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Abstract

Skill mismatch and skill use in developed countries: Evidence from the PIAAC study**

In this paper we develop and test a new set of measures of skill mismatches, based 
on data on skill levels and skill use in the domains of literacy and numeracy from the 
PIAAC project. The measures we develop represent the extent of skill use relative to 
one’s own skill level. We test the measures by examining their relation to a number of 
labour market outcomes. We subsequently examine how mismatches are distributed 
across and within a large number of countries, and use our results to reflect on 
possible causes and consequences of mismatches. We find that, in general, higher skill 
utilization is always beneficial in terms of productivity and job satisfaction, and that 
“overutilization” of skills therefore points more towards a fuller use of the available 
human capital, rather than to a serious skill shortage. We find an asymmetry in returns 
between literacy and numeracy skills: although numeracy skill level appears to pay 
higher dividends than literacy skill level, shifts in skill utilization within skill levels have 
greater consequences for literacy than for numeracy. The distribution of mismatches 
across and within countries is broadly consistent with the expectation that skills 
will be used more fully under competitive market conditions with few institutional 
or organizational barriers. Finally, skill mismatches are only quite weakly related to 
educational mismatches, reflecting the heterogeneity in skill supply and demand that 
cross-cuts the dividing lines set by formally defined qualification levels and job titles. 
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1. Introduction 

 

The paper aims to provide a major contribution to the ongoing debate on mismatches in the labour 

market and their effects. In the past this debate has focused out of necessity mainly on educational 

mismatches (e.g. Duncan and Hoffman, 1981; Sicherman, 1991; Green, McIntosh and Vignoles, 1999; 

Groot and Maassen van den Brink, 2000; Hartog, 2000; Sloane, 2003), supplemented by simple self-

reports by workers on their skill mismatches (e.g. Allen and van der Velden, 2001; Green and 

McIntosh, 2007). In this paper we develop and test a new measure that identifies skill mismatches 

directly, based on data on skill levels and skill use in the domains of literacy and numeracy from the 

PIAAC project. Using this measure, we look at possible causes of mismatches, their distribution 

across and within countries, and their relationships with a number of labour market outcomes.  

 

As a recent overview article by Quintini (2011) makes clear, there has been a large amount of 

research into labour market mismatches in recent decades (see e.g. Allen and Van der Velden 2001, 

Green and MacIntosh 2007). Although different researchers have defined mismatches in a wide 

variety of ways, there are some underlying common elements that most, if not all, of the studies 

share. The most obvious common feature is the perception that the primary justification for studying 

mismatches is the belief that mismatches have serious consequences for the performance, 

productivity and rewards of workers who experience them. This is not to say that all researchers 

studying mismatches share this belief in equal measure, only that the debate about their importance 

is the major motivating factor in most, if not all, mismatch research (Sloane, 2003; Leuven and 

Oosterbeek 2011). 

 

A second feature that the diverse studies of mismatches share is the (sometimes implicit) 

understanding that the phenomenon of mismatch is at its core driven by heterogeneity in the labour 

market. It is understood that there is heterogeneity both in supply – the diverse qualifications, skills, 

experiences and the like of those who offer their services to potential employers – and in demand – 

the qualifications, skills and experiences required to perform the tasks at hand. However, although 

this understanding is more or less universal, it is not always made explicit which assumptions the 

researchers are making with respect to the existing heterogeneity on both sides. Most of the 

differences between the various definitions of mismatches can be traced to differences in these 

assumptions. 

 

In the case of educational mismatches, the relevant assumption is that both individuals and jobs can 

be meaningfully grouped in terms of qualification levels possessed and required. Within each 
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qualification level, individuals and jobs are essentially treated as equivalent. Although strictly 

speaking this is obviously highly unrealistic, this does not render the study of educational mismatches 

meaningless.  Especially for young people, true productivity is often imperfectly observable, which 

means that selection, allocation and wage rates are often quite heavily based on qualifications and 

formal job descriptions, with the latter often containing a specification of the qualifications required. 

It is also plausible that education and job levels are quite strongly related to skills possessed and 

required, and these expectations have received considerable support from empirical research 

results.  

 

Even so, this still leaves many questions unanswered, such as the extent to which actual skills and 

skill requirements vary within these broad categories, and the extent to which individuals who are 

“mismatched” in terms of their education are sorted according to this heterogeneity on both the 

supply and the demand side of the labour market. If “overeducated” workers – that is people 

working in a job nominally requiring a lower level of education than their own – have lower skills 

than “well-matched” workers, they may not be mismatched at all in terms of skills. The same would 

apply if the actual skill requirements of the jobs of overeducated workers are similar to those for jobs 

nominally requiring the level of education that the worker possesses. The opposite but otherwise 

equivalent rationale could apply to “undereducated” workers. As has been pointed out, such a 

scenario can account for the observed effects of educational mismatches on outcomes as well as the 

mooted effects of skill underutilization and skill shortages that are claimed to be associated with 

educational mismatches. It is this possibility that has led many skeptics to question the extent to 

which educational mismatches are a real problem. This is the main reason why the focus of the 

debate has shifted increasingly from educational mismatches to skill mismatches in recent years.  

 

This research has been hindered by a relative lack of data on heterogeneity on both the supply and 

demand sides. There has been some data available on the supply side – the skill levels of workers – 

mainly coming from large-scale projects such as IALS and ALL, of which PIAAC forms the latest 

contribution. However, to date, there is no comparable measure on the demand side, in which the 

level of skill required for the job is measured on an equivalent or comparable metric. As a result, we 

still find ourselves in a situation in which literal skill mismatches cannot be directly measured. 

 

There is no prospect that this problem will be solved in the foreseeable future, at least with respect 

to measuring mismatches on a scale sufficient to make statements as to their incidence and possible 

causes and effects on the level of national labour markets as a whole. Likely solutions would all 

require some form of analysis of people’s actual jobs, which could only be done in the workplace. It 
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would also be highly challenging to say the least to distinguish job requirements from people’s actual 

performance in the job, which would be a hybrid measure of skills and skill requirements. This 

difficulty notwithstanding, it might possibly be achievable to measure skill mismatches in small scale 

studies involving a limited number of firms, but would be very difficult to extend this to the national 

level, which is what is needed for any serious analysis of the extent and consequences of 

mismatches. 

 

If we want to study skill mismatches, we are therefore left with the alternative option of seeking 

measures that can be used to proxy skill requirements or skill mismatches. The simplest of these 

involve a subjective assessment by workers of the extent to which their skills match the 

requirements of their job (see e.g. Allen and van der Velden 2001). Such studies have in fact been 

found to yield interesting and largely plausible results. However, the subjective nature of such 

measures renders them vulnerable to criticism, for example on the grounds that workers may not 

possess all the information that is needed for a balanced assessment, or that they might exaggerate 

their own abilities and/or the requirements of their job. 

 

An objective alternative that has been used in recent years (e.g. OECD 2013a) is to create a proxy for 

skill requirements based on the skills typically possessed by people working in the same occupation 

as the respondent who regard themselves as well-matched. However, as we will explain in more 

detail below, this method gives rise to some serious methodological issues that can be shown to 

seriously bias the results. The main point is that, while it considers the full range of heterogeneity on 

the supply side, it reduces the heterogeneity on the demand side to a small number of occupational 

categories. This ignores the fact that, within those occupational categories, skill levels can be shown 

to strongly covary with skill requirements. This leads to some rather paradoxical outcomes, such as 

the finding that the group of workers who are identified as underutilized within an occupational 

category are, on average, the group with the highest skill requirements.  

 

In this paper, we also use a proxy for skill requirements, namely the extent of skill use, as measured 

through skill use scales based on self-reported frequency. Such a method has been considered and 

rejected by other researchers, on the grounds that frequency of skill use is something quite different 

from required level (OECD 2013a). While we concede that this is strictly speaking true, we would 

argue that the seriousness of this problem has been exaggerated, and that, if applied and interpreted 

with appropriate caution, skill mismatch measures based on this approach yield valid results, and 

provide highly valuable insights. To begin with, as we will show below, there is in fact strong 

empirical evidence that skill use is quite strongly related to required skill level. Additionally, skill use - 
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and skill mismatches derived by using skill use in combination with skill level – show clear and 

plausible relationships with labour market outcomes. Finally, even if one strictly adheres to the claim 

that skill use scales such as provided in the PIAAC data are exclusively measures of frequency of skill 

use, and not at all of level of skill use, efficiency considerations dictate that the greatest productivity 

is achieved when the people with the highest level of a given skill in the population are the ones who 

are using that skill the most often, and that the least skilled are those that use that skill the least 

often. 

 

Strictly speaking, the measure we employ in this paper is a measure of skill use relative to one’s own 

skill level. According to this indicator, an individual is well-matched when one’s skill use falls within a 

range that is usual for a person with a comparable skill level. Mismatched workers are those 

individuals whose skill use is unusually high or low with respect to what one would expect, given 

their skill level. Although we don’t make any strong a priori claims as to the extent to which 

mismatches as we define them are necessarily related to shortages and/or surpluses in the sense of 

having a lower or higher level than required in the job, we believe that a strong case can be made, 

based on the empirical results obtained, that this is at least to some extent the case.  

 

Ultimately we view this as an empirical rather than a conceptual issue. In our view the results we 

present in this paper clearly support the view that underutilization is frequently associated with skill 

surpluses. It is less clear from our results that overutilization points to serious skill shortages. The 

results rather suggest that an unusually high level of skill use relative to one’s own skill level points to 

what might be termed supermatching: a situation in which the available skills are almost fully used. 

Interestingly, this is largely consistent with research findings with respect to both undereducation 

and subjective overutilization, which suggest that labour market returns are higher for people 

working “above their own level” either in terms of education or skills.  

 

In fact, this is entirely consistent with the view of heterogeneous supply and demand in the labour 

market as the basis for mismatches. The notion that there is a qualification or skill requirement level 

that is most commonly associated with workers at each given skill or qualification level does not 

dictate that this “match” has to occur at a point in which skills or qualifications are being fully used. 

In fact, it is more plausible to expect that “well-matched” workers are working within their own 

capacities to some extent, and are capable of improving their performance if given the opportunity 

to work at a higher level. In this view, being undereducated or overutilized reflects a job that is, up to 

a point at least, challenging, satisfying and rewarding. A similar effect may be supposed to occur in 

the case of overeducated or underutilized workers, but this time with the better educated or more 
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skilled worker being more productive than less skilled (well-matched) workers working at the same 

job level, because they more fully exploit the productive potential of the job. 

 

Our aim in this paper is twofold. Firstly, we aim to validate our measure, by examining its relation to 

a number of labour market outcomes. After validating our measure in this manner, we will pursue 

the second aim of this paper, namely to identify countries, and specific subgroups of workers within 

those countries, who are currently using their skills more or less than one would expect based on 

their skill level.  Before preceding to these analyses, in the next section we describe the data used 

and provide a description of the variables used in the analyses. We will then give a detailed account 

of our chosen measure of mismatch, and explain why we have chosen these over possible alternative 

measures. 

 

2. Description of data/variables 

 

2.1 PIAAC dataset 

 

For our analyses we use data from the Programme for the International Assessment of Adult 

Competencies [PIAAC], collected by the OECD (2013b) in a large number of developed countries. We 

use data from 22 countries, namely Austria, Belgium (Flanders), Canada, Cyprus, the Czech Republic, 

Denmark, Estonia, Finland, France, Germany, Ireland, Italy, Japan, South Korea, the Netherlands, 

Norway, Poland, the Slovak Republic, Spain, Sweden, the United Kingdom (England and Northern 

Ireland) and the United States. The survey is designed to provide valid and reliable estimates of 

adults’ competences in key information-processing skills, to identify proficiency differences between 

sub-groups of the population, to understand development, maintenance and use of skills, as well as 

to determine the impact of proficiency levels on life chances (OECD, 2013c). The samples per country 

each comprise at least 5000 adults between the age of 16 and 65. Respondents were interviewed 

using a combination of computer assisted personal interviews, although pencil-and-paper data 

collection strategies were also used. Respondents were given assessment tests designed to directly 

measure their numerical and literacy skills, as well as respondents’ capacity to solve problems in 

technology-rich environments. The dataset also contains information on respondents’ skills use in 

the work place, as well as an extensive set of background variables concerning among other things 

educational attainment, current employment status, job characteristics, socio-economic background 

and personal characteristics. We restricted the analyses to individuals who were in paid employment 
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at the time of the survey, and whose current main status was not “student” or “apprentice/intern”.1  

Missing values in the regression analyses were deleted listwise. The working file contains N=100,110 

respondents. 

