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Abstract 
This article investigates the role of personality traits and cognitive skills as potential determinants of overeducation 
and in explaining overeducation wage penalty. Using a representative survey of the Polish working-age population, 
with well-established measures of cognitive skills and personality traits, I find that accounting for personality and 
cognitive skills does not change the size and the statistical significance of overeducation wage penalty estimates. 
My results also demonstrate that personality is one of the contributors to the risk of being overeducated among 
workers aged 18 to 29 but not among people aged 30 to 68. Among younger workers agreeable individuals are 
more likely to be overeducated while conscientious ones are less likely. Moreover, lower cognitive skills are 
associated with the probability of being overeducated. 
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1. Introduction 
In the last three decades many countries experienced fast improvement in human capital. On the one hand, this 
investment in human capital is viewed as positive for the economic development but, on the other hand, it raises 
concerns about the capacity of the economy to make good use of the growing highly skilled workforce. 
Overeducation arises when qualifications of a worker are higher than qualifications required by his or her job. It 
might have serious consequences both for individuals and the society. The literature provides consistent evidence 
that overeducation is associated with wage penalties (Caroleo and Pastore, 2018; Korpi and Tåhlin, 2009; Montt, 
2017; Rubb, 2003) and job dissatisfaction (Green and Zhu, 2010; Verhaest and Omey, 2006). From the policymakers’ 
perspective, especially in countries where tertiary education is financed by the state, overeducation can be 
considered as a waste of resources invested in schooling not put to productive use. The problem of the costs of 
overeducation and the potential policy responses to it is becoming even more relevant as the incidence of 
overeducation has increased or remained unchanged in almost all of EU countries over the 2001-2011 (McGuinness 
et al., 2018). The upward trend in the overeducation in Poland is confirmed by Baran (2018) over the years 2006-
2014. 

This article investigates the role of personality traits and cognitive skills as potential determinants of overeducation 
and in explaining overeducation wage penalty. While there is a large literature on the incidence and wage 
consequences of overeducation, analyses accounting for the heterogeneity of skills among workers with the same 
level of education are sparse. Recently, impact of non-cognitive skills on labour market outcomes has been 
increasingly recognised (for reviews, see Almlund, Duckworth, Heckman, & Kautz, 2011; Borghans, Duckworth, 
Heckman, & Ter Weel, 2008). Non-cognitive skills include a variety of character skills, such as personality traits, 
preferences and motivations. Previous research has provided evidence that non-cognitive skills predict wages 
(Heckman and Kautz, 2012; Lindqvist and Vestman, 2011). They also influence the probability of becoming 
overeducated (Blázquez and Budría, 2012). One of the mechanisms explaining this relationship could be the job 
search effort. Individuals with stronger belief that their actions influence outcomes (so with greater internal locus 
of control1) send more job applications and have higher reservation wage (Caliendo et al., 2015; McGee, 2015). 
These results might suggest that workers with greater internal locus of control have wider choice of job offers and 
that they accept positions with requirements below their qualifications less often. 

The omitted variable bias is identified as one of the main challenges of the literature aiming at estimating the 
overeducation wage penalty (Leuven and Oosterbeek, 2011). Workers with a given level of education may differ 
with respect to skills, motivation or on-the-job training. The main contribution of this paper is to rule out some of 
these usually unobserved factors: namely, cognitive and non-cognitive skills. The results show that the differences 
in cognitive and non-cognitive skills among workers with the same level of education do not explain the 
overeducation wage penalty but they are related to being overeducated. Cognitive skills are measured by 
standardised achievement tests (collected in the Programme for International Assessment of Adult Competencies 
– PIAAC) while non-cognitive skills are measured by the Big Five framework2 often called “the longitude and latitude 

                                                                 
1 Neuroticism, locus of control, self-esteem, and generalised self-efficacy are strongly correlated; and that they are indicators 
of a higher order trait: namely, core self-evaluation (Judge et al., 2005, 2002). 
2 The Big Five model defines personality on five dimensions: openness to experience, conscientiousness, extraversion, 
agreeableness, and neuroticism (the opposite of emotional stability) (McCrae and Costa Jr, 1999). 
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of non-cognitive skills, by which all more narrowly defined skills may be categorized” (Kautz et al., 2014: 9) and Grit 
scale. Using propensity score matching approach (PSM) allows to check if results obtained using OLS are not 
attributable to common support problems. 

The remainder of this paper is structured as follows. In Section 2 I summarise the relevant literature; Section 3 
describes the data used and presents the methodology employed. Section 4 provides the main results and a 
sensitivity analysis which corroborates my results and Section 5 concludes. 

2. Related literature 

2.1. Theoretical explanations of overeducation 

There are several competing labour market theories explaining the differences in wages between the workers. 
Human capital theory (Becker, 1964; Schultz, 1961) assumes that wages are solely determined by the productivity 
of workers. In its simple version, wages depend on the attained education only, so the returns to years of 
overeducation should be equal to the returns to years of required education. However, empirical research on the 
earnings effects of mismatch provides robust evidence that the overeducated individuals earn less than well 
matched persons with the same level of education. Many authors pointed out that individuals with a given level of 
education have heterogenous endowments of other productive characteristics such as cognitive or non-cognitive 
skills and it can be a potential explanation of overeducation wage penalty  (Chevalier, 2003; Green and McIntosh, 
2007). If the concept of human capital is broadened to include often unobserved characteristics such as cognitive 
and non-cognitive skills or additional vocational training, the observed overeducation penalties are consistent with 
the human capital model: they can actually generated by the unobserved differences between workers in other 
dimensions of human capital. 

On the other hand, Thurow’s job competition theory (Thurow, 1972) assumes that wages are determined by the 
characteristics of the job only and worker’s education only determines his position in the queue for the best jobs. 
However, the empirical regularities are not explained by Thurow’s job competition theory. Assignment models (see 
for reviews Sattinger, 1993, 2012) are often viewed as better explaining wage consequences of educational 
mismatch. They assume that wages are determined by both the characteristics of the job and of the worker and 
are a solution to an allocation problem of heterogeneous workers to heterogeneous jobs.  

