only 250 

observations per year. There are thus only 2 workers above the 99
th

 percentile. 



 
 

2
3
 

T
a
b

le
 5

. 
W

a
g
e 

d
is

tr
ib

u
ti

o
n

 f
o

r 
d

if
fe

re
n

t 
re

g
io

n
s,

 l
ev

el
s 

2
0
0

8
 a

n
d

 c
h

a
n

g
e
 2

0
0
0

–
2
0

0
8
 

 A
g

g
lo

m
er

a
ti

o
n

 
A

v
er

a
g

e 
re

a
l 

h
o

u
rl

y
 w

a
g

es
*
 

A
v

er
a

g
e 

re
si

d
u

a
l 

w
a
g

e 
L

o
g

 w
a
g

e 
d

if
fe

re
n

ti
a
ls

 
C

h
a

n
g

e 
o
f 

lo
g

 w
a
g

e 
d

if
fe

re
n

ti
a
ls

 

 
eu

ro
 

in
d

ex
ed

 
le

v
el

 
ch

an
g
e 

9
9

–
9
0

th
 

9
0

–
5
0

th
 

5
0

–
1
0

th
 

9
9

–
9
0

th
 

9
0

–
5
0

th
 

5
0

–
1
0

th
 

 
 

 
 

 
 

 
 

 
 

 