 

2.2 Skills and skill mismatch indicators 

  

The PIAAC dataset provides measures of three types of skills, namely literacy skills, numeracy skills, 

and skills related to problem solving in technology-rich environments (OECD, 2013c). Skill scales in all 

three domains have been constructed using adaptive testing and plausible values are calculated 

using Item Response Theory (IRT). In this paper we do not use the data on problem solving in 

technology rich environments, primarily because, in contrast to the other two skill domains, there 

were no comparable scales on skill use for this domain. Skill use was narrowed to use of ICT-skills, 

which is only part of the broader domain problem solving in technology-rich environments. 

Additionally, the tests in this domain were only presented to people who reported that they had at 

least some computer experience, were willing to take the computer-based assessment and had at 

least minimum levels of computer abilities. Including these tests would non-randomly reduce our 

sample size by almost 33%.  

 

The OECD (2013c) defines literacy as “the ability to understand, evaluate, use and engage with 

written texts to participate in society, to achieve one’s goals, and to develop one’s knowledge and 

potential. Literacy encompasses a range of skills from the decoding of written words and sentences 

to the comprehension, interpretation, and evaluation of complex texts.” Similarly, numeracy is 

defined 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.” The tests of numeracy measure how well respondents are able to use mathematical 

information to solve problems that might actually occur in real life. Both numeracy and literacy are 

measured with 10 plausible values.  

 

The method used to derive skill mismatches as used in this paper is very simple.  

 

                                                           
1. The exclusion of students is necessary because student jobs are often low-skilled temporary jobs taken for 

the sole purpose of helping the individual or his/her family pay for the expense of obtaining an education. 
Apprenticeships and internships are excluded because they are not purely work, but a combination of 
education and work. We used subjective status rather than the objective indicator for those currently in 
formal education, because we did not wish to exclude working respondents who are enrolled in part-time 
education but whose main activity is paid work. 



7 
 

1. We restrict the analysis to respondents who are currently in paid employment, and who do 

not describe their own current status as “Pupil, student” or “Apprentice, internship”. 

2. For this restricted group, we standardize the relevant measure of skill level and skill use (that 

is, compute the z-score) for the skill domains of literacy and numeracy: 

a. For skill level we take the first plausible value of each skill measure;2 

b. We construct a scale consisting of the mean of the seven reading use items and four 

writing use items included in the background questionnaire to indicate literacy use. 

For numeracy use we construct a scale consisting of the mean of the six numeracy 

use items included in the background questionnaire.3  

3. We subtract each standardized measure of skill use from the corresponding standardized 

measure of skill level. 

4. We define all individuals with a value of no more than 1.5 points above or below zero on this 

difference variable as “well-matched”. We define all individuals with a value less than -1.5 as 

“overutilized”, and all individuals with a value greater than 1.5 as “underutilized”.4  

 

2.3 Other variables used in the analyses 

 

In the Section 4 we use the relation with three outcome (dependent) variables to validate our 

mismatch measure: 

 Hourly wage (ln): the natural logarithm of the hourly earnings reported by workers, PPP 

converted into US dollars. To avoid possible distortion due to outliers, the highest and lowest 

1% of observed earnings have been removed. 

 Job satisfaction: Answer on a 5-point scale to the question “All things considered, how 

satisfied are you with your current job?” Response categories range from 1 “Extremely 

dissatisfied” to 5 “Extremely dissatisfied”. Comparable results are obtained based on a 

dichotomized variable distinguishing satisfied workers (responses 4 and 5) and non-satisfied 

workers (responses 1, 2 and 3). 

                                                           
2. Because we need to identify skill mismatches uniquely, we cannot perform the analyses in this paper using 

the full range of plausible values. All analyses have also been run using the mean of the 10 plausible 
values, which only leads to minor changes in the results. These additional results are available from the 
authors on request. 

3. See below for a detailed discussion of the properties of these scales and our reasons for preferring them 
over the existing scales included in the dataset. 

4. Because the component scales were standardized, 1.5 points on the mismatch scales means 1.5 standard 
deviations on either component scale. This means that, for example, an underutilized worker displays a 
degree of skill use that is 1.5 standard deviations lower than his/her skill level. 
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 Training participation: respondents who reported having participated in at least one form of 

non-formal education in the last 12 months are assigned the value 1. Respondents who 

report not having participated in non-formal education in that period are assigned the value 

0. 

 

In these analyses we control for the effects of a number of other characteristics. Some of these also 

function as independent variables in the analyses predicting skill mismatches.  

 

 Highest completed education: based on international ISCED classification, distinguishing the 

following categories: ISCED1+2, ISCED 3, ISCED4, ISCED5B, ISCED5A bachelor programmes, 

ISCED 5A master programmes or doctorate. 

 Educational mismatches: based on highest completed education and self-reported level of 

education that someone applying for the respondent’s job would need if applying today. 

Both measures were converted into nominal years of schooling required to attain that level, 

and a difference score is calculated. Those whose own years of schooling exceed the years of 

schooling required for the job are classed as overeducated. Those whose own years of 

schooling are less than the years of schooling required for the job are classed as 

undereducated. Those whose years of schooling are equal to those required are classed as 

well-matched. 

 Gender: female (reference category male) 

 Age in categories, starting with 16-19, followed by 5-year groupings for older respondents 

 Ethnicity: respondents born in the host country are classed as native, with a further 

distinction being made between immigrants from western versus non-western countries. 

Due to a relatively large number of missing values for this variable, a missing dummy has also 

been included. 

 Occupational level, based on 1-digit ISCO code, distinguishing 4 levels: skilled occupations 

(ISCO1-3), semi-skilled white-collar occupations (ISCO4-5), semi-skilled blue-collar 

occupations (ISCO6-8), and elementary occupations (ISCO9). 

 Sector: public/non-profit versus private sector 

 Firm size in 4 categories: 1-10, 11-50, 51-1000, 1001 or more. 

 VET: indicator derived for those with secondary education based on national coding of 

highest attained education. The indicator distinguishes vocational from general education. 
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3. Explaining our choice of mismatch indicators 

 

As mentioned in the introduction, in this paper we use a very particular set of indicators for 

mismatch in this paper, which are quite different from those preferred and used by other 

researchers. For example, researchers from the OECD (2013a) have criticized the use of such a scale, 

preferring an alternative methodology, which we will discuss below. The essence of their criticism of 

a measure based on a comparison of skill level and skills use is twofold. Firstly, they claim that such a 

measure rests on the assumption that the two are measured on the same scale, an assumption that 

clearly does not hold in this case. Secondly, they point out that skills proficiency and skills use as 

measured in the PIAAC project are substantively too different to make any comparison of the two 

meaningful. These are serious points, and in addition to these there are also other more detailed 

points that could be raised that could potentially invalidate the measure we use. As it is necessary in 

order to establish that the results we present are meaningful to establish that the scales we use are 

valid, at least within well-defined limits, we look at these issues in some detail. 

 

To start first with the second point raised by the OECD, we happily concede that skill level and skill 

use as measured in the PIAAC project are substantively different.  Skill level is based on the results of 

information processing tests, whereas skill use is based on self-reported frequency of performance of 

a set of well-defined activities relevant to the skill domain in question. In fact this substantive 

difference is only a problem if we claim that we are measuring mismatches strictly in terms of 

shortages and surpluses. As stated in the introduction, our measure is strictly speaking a measure of 

skill use in relation to skill level. The extent to which this reflects actual mismatches, in the sense of 

shortages or surpluses, is in our view as much an empirical question as a theoretical one. It is not 

even necessary for the purposes of our paper to resolve this issue definitively, since we will interpret 

all the results presented in terms of the measure as so defined, namely as skill use relative to skill 

level. This is in itself relevant information, both in scientific terms and for policy purposes.  

 

The first point raised by the OECD is potentially more serious. This point states that the metrics along 

which skills and skill use are measured are fundamentally different, making it impossible to construct 

a relative measure combining the two. If the two metrics fail to mesh up properly, there is no way of 

knowing which level on one metric equates with a given level on the other, which would mean that 

there is no way of identifying where workers stop being overutilized and start being underutilized. 

However, once again, when we define our measure as one of skill use relative skill level, this criticism 

loses most of its sting. It is no longer necessary that the two mesh up perfectly, because a higher or a 

lower score simply means that skill use is higher or lower than one would normally expect for a 
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worker with that level of skills. And because we restrict ourselves to fairly extreme mismatches 

(corresponding to 1.5 standard deviations above or below the “expected” skill use for a given skill 

level), we can be fairly confident that workers who are identified as mismatched indeed have a level 

of skill use that is unusually high or low for workers with a comparable skill level.  

 

There is however also the issue of possible non-linearity in the relationship, which could give rise to 

spurious mismatches in certain parts of the skills continuum. Although the restriction to extreme 

mismatches largely removes the risk of completely erroneous mismatches, serious non-linearities 

can give rise to higher or lower proportions of mismatched respondents in certain sub-populations 

that are the spurious result of the method used to derive the measures. As Figure 1 shows however, 

skill use is very nearly linear in skill level, with just a slight concavity for literacy and a slight convexity 

for numeracy.  

 

Figure 1: Mean and 95% confidence interval of score on skill use scales by rounded plausible value 1 

on equivalent skill level scale, all countries (pooled data) 

 
 
In short, as long as we keep in mind the precise meaning of our mismatch measures when analyzing 

and interpreting the data, the points raised by the OECD do not invalidate the measures. There are 

however a number of other points that can be raised and which should be discussed as well.  

 

To begin with, our decision to construct the measures based on pooled data from in total 22 

countries, rather than separately per country, presupposes that they are effectively objective 

measures that are comparable across countries. For skill level we believe that this criterion can be 

assumed to be met, since the provision of such internationally comparable measures is the raison 

d'etre for the PIAAC project. We believe that the criterion of comparability also applies to skill use, 

although this is less obviously true than is the case for skill level. The assumption of objectivity is not 
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strictly true for the skill use scales: they are based on self-reported frequencies. However, because 

the skill use scales are based on the reported frequency of a set of clearly defined and internationally 

fully comparable activities, the only seriously plausible source of bias is that due to consciously or 

unconsciously misleading answers. There is no reason to expect any such bias to be systematic across 

countries or other units of interest.5 If we assume that both skill level and skill use scales are 

internationally comparable, it is not only legitimate to construct our measures using pooled data, but 

entirely appropriate. This allows us to compare countries and identify those which have relatively 

high or low levels of skill use relative to the skill level of their working populations.  

 

Our measure also presupposes that the simple skill use scales we construct, based on the simple 

mean of the underlying items, are valid.  The main reason for constructing our own scales rather than 

using the available scale variables in the PIAAC database is that the latter scales have been 

constructed after omitting the “all zero responses”, that is, respondents who reported a frequency of 

“never” on all items. The reason for doing so seems to be to have because in this way the literacy and 

numeracy use scales are comparable to the ICT use scales, which were only asked of respondents 

who reported using a computer at work. However, we argue that this creates serious bias in the skill 

use measure, by omitting the category of workers with the lowest possible level of use, namely none 

at all. A second reason for constructing our own scales is the fact that the “official” scales separate 

reading and writing use, both of which seem to be relevant for the overarching skill dimension of 

literacy.6 

 

We could have converted the items into actual frequencies before scaling, but argue that the existing 

5-point scale is in fact more appropriate. It is in fact a very close approximation of a log scale, which 

makes more sense when comparing respondents who give different answers. The more frequently a 

worker performs an activity, the less heavily an additional performance of that activity will weigh in 

terms of its “effect” on productivity. This is by no means an obvious point, because it rests on the 

assumption that the activities described in skill use items are not in themselves the primary drivers of 

productivity (in which case each additional performance should be comparably productive), but serve 

as proxies for different types of work that are more or less literacy/numeracy-intensive. In other 

words, it is assumed that when a worker who reads or writes a large number of e-mails at work, it is 

                                                           
5. It is relevant in this context to point out that all background information on respondents who participated 

in the PIAAC survey, including for example their current occupation, is based on self-reports, and is 
therefore similarly subject to potential bias. 

6. We have conducted several checks to ensure that our simple scales are valid, for example by checking that 
they correlate strongly with the “official” scales, both within and between countries. This is indeed the 
case (results of these analyses are available from the authors on request). 



12 
 

not so much the volume e-mails of itself which drives productivity, but what this large number of e-

mail exchanges says about the requirements of the job in terms of the general use of literacy skills. 

We believe that this is a realistic assumption. 

