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Human Capital Mismatch in the British Labour Market

by Ioannis Galanakis

This Thesis explores Human Capital Mismatch in the British labour market.
It constructs a novel measure of mismatch based on the skill and jobs dis-
tributions. Higher-skilled workers are in mismatch if they work in a lower-
productivity job. Results show that mismatch distorts skill prices and its
instance increases significantly after the Great Recession in the UK using
data from the BHPS/UKHLS. To verify if this is theoretically supported, I
use a job search model to identify mismatch capturing unmeasured parts of
individual skill. The main theoretical contribution supports that mismatch
comes from search frictions in the market. The ranking of workers differs
between the work and skills distributions. Further, I replicate the empirical
analysis for those born in 1970 using the British Cohort Study 1970. Control-
ling for their cognitive and non-cognitive skills does not translate in lower
incidence of mismatch. Finally, the Thesis presents two case studies. First,
it pays particular attention to female workers. They are more likely to be
in mismatch because they face more frictions and their skills may be under-
utilised. Hence, this work explores the determinants of female employees
mismatch. The incidence of female mismatch varies from 13% to 34% de-
pending on the control group. Second, it intersects the female public-sector
employment with mismatch. It finds that the public sector acts as a waiting
room for a better job for higher-skilled female workers.
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1

Introduction

Wage inequality in the UK has shrunk during the last two decades
across most parts of the distribution. This change is mirrored
in shifts both in within- and between-group inequality. On
the one hand, the changes in within-group inequality is the

wage dispersion among employees with similar characteristics. On the other
hand, the between-group inequality is the different returns to skills for dif-
ferent groups of workers (e.g. high- vs. low-skilled workers). One way to
interpret these wage premia is in terms of the employment access; different
groups of workers have different access to jobs given their (unobservable)
characteristics.

The labour market accommodates both “good" and “bad" jobs. If one
sorts them by average wage and skill requirements, a “good" job would stand
at the upper part of the distribution. To this end, skill-intensive occupa-
tions have a greater fraction of better jobs. Yet, employees with similar (or
identical) background are seen in both types of job. This framework moti-
vates discussions on wage dispersion in the literature (e.g. Card et al. (2018),
Mortensen (2003), and Burdett and Mortensen (1998)).

A well-paid job usually requires investing in additional education. Ac-
cording to Human Capital Theory, education can be seen as an investment
producing knowledge which results in higher productivity. Higher produc-
tivity leads to greater earnings (Mincer, 1974; Becker, 1964). In particular,
during schooling, individuals accumulate skills necessary to perform tasks.
The main prediction of this model acknowledges that this accumulation re-
sults in increasing earnings. On the contrary, others have seen education as
a tool to select graduates. According to Spence (1973) schooling is a filter. It
allows graduates to signal their abilities to potential employers. If education
has this dual role of knowledge acquisition and individual selection, why are
similar workers seen in both types of job? Is it because people have different
preferences and jobs present different non-wage attributes?

Even though the literature studies the role of education on wage determi-
nation in the last few decades, we still know little about individual sorting
into jobs based on skills. Individuals enter the labour market with different
endowments of skills. Their allocation to employers is not random. Similarly,
employers remuneration standards are not homogeneous and wage disper-
sion persists. This may be due to dissimilarities across occupations and dif-
ferences among workers. For example, differences in prior training required
for a particular task, how risky a job is or production technology used may
contribute to different wages for different workers. If further education guar-
antees a better-paying occupation, returns to education would be greater to
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higher-productivity jobs. To this end, higher-skilled workers would be em-
ployed in higher-productivity firms; marginal skill and productivity would
be in equilibrium.

If we look at the average wage ratio between different groups of workers,
e.g. high- vs. low-skilled, we may observe that returns are not always con-
sistently higher than middle- vs. low-skilled workers. This pattern may be
more accurate to lower-productivity jobs and reveals a structural inequality.
For example, a PhD graduate in History (i.e. a high-skilled worker) may not
be able to find a job immediately. If their parents come from the lower-end
of the income distribution, they are less likely to afford spending time in un-
employment. As a result, they will prefer to work in a lower-productivity
job, until a “better" job arrives. This mismatch shows a distortion in the
wages; the high-skilled worker accepts a lower wage than their adequately
matched peers. In other words, part of the overall returns to education op-
erate through an alternative channel. Varying returns to education across
different occupations may be due to frictions in the labour market. These
frictions may be related to the job search of heterogeneous employees for
heterogeneous employers.

Contributions This Thesis explores whether workers couldwork in a better
job. It identifies mismatch based on the skill and jobs distributions. Higher-
skilled workers are identified to be in mismatch if they work in a lower-
productivity job.

The Thesis overviews theories of Overeducation in Economics and their
empirical methodologies of mismatch measurement. These measurement
methods are subject to several limitations. Therefore, I construct a novel mea-
sure of mismatch that captures individual skills heterogeneity in more than
one dimension (chapter 2). Analysis shows that human capital mismatch dis-
torts prices of skills. This empirical wage distortion is verified theoretically
using a model allowing for simultaneous heterogeneity of workers and firms.
Skills are measured in a both discrete and continuous way. The model shows
that search frictions generate mismatch. Individual worker’s position differs
between the skills and job distributions (chapter 3). Finally, this research
pays particular attention to a group of workers that face more frictions and
whose position may be compromised even before entering the labour market.
In the UK, women are concentrated in particularly lower skills-demanding
jobs than men. This contributes to them being exposed to a greater probabil-
ity of mismatch. This is why, chapter 4 looks at the extent of and reasons
for female mismatch. Furthermore, chapter 5 explores the mismatch in the
public-sector employment. It reveals that public sector may act as a waiting
room for a better job or serve as a second-best alternative.

This novel index of mismatch, proposed in this Thesis, depends on the
correct estimate of the returns to education. If they are downward biased, the
incidence will be underestimated. Relying on a richer definition of human
capital, results show that a favoured parental background does not guaran-
tee a matched job. This finding is robust whether we control for individual
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cognition and non-cognition (chapter 6). One would expect that, control-
ling for individual cognitive and non-cognitive skills, the instance of mis-
match would decrease. Instead, results show the opposite and indicate an
additional source of frictions.

Thesis Road Map

This section outlines the structure of this Thesis. The Thesis consists of six
chapters. Each chapter is written to be a self-contained paper.1 Hence, I
apologise a priori for potential repetitions throughout the Thesis. Figure 1
illustrates how the chapters are connected. This section describes the contri-
bution of each chapter and their main findings.

Chapter 1 sets the discussion framework of mismatch. It reviews the lit-
erature and summarises how scholars in Economics have studied mismatch.
To this end, it reports theories and approaches ways to empirically measure
mismatch.

Taking into consideration the literature review, chapter 2 constructs an
alternative empirical method to measure mismatch. It is a novel multidi-
mensional tool to measure human capital mismatch accounting for individ-
ual skills heterogeneity in more than one dimension. It identifies workers
in mismatch if their skills exceed the median estimates of the more skills-
demanding occupation. Hence, it considers the relative horizontal position
of an individual in the skills and work distribution. As I explain this differs
from the traditional horizontal overeducation measures. In the analysis, I
use the BHPS and UKHLS data to study the extent of mismatch in the British
labour market from 1991-2015. Findings report that the incidence of mis-
match fluctuates at the beginning of the panel. In the post-Great Recession
period, the magnitude sharply increases contributing to regional disparities.
Finally, I exploit the panel aspect of the data and study the transitions among
occupations and matching status. Workers move to different occupations be-
cause of relative skills changes (e.g. development through training or skills
atrophy) in the job distribution. This may imply that skills distribution may
not move as fast as the job distribution.

Is the empirical strategy consistent with the theory? To what extent es-
timates of the skill distribution are biased due to mismatch? Chapter 3
shows that job search frictions generate mismatch between firms and work-
ers. Extending the Burdett and Mortensen (1998) model, heterogeneity of
both workers and firms is allowed. The ranking of workers differs in work
and skills distributions. This chapter further simulates the model. The sim-
ulation shows that mismatch comes from frictions in the market. It shows
that women face more frictions and firms’ share is only important when fric-
tions increase. Yet, data used in earlier chapters imply that human capital

1This is the reason why sometimes the words paper and chaptermay be used interchangeably.
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or skills are not discrete. To capture for this continuity, I replicate the ear-
lier model allowing for a continuous measure of skills. Findings show that
higher-skilled workers have a lower expected wage when more friction occur.
However, lower frictions move the model closer to a perfectly competitive
framework, where mismatch drops.

Chapter 4 explores the extent of and reasons for female labour market
mismatch. This chapter focuses on women, because they face more frictions
and are concentrated in lower-skilled jobs than men. This signals an under-
utilisation of their potential by the market. Hence, they are more likely to be
in mismatch even before entering the labour market. This paper replicates
the identification strategy of chapter 2, but it changes the control group. To
this end, I generate three indices which identify mismatch for women. First,
in a restricted female subsample (it consists of female employees only). Sec-
ond, a counterfactual case, where women are seen in the male labour market.
This index eliminates potential discrimination prior to their entrance. Third,
women are seen relative to median employee in the British workforce. The
incidence of mismatch is estimated between 13% to 34% depending on the
control group. The final part of the exercise investigates the determinants of
female mismatch. Lone parenthood and number of children are positively
related to mismatch. Recent entrance in the labour market, also increases
the mismatch, but its effect anticipates over time. Regional unemployment
instances contribute to a matching failure.

