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Abstract
Purpose:
Because of structural and technological changes, millions of employees experience job
displacement every year (OECD, 2013a). Concurrently, a substantial proportion of employees
can be defined as skill mismatched (OECD, 2013b). This paper explores the relationship
between skill mismatch and job displacements. Are employees who are skill mismatched at
their job more likely to become displaced? To explore the relationship between skill
mismatch and job displacements, a dataset collected by the Programme for the International
Assessment of Adult Competencies (PIAAC) from 27 countries is used. This dataset enables
the identification of skill mismatch. Three measures that reflect skill mismatch in the domains
of literacy, numeracy, and problem solving are used. The empirical findings suggest that overskilled employees are less likely to be displaced, while under-skilled employees are more
likely to be displaced. These findings are valid for all three skill domains.
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1. Introduction
In an economy, the occurrence of displacements is interlinked with the process of structural
and technological change and subsequent firm dynamics. Every year, displacement affects 2-7
percent of employees, corresponding to millions of employees (OECD, 2013a). According to
the OECD (2013a), job displacement is defined as “an involuntary loss of job due to
economic downturns or structural change” (OECD, 2013a, p. 192). The labour market
outcome after displacement, in terms of, for example, wages and non-employment after
displacement, is rather well researched. Previous empirical studies show that displaced
workers tend to suffer from longer periods of unemployment and reduced earnings than nondisplaced workers. Those who suffer most from displacements are older workers, women,
workers with less education, and workers with long previous tenure (OECD, 2013a).
The OECD (2013b) also shows that a substantial proportion of employees can be defined as
skill mismatched. In this context, skill mismatch refers to a gap between the skills required at
a job and the skills of the employee. In countries such as Spain and Italy, roughly one-third of
employees are found to be skill mismatched. In countries such as Sweden and Belgium, the
levels are somewhat lower at approximately 20 percent (Adalet McGowan and Andrews,
2015). Furthermore, from these rather high levels, skill mismatch appears to increase over
time (European Commission, 2013). At the aggregate level, skill mismatch implies a less
efficient allocation of resources, and hence, skill mismatch will have negative effects on
labour productivity (Adalet McGowan and Andrews, 2015). At the individual level, skill
mismatch is shown to have negative effects on, for example, earnings, job satisfaction and
human capital accumulation (see e.g., Allen and Van der Velden, 2001, Mavromaras et. al,
2013, Quintini, 2011). However, studies on whether skill mismatch has implications for the
probability of becoming displaced at the individual level are scarce. Hence, this paper studies
the relationship between skill mismatch and displacement. Are employees who currently
identify as skill mismatched more likely to be displaced? To explore this relationship, a
dataset collected by the Programme for the International Assessment of Adult Competencies
(PIAAC) is used. This dataset includes data from 33 countries. Our measure reflects skill
mismatch in three areas: literacy, numeracy, and problem solving. Furthermore, as employees
can be both over-skilled and under-skilled at their jobs, it is important to distinguish between
these two types of skill mismatch in the empirical analysis. The empirical findings show that
over-skilled employees have lower probabilities of becoming displaced. Furthermore, the
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empirical findings support the hypotheses that under-skilled employees have a higher
probability of being displaced. These findings are valid for all three types of skill mismatch:
literacy, numeracy, and problem solving.
This paper is organized as follows. Section 2 discusses the theoretical arguments and previous
empirical research regarding skill mismatch and displacement. Section 3 provides a
description of the data and the empirical strategy and the empirical results are discussed in
section 4. Finally, conclusions and some suggestions for future research are provided in
section 5.
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2. Employee displacement
Previous research on displacements has studied to what extent individual characteristics in
terms of, for example, age, gender or education influences the probability of displacement.
The previous empirical findings regarding these variables are reviewed in this section and
these characteristics are later used as control variables in the empirical section of this paper.
Although the relationship between skills and displacements is discussed in the literature, the
relationship between skill mismatch and displacement at the individual level is scarce in the
literature.
2.1.