 

Finally we should make a couple of remarks that are relevant to the interpretation of our results 

rather than the validity of the scales. First of all, there is the question of the extent to which skill use, 

which is strictly speaking a measure of frequency, also reflects to some extent difference in the level 

at which skills are applied. The fact that there is a rather strong correlation between skill level and 

skill use could be evidence that this is the case, although this is quite weak. Even for highly educated 

workers there is a significant correlation in most countries between skill level and a restricted skill 

use scale based on items thought to reflect skill use requiring only a low proficiency level. This is 

consistent with the common sense notion that workers who are good at performing some task will 

be more likely to do so, regardless of the level at which the task is performed. In fact, the best 

evidence that the skill use scales may have a level component is the fact that the underlying items 

appear to differ in the level of proficiency required. Individuals with a high score must almost of 

necessity have scored highly on items requiring a high proficiency. Nonetheless, we feel it is more 

appropriate to view these scales as reflecting mainly frequency or intensity of use, and only 

secondarily level of proficiency required. For that reasons, our skill mismatch measures should be 

interpreted primarily as measures of a higher or lower intensity of use than is usual for workers at 

that skill level. 

 

Finally, it should be noted that our measures have been constructed in such a way that overall supply 

of and demand for skills is assumed to be perfectly balanced in the aggregate, i.e. has the same 

overall mean and standard deviation. We are therefore only able to identify relative shortages and 

surpluses. For this reason, we have rather arbitrarily chosen the cut-off points at 1.5 points above or 

below the overall mean, which coincidentally corresponds very closely to 10% of the population 

being mismatched at both ends of the continuum.  

 

Although we have now given a thorough account of the method we use in this paper, we should also 

explain why we prefer this over available alternatives. An obvious choice of alternative would be an 

occupation-based approach such as used by the OECD (2013a). This is a modification of the method 

developed by Verdugo and Verdugo (1989) for calculating educational mismatches. The method used 

to construct this measure is as follows. Firstly they identify people who they call “self-reported well-

matched” workers. These are people who answer “no” to two questions included in the PIAAC 

background questionnaire, namely “Do you feel that you have the skills to cope with more 
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demanding duties than those you are required to perform in your current job?” and “Do you feel that 

you need further training in order to cope well with your present duties?”. They then look at the 

distribution of skill proficiency scores for this restricted group, per country and 1 digit occupation 

code (ISCO-2008). Because of sample size limitations, they are forced to merge ISCO codes 1 

(Managers) and 2 (Professionals), and to drop ISCO codes 0 (Armed Forces) and 6 (Skilled Agricultural 

Workers). They define workers who score within the range of the 5th to the 95th percentile on this 

distribution as “well-matched”. Workers who score below the 5th percentile are classed as 

“overutilized”, while workers who score above the 95th percentile are classed as “underutilized”. 

 

We reject this measure on both methodological and empirical grounds. The main methodological 

objection to this measure rests on its assumption that skill requirements are uniform within 

occupations.7 Even using an extremely detailed occupational classification this assumption would be 

problematic. Coding errors inevitably occur, and these are generally more severe for a detailed 

classification. More importantly, we may expect employers to adjust their skill requirements for a 

given job to the skill set of the job occupant. This means that, say, a very good accountant is using a 

different skill set than a less competent accountant. When we add to this the heterogeneity in skill 

requirements that inevitably occurs when we are forced to use a less detailed classification (recall 

that we are forced to use 1-digit codes(!) due to insufficient cell size at a more detailed level), and it 

becomes obvious that a large amount of what is classed as mismatches in fact reflects skill 

heterogeneity within occupational categories. As Figure 2 makes clear, this heterogeneity is very 

strongly related to skill use. 

 

 

 

 

 

 

 

 

                                                           
7. A legitimate objection can also be raised to the questions used to identify “self-reported well-matched” 

workers. Over 80% of workers report that they could cope with more demanding duties, which means that 
only 20% are “well-matched” according to this criterion alone. More than a quarter of all workers answer 
“yes” to both questions, making them simultaneously “underutilized” and “overutilized”. In practice 
however, these objections do not turn out to matter much, since the 5

th
-95

th
 percentile ranges defined 

based on the restricted group are not systematically different from those based on the full sample. In 
other words, the measure could just as well have been constructed without the restriction. 
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Figure 2: Literacy skill use by skill level by 1-digit occupation8 
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Even if we accept the OECD’s point that the metrics of skills and skill use are not strictly comparable, 

such covariance between them within broad occupational categories cannot be ignored. It stretches 

credibility beyond breaking point to suggest that such a strong relationship exists between skill level 

and skill use, but that no relationship exists between skill level possessed by workers and the 

required skill level for their job. This creates a huge problem for the OECD mismatch measure. Recall 

that the method dictates that mismatches are constituted by the tails of the skills distribution within 

occupations, precisely where skill use shows a corresponding high or low level respectively. It is not 

even obvious that these individuals are any more mismatched than those in the middle of the 

distribution per occupation. This feature of the OECD measure leads to striking anomalies, such as 

the finding, within the 1 digit code representing Managers and Professionals (ISCO codes 1 and 2), 2-

digit occupational sub-categories representing occupational fields that are known to be cognitively 

very demanding, such as science and engineering professionals and information and communications 

technology professionals, are relatively often classed as heavily “underutilized”, whereas mid-level 

managers, who belong to the same broad occupational class,  are much more often classed as 

“overutilized”. 

 

                                                           
8. A similar picture applies for numeracy. 
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Although perhaps necessary when using this methodology, it can be argued that calculating 

mismatches separately by country also distorts the results. Since the skill level corresponding to a 

given occupational group is very different across countries,  this has the consequence that, say, a 

manager or professional in a low skill country will be more likely to be underutilized and less likely to 

be overutilized than an equally skilled manager or professional in a high-skill country. To the extent 

that skill requirements associated with given occupation also differ accordingly across countries,9 this 

could be “correct”, but it can paint a highly misleading and counterintuitive picture unless people are 

aware of the relative nature of this definition. Intuitively, we would expect low-skill countries to be 

more prone to overutilization and less prone to underutilization. Due to this feature of the OECD 

measure, the opposite is more nearly true. High skill countries like Sweden and Finland are 

supposedly relatively overutilized, whereas low skill countries like Spain and Italy are heavily 

underutilized. This is directly analogous to the situation we saw above for occupations. 

 

For the remainder of this paper we present only results based on our own measure of skills 

mismatch, combining skill levels and skill use measures. However, all the analyses presented have 

been conducted using the OECD measure as well as our own. With the exception of the very different 

pattern that is observed across countries, occupations and economic sectors, the results based on 

this measure are broadly similar, but almost without exception weaker. The full results based on the 

OECD measure are available from the authors on request. 

 

4. Relation between skill mismatches and outcomes 

 

Before proceeding to describe the distribution of mismatches both between and within countries, it 

is important to validate our measure, by examining its relation to a number of labour market 

outcomes. We look at three measures in this section: earnings, job satisfaction, and the propensity to 

engage in training.  

 

Both on theoretical grounds, and based on prior research into educational mismatches and 

subjective measures of skills mismatch, we expect underutilization to be related to lower wages, and 

overutilization to higher wages, after controlling for one’s own skill level. In general, the wage 

penalty associated with underutilization is found to be smaller than the wage premium associated 

with overutilization. This asymmetry is usually explained in terms of job assignment theory. Those 
                                                           
9. This is only partially the case. In general skill levels differ more strongly across countries than across 

occupations, whereas skill use shows the opposite pattern. As a consequence, a worker in a low-skill 
country is even more likely to be overutilized than a comparably skilled worker in a similar occupation in a 
high skill country.  
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working in jobs below their level are assumed to be thereby prevented from using a substantial part 

of their productive skills, hence the large drop in earnings. Those working in matching jobs are often 

assumed to already be using a large proportion of their skills, although as remarked above, not all by 

any means. As the level of the job increases, one’s own skill increasing becomes a limiting factor 

putting a ceiling on productivity and hence earnings. There is a premium, but of limited size.    

 

Underutilization is also generally found to lower job satisfaction, and the theoretical justification that 

is normally given for this is quite straight-forward: people gain satisfaction from using the skills they 

have acquire in school, at work and through other life experiences, and are frustrated when they find 

themselves in a job which provides limited scope for them to do so. The expectation for 

overutilization is less straight forward. On one hand, we might expect people to experience 

overutilization of their skills as stressful, because they are being asked to perform tasks that are too 

demanding for them. In that case, we might expect overutilization to be related to lower job 

satisfaction. However, if we accept that “well-matched” workers are not fully using their skills, we 

might expect that increasing the extent to which they use their skills to increase their satisfaction, at 

least up to a point. Prior research (see e.g. Allen and Van der Velden, 2001) seems to indicate that 

this is indeed the case. Again, both the theory and such prior research indicates that this effect is 

smaller than the negative effect of underutilization.10 

 

There is a potential circularity in terms of the possible effects of mismatch on training. On one hand, 

we would expect training to be undertaken more often when the existing skills are being overutilized, 

and less often when they are already being underutilized. At the same time, training would 

presumably be designed to reduce skill mismatches, which would indicate the opposite relation. 

However, there seems to be a growing consensus that regular training is an endemic feature of 

dynamic jobs in which new shortages arise to replace the old ones as soon as they are eliminated 

(Allen and de Grip, 2012). We would therefore expect overutilization to be related to a higher 

propensity to engage in training, while underutilization is expected to be related to a lower training 

propensity. 

 

In this section we look at the relation of skill mismatches according to our measure with these 

outcome measures. All analyses contain controls for occupational level, broad economic sector 

(private versus public/non-profit), age, gender, ethnicity, highest completed education and own skill 
                                                           
10. We also observe that, in all participating countries, well over three quarters of all workers whose skills are 

overutilized in their work report that they have the skills to cope with more demanding duties than they 
are currently performing. This proportion is hardly different from that for well-matched and underutilized 
workers.  
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level in both domains. The relationships between mismatches in terms of literacy and numeracy on 

one hand and each of the outcome on the other are estimated simultaneously. Only relationships 

that are statistically significant at 5% level are shown in the graphs. 

 

The relation with earnings 

 

Table 1 shows the relation of skill mismatches with the natural logarithm of hourly wage. The 

estimates are consistent and frequently quite large, especially for literacy mismatches. On average 

across all participating countries, we see that literacy underutilization is associated with a wage 

penalty of around 11%, and overutilization with a wage premium of around 7%. The corresponding 

figures for numeracy amount to around 4% and 5% respectively. There is considerable variation 

between countries, and sometimes individual relationships do not attain significance, but in no case 

is a significant relationship in the opposite direction observed.  

Table 1: Relation between skill mismatches and ln(Earnings) 

ln(earnings) Literacy underutilization 
Literacy 

overutilization 
Numeracy 

underutilization 
Numeracy 

overutilization 

Country B 
 

S.E. B 
 

S.E. B 
 

S.E. B 
 

S.E. 

Austria -0.120 *** 0.030 0.084 *** 0.028 -0.061 *** 0.021 0.085 ** 0.040 

Belgium -0.061 *** 0.020 0.039  0.033 -0.013  0.015 -0.022  0.039 

Canada -0.122 *** 0.022 0.048 ** 0.019 -0.012  0.023 0.061 *** 0.020 

Cyprus -0.065  0.042 0.034  0.038 0.015  0.032 0.072  0.047 

Czech Republic -0.204 *** 0.036 0.064  0.103 -0.011  0.029 0.094 * 0.051 

Denmark -0.070 *** 0.027 0.058  0.037 -0.058 *** 0.015 0.070  0.089 

Estonia -0.135 *** 0.025 0.129 *** 0.034 -0.074 *** 0.027 0.027  0.031 

Finland -0.069 *** 0.016 0.048 * 0.028 -0.038 ** 0.018 0.036  0.030 

France* 
 

 
  

 
  

 
  

 
 Germany -0.153 *** 0.044 0.106 *** 0.031 -0.080 *** 0.028 0.010  0.049 

Ireland -0.144 *** 0.042 0.163 *** 0.045 -0.152 *** 0.058 -0.041  0.082 

Italy -0.124 *** 0.030 0.091 * 0.048 0.017  0.034 -0.029  0.059 

Japan -0.108 *** 0.038 0.160 *** 0.058 -0.015  0.029 0.096 * 0.054 

Korea -0.168 ** 0.071 0.092 * 0.053 -0.055  0.049 0.136 *** 0.048 

Netherlands -0.081 *** 0.020 0.000  0.075 -0.018  0.018 0.021  0.054 

Norway -0.070 * 0.039 0.028  0.032 -0.045 *** 0.016 0.068 * 0.041 

Poland -0.095 *** 0.028 0.083 * 0.048 -0.002  0.036 0.120 *** 0.046 

Slovak Republic -0.086 *** 0.031 0.114  0.100 -0.043  0.029 0.056  0.056 

Spain -0.077 *** 0.026 0.094 *** 0.036 0.028  0.036 0.027  0.028 

Sweden -0.029  0.018 0.044  0.027 -0.041 *** 0.015 0.021  0.033 

United Kingdom -0.096 *** 0.028 0.075 *** 0.027 -0.036  0.030 0.093 *** 0.028 

United States -0.127 *** 0.045 0.004  0.032 -0.093 ** 0.038 0.102 *** 0.032 

Int. Avg. -0.105 *** 0.008 0.074 *** 0.011 -0.037 *** 0.007 0.053 *** 0.011 

***: p<0.01; **: p<0.05; *: p<0.1 
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The relation with job satisfaction 

 

Table 2 shows the relation between skill mismatches and job satisfaction. The relationships are not 

quite as strong as those observed for wage, but nonetheless consistent, and again largest for literacy 

mismatches. On average across all participating countries, we see that literacy underutilization is 

associated with a drop of around 0.13 points on the 5-point scale, and overutilization with an 

increase of around 0.12 points. The corresponding relationships for numeracy are small and non-

significant across all countries, although significant relationships are observed in several countries, 

which are generally small and sometimes in the opposite direction. This suggests that there is no 

systematic relation between numeracy mismatches and satisfaction once literacy mismatches have 

been taken into account. 