Chapter 5 looks at the female public servants and mismatch. It extends
the findings of female workforce by taking into account the endogenous self-
selection in jobs. The British public sector offers a few low-skilled jobs and
employs high-educated, predominantly female, workers. First, the analysis
reports market flows and finds greater mobility for women proportionately
between sectors than men. However, greater in-/out-flows to/from private
sector are observed regardless the gender of the employee. Second, to report
the incidence of mismatch, I replicate in chapter 4 three indices of female
HCM within the public sector. Once comparing women to the median em-
ployee, a sizeable incidence of mismatch arises due to a negative selection.
Specifications using the selection model for the public sector illustrate a sys-
tematically higher magnitude of mismatch. Pooled results seem to dominate
when women are observed in the male labour market or in a restricted sub-
sample. Yet, the incidence of mismatch in the public sector may be counter-
intuitive and one would not expect any or very low rates. This is the reason
why I explore which occupations have more workers in mismatch. The map
of occupations in mismatch supports that the public sector is more attractive
as a waiting room for highly-qualified graduates. In this sector, they queue
less time until they find a good job. Hence, this chapter raises awareness for
policy implications regarding the allocation of jobs for women.

Do individual skills per sematter? Chapter 6 examines the intersection of
unobserved productivity and mismatch in the UK. The British Cohort Study
1970 allows using the cognitive and non-cognitive test scores throughout
childhood to capture the individual heterogeneity. In this framework, hu-
man capital adopts a richer definition. HC includes the level of education
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Chapter 1:
Literature Review

Chapter 2:
A novel index

Chapter 3:
Model

Chapter 4:
Women BHPS/UKHLS

Chapter 5:
Women & public sector

Chapter 6:
BCS70

Figure 1: Thesis roadmap

and controls for cognition and non-cognition. The identification strategy of
mismatch remains the same as before; an individual fails to match as in chap-
ter 2. The incidence of mismatch is compared to earlier estimates based on
BHPS. Results show that cohort members mismatch does not vary much over
time. When controlling for cognitive and non-cognitive skills, the incidence
significantly increases. Evidence suggests that unobserved productivity does
not generate mismatch in the market. Data allow to connect parental back-
ground and offspring mismatch. To this end, I explore the effect of parental
background on getting a graduate job using propensity score matching on
average individual characteristics. Findings show that higher skilled parents
increase the probability of being inmatch. When controlling for skills, the in-
creasing pattern persists but the effect changes depending on the functional
form. This verifies the earlier result showing an increasing magnitude of
mismatch when accounting for skills.
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Chapter 1

Mismatch in Economic Literature∗

Abstract
This chapter reviews the literature in Economics on the topic of job-worker mis-
match. It focuses on the theories of overeducation and skills mismatch. Finally, it
outlines the empirical methods of measuring mismatch.

By definition, any mismatch occurs when an employee’s observed
qualifications/skills do not fit with the stated requirements of a
specific job at a given time. In other words, the worker’s individ-
ual characteristics (e.g. personal expectations and background) do

not match with the job’s requirements (McMillen, Seaman, and Singell, 2007;
Tsang and Levin, 1985). Since the initial job requirements may differ from
the job content or qualifications, per se, education becomes a weak identifier
of the individual matching status. For instance, employees’ characteristics
may further include (innate) ability and (non-formal or informal) skills, cul-
tivated through schooling or prior exposure to the labour market (Mavro-
maras, McGuinness, and Fok, 2009). Hence, human capital is comprised of
education, ability and skills. Given its components, human capital mismatch
has attracted less attention, because there is no one single measure that can
capture all of its components objectively. There are four main theories that
drive the potential explanation of mismatch. First, theHuman Capital Theory,
originated by Becker (1964) and Mincer (1974). Second, the Job Competition
Model, mainly supported by Thurow (1975). Third, the Assignment Theory
(Sattinger, 1993; Sattinger and Hartog, 2013). Finally, the Occupational (Ca-
reer/Job) Mobility theory (Sicherman andGalor, 1990; McMillen, Seaman, and
Singell, 2007), based on the Matching Theory (Jovanovic, 1979b; Pissarides,
2000) and the Signalling Theory (Spence, 1973), completes this picture. Fig-
ure 1.11 places theses theories on a map between worker competition and
worker’s ability and capital substitutability.

∗This is the only chapter in the Thesis that may not stand as a self-contained paper.
1Where this Thesis fits will become more clear in the coming chapters. The final chapter
discusses its exact position on figure 1.1.
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significant
frictions

no signifi-
cant frictions

Complements Substitutes

Complementarity of Ai and K Substitution of Ai and K

Perfect Monopsony / Perfect monopoly

Competition

∗
HCT

∗
This Thesis

∗
Comp. advant.

∗
Signalling / Screening

∗
Matching∗

Matching and overeducation

∗
Assignment

∗ JCM

∗
OMT

∗
Differential overqualification

Figure 1.1: Map of labour market models
Note: Ai stands for individual ability and K for capital. Human Capital Theory (HCT)

assumes perfect financial markets and the complete substitution between the employee’s
ability and the capital. The deviation of this position to any other place in this diagram
signifies a potential existence of mismatch (e.g. overeducation). Job Competition Model

(JCM) relaxes the assumption of substitutability.
Source: Own elaboration
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1.1 Theories ofOvereducation and Skillsmismatch

A deviation from the Mincer (1974) model may capture an educational mis-
match, declaring a disequilibrium between demand and supply of the labour
market. The attained years of education (Sa) constitute a function of the re-
quired schooling for a job (Sr), the surplus of schooling (or overeducation,
So) and its shortage (or undereducation, Su).2 This is the Over-, Required
and Under-education (ORU) approach, introduced by Duncan and Hoffman
(1981),3,4 and as in Verhaest and Verhofstadt (2016) analysis, it is empirically
shown as:

ln[wi] = αx′i + βSr +γ
(
Sa − Sr

)
︸   ︷︷   ︸

So

+δ
(
Sr − Sa

)
︸   ︷︷   ︸

Su

+εi (1.1)

where xi is a vector of variables, independent of education, but related to
income; e.g. age, gender, marital status etc.

The parameter δ, in equation 1.1, is expected to be negative given the un-
favourable return to undereducation (Hartog, 2000).5 Where β is the return
of the required schooling as demonstrated by job characteristics. γ captures
the rate of return to overeducation. In other words, mismatched employees
enjoy a wage premium on their surplus years spent in educational institu-
tions. This surplus, though, is not sufficient enough to capture the wage
differential between them and their adequately educated counterparts who
are in match in the labour market. Their return to additional schooling is
less than their former course-mates, or γ < β. Hence, this model contributes
to any discussion of wage premium within a certain occupational group in
which the main interest of employers lies. An alternative explanation would
concern the employees themselves, demonstrating the penalty they face once
employed in jobs which do not meet their educational background, γ > β. If
the wage is determined by job requirements (or jointly by job and individual
requirements), overeducated workers deal with a penalty compared to their
adequately educated peers (γ < 0). In other words, workers in mismatch earn
a wage premium, but they earn less than if they were adequately matched
with the same level of education.

As summarised in table 1.1, various theories aim to explain and empiri-
cally estimate what happens once a deviation from the Human Capital The-
ory occurs and mismatch appears.

2If Sa > Sr , So = Sa − Sr ; if Sa < Sr , Su = Sr − Sa. Otherwise So or Sr equal to zero.
3Similar approach using the level of attained education, instead of years, was operated by
Verdugo and Verdugo (1989). Sloane (2003) supports that this modelling encompasses
Mincer (1974) and Thurow (1975) models; such an argument might hold as shown later.

4McGuinness (2006), Cedefop (2010), Green and Mcintosh (2007), Green and Zhu (2010),
Caroleo and Pastore (2016), Capsada-Munsech (2017), and Mateos Romero, Murillo Huer-
tas, and Salinas Jiménez (2017) criticise the ORU approach.

5For the shake of simplicity, as Mateos-Romero and Salinas-Jimenez (2017), the model of
this essay restricts to overeducation, i.e. δ = 0.
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1.1.1 Overeducation

TheMincerian wage equation implies that the coefficients of educational mis-
matches are equal (β = γ = −δ), i.e. that all years of education are equally
valuable. Human Capital Theory (HCT) accepts human capital as a set of
skills/characteristics which are developed through education (and working
experience) and result in increased individual productivity,6 and hence, indi-
vidual earnings (Becker, 1964; Mincer, 1974). The phenomenon of overedu-
cation does not persist; its insignificance comes from the usually acceptable
lack of (or asymmetric) information between the demand and supply side of
the labour market. Workers search individually for a job, without realising
what the firms’ needs are. Equilibrium is quickly restored since the employ-
ees seek for a matched job or firms adjust to their workforce skills, abilities
and knowledge. The strict assumptions include homogeneity in preferences
and firms and employees being profit or utility maximisers agents.

Matching theory (Jovanovic, 1979a; Jovanovic, 1979b; Pissarides, 2000),
hinging on the same propositions, does not neglect the role of firms in the
search-for-a-job process, equally acknowledging them for mismatches. In
fact, it supports that both supply and demand present heterogeneities which
create a premium (or penalty) to education, but they diverge through ad-
justments. Matching theory supporters claim that the surplus of education
is a poor information’s outcome and employees will realise it progressively
by repeating the job search and, hence, achieving better matches. This is
why overeducation is only a temporary phenomenon leading to shorter ex-
pected tenure. Therefore, mismatch arises due to labour market imperfec-
tions. There is a cost to find the right candidate for a vacant position. A
search may lead to a successful match if a mutual agreement is made on
the skills employees need to perform their job. In case of a match, the most
productive worker is hired as this type of worker has the necessary skills
to perform the job. If the employer is willing to offer additional on-the-job
training to ensure productivity, any lack of worker skill is restored and the
worker is supported to do the job well.