Skills and displacement

In the wake of structural and technological change, firm dynamics, in terms of entry, exit,
expansion and contraction of firms, change. According to Acemoglu and Autor (2011), the
process of automation and off-shoring leads to an increase in the displacement of jobs that
involve routine tasks. Concurrently, the relative demand for employees who can perform
complementary non-routine tasks increases. This implies fewer opportunities for middleskilled clerical, administrative, production and operative occupations, while jobs that involve
problem solving, judgement and creativity, as well as jobs that require flexibility and physical
adaptability are less prone to be replaced in the process of automatization. Hence, jobs that
are not influenced by the processes of automation and off-shoring are found at opposite ends
of the occupational skill spectrum. For high-skill occupations, this concerns, for example,
professional, managerial and technical occupations, and among low skill occupations, this
concerns, for example, service occupations such as cleaning and the preparation of food.
Hence, the process of automation and off-shoring leads to a polarization of employment. A
study by Borland et al. (2002) finds that lower-skilled employees have a higher risk of
displacement. Winter – Ebmer (2001) find that there is a selection mechanism where workers
with low unobserved human capital sort into smaller and more unstable firms which make
these workers have a higher probability of displacement. Furthermore, investigating labour
market transitions post displacement Nedelkoska, Nefke and Wiederhold, (2013) find that
displacement substantially increases the probability of occupational change and taking on a
job where the employee is over-skilled.
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However, empirical studies on the relationship between skill mismatch and displacement are
still scarce. As previously mentioned, skill mismatch refers to a gap between the skills
required for a job and the skills of the employee. This gap can infer that the individual
possesses better skills than are required for the job, i.e., the individual is over-skilled, or that
the individual has lower skills than required for the job, i.e., is under-skilled. If the firm faces
difficulties in retaining employees and needs to reduce the number of employees, a plausible
assumption would be that individuals who are under-skilled are primarily at risk of being
displaced. Hence, it is hypothesized that:
Hypothesis 1: Employees who are skill mismatched and under-skilled have a higher
probability of displacement.
However, a firm that faces decisions regarding a staff reduction can, to a greater extent, be
expected to retain over-skilled employees. Hence, it is hypothesized that:
Hypothesis 2: Employees who are skill mismatched and over-skilled have a lower probability
of displacement.
2.2.

Individual characteristics and displacement

Which individual characteristics are associated with a higher risk of displacement? According
to the OECD (2013a), displacement rates are, on average, higher among men than women in
most countries. However, this gender gap is primarily explained by differences in industries
and the occupations that men and women hold, rather than discrimination in the labour
market. According to previous empirical evidence, young (age 20-24) and old (age 55-64)
employees are more likely to become displaced than employees in their prime age (age 3544). However, it should be noted that older workers tend to have longer tenure at their job,
which partly protects them from displacement (Albæk et. at. 2002). Furthermore, employees
with less than secondary education are found to be more likely to become displaced than
employees with post-secondary education (OECD, 2013a).
It is also possible that immigrants have a higher risk of displacement. Hammarstedt and
Shukur (2007) show that immigrants are more vulnerable in the labour market during

5

recessions, since the earnings gap between immigrants and natives widens at the bottom of
the earnings distribution during recessions.

3. Data and empirical strategy
To study the relationship between skill mismatch and displacement, a dataset collected by the
OECD through the Programme for the International Assessment of Adult Competencies
(PIAAC) is used. The total sample includes approximately 250 000 adults aged 16-64 and
represents 33 countries. 24 countries participated in the first round of the survey and 9
participated in the second round of the survey.1 However, data on problems solving is not
available fo all countries which reduces the number of countries used in this paper to 27.2
3.1 Measuring skill mismatch
To test the respondents, interviews regarding their cognitive skills were conducted by phone
and online. Most respondents used computers to perform the tests. If they were unable to use
computers, tests were also implemented via pencil and paper. The interviewees were asked
questions in two parts that included a background questionnaire and proficiency tests in
literacy, numeracy and problem solving in technology-rich environments. According to the
OECD (2013b), the literacy assessment measures 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’ (OECD 2013b, p.61). Numeracy refers to 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’
(OECD 2013b p.61). Problem solving in technology-rich environments (henceforward
denoted as problem solving) refers to the ‘ability to use digital technology, communication
tools and networks to acquire and evaluate information, communicate with others and
perform practical tasks’ (OECD 2013b p.61). For further details about the PIAAC dataset see
OECD (2013b). All three abovementioned skill domains are expected to influence the
probability of becoming displaced.