Table 2: Relation between skill mismatches and job satisfaction 

Job satisfaction 
Literacy 

underutilization 
Literacy 

overutilization 
Numeracy 

underutilization Numeracy overutilization 

Country B  S.E. B  S.E. B  S.E. B  S.E. 

Austria -0.059  0.078 0.011  0.049 -0.046  0.051 -0.012  0.086 

Belgium -0.148 ** 0.060 0.035  0.086 0.010  0.044 -0.094  0.103 

Canada -0.226 *** 0.058 0.118 *** 0.040 0.074 * 0.040 -0.013  0.040 

Cyprus -0.064  0.071 0.030  0.079 -0.036  0.055 0.059  0.075 

Czech Republic -0.103  0.067 0.212 ** 0.099 0.087  0.131 -0.148 * 0.085 

Denmark -0.081  0.058 0.061  0.043 -0.087 ** 0.038 0.127 * 0.071 

Estonia -0.063  0.047 0.066  0.048 -0.051  0.041 0.018  0.058 

Finland -0.061  0.040 0.076  0.080 -0.059  0.052 0.033  0.081 

France -0.185 *** 0.049 0.099 * 0.053 -0.025  0.048 -0.033  0.050 

Germany -0.075  0.072 0.084  0.071 -0.028  0.054 -0.007  0.082 

Ireland -0.094  0.076 0.048  0.068 0.054  0.071 -0.033  0.078 

Italy -0.220 ** 0.090 0.055  0.085 0.019  0.087 -0.099  0.096 

Japan -0.050  0.049 0.210 ** 0.094 -0.002  0.049 -0.023  0.131 

Korea -0.066  0.063 0.223 *** 0.053 0.024  0.062 0.042  0.066 

Netherlands -0.205 *** 0.055 0.096  0.066 -0.053  0.037 0.014  0.097 

Norway -0.039  0.065 0.162 *** 0.054 -0.113 ** 0.044 -0.076  0.085 

Poland -0.127 ** 0.052 0.145  0.089 0.040  0.063 0.008  0.067 

Slovak Republic -0.190 *** 0.052 0.179 ** 0.084 0.010  0.042 0.096  0.085 

Spain -0.192 ** 0.080 0.165 ** 0.067 0.005  0.075 -0.092  0.063 

Sweden -0.143 ** 0.062 0.293 *** 0.086 -0.048  0.056 -0.216  0.157 

United Kingdom -0.242 ** 0.097 0.126 * 0.069 0.147 ** 0.063 -0.065  0.094 

United States -0.224 *** 0.075 0.057  0.063 -0.271 *** 0.097 0.072  0.050 

Int. Avg. -0.130 *** 0.014 0.116 *** 0.015 -0.016  0.013 -0.020  0.018 

***: p<0.01; **: p<0.05; *: p<0.1 
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The relation with training participation 

 

Table 3 shows the relation between skill mismatches on training participation. Again, the literacy 

coefficients are dominant, showing a consistent pattern of decreased participation for the 

underutilized, and increased participation for the overutilized. The coefficients are slightly stronger 

overall for underutilization – a 16% decrease in participation - than for overutilization – a 14% 

increase. The corresponding shifts due to numeracy mismatches are much smaller, 3% and 4% 

respectively. All significant coefficients are in the expected direction. 

Table 3: Relation between skill mismatches and training participation 

Training participation Literacy underutilization 
Literacy 

overutilization 
Numeracy 

underutilization 
Numeracy 

overutilization 

Country B  S.E. B  S.E. B  S.E. B  S.E. 

Austria -15.787 *** S.E. 15.209 *** 4.191 -6.836 ** 3.032 3.474  5.443 

Belgium -16.214 *** 4.101 23.744 *** 4.860 -7.400 *** 2.210 1.434  6.111 

Canada -18.637 *** 3.167 15.089 *** 2.436 -5.450 ** 2.701 3.104  2.527 

Cyprus -17.703 *** 2.677 12.003 ** 5.251 -4.175  3.570 3.488  4.037 

Czech Republic -11.217 ** 3.464 8.244  7.275 -5.816  4.813 3.597  5.184 

Denmark -28.239 *** 5.469 17.503 *** 2.894 -0.417  1.904 4.447  4.353 

Estonia -15.682 *** 3.744 14.594 *** 3.503 -1.961  2.379 -0.122  3.130 

Finland -10.118 *** 2.373 11.317 *** 4.100 -6.081 ** 2.590 -2.747  4.257 

France -20.372 *** 2.951 16.052 *** 2.637 2.698  2.797 3.359  2.770 

Germany -21.651 *** 2.980 15.638 *** 3.546 -1.924  2.933 6.397  4.015 

Ireland -19.293 *** 3.653 14.402 *** 4.376 -1.347  3.406 -1.846  3.925 

Italy -14.139 *** 3.583 5.579  5.082 3.841  3.841 6.213  4.937 

Japan -18.337 *** 4.410 26.456 *** 5.274 -0.356  3.026 4.122  5.070 

Korea -8.486 ** 2.944 11.628 *** 3.039 -2.833  3.151 9.608 *** 3.218 

Netherlands -11.030 *** 3.761 17.668 *** 3.663 -3.732  2.470 3.739  6.092 

Norway -13.245 *** 2.846 11.270 *** 4.065 -4.608  3.031 1.014  5.635 

Poland -17.295 *** 3.974 13.774 *** 4.834 -7.965 ** 3.781 9.280 ** 4.013 

Slovak Republic -16.022 *** 2.674 13.984 *** 5.237 -6.889 ** 3.155 9.862 ** 4.561 

Spain -16.995 *** 2.692 11.970 *** 3.369 -3.209  4.253 -1.427  3.908 

Sweden -11.564 *** 3.365 14.158 *** 4.461 -7.082 *** 2.650 8.250  6.075 

United Kingdom -21.128 *** 3.218 12.342 *** 4.026 3.516  3.551 6.007  3.972 

United States -14.437 *** 4.480 15.592 *** 2.513 -1.732  3.783 2.023  2.943 

Int. Avg. -16.254 *** 4.383 14.464 *** 0.911 -3.171 *** 0.685 3.785 *** 0.960 

***: p<0.01; **: p<0.05; *: p<0.1 

 
 
Figure 3 Summarizes the relations between skill mismatches and labour market outcomes across all 

countries, in other words the international average coefficients. For ease of comparison between 

outcomes we present the standardized regression coefficients (betas), rather than unstandardized 

(B) coefficients such as are presented in Tables 1 to 3. 
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Figure 3: International average relation between skill mismatches and labour market outcomes 
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With the exception of the small (and non-significant) negative relationship between numeracy 

underutilization and job satisfaction, the relationships all point in the same direction, namely a 

negative relationship with underutilization, and a somewhat smaller positive relationship with 

overutilization. In general literacy mismatches appear to matter more for labour market outcomes 

than numeracy mismatches. In the case of earnings, this is surprising, since it appears that numeracy 

skill level is more important for labour market outcomes than literacy level. It would require a shift of 

roughly three standard deviations in the literacy skill level scale to produce a shift in earnings of 

10.5%, which is the average earning decrease associated with literacy underutilization. A comparable 

shift in numeracy skill level is related to an 18.5% shift in earnings, whereas numeracy 

underutilization leads to just a 3.7% drop in earnings. This may suggest that having numeracy skills is 

always conducive to productivity, regardless of how much those skills are used, whereas literacy is 

very dependent on use to be productive. Alternatively, it may be that, in terms of its effects in the 

labour market, numeracy skills to some extent proxy a broader range of abilities, including general 

intelligence, that is productive across a broader range of skill usage domains than simply the use of 

numbers and calculations. In that case our numeracy mismatch measure may not capture the extent 

to which this broader range of skills are used. 

 

There is little discernible pattern in the results across countries. The results are consistent with the 

expectations, and as such provide a strong validation of our mismatch measure. Underutilization is 

generally strongly negative in its relation with outcomes, and appears to reduce the propensity of 

workers to engage in training. Overutilization is generally positive in its relations with outcomes, and 

is related to a higher degree of training participation. Although the coefficients for overutilization are 
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generally smaller than those for underutilization, the positive relationships support the notion of 

“supermatching”: a fuller use of skills than is achieved by well-matched workers, resulting in higher 

wages and greater job satisfaction.  

 

5. What can we learn from differences between sub-populations? 

 

5.1 Introduction 

In this section we present differences in the incidence of mismatches between relevant sub-

populations. We start with a broad comparison of countries, before zooming in on differences that 

may occur within countries. We look for differences according to educational mismatch, broad 

economic sector, firm size and, specifically for workers whose highest education is at secondary level, 

whether that education was general of vocationally specific. These differences are interesting in their 

own right, since they point to sub-populations that could be of interest to policy makers in the areas 

of education and the labour market. They are also interesting because they may shed light on what is 

driving mismatches.  

Although we make no claims towards demonstrating causality, we will take into consideration some 

frequently heard theoretical ideas about possible causal factors for mismatches when looking at the 

results. Broadly speaking, problems can arise on both the supply and the demand sides of the labour 

market, as well as in the functioning of mechanisms and institutions that aim to bring supply and 

demand together. 

The most simple account of why skill mismatches occur is simply a matter of aggregate supply and 

demand. Education systems may be producing too many or too few skills compared to the 

requirements of the economy, and conversely employers may be using the available skills to a 

greater or lesser extent. This type of mismatch can probably not be resolved in the short term, but 

only in the longer term, for example through education reform or shifts in the balance of high-skill 

versus low-skill production processes. With respect to shortages, such “imbalances” are by no means 

obviously a bad thing. A high aggregate level of skill use relative to skill level in a country, or in 

certain types of firms or organizations within countries, may be indicative of production processes 

that are heavily geared towards extracting as much value as possible from the available skill supply. 

This propensity may be quite general, and reflect a general propensity towards value extraction, or 

skill-specific, in which case it reflects more a particular mode of production.  
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Given the aggregate supply and demand, employers and/or employees can be more or less 

successful in ensuring that the right person ends up in the right job. This can be achieved in a variety 

of ways, such as effective search and/or selection strategies, flexible adjustments within and 

between firms, investments in training, and so on. These processes may be influenced by the 

institutional arrangements in countries. On the supply side, education systems in many countries 

have been designed to incorporate strong linkages with employers, and so to smoothen the 

transition from education and work and ensure that it is easy for both employer and employee to 

find their way to obtaining a good match. On the demand side, differences in labour legislation in 

different countries may affect the ability of employers and/or employees to adjust flexibly to 

situations in which mismatches occur, in order to achieve a more optimal allocation of people over 

jobs.  

In the next section we show the pattern of mismatches across countries, revealing countries that are 

using the available skills a great deal as well as countries that appear to be making much less use 

available human capital. We reflect on whether these country differences line up in any obvious way 

with any known institutional features of those countries. 

We then look at differences in mismatches within countries. We first of all tackle the important 

question of the extent to which educational mismatches are reflected in skill mismatches. We then 

compare the private and public sectors to establish whether there is any systematic evidence for 

misallocation and or sub-optimal utilization of skills across these two broad segments of the labour 

market. We subsequently look at the relation between mismatches and firm size. Finally, we 

compare the extent of mismatch of people a vocational form of secondary qualifications with people 

with general secondary qualifications, which may provide a more direct indication of the effect of 

institutional arrangements on the individual level. 