HCT has been extensively critised in several ways, since it seems to be
more obdurate in various issues (e.g., in terms of governmental and union ar-
rangements such as (sub)minimum wages, collective bargaining etc.). Hence,
the total, or at least partial, failure of firms or labour market to comply to
the current needs might lead to the dependence of worker’s remuneration
mainly on their job rather than, exclusively, their productivity. In this sense,
Job CompetitionModel (JCM), based on Thurow’s (1975) contribution, sug-
gests that the job characteristics, expressed through the required level of
education, play an essential role in wage determination (in equation 1.1, if
γ = δ = 0, the JCM holds). JCM accepts an hierarchical classification of jobs
with respect to the relative costs of training. Individuals do not compete on
the wages they are willing to accept regarding their stock of HC. Instead, the
skills are acquired through the on-the-job training demonstrating the labour

6A deviation of the perfect financial markets’ assumption exposes education in front of fam-
ily income and budget restrictions; and so, disparities persistence are probable. However,
the wage equals the marginal product of labour.
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market as the allocation tool of training opportunities to different employ-
ees.7 So, the position one holds in the market suggests their recruitment
outcome. Or, their particular place in the job queue revolves around their
relative educational level. Actually, Thurow (1975) claims that an individual,
under the HCT, would avoid an investment in further education, once they
observe increased supply and, hence, less returns. On the contrary, under the
JCM’s umbrella, he strongly supports that in order to guarantee and protect
their position in the job queue, education is the one-way ticket - implying an
over-investment8 resulting in a credential inflation.9 The overeducation phe-
nomenon seems to persist unless new high-skill (or high-educated-required)
jobs are created. This is why it is a demand-side problem given that job char-
acteristics determine the aforementioned allocation.

Between the HCT and JCM, the Assignment Theory could reasonably
be considered as the middle path allowing both sides of the labour market
to contribute to the allocation of jobs. Besides, in this framework, earnings
function is not a straight-forward causal relationship, but it constitutes an
equilibrium output to the solution offered by the proper assignment. Sat-
tinger (1993) observes that the change in relative wages widens the income
inequality, and hence, the neoclassical approach fails to explain the relation-
ship among the wages, personal and job characteristics and the job’s qual-
ity. Assignment models are not similar to JCM. They usually highlight an
intermediate step between personal characteristics and income. Individuals
choose the job (or the sector of their employment) depending on their (differ-
ent) preferences and the income maximization - or in strict economic terms,
they maximise their utility. Afterwards, they are allocated based on their
educational background without neglecting other important individual char-
acteristics. Hence, their allocation is not random in sectors. In Assignment
Theory, the marginal product of labour depends on both the individual and
the job, meaning that in equation 1.1 β , γ and γ > 0. This is how overeduca-
tion is seen in this theory. Thus, the mismatch can be resolved if the demand
or supply sides adjust.10 In fact, no sufficient indication suggests that wage
will be solely related to the acquired schooling or the individual features (as
HCT supports), and none expectation relate wage determination to the job
requirements (as JCM supports).

In contrast to HCT and JCM, the Job/Career Mobility model (or Occupa-
tional Mobility Theory; OMT) stands in the middle explaining the mismatch
persistence of the phenomenon considering both the supply and demand

7People choose their job for their career progression or to acquire more working experi-
ence. However, an escape from mismatched job is not an easy process; as Meroni and
Vera-Toscano (2017) claim, graduates who compete other highly educated individuals are
more likely to remain displaced.

8The apparent implication of the Thurow model concerns the wages determination which
is exclusively relied upon the required education and thus the returns to overeducation,
meaning the surplus education as earlier defined, will be zero.

9A similarity to the signalling model emerges, but Spence (1973) limits the investment of
education once benefits and costs are in balance. In JCM the limit, if any, of investment in
education is not that clear.

10The duration of the phenomenon is not clear, since it concerns the adaptability and adjust-
ment of both labour market’s players.
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sides of the labour market. By extending the HCT, Sicherman and Galor
(1990, p.177) conclude that ‘individuals may choose an entry level in which
the direct returns to schooling are lower than those in other feasible entry
levels if the effect of schooling on the probability of promotion is higher in
this entry level’. According to them, the career progression of the initially
overqualified employees will be considerably quicker given the on-the-job
training and the experience stock that they will have. Therefore, OMT sup-
ports the upward mobility movement of the workers which strongly relies
on the job-acquiring skills from their initial voluntary mismatch. Any in-
come penalties are compensated by future promotion potentials (Sicherman,
1991; Dekker, De Grip, and Heijke, 2002). However, empirical studies later
offer questionable results regarding the OMT. In fact, Büchel and Mertenz
(2004)11 show that German overeducated employees face lower relative wage
growth than their adequately educated peers. Grunau and Pecoraro (2017),
employing German administrative data, find that overeducated employees
have greater chances to be promoted, especially in the early years of working
lifetime. This was not the case for the undereducated workers. Yet, job mobil-
ity when interrupted by unemployment does not always have a guararnteed
outcome. Mavromaras, Sloane, and Wei (2015) find that unemployment gen-
erates negative future employment offers, when Veira-Ramos and Schmelzer
(2018) claim that a liberal labour market, like the British one, liaise job find-
ing. In fact, they support that graduates of tertiary and secondary education
initially overeducated, after a period of unemployment, may be in match,
which is not the case for more inflexible markets, like the German one.

Alternatively, one could see that this theory, accepts the Signallingmodel
(Spence, 1973); employees are not able to give a signal to their potential em-
ployer that they are educated or skilled enough for a job. Hence, they re-
main in a mismatched position until they are ready to give a better signal.
Büchel and Mertenz (2004) claim that overeducation under this perspective
is nothing more than a rational choice of the market’s agents. Though, this
is not necessarily true. The implied idea blames more the individuals for
misleading their potential employers rather than the job characteristics, or
the demands that recruiters have. Empirically, Kedir, Kyrizi, and Martinez-
Mora (2012) attempt to show the relevance of the Signalling Theory, but they
reject both their strong and weak hypotheses. They find that overeducation
does not contribute to individual productivity. An overeducated employee’s
additional schooling might imply a higher level of ability and commitment
compared to their matched competitors.

The theoretical framework is completed with a view of the differential
overqualification, suggested by Frank (1978). He examines the link between
the family mobility and the gender-segmented labour markets in households
where both partners are employed. Employing as main argument the limited
geographical movement of the family because of the married women’s career

11A year later, commenting on this evidence, Rubb (2005) defends these views mainly for
the underemployed population.
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prospects, he attempts to explain the gender pay gap (GPG)12 defining as ‘dif-
ferential overqualification’ the realationship between the different-sex based
overqualification potentials and the labour market size. The job life of mar-
ried women is restricted due to their household responsibilities, once hus-
band’s job dominates if he is considered as the household head. The picture
is not the same for the married men or the single individuals, regardless their
gender. McGoldrick and Robst (1996) try to extend the test of geographical
mobility constraints in the market’s outcomes for any employee regardless
their gender. Büchel and Battu (2003) offer unclear and mixed results when
they test for commuting distances. Cooke et al. (2009) support that house-
hold migration is still associated with a significant increase in total family
earnings usually led by husband’s earnings prospects, despite declines in
women’s earnings. Finally, Castagnetti, Rosti, and Toepfer (2017) believe
that overeducated women might signal their actual, albeit low, productivity
level to avoid statistical discrimination. The latter occurs once average char-
acteristics of groups indicate individual productivity, which is not the case
for women given their better observed characteristics.

An interesting debate about the interpretation of the coefficients comes
from Cohn and Khan (1995)13 who claim that the earlier study of Verdugo
and Verdugo (1989) misinterprets the coefficients of the overeducated. This
misinterpretation, however, could bemotivated when a really strong assump-
tion is relaxed. Many studies seem to take it for granted that the unobserved
heterogeneity among individuals, derived from the ability, motives, etc., is
not correlated with the mismatch. Failing to hold this assumption, the is-
sue of omitted variable bias arises. If ability is negatively (positively) corre-
lated with overeducation (undereducation), the rate of returns are underesti-
mated (overestimated).14 Part of the literature in order to deal with this un-
observed heterogeneity uses fixed effects models15 (Bauer, 2002; Lindley and
McIntosh, 2009; Mavromaras et al., 2013; Sloane, 2014; Iriondo and Pérez-
Amaral, 2016; Meroni and Vera-Toscano, 2017; McGuinness, Pouliakas, and
Redmond, 2018). However, this may not be an ideal solution given its po-
tential biases. If OMT holds and workers change jobs,16 an upward mobility
within the same occupation via a promotion is not any more random and it

12Blau and Kahn (2017) discuss extensively the GPG, the impact of the gender division of
labour and its implications on motherhood.

13Employing the same data as Verdugo and Verdugo (1989), they test bothmodels of Duncan
and Hoffman (1981) and Verdugo and Verdugo (1989) suggesting that a negative overed-
ucation estimate does not imply undoubtedly a negative return; it can propose a wage
penalty for the mismatched against their counterparts.

14In this Thesis, I consider from the first step that each employee goes to the labour market
with a set of skills, equally composed by its level of education and its ability. Unfortu-
nately, BHPS and UKHLS do not allow us any further specification of the worker’s ability.
In chapter 6, I control for cognitive and non-cognitive skills using a richer dataset of
BCS70.

15In these models, the unobserved heterogeneity is a part of the disturbance error. They are
adopted, because of their flexibility to correlate the heterogeneity with the independent
variables.

16We do not neglect that employees might move across different occupations and find an
adequately matched job, but the correlation there, if any, could be less.
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may correlate with the mismatch.

1.1.2 Skills Mismatch

Acemoglu and Autor (2011) consider a task as ‘a unit of work activity that
produces output (goods and services)’ (p.1075) and define skills in a Ricar-
dian setting of labour market as ‘a worker’s endowment of capabilities for
performing various tasks’ (p.1118).