The career mobility model (Sicherman and Galor, 1990) suggests that workers might choose a position for which 
they are overeducated if it is compensated by a higher probability to be promoted thanks to the gained on-the-job 
training and experience. This theory implies that overeducation is a temporary phenomenon. Also the matching 
theory (Jovanovic, 1979) predicts that overeducation is temporary. Mismatch arises because of imperfect 
information about the quality of the match. With tenure, the mismatch between a worker and an employer is 
detected and the worker improves the match by job search. 

2.2. Empirical evidence 

The research on wage consequences of overeducation uses extensively a modification of Mincerian earnings 
equation introduced by Duncan & Hoffman (1981). The so-called ORU (Overeducation / Required education / 
Undereducation) model decomposes actual years of education into three above categories. The empirical studies 
have very consistent results across geographical locations and time periods analysed: overeducated individuals 
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earn less than well-matched workers with the same level of education but more than well-matched workers in the 
same type of job. The meta-analysis by Rubb (2003) estimates that an average rate of return to required years of 
education is 9.6%, the return to a year of overeducation is 5.2% and a penalty for every year of undereducation is -
4.8%. Another approach is to estimate a wage penalty for overeducation compared to workers with the same level 
of education by means of a dummy variable (Verdugo and Verdugo, 1989). The average overeducation wage penalty 
across studies using a dummy variable is estimated at 15.3% (McGuinness, 2006). Wincenciak (2016) estimated 
comparable specifications for Poland and got similar results: a 14.3% overeducation wage penalty in the latter 
model and 4.6%, 11% and -5.6% in the ORU specification respectively. 

There are different approaches to overcoming the problem of unobserved heterogeneity when estimating 
overeducation wage penalty. First, several studies have used fixed effects (FE) models in order to address this 
problem. Bauer (2002) shows that the wage penalty becomes smaller when controlling for individual fixed effects. 
However, it was later shown that, when measurement error is accounted for, panel estimates of overeducation on 
wages are close to ordinary least squares (OLS) (Dolton and Silles, 2008; Verhaest and Omey, 2012). Moreover, the 
FE approach was criticized because the effects are only identified from a small fraction of individuals changing 
their educational match and additionally strict exogeneity assumption may not hold as unobserved characteristics 
are likely to change with the educational match status (Leuven and Oosterbeek, 2011). Second, instrumental 
variables are used to account for unobserved heterogeneity (Kleibrink, 2016; Korpi and Tåhlin, 2009). As noted by 
Leuven and Oosterbeek (2011) these instruments are weak and might not fulfil exclusion restrictions. Last, proxies 
of skills (Allen and Van der Velden, 2001; Chevalier, 2003; Green and McIntosh, 2007) and direct measures of skills 
(Kleibrink, 2016; Levels et al., 2014; Sohn, 2010) are included to account for differences in ability between 
individuals with the same level of education. Non-cognitive skills were analysed in the context of the overeducation 
wage penalty only by Sohn (2010). In his study the inclusion of locus of control in the OLS wage regression has 
hardly changed the returns to required, over- and undereducation. However, the analysis included only a single 
dimension of personality - locus of control. 

While most of the analyses use OLS, several studies use non-parametric methods. For example, McGuinness (2008) 
and McGuinness and Sloane (2011) using samples of graduates from Northern Ireland and UK respectively, find 
that propensity score matching (PSM) estimates of the overeducation wage penalty are close to OLS. Similarly, 
Lamo and Messina (2010) used PSM assessing the impact of overeducation on wages in the Estonian working-age 
population. They also conclude that these estimates are in line with those generated by OLS. Comparable results 
between OLS and PSM suggest that there is no common support problem. However, none of these studies 
investigate the role of personality traits as a confounding factor and only McGuinness (2008) uses ability measure 
in his model.  

3. Data and Methods 

3.1. Data 

This study uses the data from the Polish Follow-up Study to the Programme for International Assessment of Adult 
Competencies (postPIAAC). The dataset combines information for Poland from the international PIAAC study 
coordinated by OECD and conducted in 2011/2012 with the country follow-up conducted in 2014/2015. The main 
goals of postPIAAC were to gather longitudinal information on PIAAC respondents in Poland and to collect 
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additional background information not available in the international study. The sample of postPIAAC are PIAAC 
respondents who live in Poland during the fieldwork of postPIAAC. The sample size is 5224 completed interviews 
out of 9366 in PIAAC in 2011/2012. The data collection was carried out from October 2014 to February 2015. This 
implies that the interval between the interviews for an individual respondent is from 2.5 to 3.5 years. 

The unique feature of the PIAAC dataset is that it includes direct measures of cognitive skills. The respondents 
solved exercises in literacy, numeracy and problem solving in technology-rich environments. The last domain was 
designed only for people with computer experience so instead of the level of skills, group indicators are included in 
the analysis: no computer experience or failed a basic test, refused to take the assessment on computer, below 
level 1, level 1, level 2/level 3. The postPIAAC study contains self-report scales of personality: Big Five Inventory - 
Short (BFI-S) (Gerlitz and Schupp, 2005; John et al., 1991) and the short Grit scale (Grit-S) (Duckworth & Quinn, 
2009). Big Five is the most widely accepted model of personality which assumes that personality traits can be 
organised into five factors: openness to experience, conscientiousness, extraversion, agreeableness, and 
neuroticism (the opposite of emotional stability). Grit is defined as perseverance and a passion for pursuing long-
term goals (Duckworth et al., 2007). 

The analyses are restricted to people in paid employment (excluding self-employed), working more than 12 hours 
a week who have answered all the relevant questions. In the main specification undereducated workers are 
excluded from the sample as the focus of this analysis is on overeducation. In a sensitivity analysis undereducated 
individuals are treated as matched. The overrepresentation of people 19-26 years old in the PIAAC sample allows 
for separate analysis for younger (18-29 years old) and older (30-68 years old) workers. Younger workers face 
different constraints in the labour market and have a higher risk of persistent overeducation (Kiersztyn, 2013). 

3.2. Educational mismatch measures 

Empirical application of the educational mismatch concept requires a measure of the required level of education 
for a job. There are three ways of measuring the required level of education in the literature. First, some studies rely 
on evaluation of each occupation by a professional job analyst (JA). This provides exogenous measure of the 
required education. However, such evaluations are available only for a limited number of countries and are updated 
infrequently. Next method uses self-assessment of workers (SA) about the level of education required to do or, 
alternatively, to get their job. It allows for heterogeneous education requirements within the same occupation. The 
third measure is derived from realized job matches (RM) (Verdugo and Verdugo, 1989). For each occupation the 
required education level is defined as the mean of completed years of schooling of all workers in the same 
occupation. A worker is considered as overqualified if their level of education exceeds the mean in their occupation 
by at least one standard deviation. Kiker, Santos, & Oliveira (1997) proposed an alternative measure based on 
realized matches. In their approach the required level of education is the mode of completed schooling among 
people working in the same occupation. 