1

In most countries, the first round of data collection took place from 1 August 2011 to 31 March 2012. The
second round of data collection took place from April 2014 to end-March 2015. The data were retrieved from
http://www.oecd.org/skills/piaac/publicdataandanalysis/ 2016-09-16.
2
The following countries were included in the empirical analysis: Austria, Belgium, Canada, Chile ,Czech
Republic, Denmark, Estonia, Finland, Germany, Greece, Ireland, Israel, Japan, Korea, Lithuania, the
Netherlands, New Zealand, Norway, Poland, Russia, Singapore, Slovakia, Slovenia , Sweden, Turkey, the
United Kingdom and the United States of America.
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In the literature, several approaches are used to define skill mismatch for empirical purposes
(see e.g., Perry et al. (2014) for a description and comparison of different measures). The
empirical approach used in this paper is inspired by a methodology developed by Perry et al.
(2014) that also used the PIAAC dataset, which enables us to identify skill mismatch at the
individual level. To define individuals as skill mismatched, Perry et al. (2014) proceeded as
follows. In the PIAAC dataset, the three domains of skills are tested, generating 10 values for
each of the three skill domains (literacy, numeracy and problem solving). Then, average skill
levels and standard deviations (SDs) are calculated for all respondents for each occupation in
each country. Then, bandwidths using +-1.5 SD are created. For each respondent, the 10
plausible values are compared one-by-one to the mean for each occupation of a country
(meanoccup,country). If the value is lower than meanoccup, country – 1.5*SDoccup, country the individual
is under-skilled. If the individual’s value is higher than meanoccup, country + 1.5*SDoccup, country ,
the individual is defined as over-skilled. If the value lies between (meanoccup,

country

–

1.5*SDoccup, country) and (meanoccup, country + 1.5*SDoccup, country), the individual is defined as well
matched. Hence, 10 skill mismatch variables per person are created. In this paper, an
individual is defined as under-skilled if the individual has at least one value indicating he/she
is under-skilled according to the definition above. Correspondingly, the individual is defined
as over-skilled if the individual has at least one value indicating that he/she is over-skilled.
To focus on employees, the sample is restricted to individuals who were reported to be
employed at their last job.3 The PIAAC also includes information about the reason for the
termination of their last job. For this paper, the option “I was made redundant or took
voluntary redundancy” is relevant and defines the individual as displaced. In the analysis we
focus on if the individual at some point was affected by displacement and do not consider
when the last job ended.4 Hence, we should interpret the variable displacement as being
indicative of someone who at some point in time was displaced. In addition to the key
variables of interest, displacement and skill mismatch, the model included control variables
that were identified by previous research to indicate individuals with a higher probability of
displacement. These control variables include, gender, age, education level, and immigrant

3

This selection was made based on the variable denoted as “E_ q04” in the PIAAC dataset, which equals 1 if the
individual was “employed” at their last job.
4
The displacement may be a very recent leave or may have been several years ago. By using information form
the variable C_ Q08c1, which indicate the age of the individual when stopped working in last job and the current
age of the individual, we can observe that the time span since displacement ranges between 0 and 7 years. About
90% of the displacements occurred in the time span 0-3 years ago.
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status. Table 1 provides definitions of the variables and table 2 provides the descriptive
statistics.
Table 1. Definition of variables

Variables

Variable name
in PIAAC
Description

Dependent
variable
Displacement
Skillmismatch
Literacy
Numeracy
Problem
solving
Characteristi
cs of the
individuals
Gender

E_Q10

Reason for end of job. (Coding reason 1-2 1=
dismissed 2= redundant, other reasons: end of
contract, voluntary leave etc.)

PVLIT1PVLIT10
PVNUM1PVNUM10
Size of closure

Literacy scale score

GENDER_R

The dummy variable equals 1 if the individual is
male and 0 if female.
The dummy variable equals 1 if the individual has
tertiary or research education and is 0 otherwise (
codes 4-7
The dummy variable equals 1 if the individual is 1st
generation immigrant 0 otherwise

Numeracy scale score
Problem-solving scale score

Higher
education

EDUCAT6

Foreign
background
(1st
generation)
Foreign
background
(2nd
generation)

IMGEN

IMGEN

The dummy variable equals 1 if the individual 2nd
generation immigrant 0 otherwise

Age

AGEG5LFSlfs

10 groups in 5 year intervals. 1 =16-19 10=60-65

Other
Country

cntryid

Country dummies

Data downloaded 2016-09-16
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Table 2. Descriptive statistics
Variable
Dependent variable
Displacement
Independent variables
Overskill literacy
Underskill literacy
Overskill numeracy
Underskill numeracy
Overskill problemsolving
Underskill problemsolving
Gender
Tertiary education
Immigrant (first generation)
Immigrant(second generation)
Age

Obs

Mean

Std. Dev.