If the job underutilises or completely neglects individual skills, the em-
ployee faces a skills mismatch (Li, Harris, and Sloane, 2018; McGuinness,
Pouliakas, and Redmond, 2018; Sloane, 2014). A way of direct measurement
is only applicable to those big firms with organised HR departments. How-
ever, such indexes are not available in individual and/or household level
datasets. Traditionally, scholars depend on subjective measurements derived
from questions asking individuals to assess their relative position compared
to the job they perform. Nevertheless, this method presents the same bias as
the subjective measurement of overeducation. An additional measurement
error may arise if the respondent considers skills in general terms and not
exclusively the work-related ones because of the way questions are phrased
(framing effect). Even though both education and skills mismatch are re-
lated to HC, the literature supports the little correlation between them (Flisi
et al., 2017; Green and Mcintosh, 2007; Di Pietro and Urwin, 2006). Finally,
McGuinness, Pouliakas, and Redmond (2018) acknowledge that skills mis-
match measure is more accurate than the education one. Although, the ques-
tions’ variation among the datasets creates difficulties in terms of estimates’
comparison and research are not able to indicate the source of mismatch - e.g.
labour market experience, formal training etc.

For skills mismatch, traditional datasets employed include the Survey of
Adult Skills (Programme for the International Assessment of Adult Compe-
tencies; PIAAC), conducted by OECD capturing 3 basic skills: numeracy,
literacy and, in certain countries, problem solving in highly-enhanced tech-
nological environments (e.g. Chłoń-Domińczak (2017), Flisi et al. (2017),
McGowan and Andrews (2017b), and McGowan and Andrews (2017a)); ad-
ditional questions to test the impact of the skills on earnings are used. In Eu-
rope, twomain large-scale surveys contribute in the skills literature: the Flex-
ible Professional in the Knowledge Society, briefly known as REFLEX, dataset
(e.g. Sánchez-Sánchez and McGuinness (2015) and McGuinness and Sloane
(2011)), sponsored by EU, and the European Skills and Jobs (ESJ) Survey (e.g.
CEDEFOP (2015) and CIPD (2015)), whose questions are not similar, and
ergo, comparisons are not allowed. In fact, McGowan and Andrews (2017b)
find that overskilling varies from 18% to 34%, while CEDEFOP (2015) show
that the equivalent percentage for EU exceeds 40%. Sánchez-Sánchez and
McGuinness (2015) claim that the most overskilled employees (14%) are lo-
cated in Spain, the UK and France.
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1.2 Review of empirical measurement

Despite the long history of educational mismatches, there is no (widely) ac-
cepted measure (McGuinness, 2006) due to the data-driven methodologies
followed. In other words, the data availability used to demonstrate the em-
ployed method of the overeducation estimation. However, many studies test
the same hypothesis utilising more than one possible definitions. Besides,
the measurement method affects the incidence of overeducation reported,
but not the pay penalty (Groot and Maassen Van Den Brink, 2000). The vast
majority of the available studies have offered quantitative results. As shown
in table 1.3, they follow two main approaches: an objective and a subjec-
tive. Under the first umbrella, one can find studies using (i) the normative
or Job Analysis (JA) method and (ii) a more statistical definition or empiri-
cal method, also known as realised matching (RM). The subjective approach
distinguishes between the direct and indirect self-assessment (SA) of the em-
ployee. They classify themselves as over- or undereducated (McGuinness,
Pouliakas, and Redmond, 2018).

The Job Analysis (JA) or Evaluation method, also captured as a norma-
tive process, depends on the assessments offered by job analysts who con-
struct occupational dictionaries having measured the education’s required
level and type for different occupation,17 for example DOT18 or O*NET in
the United States or SOCS19 in the UK (Rumberger, 1987; Elias and Purcell,
2013). This classification usually converts to years of required/requested
education which are compared with the actual years an individual spent in
schooling. A JA’s acknowledged advantage relates to its accuracy as an out-
put of field expertise. At the same time, this strength signals a vulnerable
point, since the experts classify the requested education of each occupation
upon their criteria, and therefore a subjectivity element exists. In addition,
in such dictionaries all professions sharing the same title seem to ask for the
same requirements, which is not necessarily true. In reality, not all same-
entitled jobs require the same educational background. Hence, it might cap-
ture a minimum level of job-needed skills. Finally, potential influence of the
supply forces might be neglected.

The Realised Matching (RM) uses the distribution of years in educa-
tion for an occupation or a group of occupations. Its estimates depend on
the mean or the modal level of schooling within a given occupation, clas-
sifying employees with acquired education above (below) one standard de-
viation as overeducated (undereducated). The strength of this method con-
cerns its ease of calculation using various available micro-datasets enabling
the cross-country comparison. However, RM faces some important sensitiv-
ities. Cohort effects may arise, especially in a rapid change of the required
educational level, for a given occupation since it depends on the observed

17An individual’s skills are separated into two dimensions: the required, job-needed, skills
and the acquired ones that the employee bears due to education, some intelligence (abil-
ity), motivation etc. In the (extreme) case of perfect complementarity, the underlying
production function has Leontief form.

18Dictionary of Occupational Titles
19Standard Occupational Classification System
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schooling distribution. Consequently, the sensitivity expands to the level of
aggregation, which is necessary to obtain the aforementioned distribution,
assuming that all the jobs with the same title20 have identical requirements.
In more technical terms, when the analysis is based on the mean of the dis-
tribution, overeducation might belong to its upper tail. If overeducation is
increased, the median might be quite high in the distribution generating an
internal inconsistency. If the examined individual departs by more than one
standard deviation of the mean, then similar results for over- and under-
education are generated.

Studies employing the subjective approach depend on employees’ self-
assessment or self-report, usually in direct questions21 in the questionnaires,
declaring the level of necessary qualifications so as to get or to do a spe-
cific job. This is compared to the highest level of education acquired in re-
ality to prove if they are properly matched, overeducated or undereducated.
This methodology adjusts the measure of overeducation to the specific skills
needed for a job, but the respondents may misreport the true degree of mis-
match. McGuinness (2006) claims that a willingness of workers to exaggerate
either their occupational status or the qualification required is not unusual.
Hence, classification errors leading tomeasurement errors are probable; ergo,
they might generate a non-random error in the incidence of over- (under-)
schooling. To this extent, the skills level and the size of the organisation
share an important role. For example, a low-skilled employee in a small firm
might not be able to recognize the appropriate level of education that they
should have so as to do the specific job due to insufficient benchmarks. Kler
(2005) examines multiple approaches to measuring overeducation.

Several papers, in the 1980s and 1990s, neglect the heterogeneity among
workers. They consider individuals as perfect substitutes assuming that sim-
ilar education requirements would translate into similar acquisition or de-
mand of skills. This is not necessarily correct, and from the 2000s onward,
scholars have taken it seriously. A set of studies distinguishes between the
formal or apparent and real or genuine overeducation. According to Cedefop
(2010) (see table 1.2), the formal overeducation is observed once an indi-
vidual possesses more education than their current job requires and also in
which current skills and abilities are fully utilised. On the real overeduca-
tion, the skills are underutilised. The apparent overeducation22 concerns a
situation in which an individual has more education than the current job re-
quires, but this does not adversely affect the level of job satisfaction - the job
dissatisfaction comes only on so-called genuine overeducation.

20Sometimes sample sizes constraints limit the mode educational level to broader occupa-
tional groups than individual ones concealing the qualification variance (McGuinness,
Pouliakas, and Redmond, 2018).

21For example, in the OECDs Survey of Adult Skills (PIAAC), individuals are asked, relative
to their own education, what level of education do they think would be necessary to do
their job in a satisfactory level a lower level would be sufficient; a higher level would be
necessary; the same level. Similar equations exist in EU-LFS.

22Green and Zhu (2010) believe that the term ‘apparent’ seems almost to suggest the a priori
absence of an effect.
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Table 1.2: Typology of job-skills and job-satisfaction matching

Skills
fully
utilized

Job satis-
faction

Skills under-
utilised

Job Dissatis-
faction

In graduate jobs Matched Matched
Educational
qualifica-
tions match,
but skills un-
derutilized

Educational
qualifica-
tions match,
but not satis-
fied with job

In non-graduate jobs Formal
overedu-
cation

Apparent
overedu-
cation

Real overedu-
cation

Genuine
overeduation

Source: Own elaboration, according to Cedefop (2010)
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Finally, a fifth way of measurement of overeducation derives from Jensen
(2003) and Jensen, Gartner, and Rässler (2010). He noted that the income
aspect of the overeducation is not much appreciated in thesemethods. This is
why he introduces the ‘income ratiomeasure’ according to which a stochastic
earnings frontier estimates the individual (potential) income of an employee.
Hence, the phenomenon of overeducation is treated as an income inefficiency
and it is captured as the ratio between the actual and potential income. In
fact, overeducation is described as a function of various determinants, while
the main model tries to explain the dependence of (potential) income on
determinants (e.g. human capital) of individual income (Jensen, Gartner,
and Rässler, 2006).
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Chapter 2

Amultidimensional measure∗

Abstract
This chapter constructs a multidimensional indicator of individual Human Capital
Mismatch accounting for skills heterogeneities across individuals in more than one
dimension. In the empirical analysis, BHPS and UKHLS data are employed to illus-
trate the extent of this inefficiency in the British labour market over the 1991-2015
period. To this end, employees fail any match if their skills exceed the median es-
timates of the more skills-demanding occupation. The analysis shows that (i) the
magnitude of the mismatch increases after the Great Recession contributing to re-
gional disparities; (ii) the changes between the matching status take place due to
workers’ occupational mobility and over-time skills development; (iii) employees
can find better jobs or their mobility occurs earlier than the aggregate change of
skills.