Although the research on overeducation continues since over three decades, there is no agreement on how to 
measure required education.3 Measures used in analyses are chosen mainly based on availability, not their 
properties. Many studies examine whether the results of earnings equation are sensitive to the measure used. They 
conclude that the results are independent of the measure of the required education used (Chiswick and Miller, 2010; 

                                                                 
3 For a detailed discussion of the advantages and disadvantages of the different measures see: e.g., Hartog (2000) and Leuven 
& Oosterbeek (2011). 
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Cohn and Khan, 1995; Groot and Brink, 2000; Kiker et al., 1997). There are only a few papers which make an attempt 
to validate these measures. Velden & Smoorenburg (2000) evaluated a SA and a JA measure within one wage 
equation and concluded that self-assessment method gives more accurate estimates. Verhaest & Omey (2006) 
compared JA, RM and two types of SA measures using the same method of evaluation. They did not indicate one 
superior method of measurement. According to Hartog (2000), JA is “conceptually superior” but its measurement 
is often flawed. Therefore, there is no clear guidelines in the literature regarding the appropriate measure of required 
education. 

This analysis uses worker’s self-assessment of educational job requirements. The information was collected using 
the question: “Still talking about your current job: If applying today, what would be the usual qualifications, if any, 
that someone would need to GET this type of job?”. The possible answers correspond to the answers to the question 
on the highest completed education. These two questions combined give the indicator of the educational 
mismatch: 

𝑂𝑉𝐸𝑅𝑖 =  {
1 𝑖𝑓 𝐸𝐷𝑈𝑖 > 𝑅𝐸𝑄𝑖

0 𝑖𝑓 𝐸𝐷𝑈𝑖 ≤ 𝑅𝐸𝑄𝑖
 

Where 𝐸𝐷𝑈𝑖  is individual i’s completed level of education and 𝑅𝐸𝑄𝑖 is individual i’s required level of education by 
his job. 

3.3. Method 

The paper examines the role of cognitive and non-cognitive skills in the overeducation wage penalty comparing the 
estimates from two specifications: without and with these characteristics. In terms of methodological approach, I 
use OLS and propensity score matching (PSM) methods. 

First, I estimate a wage equation using a modification of Mincerian wage equation with a dummy for 
overeducation4:  

𝑙𝑛𝑤𝑖 =  𝜃X𝑖 +  𝛽OVER𝑖 +  𝑢𝑖, 

where wi is individual i's gross hourly wage, OVERi is a dummy for overeducation, Xi is a vector of individual 
characteristics, and ui denotes the error term. In the base specification the vector of individual characteristics 
includes: age, age squared, gender, level of education, field of education, a dummy if still in education, experience, 
experience squared, a dummy if living with partner, a dummy if having kids 0-6 years old, mother’s level of education 
and number of books at home when respondent was 16. In the full specification individual characteristics include 
additionally numeracy level, ICT skills level and personality traits. These equations are run for the whole sample 
and separately by age groups (18-29 years old and 30-68 years old) and education (ISCED 3-4 and ISCED 5-6). In 
case of the base and full specifications for tertiary graduates (ISCED 5-6), a dummy for a private university is added. 

Next, I use matching estimation based on the propensity score (Rosenbaum and Rubin, 1983). The propensity score 
is the conditional probability of receiving the treatment given a vector of pre-treatment covariates. The identifying 
assumption of this estimation method is unconfoundedness or conditional independence assumption (CIA) which 
says that conditional on observable variables that influence selection into treatment, treatment status is as if being 

                                                                 
4 The choice not to include the undereducation dummy in the main specification is mainly driven by the aim to estimate OLS 
and PSM models on the same sample. I estimate the model with two dummies, for overeducation and for undereducation, as 
a sensitivity analysis. 
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randomised. It allows to identify the causal effect of the treatment. The parameter of interest in the analysis is the 
average treatment effect on the treated (ATT). To empirically investigate if often unobserved variables such as 
cognitive skills and personality traits affect estimators based on CIA assumption I follow analogical approach to 
Caliendo et al. (2017) who assessed the impact of often unobserved characteristics on the estimated effectiveness 
of active labour market programs in Germany. I compare the results when these characteristics are included (full 
specification) and not (base specification). 

I estimate the propensity score using a logit model: 

Pr(𝑂𝑉𝐸𝑅𝑖 = 1 | 𝑋𝑖) =  
𝑒𝑓(𝑋𝑖)

1 +  𝑒𝑓(𝑋𝑖)
  

where 𝑂𝑉𝐸𝑅𝑖 is the treatment indicator: working in a job for which one is overeducated. The control group 
(𝑂𝑉𝐸𝑅𝑖 = 0) consists of well-matched individuals. I also check the sensitivity of the results when undereducated 
individuals are included in the control group (with well-matched individuals).  

I consider two matching algorithms with different parameters: nearest neighbour (NN) matching (1 and 4 nearest 
neighbours) and Epanechnikov kernel matching (bandwidths: 0.02, 0.06 and 0.2). Common support is imposed. 
Matching quality is assessed by comparing the mean absolute standardised bias (MSB) before and after matching 
and pseudo R2 from probit estimation of the propensity score on all the variables on raw and matched samples. 
Standardised bias (SB) for each covariate X is defined as the difference of sample means among the treated and 
matched controls as a percentage of the square root of the average of sample variances in both groups: 

𝑆𝐵(𝑥) =
100(�̅�𝑐 −  �̅�𝑡)

√(𝑠𝑥𝑐
2 +  𝑠𝑥𝑡

2 )
2

⁄

 

where �̅�𝑐 is the mean of the control group, �̅�𝑡  𝑖𝑠 the mean of the treatment group, 𝑠𝑥𝑐
2  the variance of the control 

group and 𝑠𝑥𝑡
2  the variance of the treatment group (Caliendo and Kopeinig, 2008). I present the MSB overall for all 

variables, for different specifications, before and after matching. 