Min

Max

25,260

0.165

0.371

0

1

25,359
25,359
25,359
25,359
25,359
25,359
25,359
25,340
25,193
25,193
25,359

0.148
0.166
0.149
0.153
0.395
0.403
0.425
0.247
0.114
0.033
5.380

0.355
0.372
0.356
0.360
0.489
0.491
0.494
0.431
0.318
0.179
3.259

0
0
0
0
0
0
0
0
0
0
1

1
1
1
1
1
1
1
1
1
1
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It should again be stressed that the methodology employed in this paper is inspired by Perry et
al. (2014) but the differences in methodology, in particular with regard to a weaker condition
for being defined as over- or under-skilled, renders higher values for skill mismatch compared
to Perry, et al. (2014).
3.2 Econometric methodology
For the empirical analysis, the dependent variable has a binary outcome (becoming displaced
or not), and a logit model is estimated. The estimation is corrected for heteroscedasticity by
using robust standard errors. Odd ratios are calculated to enable the interpretation of the size
of the effects. An odds ratio greater than one should be interpreted as the variable having a
positive effect on the probability of displacement, while an odds ratio less than one indicates a
negative relationship. Appendix A provides a correlation table that does not indicate any
strong correlation between the independent variables. Hence, there are no reasons to expect
any issues with multicollinearity. To correct for heteroscedasticity, robust standard errors are
used in the estimations. All estimations include country dummies to correct for country
specific effects.
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4. Empirical findings
4.1 Skill mismatch and the probability of displacement
Table 3 presents the results from the logit model estimating the probability of displacement.
The findings support both hypotheses; i.e., over-skilled employees have a lower likelihood of
displacement, while under-skilled employees have a higher probability of displacement. There
are some differences in the magnitude of the effect for different skill domains; however,
overall, the effect of skill mismatch on the probability of displacement was valid and quite
substantial for all three skill domains. Under-skilled employees have an approximately 2333% higher risk of being displaced, while over-skilled employees have a 14-24% lower risk
of displacement, depending on which of the three skill domains that are considered.
As for the control variables, it can be observed that, as expected and consistent with previous
empirical research, men and older employees have a higher probability of becoming
displaced. Perhaps somewhat surprisingly, first-generation immigrants do not have a higher
probability of displacement. It is possible that one of the explanations for this finding is that
they have not been on the labour market for a long time. Remember that our measure of
displacement reflects whether the employee, at some point in time, has been affected by
displacement. Hence, the possibilities of being affected by displacement are less.
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Table 3. Logit estimations probability of displacement
Skill mismatch
literacy
Odds ratio

Overskill
Underskill
Gender
Tertiary education
Immigrant (first
generation)
Immigrant(second
generation)
Age
Country dummies
Pseudo R2
Log pseudolikelihood

Skill mismatch
numeracy
Robust Std.
error

Odds ratio

Robust Std.
error

SkillmismisSkill
match
match
problem
literacy
solving
Odds ratio

Robust Std.
error

0.857
1.292
1.419
0.776
1.067

0.047***
0.059***
0.050***
0.035***
0.059

0.758
1.334
1.452
0.798
1.063

0.042***
0.062***
0.051***
0.036***
0.059

0.842
1.229
1.433
0.751
1.103

0.034***
0.055***
0.051***
0.034***
0.061*

1.209

0.115**

1.213

0.116**

1.216

0.115**

1.055
0.006***
Yes
0.048
10664.439
Wald chi2
997.61
N
25,078
* p<0.10, ** p<0.05 and *** p<0.01.

1.055
Yes
0.050
10650.288
1013.06
25.078

0.005***

1.054
Yes
0.048
10673.596
978.078
25.078

0.006***

4.2. Robustness check
Table 4 provides the results of the logit model and only includes employees who reported that
they were made redundant or reported voluntary redundancy. The statistical significance for
the relationship between under-skilled mismatches is somewhat weaker than the results
reported in table 3. However, the main results continue to indicate that under-skilled
mismatched employees have a higher probability of being displaced. Again, in alignment with
previous empirical research, the results show that men, less educated workers and older
employees are more likely to suffer from displacement.
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Table 4. Robustness checks only including redundant employees
Skill mismatch
literacy
Odds ratio

Skill mismatch
numeracy
Robust Std.
error

Overskill
0.897
0.060
Underskill
1.135
0.066**
Gender
1.456
0.064***
Tertiary education
0.838
0.046***
Immigrant (first
0.976
0.067
generation)
Immigrant(second
1.208
0.139*
generation)
Age
1.091
0.007***
Country dummies
Yes
Pseudo R2
0.088
Log pseudolikelihood -7328.677
Wald chi2
1175.16
N
23.491
* p<0.10, ** p<0.05 and *** p<0.01.