Introduction

Various studies,1 from the late 1980s, pay attention to any type of
mismatch explaining its effects on the labour market employing a
range of different models (e.g. Freeman (1976), Tsang and Levin
(1985), Hartog (2000), Chevalier and Lindley (2009), and Kalfa

and Piracha (2017)). One would expect that getting higher education would
be a ticket to a high-profile occupation. Additional education generates a
high-skilled workforce whose earnings premia mirror differences in produc-
tivity (Mincer, 1974; Becker, 1964). This is not necessarily the case for nu-
merous individuals who find a job requiring lower credentials or skills (Ueno
and Krause, 2018). Hence, it potentially reflects an inefficiency of the labour
market which fails to allocate individual talent to the different available jobs
(Sattinger, 1993; Lindley, 2009). Under the neoclassical perspective of labour
force competition, once the market is in equilibrium, productive efficiency is
achieved. Efficiently allocated employees produce on the frontier of (their)
production possibilities. Mismatch, though, is considered as an inefficiency

∗Acknowledgements to participants in: (i) MicroForum (School of Economics; UKC); (ii) De-
partment of Work and Pensions, Areas of Research Interest (ARI); External Engagement
Workshop at ISER.
1Exemplary literature reviews conducted by McGuinness, Pouliakas, and Redmond (2018),
Leuven and Oosterbeek (2011) or earlier by McGuinness (2006) can equally prove the in-
tense interest in this subject.
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because of rigidities limiting the optimal functioning of the labour market
(Atukeren and Wirz, 2005).

The debate about mismatch and over-qualifications is centred around the
surplus of graduates in the market given the globally increased attainment in
Higher Education (HE) institutions. In the UK, since 1990, participation in
HE has increased from 19% to 49.8% (figure 2.1). This 31 percentage point
increase over the last 25 years has resulted from a HE’s expansion policy,
which aimed that the 50% of the young population pursue further educa-
tion. Indeed, the non-continuation rate, despite its initial fluctuations, has
declined reaching its nadir in 2011/12 when the second University fees’ cap
in England, was implemented. However, 2018 is the third year in a rowwhen
the drop-out rate increases steadily offering an alarming signal about how in-
dividuals interpret the inflation of credentials in the labour market (Karmel,
2015; Dockery and Miller, 2012).

In this context, the recent (financial) crisis is important since it changed
significantly the British labour market map. Employees move from/to differ-
ent employment statuses involving periods of increased unemployment - es-
pecially for the young graduates. The UK’s real GDP has typically increased
annually, despite several short-period downturns in the economy since 1980.
In fact, the UK experienced 16 consecutive years of growth before the out-
put’s fall as a result of the financial crisis of 2008. In the third quarter of
2013, the output regained pre-downturn levels. Over the period 1990 to
2017, the real GDP growth has averaged at 2% per year. Throughout the
last 18 years, unemployment2 remained stable despite the Great Recession,
peaking in 2011 at 8%. Forecasts predict a fair stability as far as the total
unemployment rate is concerned in the coming years given the current de-
creasing number of people in unemployment. The youth UK unemployment
rate, traditionally greater than the aggregate one, shows a gradual decline
after 2012 (figure 2.2).

The literature agrees on the significance of mismatch in the labour mar-
ket3 (Green and Henseke, 2016a). As a result, various policy implications
arise given the expansion of higher education and the increasing willingness
of individuals to pursue further schooling. McGowan and Andrews (2017a)
suggest that differences in employees’ market mismatch across countries re-
veal the importance of Employment Protection Legislation (EPL) since it may
impede the entrance in the labour market. Housing policies are, also, con-
sidered given the crucial role they play for moving decisions. Given that
mismatch can be interpreted as a market inefficiency, the country does not
produce at its potential. Alternatively, in macroeconomic term, a lower GDP
may occur (Hanushek, 2017).

2The unemployment rate, as well as the number of vacancies, flourish across Europe (Arpaia,
Kiss, and Turrini, 2014). Their ratio could be examined with respect to the mismatch oc-
currence. A link is provided in chapter 3. However, the UK does not have such a profound
issue; its job vacancies rate in the third quarter of 2018 is (provisionally) 2.7% and its un-
employment rate 4%, compared to 2.2% and 7%, respectively, for the EU28 (for further
stats. see Eurostat).

3Ueno and Krause (2018) describe the consequences of overeducation for society, employers
and employees.

https://ec.europa.eu/eurostat/data/database?p_p_id=NavTreeportletprod_WAR_NavTreeportletprod_INSTANCE_nPqeVbPXRmWQ&p_p_lifecycle=0&p_p_state=normal&p_p_mode=view&p_p_col_id=column-2&p_p_col_pos=1&p_p_col_count=2
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Figure 2.1: Participation In Higher Education and Non-
Continuation Rates; total population

Note: Participation rate for 1990/91-1998/99 is measured with GB Age Participation Index
(API), which was replaced by Higher Education Initial Participation Rate (HEIPR). For

details see Kelly and Cook (2007).
Source: DfE and HESA

Empirical literature shows no consensus on a unique and robust way
of measuring mismatch, but scholars acknowledge its multi-faceted nature.
This is why, in this chapter, no single-indexed measurement will be con-
sidered. Instead, the contribution is twofold in terms of the methodology
and the data used. Firstly, a multi-dimensional measure identifies workers
in mismatch if their skills exceed the median estimates of the more skills-
demanding occupation. Secondly, exploring the dynamic aspect of the BHPS
and UKHLS datasets, we discuss the mobility among (i) different occupations
and (ii) the matching status.

The paper is structured as follows: section 2.1 presents the data and the
identification strategy and the methodology employed. A discussion of the
results aims to explain the findings of the empirical approach (section 4),
while the final section concludes.

2.1 Data and Methodology

2.1.1 Data

The empirical evidence uses the British Household Panel Survey (BHPS) data
and its successor, namely the Understanding Society, the UK Household Lon-
gitudinal Study (UKHLS). A household representative longitudinal prospec-
tive survey, with retrospective elements, started in autumn of 1991 and re-
peated annually thereafter4; BHPS’ last wave was in 2009, when it became

4In the first wave 10,000 individuals interviewed from 5,000 households covering 250 differ-
ent areas of Great Britain. The samewere interviewed again the subsequent years, as well as
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Figure 2.2: Annual real GDP growth and Unemployment, UK;
1990-2017

Note: The left-hand vertical axis presents the annual growth rate of GDP in percentages
(bars), while the right-hand side one counts the unemployment rate in percentages (lines).
The former includes negative values illustrated with red colour. The dashed line on 2009

points out the recent (financial) crisis.
Source: World Bank and ONS

part of the UKHLS which runs until today. Hence, the micro-level data used
in this analysis cover a 25-year period, i.e. 1991-2016 or waves 1-18 and
2-7. The prime focus is on randomly selected individuals in a household
context representing the whole UK population. The interviews conducted
face-to-face or by phone containing various questions on demographics, hu-
man capital background, socio-economic and job characteristics5 forming a
wealthy source of data.

The sample in this study is confined to participants in the labour force,
namely employees working full or part time and unemployed, aged 23-59
years old. The latter age restriction is related to the fact that graduates of

any new members of their household, and any new households to replace any households
that left the survey.

5This survey offers rich information on the labour market history and as a result one can
follow each individual from the time they entered the market(Zangelidis, 2008). However,
we should take into consideration the significant number of missing values on the complete
employment history, firstly recorded on the second wave.



2.1. Data and Methodology 27

higher education enter the labour market at the age of 23 and get an (early)
retirement (aged 59). If someone started working younger than 23, she is
captured later in the labour market. Additionally, self-employed individuals,
farmers or those serving in the army and those employees who are currently
enrolled in any educational level6 have been excluded. Since a few income
outliers may affect our results, the real wage has been winsorised at the first
and 99th percentiles. The total sample is comprised of 152,470 observations
(52% men and 48% women) and its size may vary depending on the controls
of each regression.

2.1.2 Methodology

This section presents the identification strategy and the empirical approach
of this paper. The first step of the exercise is to identify who is in mismatch
given the skills variance among occupations. Our novel multidimensional
measure captures the individual heterogeneity in more than one dimension
of skill. The second, and final, part is to investigate the dynamic pattern of
the occupational mobility against the miss-match in the labour market. To
this end, we question how relative skills change over time.

Identification: Who is in mismatch?

In this paper, we will not consider employees’ relative position within the
same occupation accounting for the required level of education or skills. The
identification strategy answers a question in a horizontal mobility7: does an
individual hold the appropriate skills to be employed in a better job8? At-
tempting to answer this novel9 question, we overcome any arguments - usu-
ally seen in the overeducation literature - about an oversupply of the work-
force. Instead, we focus on its current composition explaining workers’ sta-
tus as illustrated via their earnings and the returns to education. A worker is
in mismatch if their returns are above the median premium paid in a more
skills-demanding occupation. To this end, I need to specify the wage equa-
tion.

Initially, I adopt the HCT’s assumptions which suggest that education en-
hances productivity as depicted in wage differentials (Becker, 1964). For in-
stance, I estimate the following expanded Mincerian wage function of hourly

6Excluding employees who are currently students is not unprecedented in the literature
(like Joona, Gupta, and Wadensjö (2014)) to avoid any variation in education over time.
This technique will allow the fixed effects estimator to be unbiased given the exogeneity
assumption.

7Poor matching between employees’ field of study and job requirements has been acknowl-
edged as horizontal mismatch (see e.g. Somers et al. (2019)). In this framework, horizontal
mobility is regarded in terms of ranking different occupations.

8The better job in this context is regarded if the individual holds the appropriate skillset to
be employed in an occupational group requiring more skills than the group she is currently
employed in.