3.4. Educational mismatch incidence 

One third of Polish dependent workers are overeducated, while 14% are undereducated (Table 1). Overeducation is 
more common among workers below 30 years old (43%) and in this group tertiary graduates are more often 
overeducated (47%). 

Table 1. Incidence of educational mismatch 

 Total 18-29 30-68 
Age 18-29 Age 30-69 

ISCED 
3-4 

ISCED 
5-6 

ISCED 
3-4 

ISCED 
5-6 

Undereducated 14% 11% 15% 15% 2% 21% 1% 

Matched 53% 46% 55% 43% 51% 50% 65% 

Overeducated 33% 43% 30% 42% 47% 30% 34% 

Observations 2601 1666 935 846 742 519 374 

Source: Own calculations based on postPIAAC data. 
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In the analysed sample, after removing observations with missing values in the variables of interest and after 
limiting the sample to well-matched and overeducated individuals, 40% of the population is overeducated (Table 
2). Younger individuals (18-29 years old) are more often overeducated than older ones (30-68 years old): 48% and 
37% respectively. The education level hardly differentiates the incidence of overeducation. 

Table 2. Incidence of overeducation 

 Total 18-29 30-68 
Age 18-29 Age 30-69 

ISCED 
3-4 

ISCED 
5-6 

ISCED 
3-4 

ISCED 
5-6 

Matched 60% 52% 63% 52% 52% 62% 63% 

Overeducated 40% 48% 37% 48% 48% 38% 37% 

Observations 1600 1092 508 514 547 262 233 

Source: Own calculations based on postPIAAC data. 

4. Results 
There are three main findings. First, personality plays a significant role for selection into being overeducated among 
younger workers (aged 18-29) but not among people aged 30-68. Among younger workers agreeable individuals 
are more likely to be overeducated while conscientious ones are less likely. Second, lower cognitive skills are 
associated with being overeducated and this result is mainly driven by workers aged 30 to 68 years. Third, 
accounting for personality and cognitive skills does not change the size and the statistical significance of 
overeducation wage penalty estimates. 

Table 3. Selection into overeducation 
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 Total 18-29 
18-29  

(ISCED 3-4) 
18-29  

(ISCED 5-6) 
30-68 

Numeracy -0.268* -0.061 -0.194 0.047 -0.296 

 (0.106) (0.104) (0.165) (0.155) (0.150) 

ICT (no exp. or failed test) ref. ref. ref. ref. ref. 

      

ICT (refused test) 0.115 1.215** 1.429* 1.165 -0.044 

 (0.406) (0.443) (0.635) (0.691) (0.463) 

ICT (below level 1) -0.465 0.639 0.481 0.954 -0.617 

 (0.434) (0.388) (0.535) (0.867) (0.530) 

ICT (level 1) -0.528 0.613 0.538 0.703 -0.778 

 (0.361) (0.324) (0.432) (0.714) (0.459) 

ICT (level 2 & 3) 0.081 0.585 0.374 0.735 0.200 

 (0.376) (0.308) (0.403) (0.649) (0.480) 

B5: Conscientiousness 0.022 -0.442* -0.071 -0.737* 0.252 

 (0.235) (0.208) (0.368) (0.286) (0.365) 

B5: Extraversion -0.116 -0.157 -0.058 -0.138 -0.134 

 (0.132) (0.146) (0.234) (0.170) (0.166) 

B5: Agreeableness 0.039 0.536* 0.125 0.915** -0.146 

 (0.220) (0.237) (0.394) (0.318) (0.345) 

B5: Openness -0.107 -0.125 -0.224 -0.180 -0.151 

 (0.163) (0.161) (0.261) (0.194) (0.213) 

B5: Neuroticism 0.085 -0.008 0.098 -0.097 0.126 

 (0.103) (0.083) (0.133) (0.139) (0.143) 

Grit -0.046 -0.096 -0.079 -0.082 -0.014 

 (0.100) (0.085) (0.130) (0.123) (0.137) 

Observations 1600 1092 514 547 508 
Notes: Logit coefficients. Standard errors are in parentheses. ***/**/* indicate statistical significance at the 0.1%/1%/5%-level. 
Other covariates: age, age squared, gender, level of education, field of education, a dummy if still in education, experience, 
experience squared, a dummy if living with partner, a dummy if having kids 0-6 years old, mother’s level of education and number 
of books at home when respondent was 16; in 18-29 (ISCED 5-6) subpopulation additionally a dummy if private university. 

Source: Own calculations based on postPIAAC data. 

The effects of personality on selection into overeducation among younger workers are driven by the graduates 
(ISCED 5-6) (Table 3). The directions of the significant personality-overeducation relationships are in line with the 
results by Blázquez and Budría (2012). Conscientiousness decreases the risk of being overeducated while 
agreeableness is associated with higher risk of overeducation. Contrary to their results I do not observe 
relationships between the risk of overeducation and the other personality traits. Also, the level of ICT skills is not 
related to being overeducated. Only individuals who refused to take the ICT test are more likely to be overeducated 
than individuals who never used computer of failed the test in the age group 18-29. This might be rather related to 
the tendency to avoid competition than the ICT skills level itself. 
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The overall measures of covariate imbalance suggest that the kernel matching algorithm with the bandwidth of 
0.06 provide the best balance of covariates after matching (Appendix Table A3). However, there is problem with 
finding a good balance between treated and controls in three models: base and full for the total population and full 
for 18-29 (ISCED 3-4). For these models the mean standardised bias is in the range 5-7% so above the 5% threshold 
for empirical studies (Caliendo & Kopeinig, 2008). Statistics of the quality of the matching for all the used algorithms 
are reported in Table A3 and the distributions of propensity scores before and after matching in Figure A1 in the 
Appendix. 

The inclusion of cognitive skills and personality traits brings only marginal or no reduction in the overeducation 
wage penalty (comparing full specification versus base specification). The reduction is the biggest for the 18-29 
years old with secondary education: the overeducation penalty is reduced from 14.3% to 12.7% in OLS model and 
from 11.7% to 10.7% in PSM model. Surprising is the increase in overeducation wage penalty by 2.4 p.p. among 
workers over 30 years old after including measures of cognitive and non-cognitive skills. When we analyse 
individuals with different educational levels separately, the effects are more heterogenous in PSM model than in 
OLS model: the overeducation wage penalty is almost 11% for individuals with secondary education while it is 18% 
among overeducated tertiary graduates, while in OLS it is 13% and 17% respectively. 