5.2 What can we learn from country differences? 

Country differences in average skill level and skill use 

Before we show country differences in the mismatches themselves, we start in Figure 4 by showing 

how the component measures, skill levels and skill use, are distributed across countries. This is 

useful, since it helps give us a picture of countries that are susceptible to underutilization or 

overutilization, based on their mean skill level and skill use. 

 

 



23 
 

Figure 4: Mean skill level and skill use per country  
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The first thing we notice from this is that, whereas the distribution of skill levels across countries is 

broadly similar across the two skill domains, the distribution of skill use is very different for literacy 

and numeracy. The most noticeable difference is that the scale values of numeracy use are much 

lower than those for numeracy. Of all countries only the Czech Republic shows a slightly higher scale 

value for numeracy than for literacy. This may indicate that the use of literacy skills is more extensive 

in the working environment of developed countries than that of numeracy skills. This seems 

intuitively plausible, but it is advisable to exercise caution in interpreting these differences. In fact it 

is questionable to what extent the scales are comparable. Recall that the scales are directly derived 

from the reported frequencies of respondents on a range of activities. The typically reported 

frequencies vary strongly by activity, both within and between the skill domains. There is no a priori 

reason to expect these frequencies to be comparable on average across the two domains.  

Arguably more meaningful than the difference in the mean extent of skill use is the fact that, other 

than is the case with skill levels, the ranking of countries in terms of skill use is very different across 

the two skill domains. For example, the Czech Republic show the second highest degree of use of 

numeracy skills (after Finland) but is ranked 16th out of these 22 countries in terms of use of literacy 

skills. Conversely, Norway shows the highest average use of literacy skills, but is well below the 

international average in terms of use of numeracy skills. As a consequence of this, there is very little 

relation between numeracy skill level and use at the level of countries. The main consequence of this 

is that, whereas countries with a give average extent of literacy skill use tend to lie within a relatively 

narrow ban in terms of average literacy skill level, for numeracy the skill levels cover pretty much the 

entire bandwidth of countries at each average level of skill use.  
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Country differences in prevalence of skill mismatches 

Figure 5: Skill mismatches per country  
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The pattern of mismatches is close to what might be expected based on Figure 4. Taking account 

both overutilization and underutilization, the United States, Canada and Germany are the most 

overutilized in literacy terms, and Japan, Slovakia, Finland and Poland the most underutilized. In the 

case of numeracy United States and Canada are again strongly overutilized, this time joined by Korea, 

Spain and the Czech Republic. Japan is joined by Belgium, the Netherlands, Sweden and Norway as 

the most underutilized countries in terms of numeracy. 

It is noticeable that the ranking according to underutilization is not the exact opposite of that 

according to overutilization. This is due to the fact that the total proportion of mismatches is greater 

in some countries than in others. This proportion ranges from 13% in Norway to 22% in Cyprus for 

literacy, and from 16% in Finland to 23% in the US for numeracy. This suggests that the pattern of 

mismatches across countries is not entirely determined by the distribution of skills relative to skill 

use, as Figure 1 would suggest, but also partly by the allocation of workers with given skill levels 

across jobs with given skill requirements. A high overall proportion of skill mismatches may indicate 

that this allocation is less than optimal. Despite such misallocations, the ordering of countries 

according to the combined measure quite strongly follows what one would expect based on the 

distributions in figure 1, which form the basis for the combined measure. This suggests that country 
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differences are mainly driven by the demand for skills in relation to their supply. The position of the 

US is particularly striking: both in terms of literacy and especially numeracy, it is by far the most 

strongly overutilized country. Canada and Spain are also countries that seem to be geared towards a 

relatively high degree of use of the available skills in general. Germany seems strongly geared 

towards a strong use of its literacy skills, but less so for its numeracy skills. 

At the other end of the spectrum, Japan seems to be the country which shows a lowest propensity to 

use the available skills in general. Other countries show a more skill-specific low propensity, such as 

the Slovak Republic and Cyprus in the case of literacy and the Netherlands and Belgium in the case of 

numeracy. 

These results are intriguing, but on their own don’t appear to offer us any clear “smoking gun” that 

might tell use the root cause of the differences. Several of the countries showing a predominance of 

underutilization, such as the United States and Canada, are generally perceived as relatively “free 

market” countries, as indicated by, for example, the extent of employment protection legislation. 

Conversely, several countries that are heavily underutilized, such as the Netherlands, Belgium and 

the Scandinavian countries, can be described as having relatively regulated economies. There are 

however partial exceptions that don’t fit this pattern, such as Japan, which is heavily underutilized 

despite not having strong employment legislation,11 and Spain, which is moderately regulated but 

quite heavily overutilized. The picture is further clouded by the fact that the countries that do fit the 

low-regulation-high skill use and vice versa pattern can be equally well accounted for by positing a 

relation with a different system characteristic, such as the prevalence of vocational education. 

Realistically, at this point there doesn’t seem to be a clear cut case for any of these explanations, 

especially when one considers the fact that the pattern is quite different for literacy and numeracy. 

For the moment we suffice with the observation that there are countries that make strong use of one 

or both skills, and countries that, for whatever reason, appear to leave a large pool of skills 

underutilized. 

5.3 What can we learn from differences within countries? 

In this section we estimate the relationships between a number of characteristics that vary within 

countries and the degree to which people are underutilized or overutilized in terms of literacy and 

numeracy. We simultaneously estimate the relationships with educational mismatch (as opposed to 

having a job that matches one’s own education), working in the public sector (as opposed to the 

private sector), firm size, age, occupation level, and for workers whose highest education is at 

                                                           
11. Although it may be that such legislation is rendered unnecessary by Japanese traditions of long term labor 

relationships and seniority promotion. 
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secondary level, whether they completed vocational education (as opposed to general education). In 

all analyses we control for highest level of education, gender and ethnicity, in addition to the 

characteristics presented. We have made separate analyses per country, the results of which are 

included in an appendix. We show below only the average results across countries. 

Relationship between educational and skill mismatches 

The most obvious cause of skill mismatches at an individual level is educational mismatch, that is, 

being employed in a job requiring a higher or lower level of education than one’s own. Figure 6 

shows this relationship for literacy skills. The graph shows the estimated deviation of workers who 

underutilize or overutilize their skills compared to a respondent who is well-matched in terms of the 

skill involved. Table A1 in the appendix shows the full results per country. 

Figure 6: Relation between educational mismatch and skill mismatches, international average 
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Figure 6 shows that the match between one’s own education and one’s job has a stronger 

relationship with the percentage of workers who are underutilized in terms of literacy than on the 

percentage of overutilized workers. The clearest relationships are those between overeducation and 

overutilization. However, even these are not huge by any means. Recalling that Figure 5 revealed 

that underutilization and overutilization accounted each for around 9% of workers across all 

countries, only the change in underutilization associated with overeducation – just over 5% across all 

countries, an increase of some 60% - can be regarded as reasonably large. The overall changes in 

overutilization associated with both overeducation and undereducation, and of underutilization 

associated with undereducation, are quite modest, and the results per country shown in the Table A1 

in the appendix reveal that these are not always significant or even in the expected direction. The 



27 
 

relationships with overeducation are even smaller in the case of numeracy, both in an absolute sense 

and as a proportion of the percentages in the population as a whole.  

At first glance, the smallness of the relations between educational mismatches and skill mismatches 

seems strange. However, closer inspection of the data reveals why this is the case. Across both skill 

domains, overeducation is associated with both lower skill levels and lower skill use, while 

undereducation is associated with higher skill levels and use. The relationships are quite strong in 

most countries. In the mismatch literature, the link between educational mismatch and skill use is 

usually assumed to be present, while the link with skill level is frequently ignored. To be clear, the 

link is indeed somewhat stronger in the case of skill use than in the case of skill level, which is why 

we observe a residual relationship between educational mismatches and skill mismatches. But the 

strong sorting in terms of skill levels between overeducated, well-matched, and undereducated 

workers has the effect that educational mismatch is a less serious problem than it is frequently 

perceived as being. The bad news is that a significant proportion of workers who are well-matched in 

their jobs in terms of their education are in fact badly matched in terms of skills. 

Relationship between economic sector and skill mismatches 

We now look at the prevalence of skill mismatches separately for the private and public sectors. This 

comparison of interest because it is often assumed that public sector labour markets work rather 

differently to those in the private sector. In the latter sector, the pursuit of profits in competition 

with other firms operating on the same market gives employers a clear yardstick on which to gauge 

their performance. Public sector organizations are often said to lack such a yardstick, and their 

performance is assessed against other, externally imposed goals and targets.  

Such a distinction between the two sectors is arguably too simplistic and outdated. In terms of their 

day to day running, the distinction between private and public sector organizations is often not that 

clear. Public sector organizations, and especially units within those organizations, are increasingly 

expected to operate in an entrepreneurial manner and to compete for resources and sometimes for 

their very existence with other organizations or units. Conversely, the operations of many private 

sector firms, especially larger ones, are so complex that they have little choice but to apply 

administrative procedures similar to those commonly associated with the public sector. Only in a 

relatively few cases is it likely to be possible to objectively assess the contribution of individual 

employees to the overall performance of the firm or organization. 

With these reflections in mind, Figure 7 shows difference in the proportions of underutilized and 

overutilized workers in the public sector compared to the private sector, once again corrected for 
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highest level of education, level of occupation, age, gender and ethnicity, in addition to the other 

characteristics presented. Table A2 in the appendix shows the full results per country. 

Figure 7: Relation between working in the public/non-profit sector (versus private sector) and skill 

mismatches 
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There is very little difference between the public and private sectors in terms of literacy mismatches. 

The difference is far greater in terms of numeracy skills, in the “expected” direction. There is around 

7% less underutilization and 4% more overutilization across all countries in the private sector 

compared to the public sector. As Table A2 in the appendix shows, this difference is observed in 

almost all countries. It is conceivable that this is driven by the prevalence of firms strongly geared 

towards the use of numbers and calculations in the private sector, but further analysis shows that it 

turns out to be quite general across widely different kinds of private sector firms. It seems more 

plausible that these results reflect a different attitude towards value extraction in the private sector 

compared to the public sector, with the former far more oriented towards using numerical skills. 

Relation between skill mismatch and firm size 

As mentioned above, even in the private sector, large firms face such complexity in their operations 

that they may have little choice but to apply quite bureaucratic administrative procedures, which 

may make it more difficult to achieve a good match between actual and required skills on an 

individual level. Smaller firms by contrast are in a position in which they can quickly observe when a 

worker is not well-matched to the job. As a consequence, it may be that large firms are more 

susceptible to skill mismatches than are smaller firms. Figure 8 shows this relation for literacy and 

numeracy mismatches. Table A3 in the appendix shows the full results per country. 
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Figure 8: Relation between firm size and skill mismatches 
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Intriguingly, Figure 8 shows a similar pattern to what we saw for public versus private sector. There is 

little or no relation in terms of literacy, but a much stronger pattern of more underutilization and 

somewhat less overutilization in terms of numeracy, in larger firms compared to small firms. This 

seems to suggest that smaller firms better able to use the available numeracy skills than larger firms. 

Perhaps their smaller size allows them to identify and root out wastage of these valuable skills more 

quickly than larger and more complex firms are able to. Alternatively, it may be a matter of selection 

processes, with the scale advantages of larger firms allowing them to absorb and survive a certain 

amount of wastage, whereas smaller firms that do not use their resources optimally are forced out of 

business. 

Relation between age and skill mismatches 

The OECD (2013a) finds that in many countries, young workers are significantly more likely to be 

overskilled (underutilize their skills) than older workers. The interpret this in terms of search and 

information costs, arguing that it takes time for people to find their niche in the labour market, so 

that one might expect mismatches to become less prevalent over time. Figure 9 examines this notion 

by plotting the estimated relation between age and mismatches. We included both a linear and a 

quadratic predictor. Table A4 in the appendix shows the full results per country. 
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Figure 9: Relation between age and skill mismatches 

-25%

-20%

-15%

-10%

-5%

0%

5%

10%

15%

20%

25%

15 20 25 30 35 40 45 50 55 60 65

%
 d

e
vi

at
io

n
 f

ro
m

 m
ea

n
 r

e
sp

o
nd

e
nt

 (4
2

 y
ea

rs
)

age

literacy overskilling

literacy underskilling

numeracy overskilling

numeracy underskilling

 

The expected relation with age only appears to exist in the case of literacy underutilization. The 

relation is however very strong, and nearly linear. Consistent with the OECD’s findings, literacy 

underutilization appears to be very much a young person’s problem. The same does not however 

apply to numeracy underutilization, or for either type of overutilization, none of which are 

significantly related to age. Table A4 in the appendix reveals that, in countries where relationships 

are significant, these almost always point towards decreasing underutilization and increasing 

overutilization with age. In our view, this pattern is more consistent with an increase in responsibility 

over the life course, with workers taking on more demanding tasks as they grow older, rather than to 

a better match per se, as suggested by the OECD. We should also point out that the relation with age 

could equally point to a pure age or life-cycle effect or a cohort effect. The data do not allow us to 

distinguish these possibilities. 