9To the best of our knowledge, so far none theoretical or empirical work tries to explore any
type of mismatch following this defining root.
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wages

ln[wage]i,t = α +β1xi +
6∑

k=1

βkSi,k,t +ϑt +ui,t (2.1)

where xi is a vector of factors, independent to education, but (cor)related to
income, personal and job-specific features; e.g. experience, age, marital sta-
tus.10 Si,k,t is the kth attained level of education. ln[wage]i,t is the logarithm
of hourly wages of individual i, in constant prices of 2015 (figure 2.3). Po-
tential concerns may refer to those unobservable characteristics which may
affect earnings (usual suspect could be individual ability or non-cognitive
skills). We assume that credentials acquired demonstrate a skillset composed
by (innate) individual ability and personal effort to achieve a certain level of
education.11 Besides, the credential effect may bring about earnings premia
supporting the idea that higher level of education does not raise directly pro-
ductivity, but a better educated workforce is prone to be more productive
(Patrinos, 2016).12

An important issue concerns the regression of wages on characteristics
observed for those in employment, but not for the entire population. The
former tend to enjoy higher earnings than those who do not participate in the
labour force. Therefore, the results may suffer from a sample selection bias.
To avoid any inconsistency, I employ a sample selection correction, which is
based on the following equation:

labour forcei,t = α + δ1zi,t +
5∑

n=1

δnFSi,n,t +
12∑
j=1

δj regioni,j,t + δkHHmembersi,t

+ϑt + vi,t (2.2)

where labour force is a dummy variable, which equals to 1 if the individual

10Robustness checks included the number of children as additional determinant of skills;
the magnitude of mismatch, though, did not differ significantly.

11Heckman, Stixrud, and Urzua (2006) claim that ‘sociability’, which is strongly related
with the grades and schooling abilities affects labour market outcomes. Baum, Bill, and
Mitchell (2008) claim that any individual displacements in the labour market are not un-
affected by the social networks. Finally, Deming (2017a), having developed a theoretical
model, explains the increasing significance of the skills in the US labour market from the
early 1980s to the 2000s. However, questions regarding the social skillset of the individ-
uals in BHPS and UKHLS are only included in certain waves and they are not frequently
repeated; hence, including them would not offer any significant insight.

12Various specifications attempted for the HC estimation. To further convince for the appli-
cability of this proposed methodology, we plot the returns of HC by occupation (against
the percentiles). Service workers and Elementary Occupied employees enjoy greater re-
turns comparing to other occupational groups which, by assumption, require more skills.
In fact, the majority of the observations are around the top end of the distribution indi-
cating higher wages with a potential existence of mismatch. To better specify the model,
we progressively add different controls; the more controls the greater the returns of low
skilled employees are.
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Figure 2.3: Distribution of wages
Note: Consistently with the literature (e.g. Bhattarai (2017)), no symmetry exists in the

wage distribution, while it is right-skewed (skewness 1.5274); the median (£10.34) is below
the mean (£12.16; s.d. 6.7758) probably indicating that less individuals remain productive

above the average. Since the kurtosis is 6.0175, greater than 3, the distribution is
leptokurtic. The graph illustrates the epanechnikov kernel density with 0.5538 bandwidth.

Source: Own elaboration

is in a paid job or unemployed and 0 otherwise.13 zi is a vector of individual
characteristics, like age, educational level, marital status. FSi is the financial
status, while regioni,j the j th NUTS 1 statistical region of residence.14 Fi-
nally, HHmembers denotes a vector counting for the number of household’s
members who are unemployed, retired or inactive excluding oneself. In fact,
the status of the remaining members, as well as the number of children in a
household, affect and co-demonstrate the disposable household income ei-
ther on the revenues or the expenses side of household budget- playing an im-
portant role to the decision of accepting a job offer (Bredtmann, Otten, and
Rulff, 2017; Marelli and Vakulenko, 2016; Addabbo, Rodríguez-Modroño,
and Gálvez-Muñoz, 2015).

13The dependent variable is a dummy and not a continuous one, as usually used in Heck-
mans models. Greene (2012) claims that the dichotomy could affect the maximum like-
lihood function. In terms of the standard errors, though, we cluster on the household
level, consistently with the rest of the analysis. Despite its dichotomicity, an estimation
using a linear model decreases its sensitivity to distributional assumptions (Böckerman,
Haapanen, and Jepsen, 2018).

14The last 25 years, unemployment rate across the UK had many fluctuations, suggesting a
potential impact to the individual labour market outcomes. Including regional unemploy-
ment rate, though, could form a more informational model but it would collapse because
of collinearity with the year dummies. However, not using it does not change the results,
given that the analysis compares ceteris paribus the individuals. Between two different
regions, the earnings gap would be captured by the regions dummy. Besides, regional un-
employment generally follows the national unemployment rate. However, its deviations
among the regions persist for greater periods (Lolos and Papapetrou, 2012).
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The continuity of the wage variable allows an estimation with the Heck-
man’s (1979) two-stage technique with some changes. The Heckman selec-
tion model does not require an instrument to be identified; it can be iden-
tified by a functional form alone. Here, I use the financial situation and
the employment status of the remaining members of the household to deter-
mine the probability of labour market participation. Di Pietro and Cutillo
(2006) related the financial responsibility with men in Italian households
enhancing a disaggregated analysis on gender level. A lower household in-
come increases the probability of individual participation in the market. If
the Theory of differential overqualification holds, partner’s employment will
not affect the decision of a household to move unless it regards a better of-
fer for men. I acknowledge that using the financial status of the household
and the employment status of the remaining household members can affect
the reservation wage in an alternative channel, too. For instance, high non-
labour income (e.g. inheritance) could reduce the probability of labour mar-
ket participation. However, despite how valid this concern may be, correct-
ing the labour supply decision using the two-step Heckman approach does
not change much the incidence of mismatch in this exercise.

Identification Algorithm Below I outline the algorithm to identify those
workers who are in mismatch.

Step 1: Estimate the wage equation 2.1, corrected for the sample selection
bias (eq. 5.3) for each wave.

Step 2: Calculate the linear prediction from the fitted model.

Step 3: Classify occupations in three groups based on their skills intensity
required for task performing and duties or responsibilities fulfilling
(table 2.1).

(a) Ranking of occupations occurs according to their median level of
education and hourly earnings. I classify occupations in three groups
due to the number of observations in a more finite level.

(b) The grouped occupation variable receives three values: 1 for high-
skilled, 2 for middle-skilled and 3 for low-skilled.

Step 4: By occupation and wave, calculate the median predicted wage. This
step implies that estimates are pooled for all occupations. It assumes
that returns to covariates are the same across occupational groups.

Step 5: By wave, classify an individual in mismatch if their predicted wage
in occupation j is greater than the median returns in a more skills-
intensive occupation, namely in occupation j − 1. Formally,

mismatchedi =

1 if ŵi |occj >
(˜̂w|occj−1)

0 otherwise
(2.3)

where ˜̂w is the median of the estimated wages.
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Table 2.1: Skills, Education and Occupations

Skill Level Educational Level
Single Indexed Occupational
Groups

High Tertiary Education (1st degree or
Higher)

Managers, Legislators, Senior Offi-
cials; Professionals

Middle Tertiary Education leading to a
degree lower than the first de-
gree (or equivalent), Secondary
or post-secondary non-tertiary
education

Technicians and Associate Profes-
sionals; Clerks; Service workers
and Shop & Market sales workers;
Craft and related trade workers;

Low Lower Secondary; Primary Edu-
cation

Agricultural and Fishery employ-
ees; Plant and Machine operators
and Assemblers; Elementary Oc-
cupations

Source: Own elaboration, based on Yunus (2017). Occupations have been sorted according
to their median level of education and median hourly wage. Column 2 shows the

corresponding median level of education of workers in BHPS/UKHLS.

To enhance intuition, I plot the distribution of predicted wage of each
group and compare the position each individual has relative to the median
of the premium paid in an occupation demanding more skills. For exam-
ple, consider the distributions of the middle- vs. low-skilled and high- vs.
middle-skilled employees (figure 2.4).15 By assumption, low-skilled workers
(e.g.manufacturing labourers) require less skills to deliver a task comparing
to the middle skilled (e.g. office clerks). To this end, let an individual be a
hand packer; if her HC is above the median of the office clerk’s distribution,
she is considered mismatched. In other words, she holds those skills that
could offer her a better position in the labour market, but instead she is cur-
rently employed as a hand packer. As a result, this multi-dimensional mea-
sure eliminates disadvantages of the earlier discussed empirical approaches
and is resilient in various individual characteristics.

Mobility across skilled-grouped occupations and statuses

Martins and Pereira (2004, p.365) claim that “more skilled workers (individ-
uals who receive higher hourly wages conditional on their characteristics) are
associated with a stronger education-related earnings increment”. However,
skills are not necessarily coming from formal education. On-the-job training
and prior working experience may equally, if not more, contribute to the con-
struction of an individual powerful skillset. This is why I group occupations
as described in Step 3 of the identification algorithm above.

What seems interesting is the dynamic aspect and whether there is a mo-
bility from a matched to a mismatched position, and vice versa. The panel

15Changes in the bandwidth of each distribution attempted. Depending on the bandwidth,
the density increases without changing who is identified as mismatched. Because of space,
these attempts are not presented here.
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Note: Individuals after the dashed line, but
on the red line, are identified in mismatch.

Figure 2.4: Distribution of HC returns
Note: Dashed line indicates the median of the Human Capital (HC) distribution. Estimates

illustrate the epanechnikov kernel density with common bandwidth 0.0202.
Source: Own elaborations

aspect contributes not only to the mobility between the matched and the mis-
matched status, but also to the occupational mobility. Hence, we can explain
potential career changes or skills improvement over time.