As a sensitivity analysis I estimate models where undereducated individuals are treated as matched and included 
in the control group (Table 5). The main results described above hold: the inclusion of cognitive skills and 
personality traits brings only marginal or no reduction in the overeducation wage penalty. When undereducated are 
included in the control group the estimates of the overeducation wage penalty are slightly higher: at most by 1.5 
p.p. It is to be expected as undereducated individuals earn more than matched individuals with the same level of 
education so including them in the control group increases the average wage in the control group. 

Table 4. Estimates of the overeducation wage penalty: OLS and PSM results 
 Total 18-29 18-29 (ISCED 3-4) 18-29 (ISCED 5-6) 30-68 

  base full base full base full base full base full 

OLS -0.155*** -0.146*** -0.134*** -0.130*** -0.143** -0.127* -0.172*** -0.173*** -0.156*** -0.149*** 

 (-0.033) (-0.032) (-0.030) (-0.030) (-0.053) (-0.053) (-0.032) (-0.032) (-0.042) (-0.042) 

PSM  -0.162*** -0.165*** -0.145*** -0.140*** 
-

0.117*** -0.107* -0.189*** -0.182*** -0.135** -0.159*** 

 (0.023) (0.021) (0.028) (0.030) (0.035) (0.043) (0.041) (0.038) (0.052) (0.045) 
Notes: PSM is ATT kernel matching estimator (bw=0.06). In italics ATT with MSB>5%. Standard errors are in parentheses and based 
on bootstrapping with 50 replications. ***/**/* indicate statistical significance at the 0.1%/1%/5%-level. 

Source: Own calculations based on postPIAAC data. 

Table 5. Estimates of the overeducation wage penalty: OLS and PSM results (undereducated in the control 
group) 
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  Total 18-29 18-29 (ISCED 3-4) 18-29 (ISCED 5-6) 30-68 

  base full base full base full base full base full 

OLS -0.154*** -0.145*** -0.132*** -0.129*** -0.143** -0.131* -0.171*** -0.172*** -0.157*** 
-

0.147*** 

 (-0.031) (-0.031) (-0.030) (-0.030) (-0.053) (-0.053) (-0.031) (-0.032) (-0.039) (-0.039) 

PSM  -0.171*** -0.173*** -0.156*** -0.152*** 
-

0.130*** 
-

0.133*** -0.191*** -0.184*** -0.139** 
-

0.162*** 

 (-0.019) (0.023) (0.027) (0.030) (0.038) (0.042) (0.034) (0.033) (0.045) (0.047) 
Notes: PSM is ATT kernel matching estimator (bw=0.06). In italics ATT with MSB>5%. Standard errors are in parentheses and based 
on bootstrapping with 50 replications. ***/**/* indicate statistical significance at the 0.1%/1%/5%-level. 

Source: Own calculations based on postPIAAC data. 

5. Discussion and conclusions 
This paper aims at investigating if heterogeneity in cognitive and non-cognitive skills explains the likelihood of being 
overeducated and the overeducation wage penalty. Thus, it extends research on the consequences of 
overeducation showing that the differences in other dimensions of human capital such as cognitive and non-
cognitive skills do not explain the overeducation wage penalty. These characteristics are often unobserved and 
suspected to be the source of omitted variable bias. This result suggests that it is rather matching inefficiencies 
which account for the overeducation. 

Some personality traits, namely agreeableness and conscientiousness, are related to the probability of being 
overeducated among workers aged 18-29 but none are related to being overeducated among workers aged 30-68. 
Lower cognitive skills are associated with being overeducated and this result is mainly driven by workers aged 30 
to 68 years. Even though these skills are related to being overeducated, their overall impact of including them in 
the model estimating overeducation wage penalty is small. This might be related to the fact that only some 
analysed skills are related to being overeducated and only in some subpopulations, so the overall effects are limited. 
It can be also the case that these skills are related to overeducation in occupations/industries where wages are 
rigid and not related to cognitive and non-cognitive skills. 

The analysis also shows heterogeneity of the overeducation wage penalty among educational groups: 
overeducated workers with tertiary education experience higher penalty than overeducated workers with secondary 
education. Similar results were obtained for skills match in Poland by Liwiński & Pastore (2019) who showed that 
quality of skills-job match is related to wages of tertiary graduates but not to wages of graduates from secondary 
education. This is potentially related to the differences in education premium between these levels of education. 
The differences in wages are bigger between workers with tertiary and secondary education than between workers 
with secondary and lower than secondary education (Strawiński et al., 2018).   

The results also indicate that the differences between OLS and PSM estimates are quite substantial for some 
subpopulations and even in the opposite directions: for workers with secondary education the PSM estimate of the 
overeducation wage penalty is smaller than OLS while for workers with tertiary education the PSM estimate is 
higher than OLS. 

This study is not without limitations. The sample sizes are small and do not allow for a more detailed heterogeneity 
analysis with respect to age. Moreover, the cognitive and non-cognitive skills are not measured pre-treatment 
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(before becoming overeducated). This does not allow me to rule out reverse causality problem in the selection 
model. There is limited evidence that mismatch causes cognitive decline (de Grip et al., 2008) which could explain 
the lower cognitive skills of overeducated older workers. 

Nevertheless, the results suggest that the heterogeneity in cognitive and non-cognitive skills analysed explain the 
differences in wages between overeducated and matched only to a very limited extend. Leuven and Oosterbeek 
(2011) identified the omitted variable bias as one of the main challenges of the overeducation literature. Omitted 
variables are important as long as we can name potential candidates. Workers with a given level of education can 
have different skills and abilities, additional training and different work trajectories (Meroni and Vera-Toscano, 
2017). This paper rules out some of them: cognitive skills and personality traits. However, the analysis does not 
include all the potential sources of workers’ heterogeneity. Motivation or vocational skills may also be relevant for 
overeducation consequences. Further research on this issue is needed. 
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Appendix 
Table A1. Differences in mean characteristics between overeducated and matched individuals, full results 

 Mean (overeducated) – Mean (matched) 