Relation between occupation level and skill mismatches. 

Like educational matches, the level of the occupation in which people work may be expected to have 

a rather direct relation with skill mismatches. Holding other characteristics constant, we can expect 

workers in higher level occupations to experience less underutilization and more overutilization than 

workers in lower level occupations. Figure 10 shows this relation. Table A5 in the appendix shows the 

full results per country. 
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Figure 10: Relation between occupational level and skill mismatches 
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As one might expect, there is a strong relationship between occupational level and skill mismatches. 

Those employed as skilled professionals are less likely to be underutilized and somewhat more likely 

to be overutilized than those employed as white-collar semi-professionals. The opposite is true of 

semi-skilled blue collar workers and especially those employed in elementary occupations. 

VET versus non-VET  

The analyses presented in Figure 11 are restricted to respondents whose highest completed 

education is at secondary level. Again, the results are corrected for relevant personal characteristics, 

qualifications and work aspects. We show the change in the proportion of mismatched workers of 

people whose highest completed education is a secondary vocational (VET) qualification, compared 

to those whose highest completed education is non-vocational secondary education. Table A6 in the 

appendix shows the full results per country. 
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Figure 11: The relation between vocational versus general secondary education and skill mismatches 
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As Table A6 in the appendix shows, the coefficients are not significant in all countries, but with one 

minor exception, they all point in the direction of graduates of VET programmes being less 

underutilized and more overutilized that graduates of non-VET programmes. Interestingly the 

coefficients appear to be largest in countries with strongly developed VET systems. The results 

suggest that, although countries with strongly developed VET systems often appear to score quite 

poorly in terms of skill use, within countries participation in VET is associated with a better use of 

skills in the labour market. This result is all the more striking considering the fact that these skills are 

general basic skills rather than occupation specific skills.12 

6. Conclusions 

 

In this paper we have developed and tested a new measure of skill mismatches, one that is based on 

skill levels and skill use of individual workers. Our measure represents the level of skill use relative to 

the level of skill a worker possesses. The measure appears to work, and produces interesting and 

largely plausible results. It is superior in almost every respect to alternative measures based on skill 

distributions within broad occupational categories, such as is used by the OECD (2013a). 

 

The relations between mismatches and outcomes are consistent with both theoretical expectations 

and findings from prior research into educational mismatches and subjective skill mismatches. We 

find strong positive relations between overutilization and wages, job satisfaction and training 

participation, and somewhat stronger negative relations between underutilization and outcomes. 

These results provide support for the expectation that, after controlling for skills, education and 

                                                           
12. It should be remarked that especially in strong VET countries, it is likely that the sorting into VET versus 

non-VET programmes is likely to be based on skills as well as some unobserved characteristics. Although 
this appears to be true in the case of skills, it is not clear how this would lead to the effects seen in Figure 
11. 
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other relevant characteristics, workers suffer a penalty when they make little use of their skills. 

Conversely, when workers use their skills more than other workers with a similar level of skill, they 

experience higher earnings and job satisfaction, and engage in more training. As mentioned, this is 

consistent with findings from prior research, and suggests that “supermatching” interpretation of 

overutilization, whereby workers use skills that “well-matched” workers have in reserve, rather than 

encountering any serious skill shortages. This is supported by the finding that around three quarters 

of workers who overutilize their skills report that they could handle more demanding work than they 

are currently performing.  

In general, literacy mismatches appear to matter more for labour market outcomes than numeracy 

mismatches. In the case of earnings, this is surprising, since it appears that numeracy skill level is 

more important for labour market outcomes than literacy level. This may suggest that having 

numeracy skills is always conducive to productivity, regardless of how much those skills are used, 

whereas literacy is very dependent on use to be productive. Alternatively, it may be that, in terms of 

its effects in the labour market, numeracy skills to some extent proxy a broader range of abilities, 

including general intelligence, that is productive across a broader range of skill usage domains than 

simply the use of numbers and calculations. In that case our measure of numeracy mismatch might 

not be as effective as our literacy measure. 

 

Country differences in skill mismatches seem to be driven mostly by differences in value extraction 

propensity, i.e. the propensity towards high skill use for a given skill level. This is in many cases rather 

skill-specific, but some mainly Anglo-saxon countries, especially the USA, appear to be strongly 

geared towards value extraction across both skill domains. This pattern could be explained by 

differences in institutional arrangements in countries, such as those affecting employment 

protection or the prevalence of vocational systems, but the large number of exceptions to this cast 

doubt on these interpretations. Interestingly, we find that at an individual level, participation in 

vocational as opposed to general secondary education appears to be related to higher skill use 

relative to the level of available skills, whereas at a system level it seems to be mainly countries 

lacking a strongly developed VET system that show the highest skill use. 

The relationships with educational mismatch are more or less in the expected directions, but are 

surprisingly weak. The reason for this is the finding that people who are mismatched in terms of their 

education not only face different skill requirements than people who are well matched, but possess 

correspondingly different skills. The flip side of this is the fact that a large proportion of workers 

whose job fits well with their education are clearly mismatched in terms of skills. We observe similar 
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relationships with occupation level, with workers in high level jobs using their skills more than 

comparable workers in lower-level jobs. 

The relation between working in the public versus private sector and mismatches are consistent with 

the notion of more effective value extraction in the market-oriented private sector. This result is 

concentrated in the numeracy domain, which as pointed out above is the domain in which skills 

themselves are most highly rewarded. Workers in the private sector are less likely to underutilize 

their numeracy skills and more likely to overutilize them, than comparable workers in the public 

sector. A similar picture applies to large versus small firms, suggesting that smaller firms make better 

use of the available skills than do their larger counterparts.  

Consistent with findings by OECD, literacy underutilization appears to be very much a young person’s 

problem. The same does not however apply to numeracy underutilization, or for either type of 

overutilization, none of which are significantly related to age across all countries, but positively 

related to age in several countries. In our view, this pattern is more consistent with an increase in 

responsibility over the life course, with workers taking on more demanding tasks as they grow older, 

rather than with an improved match, which was the OECD’s interpretation of their findings. 
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Appendix 

Table A1: Effect of educational match on skill mismatches, per country 

Literacy: underutilization overutilization 

 
overeducated undereducated overeducated undereducated 

country B  S.E. B  S.E. B  S.E. B  S.E. 

Austria 0.040 *** 0.015 -0.027 ** 0.011 -0.033 ** 0.013 -0.008  0.016 

Belgium 0.061 *** 0.014 -0.008  0.012 -0.016  0.011 0.005  0.014 

Canada 0.040 *** 0.009 -0.005  0.009 -0.002  0.010 0.023  0.014 

Cyprus 0.094 *** 0.025 -0.108 *** 0.018 -0.006  0.016 0.061 *** 0.017 

Czech Republic 0.057 ** 0.027 -0.048 * 0.028 0.003  0.012 0.029  0.029 

Denmark 0.053 *** 0.013 -0.007  0.011 -0.007  0.011 -0.002  0.014 

Estonia 0.031 ** 0.013 -0.028 ** 0.014 -0.019 ** 0.008 0.006  0.011 

Finland 0.057 *** 0.017 -0.009  0.015 -0.021 ** 0.010 -0.002  0.012 

France 0.054 *** 0.015 -0.003  0.011 -0.010  0.009 0.026 ** 0.012 

Germany 0.063 *** 0.012 -0.006  0.011 -0.037 *** 0.013 0.033  0.020 

Ireland 0.033 ** 0.016 -0.014  0.017 -0.010  0.012 0.031  0.021 

Italy 0.043 * 0.023 -0.053 *** 0.018 0.001  0.014 0.046 *** 0.016 

Japan 0.081 *** 0.014 -0.050 ** 0.023 -0.009  0.007 0.036 ** 0.017 

Korea 0.059 *** 0.013 -0.039 *** 0.014 -0.035 *** 0.011 0.054 ** 0.022 

Netherlands 0.095 *** 0.021 0.007  0.014 -0.003  0.009 0.009  0.012 

Norway 0.029 *** 0.011 0.000  0.012 -0.021 ** 0.009 -0.035 *** 0.014 

Poland 0.055 *** 0.015 -0.044 * 0.023 0.004  0.010 0.054 *** 0.019 

Slovak Republic 0.017  0.015 -0.018  0.029 -0.005  0.009 0.010  0.020 

Spain 0.072 *** 0.016 -0.049 *** 0.012 -0.062 *** 0.015 0.062 *** 0.023 

Sweden 0.036 * 0.018 -0.015  0.018 -0.005  0.010 0.016  0.012 

United Kingdom 0.052 *** 0.018 -0.033 *** 0.012 0.003  0.016 0.031  0.028 

United States 0.035 *** 0.013 0.014  0.014 -0.018  0.017 0.002  0.025 

Int. Avg. 0.053 *** 0.004 -0.025 *** 0.004 -0.014 *** 0.002 0.022 *** 0.004 

Numeracy: underutilization overutilization 

 
overeducated undereducated overeducated undereducated 

country B  S.E. B  S.E. B  S.E. B  S.E. 

Austria 0.057 *** 0.018 0.007  0.018 -0.008  0.010 0.012  0.014 

Belgium 0.007  0.020 -0.027  0.020 0.006  0.009 0.010  0.011 

Canada 0.007  0.009 -0.014  0.009 -0.007  0.011 0.011  0.014 

Cyprus -0.013  0.019 -0.041 * 0.022 0.009  0.017 0.076 *** 0.018 

Czech Republic 0.037 * 0.022 -0.008  0.017 -0.007  0.015 0.052 * 0.027 

Denmark 0.048 *** 0.015 -0.011  0.016 -0.009  0.008 0.003  0.011 

Estonia 0.023 * 0.012 -0.007  0.014 -0.009  0.009 0.016  0.012 

Finland 0.040 *** 0.015 -0.020  0.014 -0.030 *** 0.010 0.013  0.012 

France 0.031 *** 0.011 0.018 * 0.011 -0.024 *** 0.008 0.020 ** 0.010 

Germany 0.054 *** 0.016 -0.013  0.014 -0.027 *** 0.010 0.008  0.015 

Ireland 0.017  0.013 -0.001  0.014 -0.019  0.012 0.004  0.023 

Italy 0.019  0.021 -0.003  0.017 0.014  0.017 0.022  0.018 

Japan 0.052 *** 0.014 0.007  0.024 -0.016 ** 0.006 0.021  0.017 

Korea 0.016  0.013 -0.008  0.018 -0.039 *** 0.012 0.012  0.019 

Netherlands 0.104 *** 0.025 0.039 ** 0.019 -0.018 ** 0.007 -0.002  0.010 

Norway 0.009  0.017 -0.018  0.017 -0.006  0.008 -0.005  0.013 

Poland 0.026 * 0.014 -0.021  0.022 -0.036 *** 0.010 0.056 *** 0.020 

Slovak Republic 0.010  0.017 0.008  0.035 -0.002  0.010 0.018  0.025 

Spain 0.023  0.014 0.013  0.015 -0.048 *** 0.013 0.013  0.021 

Sweden 0.035 * 0.020 0.030  0.019 0.004  0.008 0.003  0.012 

United Kingdom 0.010  0.020 -0.029 * 0.017 0.000  0.017 0.038 * 0.022 

United States 0.020  0.014 0.003  0.013 -0.017  0.020 -0.027  0.028 

Int. Avg. 0.029 *** 0.004 -0.004  0.004 -0.013 *** 0.003 0.017 *** 0.004 

***: p<0.01; **: p<0.05; *: p<0.1 
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Table A2: Effect of working in the private versus the public sector on skill mismatches, per country 

 