A
m

st
er

d
am

 
2

2
.4

0
 

1
2

0
 

0
.1

0
2
 

0
.0

0
6
 

0
.6

9
4
 

0
.6

8
6
 

0
.5

1
2
 

0
.0

0
6
 

–
0

.0
1
6
 

–
0

.0
2
2
 

U
tr

ec
h
t 

2
1

.3
7
 

1
1

5
 

0
.0

5
6
 

–
0

.0
2
3
 

0
.7

1
8
 

0
.6

1
4
 

0
.5

0
0
 

–
0

.1
8
7
 

–
0

.0
5
5
 

–
0

.0
1
7
 

T
h

e 
H

ag
u

e 
2

1
.3

0
 

1
1

4
 

0
.0

6
5
 

–
0

.0
3
5
 

0
.7

3
3
 

0
.5

8
1
 

0
.5

2
4
 

0
.0

3
5
 

0
.0

4
5
 

–
0

.0
5
9
 

H
aa

rl
em

 
2

0
.7

4
 

1
1

1
 

0
.0

5
6
 

–
0

.0
1
9
 

0
.6

8
7
 

0
.5

7
6
 

0
.4

8
1
 

0
.3

4
3
 

–
0

.0
1
8
 

0
.0

9
1
 

R
o

tt
er

d
am

 
2

0
.7

0
 

1
1

1
 

0
.0

9
0
 

0
.0

3
1
 

0
.6

3
2
 

0
.6

3
4
 

0
.4

8
7
 

–
0

.0
2
5
 

0
.0

1
6
 

–
0

.0
9
0
 

E
in

d
h

o
v
en

 
2

0
.5

3
 

1
1

0
 

0
.0

2
3
 

0
.0

3
2
 

0
.5

4
5
 

0
.6

5
2
 

0
.4

6
2
 

–
0

.0
6
5
 

0
.1

0
8
 

–
0

.0
3
0
 

A
p

el
d
o

o
rn

 
2

0
.0

6
 

1
0

8
 

0
.0

0
6
 

0
.0

6
0
 

0
.6

3
3
 

0
.6

1
7
 

0
.4

8
1
 

–
0

.0
2
8
 

0
.0

6
8
 

0
.0

3
7
 

A
m

er
sf

o
o
rt

 
2

0
.0

3
 

1
0

8
 

0
.0

3
9
 

0
.0

1
7
 

0
.6

7
1
 

0
.6

7
8
 

0
.4

9
4
 

0
.0

6
3
 

0
.3

6
2
 

–
0

.1
2
0
 

B
re

d
a 

1
9

.9
7
 

1
0

7
 

0
.0

2
2
 

0
.0

2
2
 

0
.6

6
4
 

0
.5

7
8
 

0
.4

7
9
 

–
0

.0
9
8
 

–
0

.0
2
2
 

0
.0

7
6
 

D
o

rd
re

ch
t 

1
9

.9
5
 

1
0

7
 

0
.0

6
7
 

0
.0

1
4
 

0
.5

3
0
 

0
.6

0
1
 

0
.4

8
5
 

–
0

.2
5
2
 

0
.0

4
8
 

0
.0

1
8
 

's
–

H
er

to
g
en

b
o
sc

h
 

1
9

.8
6
 

1
0

7
 

–
0

.0
0
1
 

–
0

.0
3
2
 

0
.4

7
4
 

0
.4

9
4
 

0
.5

1
9
 

–
0

.0
6
3
 

–
0

.0
0
5
 

0
.0

8
6
 

N
ij

m
eg

en
 

1
9

.8
4
 

1
0

7
 

–
0

.0
1
7
 

0
.0

1
4
 

0
.6

6
8
 

0
.6

0
7
 

0
.4

6
5
 

–
0

.1
2
1
 

–
0

.1
7
7
 

–
0

.1
5
3
 

A
rn

h
em

 
1

9
.6

6
 

1
0

6
 

–
0

.0
0
5
 

–
0

.0
4
6
 

0
.5

0
9
 

0
.6

0
8
 

0
.4

8
3
 

–
0

.7
0
0
 

0
.0

4
7
 

–
0

.1
8
1
 

L
ei

d
en

 
1

9
.4

9
 

1
0

5
 

0
.0

1
9
 

0
.0

1
7
 

0
.6

4
1
 

0
.5

6
6
 

0
.4

3
9
 

0
.1

0
3
 

0
.0

3
4
 

–
0

.0
6
0
 

G
ro

n
in

g
en

 
1

9
.4

0
 

1
0

4
 

–
0

.0
3
8
 

–
0

.0
2
6
 

0
.7

1
1
 

0
.5

2
2
 

0
.5

0
1
 

0
.0

9
9
 

–
0

.1
0
7
 

–
0

.0
6
2
 

T
il

b
u
rg

 
1

9
.3

4
 

1
0

4
 

–
0

.0
0
4
 

–
0

.0
3
5
 

0
.6

5
5
 

0
.5

8
3
 

0
.4

7
6
 

–
0

.2
0
1
 

–
0

.1
6
4
 

0
.0

2
8
 

G
el

ee
n
/S

it
ta

rd
 

1
9

.1
8
 

1
0

3
 

–
0

.0
1
9
 

–
0

.0
6
1
 

0
.5

8
8
 

0
.6

0
1
 

0
.5

1
9
 

–
0

.1
3
1
 

–
0

.0
5
1
 

–
0

.0
2
2
 

L
ee

u
w

ar
d
en

 
1

9
.0

3
 

1
0

2
 

–
0

.0
2
9
 

–
0

.1
1
6
 

0
.6

9
9
 

0
.5

0
8
 

0
.4

6
5
 

0
.2

7
9
 

–
0

.0
8
5
 

0
.1

7
5
 

Z
w

o
ll

e 
1

8
.9

4
 

1
0

2
 

–
0

.0
1
9
 

–
0

.0
8
1
 

0
.5

0
7
 

0
.5

0
4
 

0
.4

6
4
 

0
.0

6
7
 

–
0

.0
5
0
 

0
.0

0
8
 

P
er

ip
h

er
y
 

1
8

.6
2
 

1
0

0
 

0
.0

0
0
 

0
.0

0
6
 

0
.6

9
4
 

0
.5

7
2
 

0
.4

5
2
 

0
.0

4
2
 

0
.0

1
8
 

0
.0

0
4
 

M
aa

st
ri

ch
t 

1
8

.4
5
 

9
9
 

–
0

.0
2
3
 

0
.0

0
5
 

0
.6

7
2
 

0
.5

9
0
 

0
.4

9
9
 

–
0

.0
0
4
 

0
.0

2
0
 

0
.0

5
7
 

H
ee

rl
en

 
1

7
.8

2
 

9
6
 

–
0

.0
6
0
 

–
0

.0
6
6
 

0
.5

0
3
 

0
.5

9
6
 

0
.4

4
3
 

–
0

.1
4
8
 

–
0

.0
1
1
 

–
0

.0
8
9
 

E
n

sc
h

ed
e 

1
7

.4
7
 

9
4
 

–
0

.0
7
7
 

–
0

.0
3
4
 

0
.6

6
9
 

0
.6

0
5
 

0
.4

5
1
 

0
.3

1
7
 

0
.1

7
2
 

–
0

.0
9
4
 

*
 W

ag
e 

re
g
re

ss
io

n
s 

h
av

e 
b

ee
n
 e

st
im

at
ed

 o
n

 l
o

g
 w

ag
es

. 
In

d
ex

ed
 w

ag
es

 a
re

 r
el

at
iv

e 
to

 t
h

e 
p
er

ip
h
er

y
. 

 



  24 

6. Conclusions 

This paper has examined levels and trends in the Dutch wage structure between 2000 and 2008, 

using micro data from Statistics Netherlands. It has been shown that (real pre-tax) wage 

inequality has increased slightly across different dimensions, especially at the top of the wage 

distribution. These changes are, however, mostly the result of composition effects. Without 

accounting for changes in the composition of the work force, the 99–10
th

 percentile differential 

increased by 1.3 percent, the 90–50
th

 differential by 0.2 percent, while the 50–10
th

 ratio decreased 

by 2.0 percent. When we correct for trends in observed worker characteristics by estimating 

Mincerian wage equations, changes in residual inequality are respectively 1.1 percent, 0.1 percent 

and –0.3 percent growth. In addition, we found that wages increased faster in regions with a 

higher initial wage, especially in the large agglomerations in the Randstad area. This study finds, 

consistent with previous work, that changes of wage inequality are moderate in the Netherlands, 

compared to the United States and other advanced economies. It is shown, however, that this is in 

fact the net effect of counteracting underlying changes. Changes in the composition of the labour 

market – or observed quantities of worker characteristics in the terminology of Juhn et al. (1993) 

– have generally resulted in lower inequality. This is, however, the net effect of a changing 

composition with respect to age, resulting in decreasing inequality, and a changing skill 

composition resulting in higher inequality. Increasing skill prices are the main explanation for the 

higher 90–50
th

 percentile ratio, whereas changes in the residual wage distribution provide an 

explanation for changes in the 99 – 90th percentile ratio. The findings of the paper are consistent 

with the empirical implications of both skill biased technological progress as well as 

globalization (due to similar empirical implications of the two). We do not find evidence for 

polarization in the Netherlands, in contrast with the findings of Goos and Manning (2007) on the 

U.K. and Autor et al. (2008) on the U.S. labour market. Further research will be needed to isolate 

the empirical effects of different potential explanations for observed changes in the structure of 

the Dutch labour market. 
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