 Total 18-29 
18-29  

(ISCED3-4) 
18-29 

(ISCED5-6) 
 30-68 

Hourly wages (in PLN) -2.751*** -2.025*** -1.673* -3.275*** -2.617** 

Hourly wages (in PLN) log -0.155*** -0.128*** -0.116* -0.194*** -0.144** 

Age (in years) -2.169* 0.049 0.308 -0.224 -0.942 

Gender 0.038 0.039 0.106* -0.05 0.045 

Level of education      

ISCED 0-2 -0.013 -0.023** 0 0 -0.01 

ISCED 3C -0.164*** -0.141*** -0.291*** 0 -0.160*** 

ISCED 3A_voc or 4 0.147*** 0.124*** 0.245*** 0 0.158*** 

ISCED 3A 0.026 0.025 0.046 0 0.013 

Bechelor 0.022 0.076* 0 0.151** -0.015 

Master -0.017 -0.061* 0 -0.151** 0.014 

Private university (for ISCED 5-6)    0.146***  

Field of education      

Teacher training -0.036 -0.005 0 -0.013 -0.041 

Humanities 0.015 0.031 0.057 0.048 -0.006 

Social sciences 0.049 0.046 0.073** 0.004 0.048 

Science 0.006 -0.012 0.007 -0.031 0.011 

Engineering -0.001 -0.046 -0.104 0.004 0.028 

Agriculture and veterinary 0.006 0.009 0 0.01 0.009 

Health and welfare -0.006 0.009 0.050* -0.036 -0.017 

Services -0.034 -0.032 -0.083* 0.014 -0.031 

In formal education -0.01 -0.066* -0.088 -0.058 -0.011 

Work experience (in years) -2.737** 0.257 0.213 0.411 -2.1 

Living with partner -0.048 -0.04 0 -0.090* -0.009 

Having children aged 0-6 0.013 -0.031 -0.034 -0.02 0.034 

Mother's education      

ISCED 0-2 -0.049 0.022 0.042 0.014 -0.047 

ISCED 3C -0.005 0.024 0.062 0.015 -0.026 

ISCED 3A-4 0.057 0.014 -0.06 0.063 0.066 

ISCED 5-6 -0.004 -0.060* -0.045 -0.092* 0.007 
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Books at home when 16      

<10 0.031 -0.001 0.006 0.005 0.044 

11-100 -0.015 -0.022 -0.039 0.008 -0.012 

>100 -0.016 0.023 0.033 -0.013 -0.033 

Regional unemployement 0.302 1.212** 1.287 1.497** -0.142 

Cognitive skills      

Literacy 0.014 0.069 0.064 -0.027 -0.027 

Numeracy -0.061 -0.014 -0.062 -0.053 -0.091 

ICT (no exp. or failed test) -0.005 -0.040* -0.044 -0.015 0.018 

ICT (refused test) 0.013 0.039 0.044 0.045* 0.018 

ICT (below level 1) -0.027 -0.001 0.001 0.004 -0.034 

ICT (level 1) -0.043 0.022 0.016 0.014 -0.076* 

ICT (level 2 & 3) 0.062 -0.02 -0.018 -0.048 0.075 

Personality traits      

B5:Conscientiousness -0.079 -0.09 -0.013 -0.125* -0.035 

B5: Extraversion -0.158* -0.088 -0.042 -0.097 -0.189* 

B5: Agreeableness -0.098 -0.023 0.02 -0.034 -0.094 

B5: Openness -0.168* -0.084 -0.077 -0.057 -0.183 

B5: Neuroticism 0.054 -0.035 0.034 -0.107 0.067 

Grit -0.062 -0.03 0.073 -0.142 -0.056 

Observations 1600 1092 514 547 508 

Source: Own calculations based on postPIAAC data. 
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Table A2. Selection into overeducation (logit coefficients), full results 

 Total 18-29 
18-29 

(ISCED3-4) 
18-29 

(ISCED5-6) 
 30-68 

Age 0.020 -0.525 -1.825* 2.464 0.184 

 (0.087) (0.641) (0.894) (1.596) (0.173) 

Age ^2 -0.000 0.009 0.036 -0.052 -0.002 

 (0.001) (0.013) (0.018) (0.030) (0.002) 

Female -0.029 0.035 -0.104 0.084 -0.079 

 (0.213) (0.155) (0.276) (0.245) (0.312) 

Level of education      

ISCED 0-2 -1.954** -2.000**   -2.046 

 (0.659) (0.696)   (1.038) 

ISCED 3C -1.739** -1.765** -3.140**  -1.855* 

 (0.578) (0.526) (0.937)  (0.874) 

ISCED 3A_voc or 4 0.134 0.710 -0.381  0.013 

 (0.478) (0.363) (0.771)  (0.791) 

ISCED 3A ref. ref. ref.  ref. 

Bechelor -0.086 0.833*  0.470 -0.885 

 (0.452) (0.348)  (0.273) (0.938) 

Master -0.235 0.245  ref. -0.288 

 (0.456) (0.366)   (0.758) 

In formal education -0.509 -0.780*** -0.749 -0.674* -0.362 

 (0.264) (0.220) (0.395) (0.285) (0.738) 

Field of education      

Teacher training -0.320 -0.454  -0.596 -0.152 

 (0.366) (0.411)  (0.482) (0.501) 

Humanities ref. ref. ref. ref. ref. 

Social sciences 0.268 -0.234 1.632 -0.718 0.471 

 (0.386) (0.329) (1.024) (0.410) (0.563) 

Science, mathematics and computer 
science 

0.076 -0.581 0.637 -0.945 0.460 

 (0.424) (0.385) (0.834) (0.475) (0.621) 

Engineering 0.295 -0.359 0.510 -0.334 0.582 

 (0.389) (0.345) (0.764) (0.448) (0.575) 

Agriculture and veterinary 0.204 -0.117 0.369 0.325 0.441 

 (0.640) (0.476) (0.981) (0.644) (0.860) 

Health and welfare -0.338 -0.428 1.098 -0.975 -0.387 

 (0.390) (0.373) (0.985) (0.504) (0.898) 
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Services 0.178 -0.509 0.495 -0.351 0.454 

 (0.444) (0.440) (0.887) (0.649) (0.628) 

Work experience (in years) -0.068 0.146** 0.148 0.279** -0.129* 

 (0.045) (0.052) (0.088) (0.100) (0.063) 

Work experience ^2 0.001 -0.004* -0.003 -0.012 0.002 

 (0.001) (0.002) (0.002) (0.006) (0.001) 

Living with partner=1 -0.087 -0.302 -0.174 -0.411 -0.054 

 (0.209) (0.164) (0.287) (0.241) (0.308) 

Having kids aged 0-6=1 0.003 -0.034 -0.344 0.207 0.072 

 (0.237) (0.227) (0.403) (0.328) (0.336) 

Mother's education      

ISCED 0-2 ref. ref. ref. ref. ref. 