2.2 Results - Discussion

2.2.1 Incidence of the mismatch

The incidence of mismatch is derived for the overall population when no gen-
der dummy is included in the estimation of the wage equation. Initially, the
mismatch rate starts below 4% following an augmenting trend reaching its
peak in 2011 with a more than double ratio (8.65%; figure 2.5). The steep
rise does not peak immediately after the Great Recession. The mismatch rate
affected by the macroeconomic shock that the UK economy experienced fol-
lows the augmenting unemployment trend (figure 2.5a). In fact, the imme-
diate effect was not only restricted in the labour force participation and/or
the unemployment, whose changes were noticed in 2009. Interestingly, the
overall rate was initially influenced by the misallocation of male employees,
while during the post-recession period, women were driving its magnifying
trend (figure 2.5b). Only in 2015, the percentage of mismatched workforce
mirrored the pre-crisis image.16

16Preliminary results for 2016 show an increase in mismatch. This increase should be better
studied if one includes the 8th wave of UKHLS where more accurate information about
2016 exists. However, the design of the survey from wave 8 and on slightly changes.
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(b) Pooled by gender

Figure 2.5: Incidence of mismatch
Note: Incidence of mismatch for workers aged 23-59. Dashed vertical lines signals the
Great Recession. The same year coincides with the initial release of the BHPS successor,

namely the UKHLS.
Source: Own elaboration

As the UKCES (2014) claims, despite the depth of the recession, only a
moderate rise of unemployment occurred. However, the overall picture seen
in the labourmarket did not have uniform impact to all occupations. Occupa-
tional decomposition of the employment’s fall shows that some individuals
suffered earlier than the crisis and disparities persisted after that shock, as
well. Additionally, several structural changes have been observed in the UK
labour market whose impact might drive the sharp drop of male mismatch
around 2006. Regardless the various definitions employed in literature, a sec-
toral mobility in the market was evident especially among the high-skilled
workers and/or the employees in high-paying jobs and the medium-/low-
skilled ones. The after-crisis changes might come from the expansion of the
private sector - more than 2 million jobs created since the early 2010 - or the
shrinkage of the public one (Coulter, 2016).

An immediate comment about figure 2.5 regards the sudden increase of
the incidence after 2009. Knowing the data structure, one could blame the
transition from the BHPS to UKHLS which occurs at the same period. This
might be true to a certain extent, given the small number of observations we
have for 2009.17 For robustness, to make sure this increase is not related to
the transition from BHPS to UKHLS, I estimate the incidence of mismatch
using the entire sample of UKHLS and not only those who were initially
questioned in BHPS. This yields similar estimates. On the other hand, recent
evidence on labour mobility and earnings support the idea of the recession’s
impact. Postel-Vinay and Sepahsalari (2019) harmonise these two datasets
and validate its consistency with equivalent time series by other sources (e.g.

172009 was mostly covered by UKHLS. No sample coming from BHPS was interviewed ad-
ditionally in UKHLS; hence, wave 1 of UKHLS is dropped following the guidelines by
ISER.
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the Labour Force Survey by ONS). In fact, they show that the average real
weekly earnings present a parallel time profile without deviating in the level
from the LFS.18 The authors point out that this difference comes from the
different sample composition.

Differences with earlier studies

Table 2.2 summarises some key findings from the late 1990s, whose data
reference extends backwards to 1980s, until recently. Column 2 reports the
average estimates of each study findings to enhance comparability. Earlier
studies have shown that the overeducation rate in the UKwas around 30% de-
pending mostly on the employed method of calculation. Some of them, like
Green et al. (1999), attempted a dynamic analysis by comparing several years
proving that an increase of 3% within a decade was not a promising sign
given the need for further expansion of the higher education. Another set
of studies, continued on the dynamic framework but towards a mobility per-
spective or a persistence one, testing the OMT (Veira-Ramos and Schmelzer,
2018) or looking for a stagnation in the pool of those in mismatch (McGuin-
ness, Pouliakas, and Redmond, 2018; Piper, 2015), respectively. More recent
studies report rates around 23%, probably since the measurement methodol-
ogy developed or the data offered more accurate information regarding the
history of an employee. A noteworthy research by McGuinness, Pouliakas,
and Redmond (2018) outlines various papers reporting their average esti-
mates. None of these averages falls below 20%. This analysis though, does
not consider the required level of education and the relative position of an in-
dividual within her occupation. Addressing a different question, we explore
the labour market composition without neglecting the workers’ heterogene-
ity in more than one dimension of skill.

Robustness Checks

Measurement To explore the robustness of this novel multi-dimensional
index, we test how the magnitude of mismatch changes progressively by con-
trolling for age and marital status. It is important, since no other previous
work has used this way to investigate this inefficiency in the labour market.
Figure 2.6 reports the incidence of mismatch annually. The dotted line il-
lustrates the pure effect of the educational level on wages. The dashed line
controls for age and its square as a proxy of experience. Finally, the solid line
controls further for marital status. These estimates correct for the endoge-
nous labour supply decision as previously described.

The trend follows the same pattern in any specification. However, when
no controls are considered, the incidence does not exceed the 20% at any
point. This might suggest that the mismatch is not directly coming from
the differences presented through the level of education. In fact, unobserved
determinants may play an additional role. Controlling for age, as proxy for
experience, one can notice that the magnitude increases, especially after the

18Calculating the incidence of mismatch using LFS data yields similar results.
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Table 2.2: Incidence of overeducation in the UK

Author(s) Estimates

Sloane, Battu, and Seaman
(1999)

30.63%

Groot (1996) and Groot and
Maasen Van Den Brink (1997)

13-15% (males); 8-10% (females)

Green et al. (1999) 29% (1986); 27.4% (1995);32% (1997)
Green, McIntosh, and Vignoles
(1999)

46% (data from University of Newcastle-
upon-Tyne); 47.4% (data from NCDS)

Dolton and Vignoles (2000) 38% (first job); 30% (final job)
Chevalier (2003) 17% (objective measurement); 32.4% (sub-

jective -job requriment) 16.2% (subjective-
satisfaction)

Dolton and Siles (2003) 22%
Green and Mcintosh (2007) 37%
McGuinness and Sloane (2011)
and Chevalier and Lindley
(2009);

30%

Moro Egido and Budría (2007) 19.42%
Lindley (2009) 22.47% (men); 28.93% (women)
Green and Zhu (2010) 23% (women; 2001); 32% (women; 2006)
Croce and Ghignoni (2012) 31%
Ghignoni and Verashchagina
(2014)

19.1% (men); 20.5% (women)

McGuinness, Bergin, and Whe-
lan (2015)

23%

Davia, McGuinness, and O ’con-
nell (2016) and Davia, McGuin-
ness, and O’Connell (2017)

19.3% (men); 20.9% (women)

Boll et al. (2016) 20%
Sarkar (2017) 18.5%
McGuinness, Pouliakas, and
Redmond (2018)

29% (subjective); 24.8% (empirical); 22% (job
evaluation)

Source: Own elaboration
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crisis. This way we can show that our measure is more resilient in cohort
effects on the labour market.
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Figure 2.6: Robustness Check: Alternative Specifications
Note: This figure presents alternative specifications for the measurement of mismatch. The
dashed line shows the effect of education and it reports similar incidence to overeducation
measures earlier met in the literature. Having controlled for the age, as a proxy of working
experience, the incidence increases (dotted line) and it is closer to what is used in this study

(indexed as full on the graph). Estimates of 2016 are based on a small amount of
observation due to the wave used in the study. For a better estimation for this particular

year, the following UKHLS wave is required.
Source: Own elaboration, based on BHPS/UKHLS

Mismatch vs. Job satisfaction Finally, scholars declare a negative rela-
tionship between overeducation and job satisfaction (e.g. Ueno and Krause
(2018), Stokes et al. (2017), Kankaraš et al. (2016), Verhaest and Verhofs-
tadt (2016), Green and Zhu (2010), and Chevalier (2003)). They report that
employees who are in mismatch are not satisfied with their job, while the
contrary holds for those who perform a job fitting to their skills. Piper
(2015) shows that overeducation among young people is increased, while this
episode is related to lower life satisfaction. Figure 2.7 shows that the lower
the incidence of mismatch the greater the job satisfaction is. As a result, this
measure validates earlier evidence associated with educational mismatch.

2.2.2 Transitions and Occupational Mobility

Table 2.3 reports the percentage of people moved from a high-, middle- or
low-skilled occupation in period t − 1 to another occupation in period t. In-
dividuals either maintain their matching status or change from the matched
to non-matched, and vice versa. I omit the main diagonal intentionally to fo-
cus on the occupational transitions. Remaining in the same set of jobs is not
part of this study. Yet, by this way, the role of over-time change of relative
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Figure 2.7: Mismatch vs. job satisfaction
Note: The figure plots the average level of mismatch against the self-reported job

satisfaction level.
Source: Own elaboration

skills is revealed. Firstly, those who were occupied in a high-skilled occu-
pation can, by assumption, move downwards. Around 9% of the employees
preserve their matched status, even though they accept a job in a less skills-
intensive occupation. The vast majority, initially, held a position for which
their skills were insufficient. Hence, these displaced workers downgrade to
an inferior-skilled job, consistently with Robinson’s (2018) findings.

Employees in themiddle-skilled occupations are able to move in either di-
rection, i.e. upwards (to high-skilled) or downwards (to low-skilled). 72.6%
become (or remain) matched, probably as a result of a promotion or accept-
ing a better offer. 2.66% accept a subjacent job and are currently matched.
Around 24% of the British employees (or roughly 400 in our sample) are in
a misallocated position. The promotion case might be more obvious than ac-
cepting a subjacent job. Those who moved from the middle- to low-skilled
occupation could be at the margin of the distribution in t−1. As time passes,
their HC deteriorates and they are forced to move to another, lower to the
initial, job. Alternatively, it may imply a skills atrophy or potential lost
opportunities for training19 (McGuinness, Pouliakas, and Redmond, 2018;
CEDEFOP, 2018). Finally, the labour force participants in the low-skilled
group can only move upwards either by one or two groups. 16.8% remain

1911% of those downgraded employees entered the labour market in year t or a year before.
Recent entrants might face an initial mismatch experience, but it anticipates over time.
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Table 2.3: Occupational Mobility maintaining the previous pe-
riod’s status vs. relative skills’ change (1991-2016)

Occt−1
Occt H M L

High (H)

Remained matched 8.39 0.53
Remained mismatched 0.00 0.00
Was matched, now mismatched 0.00 0.00
Was mismatched, now matched 89.25 10.75
Total (N) 3,481 359

Middle (M)

Remained matched 6.93 2.66
Remained mismatched 0.00 1.51
Was matched, now mismatched 0.00 23.04
Was mismatched, now matched 65.64 0.00
Total (N) 4,154 2,080

Low (L)

Remained matched 2.42 14.33
Remained mismatched 0.00 5.73
Was matched, now mismatched 0.00 2.51
Was mismatched, now matched 20.45 54.36
Total (N) 400 2,158

Note: Figures as percentage of people moved to H, M or L between t −1 and t periods. Total
(N) shows the number of observations moved. Occ stands for occupation.