Odds ratio

Robust Std.
error

SkillmismisSkill
match
match
problem
literacy
solving
Odds ratio

Robust Std.
error

0.801
1.142
1.478
0.856
0.975

0.055***
0.069**
0.065***
0.047***
0.067

0.855
1.106
1.469
0.811
0.998

0.044***
0.064*
0.065***
0.045***
0.069*

1.213

0.139*

1.215

0.139*

1.090
Yes
0.089
-7323.975
1175.18
23.491

0.007***

1.093
Yes
0.088
-7328.223
1172.84
23.491

0.008***
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5. Conclusions and suggestions for future research
This paper contributes to the literature on the consequences of skill mismatch and
displacement. It is hypothesized that, as a consequence of structural and technological
changes, skill mismatch may influence the probability of being affected by displacement in
addition to affecting low-skilled employees (e.g., Borland, et. al, 2002). The empirical
findings support the hypotheses that over-skilled employees are less likely to be displaced,
while under-skilled employees are more likely to be displaced. These findings are valid for
skill mismatch in terms of literacy, numeracy and problem solving. These findings highlight
the importance for both firms and individuals to ensure that employees continually update
their education and skills to remain valid and well matched throughout their career and life.
At the firm level, it should be noted that recent empirical studies find that mismatch measured
by over-education has a negative effect on firm’s competitiveness in terms of, for example,
profitability and productivity (Halvarsson and Tingvall and 2017), which in the long run has
consequences for staff reductions and survival.
For future research, it would be interesting to study whether skill mismatch increases or
decreases at a new job after being affected by a displacement. Skill mismatch at the current
workplace may increase the provability of displacement, which has further negative effects on
the skill match at the new job after displacement. Skill mismatch may also affect the labour
mobility transitions to other outcomes than employment such as exit from the labour market
or entrepreneurship (Nyström, 2018). However, a more careful investigation of such a
relationship would require a dataset that follows skill mismatch at the individual level over
time.
Another interesting issue to explore is the possibility of cross country differences. Since
regulations differ across countries with respect to a firm’s ability to select which employees
should be laid-off in the case of staff reductions, this may have implications for determining
which employees are affected by displacements. For instance, in Sweden, employment
protection laws imply a stronger protection for employees with longer tenure, which makes it
potentially more difficult for firms to use skill mismatch as a criteria to determine which
employees should be terminated.
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Appendix A. Correlation table

Displacement

Displaceme Overskill

Underskill

Overskilll

Underskill

Overskilll

Underskill

nt

literacy

numeracy

numeracy

Problemsol

Problemsol

v.

v.

literacy

Gender

Tertiary

Immigrant

Immigrant

education

(first

(second

generation)

generation)

1.000

Overskill literacy

-0.038

1.000

Underskill literacy

0.063

-0.184

1.000

Overskilll numeracy

-0.044

0.606

-0.181

1.000

Underskill numeracy

0.060

-0.175

0.694

-0.176

1.000

Overskilll problemsolving

0.010

0.234

0.096

0.170

0.152

1.0000

Underskill problemsolving

0.062

-0.196

0.424

-0.245

0.413

0.478

1.0000

Gender

0.070

0.023

0.035

0.081

-0.007

0.064

0.019

1.000

-0.045

0.187

-0.157

0.191

-0.160

-0.061

-0.180

-0.085

1.000

Immigrant (first gen.)

0.018

-0.043

0.100

-0.028

0.094

0.018

0.055

-0.033

0.118

1.000

Immigrant (second gen.)

0.010

-0.005

-0.005

0.005

-0.000

-0.002

-0.004

0.010

0.000

-0.066

1.000

Age

0.085

-0.130

0.145

-0.102

0.104

0.158

0.398

0.013

0.108

0.009

-0.021

Tertiary education

Age
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1.000