Literacy 
underutilization 

Literacy 
overutilization 

Numeracy 
underutilization 

Numeracy 
overutilization 

country B  b.se B  b.se B  b.se B  b.se 

Austria 0.000  0.013 -0.002  0.014 -0.095 *** 0.016 0.010  0.009 

Belgium 0.027 ** 0.011 -0.005  0.011 -0.079 *** 0.016 0.021 *** 0.006 

Canada 0.012  0.009 -0.017 * 0.009 -0.056 *** 0.011 0.060 *** 0.009 

Cyprus -0.004  0.017 0.025 * 0.014 -0.135 *** 0.020 0.065 *** 0.013 

Czech Republic 0.022  0.022 0.011  0.014 -0.008  0.022 0.040 ** 0.016 

Denmark -0.005  0.009 -0.010  0.009 -0.104 *** 0.015 0.021 *** 0.006 

Estonia 0.019 ** 0.010 -0.014  0.010 -0.040 *** 0.013 0.044 *** 0.009 

Finland 0.025 ** 0.012 0.004  0.009 -0.045 *** 0.011 0.044 *** 0.009 

France -0.010  0.010 0.004  0.008 -0.078 *** 0.012 0.027 *** 0.008 

Germany 0.002  0.010 -0.023 * 0.013 -0.081 *** 0.019 0.026 *** 0.009 

Ireland 0.010  0.011 -0.024 * 0.014 -0.059 *** 0.013 0.057 *** 0.013 

Italy 0.036 * 0.020 -0.006  0.017 -0.038 * 0.021 0.028  0.018 

Japan 0.030 * 0.015 -0.005  0.011 -0.048 *** 0.018 0.004  0.009 

Korea -0.021  0.015 0.003  0.016 -0.087 *** 0.016 0.047 *** 0.015 

Netherlands -0.004  0.013 -0.019 * 0.010 -0.108 *** 0.017 0.004  0.008 

Norway -0.002  0.010 -0.004  0.011 -0.105 *** 0.016 0.029 *** 0.007 

Poland 0.032 ** 0.015 -0.017  0.014 -0.036 ** 0.014 0.045 *** 0.014 

Slovak Republic 0.014  0.015 -0.007  0.010 -0.079 *** 0.020 0.030 *** 0.009 

Spain 0.003  0.015 0.000  0.018 -0.042 ** 0.017 0.065 *** 0.015 

Sweden 0.025 * 0.014 -0.014  0.010 -0.076 *** 0.017 0.006  0.010 

United Kingdom 0.009  0.015 0.015  0.015 -0.070 *** 0.017 0.088 *** 0.015 

United States 0.013  0.013 -0.020  0.018 0.001  0.015 0.045 ** 0.021 

Int. Avg. 0.011 *** 0.003 -0.006 ** 0.003 -0.067 *** 0.004 0.037 *** 0.003 

***: p<0.01; **: p<0.05; *: p<0.1 
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Table A3: Effect of firm size on skill mismatches, per country 

 
Literacy underutilization Literacy overutilization 

 
11-50 employees 51-1000 employees >1000 employees 11-50 employees 51-1000 employees >1000 employees 

country B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. 

Austria 0.011  0.014 0.007  0.013 0.004  0.020 -0.005  0.015 -0.019  0.013 0.001  0.023 

Belgium 0.040 ** 0.016 0.023 * 0.013 0.041  0.026 0.020  0.012 -0.004  0.013 -0.009  0.015 

Canada -0.013  0.011 -0.012  0.010 0.015  0.015 0.022 * 0.012 0.002  0.011 -0.007  0.016 

Cyprus -0.046 *** 0.018 -0.014  0.021 -0.009  0.068 -0.014  0.015 -0.025  0.016 -0.013  0.031 

Czech Republic -0.029  0.027 -0.059 ** 0.029 -0.041  0.053 -0.008  0.018 0.003  0.018 -0.019  0.030 

Denmark -0.002  0.012 -0.010  0.010 -0.020  0.016 0.000  0.013 0.000  0.013 0.010  0.020 

Estonia 0.009  0.014 -0.006  0.013 -0.026  0.024 -0.001  0.009 0.009  0.010 0.029  0.030 

Finland -0.031 ** 0.015 -0.005  0.016 -0.046 * 0.024 -0.001  0.011 -0.008  0.011 -0.030  0.018 

France -0.005  0.011 0.003  0.011 0.033 * 0.019 0.020 ** 0.009 0.016  0.011 -0.009  0.013 

Germany -0.021  0.013 -0.037 *** 0.012 0.001  0.017 0.002  0.016 0.004  0.015 -0.016  0.020 

Ireland -0.038 *** 0.014 -0.030 * 0.018 -0.015  0.021 -0.004  0.015 -0.016  0.015 -0.026  0.025 

Italy 0.046 ** 0.023 0.035 * 0.020 0.029  0.032 -0.023  0.018 -0.032 ** 0.015 0.009  0.033 

Japan 0.014  0.017 -0.016  0.019 -0.018  0.029 0.005  0.008 0.008  0.008 0.004  0.016 

Korea -0.023 * 0.012 -0.013  0.014 -0.041 ** 0.016 0.015  0.014 -0.004  0.016 -0.016  0.020 

Netherlands -0.024  0.016 -0.016  0.015 -0.014  0.025 0.013  0.012 -0.001  0.011 0.029  0.020 

Norway 0.006  0.011 0.002  0.011 -0.007  0.015 -0.007  0.017 -0.009  0.017 -0.001  0.020 

Poland 0.034 * 0.020 0.023  0.019 0.045  0.031 0.013  0.012 0.009  0.011 -0.023 * 0.012 

Slovak Republic 0.002  0.019 -0.008  0.022 -0.005  0.034 -0.009  0.013 -0.018 * 0.011 -0.016  0.021 

Spain -0.008  0.016 -0.002  0.017 -0.022  0.023 0.006  0.016 -0.020  0.017 0.049  0.035 

Sweden -0.014  0.018 0.007  0.017 0.019  0.028 -0.008  0.013 -0.003  0.013 -0.013  0.016 

United Kingdom -0.028  0.020 -0.014  0.018 -0.028  0.019 0.026  0.018 0.013  0.017 0.036  0.024 

United States -0.014  0.019 -0.028 * 0.016 -0.019  0.021 0.011  0.022 0.035 ** 0.017 -0.032  0.030 

Int. Avg. -0.006 * 0.004 -0.008 ** 0.004 -0.006  0.006 0.003  0.003 -0.003  0.003 -0.003  0.005 
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Table A3: Effect of firm size on skill mismatches, per country (continued) 

 
Numeracy underutilization Numeracy overutilization 

 
11-50 employees 51-1000 employees >1000 employees 11-50 employees 51-1000 employees >1000 employees 

country B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. 

Austria 0.009  0.017 0.028  0.019 0.034  0.027 0.003  0.011 -0.005  0.010 -0.003  0.016 

Belgium 0.050 ** 0.020 0.066 *** 0.020 0.090 *** 0.033 0.019 ** 0.009 -0.011  0.009 0.012  0.016 

Canada 0.002  0.011 0.012  0.010 0.035 * 0.020 0.013  0.013 -0.023 * 0.012 -0.027 * 0.015 

Cyprus -0.007  0.019 -0.012  0.024 -0.079 * 0.043 0.016  0.016 -0.008  0.017 -0.001  0.026 

Czech Republic 0.033  0.023 0.032  0.023 -0.018  0.024 0.033 * 0.018 -0.005  0.017 -0.014  0.033 

Denmark 0.005  0.016 0.012  0.015 0.041 * 0.023 -0.024 ** 0.009 -0.018 * 0.010 -0.025 ** 0.011 

Estonia -0.008  0.011 0.028 ** 0.012 0.061 ** 0.030 0.003  0.008 -0.014  0.008 0.018  0.024 

Finland 0.019  0.012 0.014  0.015 0.026  0.032 -0.016  0.011 -0.030 *** 0.011 -0.060 *** 0.015 

France 0.004  0.012 0.002  0.011 0.050 ** 0.025 -0.005  0.011 -0.001  0.011 -0.018  0.015 

Germany 0.015  0.013 0.011  0.014 0.056 ** 0.023 -0.028 * 0.016 -0.047 *** 0.015 -0.050 *** 0.017 

Ireland -0.007  0.012 0.026 * 0.015 0.033  0.025 0.027  0.017 0.005  0.013 0.011  0.020 

Italy 0.020  0.019 0.017  0.021 0.050  0.036 -0.044 *** 0.017 -0.046 *** 0.014 0.013  0.037 

Japan 0.051 *** 0.014 0.034 ** 0.015 0.102 *** 0.029 -0.002  0.008 0.001  0.009 -0.024 *** 0.008 

Korea 0.002  0.013 0.013  0.014 -0.004  0.020 0.011  0.013 0.008  0.015 0.012  0.024 

Netherlands 0.040 ** 0.018 0.061 *** 0.019 0.037  0.028 -0.013  0.010 -0.010  0.011 -0.010  0.015 

Norway 0.039 ** 0.018 0.045 ** 0.019 0.082 *** 0.030 -0.001  0.011 0.004  0.013 -0.015  0.012 

Poland 0.020  0.015 0.013  0.017 0.023  0.025 -0.021  0.016 -0.022  0.014 -0.067 *** 0.015 

Slovak Republic -0.004  0.019 0.013  0.018 0.066 ** 0.033 0.008  0.011 -0.003  0.011 0.015  0.021 

Spain -0.002  0.013 0.026 * 0.014 0.077 ** 0.038 -0.016  0.017 -0.019  0.015 -0.011  0.029 

Sweden 0.022  0.022 0.004  0.019 0.066 ** 0.030 -0.013  0.011 -0.006  0.012 -0.005  0.015 

United Kingdom -0.023  0.017 -0.008  0.018 -0.008  0.027 0.040 ** 0.018 0.043 *** 0.016 0.064 *** 0.020 

United States 0.006  0.019 0.006  0.015 0.014  0.023 -0.024  0.026 -0.014  0.025 -0.046  0.031 

Int. Avg. 0.013 *** 0.004 0.020 *** 0.004 0.038 *** 0.006 -0.002  0.003 -0.010 *** 0.003 -0.011 ** 0.005 

***: p<0.01; **: p<0.05; *: p<0.1 
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Table A4: Effect of age on skill mismatches, per country 

 
Literacy underutilization Literacy overutilization 

 
Age 

 
Age-sqared (X100) Age 

 
Age-sqared (X100) 

country B  S.E. B  S.E. B  S.E. B  S.E. 

Austria -0.006 * 0.003 0.007  0.004 -0.005  0.003 0.009 ** 0.005 

Belgium -0.001  0.003 -0.002  0.004 -0.002  0.003 0.004  0.004 

Canada -0.009 *** 0.002 0.009 *** 0.002 0.002  0.002 0.000  0.003 

Cyprus -0.007  0.006 0.009  0.007 0.001  0.005 -0.001  0.006 

Czech Republic -0.007  0.007 0.008  0.009 -0.001  0.004 0.002  0.005 

Denmark -0.014 *** 0.003 0.013 *** 0.004 0.002  0.003 -0.001  0.003 

Estonia -0.012 *** 0.004 0.015 *** 0.004 0.004 * 0.002 -0.003  0.003 

Finland -0.013 *** 0.004 0.010 ** 0.004 -0.007 *** 0.002 0.010 *** 0.003 

France -0.009 *** 0.003 0.009 *** 0.003 0.004 * 0.002 -0.002  0.003 

Germany 0.001  0.003 -0.001  0.004 -0.003  0.004 0.005  0.004 

Ireland -0.020 *** 0.005 0.023 *** 0.006 0.011 *** 0.004 -0.012 *** 0.005 

Italy -0.003  0.004 0.005  0.006 -0.003  0.005 0.005  0.006 

Japan -0.002  0.004 0.000  0.005 0.000  0.002 0.002  0.002 

Korea -0.015 *** 0.004 0.015 *** 0.005 0.007 ** 0.003 -0.006  0.004 

Netherlands -0.016 *** 0.004 0.015 *** 0.004 0.000  0.002 0.002  0.002 

Norway -0.002  0.002 0.000  0.003 -0.003  0.003 0.005  0.003 

Poland -0.020 *** 0.005 0.024 *** 0.006 0.005 ** 0.002 -0.006 ** 0.003 

Slovak Republic -0.002  0.006 0.000  0.007 -0.001  0.003 0.002  0.003 

Spain -0.003  0.004 0.002  0.005 -0.004  0.004 0.009 * 0.005 

Sweden -0.005  0.004 0.002  0.004 0.003  0.002 -0.003  0.003 

United Kingdom -0.011 ** 0.004 0.012 ** 0.005 0.004  0.003 -0.003  0.004 

United States -0.008 *** 0.002 0.007 ** 0.003 0.004  0.005 -0.002  0.006 

Int. Avg. -0.008 *** 0.001 0.008 *** 0.001 0.001  0.001 0.001  0.001 

 
Numeracy underutilization Numeracy overutilization 

 
Age 

 
Age-sqared (X100) Age 

 
Age-sqared (X100) 

country B  S.E. B  S.E. B  S.E. B  S.E. 