ISCED 3C 0.078 -0.329 -0.201 -0.189 0.119 

 (0.252) (0.287) (0.445) (0.579) (0.314) 

ISCED 3A-4 0.263 -0.482 -0.751 0.092 0.492 

 (0.246) (0.307) (0.467) (0.548) (0.295) 

ISCED 5-6 0.040 -0.882* -1.387 -0.368 0.281 

 (0.350) (0.394) (0.798) (0.575) (0.515) 

Books at home when 16      

<10 ref. ref. ref. ref. ref. 

11-100 -0.933* -0.383 -0.299 -0.637 -1.032* 

 (0.358) (0.422) (0.503) (1.296) (0.483) 

>100 -0.978* -0.021 0.134 -0.259 -1.223* 

 (0.410) (0.462) (0.592) (1.250) (0.575) 

Local unemployment 0.010 0.045** 0.052 0.050* -0.008 

 (0.021) (0.016) (0.033) (0.020) (0.031) 

Numeracy -0.268* -0.061 -0.194 0.047 -0.296 

 (0.106) (0.104) (0.165) (0.155) (0.150) 

ICT (no exp or failed test) ref. ref. ref. ref. ref. 

ICT (refused test) 0.115 1.215** 1.429* 1.165 -0.044 

 (0.406) (0.443) (0.635) (0.691) (0.463) 

ICT (below level 1) -0.465 0.639 0.481 0.954 -0.617 

 (0.434) (0.388) (0.535) (0.867) (0.530) 

ICT (level 1) -0.528 0.613 0.538 0.703 -0.778 

 (0.361) (0.324) (0.432) (0.714) (0.459) 

ICT (levels 2 & 3) 0.081 0.585 0.374 0.735 0.200 

 (0.376) (0.308) (0.403) (0.649) (0.480) 

B5: Conscientiousness 0.022 -0.442* -0.071 -0.737* 0.252 

 (0.235) (0.208) (0.368) (0.286) (0.365) 
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B5: Extraversion -0.116 -0.157 -0.058 -0.138 -0.134 

 (0.132) (0.146) (0.234) (0.170) (0.166) 

B5: Agreeableness 0.039 0.536* 0.125 0.915** -0.146 

 (0.220) (0.237) (0.394) (0.318) (0.345) 

B5: Openness -0.107 -0.125 -0.224 -0.180 -0.151 

 (0.163) (0.161) (0.261) (0.194) (0.213) 

B5: Neuroticism 0.085 -0.008 0.098 -0.097 0.126 

 (0.103) (0.083) (0.133) (0.139) (0.143) 

Grit -0.046 -0.096 -0.079 -0.082 -0.014 

 (0.100) (0.085) (0.130) (0.123) (0.137) 

Private university (for ISCED 5-6)    0.599*  

    (0.279)  

Constant 0.837 6.985 22.441* -30.274 -2.205 

 (1.517) (8.193) (10.980) (20.867) (3.807) 

Observations 1600 1092 514 547 508 

Source: Own calculations based on postPIAAC data. 
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Table A3. Matching quality 

Total Base Full 

  MB_bef MB_aft r2bef r2aft MB_bef MB_aft r2bef r2aft 

NN_1 11.95 9.39 0.08 0.04 10.11 6.29 0.09 0.03 

NN_4 11.95 5.73 0.08 0.02 10.11 5.72 0.09 0.03 

Kernel_0.02 11.95 5.58 0.08 0.02 10.11 5.41 0.09 0.03 

Kernel_0.06 11.95 5.64 0.08 0.02 10.11 5.26 0.09 0.02 

Kernel_0.2 11.95 6.86 0.08 0.02 10.11 5.83 0.09 0.03 

18-29 Base Full 

  MB_bef MB_aft r2bef r2aft MB_bef MB_aft r2bef r2aft 

NN_1 10.80 6.21 0.09 0.02 8.94 6.06 0.10 0.03 

NN_4 10.80 3.86 0.09 0.01 8.94 4.00 0.10 0.02 

Kernel_0.02 10.80 2.84 0.09 0.00 8.94 3.84 0.10 0.01 

Kernel_0.06 10.80 2.73 0.09 0.00 8.94 3.72 0.10 0.01 

Kernel_0.2 10.80 3.45 0.09 0.01 8.94 3.25 0.10 0.01 

18-29 (ISCED3-4) Base Full 

  MB_bef MB_aft r2bef r2aft MB_bef MB_aft r2bef r2aft 

NN_1 13.29 7.83 0.13 0.04 10.03 8.79 0.15 0.07 

NN_4 13.29 6.24 0.13 0.02 10.03 6.53 0.15 0.03 

Kernel_0.02 13.29 5.52 0.13 0.02 10.03 6.36 0.15 0.03 

Kernel_0.06 13.29 4.85 0.13 0.01 10.03 6.41 0.15 0.03 

Kernel_0.2 13.29 4.75 0.13 0.01 10.03 5.68 0.15 0.03 

18-29 (ISCED5-6) Base Full 

  MB_bef MB_aft r2bef r2aft MB_bef MB_aft r2bef r2aft 

NN_1 11.62 8.50 0.07 0.04 10.74 6.85 0.09 0.03 

NN_4 11.62 5.08 0.07 0.02 10.74 5.79 0.09 0.02 

Kernel_0.02 11.62 4.46 0.07 0.01 10.74 6.21 0.09 0.01 

Kernel_0.06 11.62 3.51 0.07 0.01 10.74 4.82 0.09 0.01 

Kernel_0.2 11.62 4.62 0.07 0.01 10.74 4.58 0.09 0.01 

30-68 Base Full 

  MB_bef MB_aft r2bef r2aft MB_bef MB_aft r2bef r2aft 

NN_1 10.49 7.42 0.09 0.02 10.84 6.35 0.12 0.05 

NN_4 10.49 4.74 0.09 0.01 10.84 6.31 0.12 0.03 

Kernel_0.02 10.49 3.89 0.09 0.01 10.84 5.06 0.12 0.03 

Kernel_0.06 10.49 3.75 0.09 0.01 10.84 4.30 0.12 0.02 

Kernel_0.2 10.49 4.62 0.09 0.01 10.84 4.48 0.12 0.02 
Notes: MB_bef: the mean absolute standardised bias before matching; MB_aft: the mean absolute standardised bias after 
matching; r2bef: Pseudo R2 from probit estimation of the propensity score on all the variables on raw samples; r2aft: Pseudo R2 
from probit estimation of the propensity score on all the variables on matched samples. 