Austria 0.001  0.004 -0.002  0.005 -0.001  0.003 0.001  0.004 

Belgium 0.013 ** 0.005 -0.018 *** 0.006 -0.004  0.002 0.005 * 0.003 

Canada -0.004 ** 0.002 0.003  0.002 0.002  0.002 -0.001  0.003 

Cyprus 0.000  0.006 0.000  0.007 0.001  0.005 -0.002  0.006 

Czech Republic 0.000  0.006 0.000  0.007 0.001  0.004 -0.002  0.005 

Denmark 0.001  0.004 -0.004  0.005 0.000  0.002 0.001  0.002 

Estonia -0.005 * 0.003 0.006 * 0.003 0.006 *** 0.002 -0.006 *** 0.002 

Finland -0.006  0.004 0.004  0.005 0.001  0.003 0.001  0.004 

France -0.005 * 0.003 0.004  0.003 -0.002  0.003 0.002  0.003 

Germany 0.000  0.004 -0.002  0.004 0.000  0.003 0.001  0.004 

Ireland -0.001  0.004 0.000  0.004 0.004  0.003 -0.004  0.004 

Italy 0.004  0.005 -0.006  0.006 -0.001  0.005 0.001  0.006 

Japan -0.002  0.004 0.001  0.005 0.001  0.002 -0.001  0.002 

Korea -0.011 *** 0.003 0.012 *** 0.004 0.006 * 0.003 -0.007 * 0.004 

Netherlands -0.005  0.005 0.004  0.005 0.000  0.002 -0.001  0.002 

Norway 0.001  0.003 -0.005  0.004 -0.003  0.003 0.003  0.003 

Poland -0.004  0.004 0.005  0.005 0.002  0.003 -0.003  0.003 

Slovak Republic -0.008  0.005 0.008  0.006 0.001  0.003 -0.001  0.004 

Spain 0.003  0.004 -0.006  0.005 -0.004  0.004 0.006  0.004 

Sweden -0.002  0.004 -0.002  0.005 0.006 *** 0.002 -0.006 *** 0.002 

United Kingdom 0.004  0.004 -0.005  0.005 0.003  0.004 -0.004  0.004 

United States -0.004  0.003 0.003  0.004 -0.001  0.004 0.001  0.005 

Int. Avg. -0.001  0.001 0.000  0.001 0.001  0.001 -0.001  0.001 

***: p<0.01; **: p<0.05; *: p<0.1 
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Table A5: Effect of occupational level on skill mismatches, per country 

 

Literacy 
underutilization 

Literacy 
overutilization 

 
skilled professionals semi-skilled blue-collar elementary occupations skilled professionals semi-skilled blue-collar elementary occupations 

country B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. 

Austria -0.022  0.014 0.034 * 0.020 0.035  0.030 0.001  0.017 -0.043 *** 0.016 -0.060 *** 0.019 

Belgium -0.046 *** 0.014 0.021  0.022 0.046 * 0.023 0.029 ** 0.012 -0.031 ** 0.013 -0.018  0.018 

Canada -0.028 *** 0.011 0.008  0.014 0.044 ** 0.020 0.034 *** 0.010 0.032 ** 0.015 -0.043 *** 0.013 

Cyprus -0.029  0.023 0.040  0.029 0.211 *** 0.055 0.007  0.017 -0.056 *** 0.021 -0.037 * 0.020 

Czech Republic -0.053 ** 0.025 0.048  0.034 0.067  0.064 0.020  0.024 -0.064 *** 0.018 -0.054 *** 0.014 

Denmark -0.007  0.011 0.020  0.017 0.074 *** 0.025 0.024 * 0.013 0.006  0.017 -0.020  0.021 

Estonia -0.088 *** 0.015 0.049 ** 0.019 0.201 *** 0.028 0.009  0.011 -0.024 * 0.012 -0.062 *** 0.011 

Finland 0.002  0.014 0.083 *** 0.016 0.100 *** 0.035 0.005  0.012 -0.010  0.012 0.000  0.020 

France -0.046 *** 0.013 0.030 * 0.016 0.078 *** 0.021 0.018 * 0.011 -0.026 * 0.014 -0.016  0.016 

Germany -0.014  0.011 0.016  0.014 0.130 *** 0.027 -0.040 *** 0.015 -0.062 *** 0.020 -0.117 *** 0.019 

Ireland -0.070 *** 0.016 -0.027  0.021 0.040  0.031 0.030 * 0.017 0.000  0.021 -0.026  0.021 

Italy -0.047 *** 0.017 0.042  0.029 -0.005  0.029 0.074 *** 0.021 -0.008  0.015 -0.007  0.016 

Japan -0.065 *** 0.017 0.118 *** 0.021 0.214 *** 0.037 0.001  0.009 -0.019 * 0.011 -0.013  0.014 

Korea 0.001  0.013 0.044 ** 0.017 0.061 ** 0.024 -0.022  0.016 -0.039 ** 0.015 -0.049 *** 0.018 

Netherlands -0.021  0.016 0.019  0.024 0.089 ** 0.038 0.025 ** 0.011 0.000  0.014 -0.041 ** 0.017 

Norway -0.002  0.011 0.004  0.017 0.011  0.026 0.003  0.013 0.026  0.021 0.000  0.038 

Poland -0.027  0.018 0.109 *** 0.025 0.171 *** 0.046 -0.012  0.016 -0.015  0.016 -0.042 ** 0.016 

Slovak Republic -0.107 *** 0.017 0.089 *** 0.026 0.113 *** 0.042 0.034 ** 0.014 -0.006  0.011 -0.010  0.012 

Spain -0.003  0.016 0.032  0.022 0.060 ** 0.024 -0.022  0.018 -0.028  0.019 -0.055 *** 0.016 

Sweden -0.036 ** 0.016 0.080 *** 0.025 0.177 *** 0.050 0.031 * 0.017 -0.006  0.013 0.010  0.029 

United Kingdom -0.018  0.017 0.007  0.024 0.027  0.028 -0.006  0.016 -0.021  0.022 -0.063 *** 0.023 

United States -0.044 *** 0.014 -0.017  0.013 0.109 *** 0.031 0.013  0.023 -0.065 ** 0.027 -0.092 *** 0.031 

Int. Avg. -0.035 *** 0.003 0.039 *** 0.005 0.093 *** 0.008 0.012 *** 0.003 -0.021 *** 0.004 -0.037 *** 0.004 
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Table A5: Effect of occupational level on skill mismatches, per country (continued) 

 

Numeracy 
underutilization 

Numeracy 
overutilization 

 
skilled professionals semi-skilled blue-collar elementary occupations skilled professionals semi-skilled blue-collar elementary occupations 

country B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. B  S.E. 

Austria -0.003  0.019 0.045 ** 0.021 -0.011  0.025 0.008  0.013 -0.010  0.014 -0.008  0.020 

Belgium -0.046 ** 0.022 0.070 *** 0.026 0.013  0.030 0.032 *** 0.010 -0.022 ** 0.009 -0.011  0.012 

Canada -0.009  0.009 0.055 *** 0.015 0.052 ** 0.021 0.034 *** 0.012 -0.042 *** 0.016 -0.083  0.016 

Cyprus 0.005  0.024 0.050 * 0.028 0.030  0.032 -0.018  0.018 -0.021  0.025 -0.018  0.029 

Czech Republic -0.012  0.021 0.006  0.029 0.072  0.053 0.041 * 0.023 -0.042 ** 0.017 -0.046  0.029 

Denmark -0.012  0.017 0.032  0.021 0.044 * 0.025 0.003  0.008 -0.021 * 0.012 -0.014  0.015 

Estonia -0.054 *** 0.014 -0.003  0.015 0.094 *** 0.023 -0.002  0.012 -0.052 *** 0.014 -0.073  0.013 

Finland 0.026  0.016 0.063 *** 0.019 -0.006  0.022 -0.013  0.013 -0.038 *** 0.013 -0.003  0.021 

France -0.008  0.012 0.024 * 0.014 0.017  0.014 0.012  0.012 -0.023 * 0.013 -0.019  0.013 

Germany 0.000  0.014 0.050 *** 0.019 0.085 *** 0.028 -0.030 ** 0.013 -0.082 *** 0.017 -0.101  0.019 

Ireland -0.049 *** 0.017 0.011  0.018 0.013  0.026 0.024  0.015 -0.005  0.019 -0.045  0.020 

Italy -0.050 ** 0.023 0.039 * 0.024 0.007  0.026 0.069 *** 0.019 -0.034 * 0.018 -0.033  0.018 

Japan -0.025  0.018 0.024  0.020 0.090 *** 0.034 -0.001  0.009 0.007  0.010 -0.022  0.007 

Korea 0.017  0.014 0.048 *** 0.017 0.050 *** 0.019 -0.071 *** 0.014 -0.075 *** 0.018 -0.047  0.018 

Netherlands -0.006  0.020 0.076 ** 0.031 0.022  0.033 0.008  0.010 -0.014  0.011 -0.022  0.013 

Norway -0.020  0.018 0.041 ** 0.020 -0.006  0.034 0.010  0.012 -0.002  0.016 0.044  0.035 

Poland 0.002  0.019 0.029  0.022 0.047  0.034 -0.018  0.018 -0.049 *** 0.016 -0.061  0.019 

Slovak Republic -0.014  0.015 0.144 *** 0.021 0.114 *** 0.033 0.025 * 0.015 -0.046 *** 0.012 -0.037  0.017 

Spain 0.001  0.016 -0.008  0.015 0.056 *** 0.021 -0.006  0.019 -0.058 *** 0.020 -0.070  0.015 

Sweden -0.051 ** 0.021 0.065 ** 0.026 0.093 * 0.048 0.032 ** 0.014 -0.016  0.011 0.019  0.027 

United Kingdom -0.029 * 0.015 0.064 ** 0.025 0.007  0.024 0.020  0.018 -0.039 ** 0.019 -0.015  0.028 

United States -0.019  0.017 0.003  0.020 0.031  0.030 0.004  0.022 -0.084 *** 0.029 -0.177  0.036 

Int. Avg. -0.016 *** 0.004 0.042 *** 0.005 0.042 *** 0.006 0.007 ** 0.003 -0.035 *** 0.004 -0.038  0.005 

***: p<0.01; **: p<0.05; *: p<0.1 
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Table A6: Effect of having a VET versus a non-VET secondary qualification as highest completed 

education on skill mismatches, per country 

 

Literacy 
underutilization 

Literacy 
overutilization 

Numeracy 
underutilization 

Numeracy 
overutilization 

Country B  S.E B  S.E B  S.E B  S.E 

Austria -0.110 *** 0.038 0.061 *** 0.021 -0.117 ** 0.047 0.023 * 0.013 

Canada -0.005  0.028 -0.037  0.047 0.016  0.021 -0.031  0.045 

Czech Republic -0.031  0.037 0.056 ** 0.024 0.002  0.026 -0.045  0.051 

Denmark -0.048 ** 0.022 0.066 *** 0.016 -0.067 ** 0.029 0.016  0.012 

Estonia -0.011  0.017 0.007  0.011 -0.015  0.016 0.024 * 0.012 

Finland -0.074 ** 0.035 0.031 ** 0.016 -0.040  0.025 0.022  0.020 

France -0.113 *** 0.027 0.054 *** 0.017 -0.071 *** 0.024 0.030 * 0.018 

Germany -0.144 ** 0.072 0.042  0.035 -0.135 ** 0.061 0.050 *** 0.017 

Ireland -0.074 *** 0.021 0.041 ** 0.020 -0.016  0.018 0.029  0.020 

Japan -0.028  0.029 0.030 * 0.018 0.014  0.022 -0.014  0.012 

Korea -0.015  0.022 -0.004  0.020 -0.012  0.018 -0.002  0.018 

Netherlands -0.172 *** 0.027 0.057 *** 0.018 -0.133 *** 0.030 0.020 * 0.010 

Norway -0.040 ** 0.019 0.002  0.018 -0.044 ** 0.021 -0.004  0.016 

Poland -0.051  0.033 0.021  0.014 -0.052 * 0.032 0.018  0.020 

Slovak Republic 0.012  0.023 -0.020 ** 0.010 0.009  0.023 -0.005  0.011 

Spain -0.068 ** 0.029 0.032  0.044 -0.047  0.031 -0.016  0.033 

Sweden 0.011  0.023 0.027 * 0.015 -0.023  0.024 -0.017  0.011 

United Kingdom 0.031  0.035 0.056 ** 0.028 0.006  0.029 0.043 * 0.024 

United States 0.004  0.024 0.047  0.037 0.022  0.023 -0.053  0.039 

Int. Avg. -0.049 *** 0.007 0.030 *** 0.006 -0.037 *** 0.007 0.005  0.006 

***: p<0.01; **: p<0.05; *: p<0.1 

 