Source: Own calculations based on postPIAAC data. 
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Table A4. OLS results 

 Total 18-29 18-29 (ISCED3-4) 18-29 (ISCED5-6) 30-68 

 base full base full base full base full base full 

Overedu. -0.155*** -0.146*** -0.134*** -0.130*** -0.143** -0.127* -0.172*** -0.173*** -0.156*** -0.149*** 

 (0.033) (0.032) (0.030) (0.030) (0.053) (0.053) (0.032) (0.032) (0.042) (0.042) 

Numeracy  0.033  0.044*  0.031  0.037  0.027 

  (0.017)  (0.018)  (0.023)  (0.025)  (0.020) 

B5: Con  0.099*  0.025  -0.017  0.082  0.125* 

  (0.038)  (0.032)  (0.049)  (0.048)  (0.049) 

B5: Extr  0.017  0.028  0.040  0.026  0.029 

  (0.021)  (0.022)  (0.035)  (0.027)  (0.026) 

B5: Agr  -0.119**  -0.051  -0.023  -0.068  -0.141** 

  (0.041)  (0.036)  (0.040)  (0.055)  (0.053) 

B5: Opn  0.001  0.005  0.008  -0.001  -0.010 

  (0.024)  (0.030)  (0.039)  (0.036)  (0.032) 

B5: Neu  -0.045**  -0.039*  -0.027  -0.045*  -0.057** 

  (0.014)  (0.018)  (0.024)  (0.021)  (0.019) 

Grit  -0.016  -0.004  0.010  -0.018  -0.015 

  (0.014)  (0.013)  (0.016)  (0.019)  (0.018) 

Obs. 1600 1600 1092 1092 514 514 547 547 508 508 

R2 0.412 0.432 0.213 0.236 0.144 0.178 0.207 0.234 0.473 0.498 
Notes: Standard errors are in parentheses. ***/**/* indicate statistical significance at the 0.1%/1%/5%-level. Other covariates: age, 
age squared, gender, level of education, field of education, a dummy if still in education, ICT levels, experience, experience squared, 
a dummy if living with partner, a dummy if having kids 0-6 years old, mother’s level of education and number of books at home 
when respondent was 16; in 18-29 (ISCED 5-6) subpopulation additionally a dummy if private university. 

Source: Own calculations based on postPIAAC data. 

  



24 
 

Table A5. OLS results: specification with undereducation dummy 

 Total 18-29 18-29 (ISCED3-4) 18-29 (ISCED5-6) 30-68 

 base full base full base full base full base full 

Overedu. -0.154*** -0.145*** -0.132*** -0.129*** -0.143** -0.131* -0.171*** -0.172*** -0.157*** -0.147*** 

 (0.031) (0.031) (0.030) (0.030) (0.053) (0.053) (0.031) (0.032) (0.039) (0.039) 

Underedu. 0.042 0.045 0.013 0.024 -0.010 0.009 0.161 0.165 0.052 0.056 

 (0.036) (0.035) (0.049) (0.048) (0.058) (0.055) (0.142) (0.163) (0.046) (0.045) 

Numeracy  0.041*  0.039*  0.022  0.035  0.041* 

  (0.017)  (0.017)  (0.023)  (0.026)  (0.020) 

B5: Con 0.095**  0.029  0.029  0.083  0.116* 0.095** 

 (0.036)  (0.032)  (0.051)  (0.048)  (0.045) (0.036) 

B5: Extr 0.015  0.019  0.022  0.025  0.023 0.015 

 (0.019)  (0.019)  (0.026)  (0.028)  (0.023) (0.019) 

B5: Agr -0.120**  -0.065  -0.076  -0.067  -0.139** -0.120** 

 (0.038)  (0.033)  (0.044)  (0.055)  (0.048) (0.038) 

B5: Opn 0.004  0.016  0.022  -0.003  -0.005 0.004 

 (0.022)  (0.026)  (0.031)  (0.035)  (0.027) (0.022) 

B5: Neu -0.042**  -0.032  -0.021  -0.044*  -0.054** -0.042** 

 (0.014)  (0.016)  (0.020)  (0.021)  (0.017) (0.014) 

Grit -0.011  0.003  0.009  -0.019  -0.012 -0.011 

 (0.013)  (0.012)  (0.014)  (0.019)  (0.017) (0.013) 

Obs. 1819 1819 1219 1219 610 610 555 555 600 600 

R2 0.394 0.416 0.202 0.222 0.135 0.162 0.211 0.236 0.449 0.476 
Notes: Standard errors are in parentheses. ***/**/* indicate statistical significance at the 0.1%/1%/5%-level. Other covariates: age, 
age squared, gender, level of education, field of education, a dummy if still in education, ICT levels, experience, experience squared, 
a dummy if living with partner, a dummy if having kids 0-6 years old, mother’s level of education and number of books at home 
when respondent was 16; in 18-29 (ISCED 5-6) subpopulation additionally a dummy if private university. 

Source: Own calculations based on postPIAAC data. 
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Figure A1 Propensity score distribution 

Panel A: Total 

Base specification                                                                Full specification 
  

 

Panel B: 18-29 years old 

Base specification                                                                 Full specification 
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Panel C: 18-29 years old (ISCED 3-4) 

Base specification                                                                  Full specification 

  

Panel D: 18-29 years old (ISCED 5-6) 

Base specification                                                                     Full specification 
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Panel E: 30-68 years old 

Base specification                                                                     Full specification 

 
Notes: Presented are kernel densities (bandwith=0.06) of the propensity score before and after matching in base and full 
specifications. Base specification includes only socio-demographics and full specification includes socio-demographics and 
cognitive and non-cognitive skills. 
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