Source: Own elaboration

matched in both periods given that their stock of HC exceeded the median
worker in a more skilled group. However, upgrading20 initially displaced
workers reduces the inefficiency in the market by more than 70% (among
1,423 individuals). In fact, this result might be primarily driven by men
(912 against 508 women) whose (temporary) mismatch is usually attributed
to career-oriented reasons. Women may spend longer periods in mismatch
because of family- or geographical-related reasons (Somers et al., 2019).

Most, but not all, declining incidence is related to the move across occu-
pations (occupational mobility). As a result, a twofold reasoning can explain
this change. First, employees can find jobs where their profile is a better fit
to the needs. Second, the workforce mobility occurs earlier than the aggre-
gate change of skills, or skills of the entire population, in aggregate terms,
can increase faster than the individual ones. Hence, workers move to differ-
ent occupations because of relative skills changes (e.g. development through
training or skills atrophy) in the job distribution. This may imply that skills
distribution may not move as fast as the job distribution.

20Whether it is a result of promotion or it constitutes an endogenous decision to accept a
better job is uncertain.
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2.3 Conclusions

In this paper, employees in mismatch could be employed in a better position,
since they hold characteristics that exceed themedianHC of the occupational
group which requires more skills than the one they currently work in. The in-
cidence of mismatch initially fluctuates and after the Great Recession seems
to increase further. Significant regional variations are observed. In any case,
the post-2009 magnitude of mismatch reveals an increase which is not simul-
taneous to the rise of unemployment. However, the return of employment to
the rates prior-of-the-shock period is not accompanied by the return of the
matching of employees - male mismatch persists further.

Human Capital Mismatch generates an inefficiency or, in terms of the
market, a negative externality arises and the workforce produces at a subop-
timum point. In other words, it distorts prices of skills or of human capital.
This is the reason why the workforce allocation into different occupational
groups becomes harder given that mismatch varies across individuals. How-
ever, mismatch rate variates over time for two main reasons. First, individu-
als are able to change jobs so that their profile fits better with the employer
requirements. Second, this individual occupational mobility occurs earlier
than the increase of the overall (population’s) skills.
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Appendix

2.A Descriptive Statistics
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Figure 2.A.1: Employment rate by region and gender
Source: Own elaboration

Table 2.A.1: Descriptive Statistics

Variables Men Women Total

Age 40.52 40.47 40.49
(10.24) (10.22) (10.23)

Real (Hourly) wage 14.6424 11.3769 12.9024
(7.1409) (6.0604) (6.7857)

Married 0.5396 0.5439 0.5419
(0.4984) (0.4981) (0.4982)

Continued overleaf
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Variables Men Women Total

Number of employed members of HH 0.7968 0.8111 0.7781
(0.7354) (0.7085) (1.0457)

Number of inactive members of HH 0.1237 0.0486 0.084
(0.3402) (0.2225) (0.2869)

Number of retired members of HH 0.059 0.0569 0.0579
(0.2676) (0.2505) (0.2587)

Unemployed 0.051 0.0324 0.042
(.22) (0.177) (0.2006)

Employee 0.7198 0.6879 0.7029
(0.4491) (0.4634) (0.457)

Part-time employee 0.0452 0.3557 0.1989
(0.2078) (0.4787) (0.3992)

Public sector 0.2263 0.4494 0.3417
(0.4184) (0.4974) (0.4743)

Education

Higher Degree 0.0444 0.0357 0.0397
(0.2060) (0.1857) (0.1952)

1st degree or equiv 0.1356 0.135 0.1347
(0.3424) (0.3418) (0.3414)

Other Degree 0.1052 0.1321 0.1196
(0.3068) (0.3386) (0.3244)

A-level etc 0.3139 0.2254 0.2675
(0.4641) (0.4178) (0.4426)

GSCE etc 0.3939 0.3336 0.3127
(0.4533) (0.4715) (0.4636)

Other qualification 0.2889 0.1381 0.126
(0.3154) (0.345) (0.3318)

Occupation

High Occ 0.3437 0.2626 0.3038
(0.4749) (0.44) (.4599)

Middle occ 0.4424 0.6349 0.5373
(0.4967) (0.4815) (0.4986)

Low Occ 0.2139 0.1025 0.159
(0.41) (0.3033) (0.3656)

Mismatch n/a n/a 0.0554
(0.2287)

Relative position 0.0393 0.0195 n/a
(0.1944) (0.1381)

Relative to men’s skills n/a 0.6523 n/a
(0.4762)

Relative to overall skills 0.4743 0.3156 n/a
(0.4993) (0.4647)

Change of occupation

remains in high occ 0.3021 0.2265 0.265

Continued overleaf



2.B. Incidence of mismatch by region 43

Variables Men Women Total

(0.4592) (0.4186) (0.4413)
was high, now mid-
dle

0.0383 0.0329 0.0357

(0.1919) (0.1783) (0.1854)
was high, now low 0.0076 0.0022 0.005

(0.0866) (0.0472) (0.0705)
was middle, now
high

0.0426 0.0399 0.0413

(0.2020) (0.1958) (0.199)
remains middle 0.3767 0.0399 0.4796

(0.4845) (0.1958) (0.4996)
was middle, now
low

0.0249 0.0149 0.02

(0.1558) (0.1211) (0.1399)
was low, now high 0.008 0.0024 0.0052

(0.0889) (0.0494) (0.0721)
was low, now mid-
dle

0.0235 0.0165 0.0052

(0.1516) (0.1275) (0.0721)
remains low 0.1763 0.0785 0.1282

(0.3811) (0.2689) (0.3343)

Note: The first number corresponds to the mean; the number in parentheses is the s.d.
Source: Own elaboration

2.B Incidence of mismatch by region

2.C Skills vs. occupational mobility
How many of the entrances/exits are due to the fact that median employee - or the overall

population - is becoming more skilled faster than an individual?
Figure 2.C.1 shows how the entrance to and the exit from a mismatch episode in the labour
market changes by education. Employing our indicator, it seems that a downward mobility
increases the probability of entrance the higher the qualifications one holds. For example,
individuals most likely become mismatched once moving from a high-skilled occupation to
a middle-/low-skilled one. Consistently, exiting from the mismatch occurs usually on a

upward mobility
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Mismatch

0.098528

0.098529 - 0.116151

0.116152 - 0.126314

0.126315 - 0.138419

0.138420 - 0.158803

0.158804 - 0.197068

Figure 2.B.1: Overall mismatch; by region
Source: Own elaboration
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Chapter 3

Are you in the "right" job?
Mismatch in the
Burdett-Mortensen environment

Abstract
This paper presents an extension of the Burdett and Mortensen (1998) model, allow-
ing for heterogeneity of both workers and firms to estimate labour market mismatch.
The ranking of workers is not the same in work and skills distributions. The simula-
tion shows that job search frictions generate a mismatch between firms and workers.
Women face more frictions. The firms share is only important when more frictions
occur. In a continuous skills setting, higher-skilled workers, facing more frictions,
have a lower expected wage. However, lower frictions bring the model closer to
perfect competition, where the incidence of mismatch decreases.

3.1 Introduction

Labour market frictions affect job search to a great extent. If work-
ers and firms are homogeneous, job search frictions have only a
distributional impact. However, if the return to worker skills dif-
fers across firms, frictions have important efficiency implications.

When heterogeneity1 arises, workers are allocated into sub-optimal jobs given
their characteristics (e.g. Gautier and Teulings (2015), Papageorgiou (2014),
Hornstein, Krusell, and Violante (2011), and van den Berg and van Vuuren
(2010)).

In a frictionless market of heterogeneous agents, the output loss due to
mismatch would be negligible since all employees would be in match to their
preferred job. However, workers and firms may differ in terms of their skills
and productivity, respectively. Individual skills may generate (un)observable
heterogeneity even within a particular job. As a result, different wages may
be paid for the same job, which violates the law of one price. In the UK,
firm productivity differentials are persistent over time and regions (Oguz,
2019). Burdett and Mortensen (1998) and Bontemps, Robin, and Berg (2000)

1Information imperfections (Banerjee and Sequeira, 2020; Conlon et al., 2018) or lack of
coordination labour markets may generate further frictions. Here, I will solely address the
heterogeneity issue.
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Figure 3.1.1: Wage Dispersion: Percentiles ratio of real hourly
wage

Note: Indexed (base year = 1991) Real (CPI Index Deflator; base year 2015) hourly wage of
employees aged 23-59. This graph aims to highlight the wage dispersion in Britain. Even
after the Great Recession (dashed vertical line) the tendency did not change much apart

from the top of the distribution.
Source: Own elaboration based on BHPS/UKHLS

argue that frictions generate wage dispersion and firm heterogeneity is re-
flected in wages. The literature has acknowledged the importance of these
effects (Cahuc, Postel-Vinay, and Robin, 2006; Postel-Vinay and Robin, 2002;
Abowd, Kramarz, and Margolis, 1999). A recent stream of studies high-
light the role of high-wage firms in widening the wage gap (e.g. Barth et
al. (2016) and Card, Heining, and Kline (2013)). To better illustrate the wage
dispersion, figure 3.1.1 shows the top and bottom 5% percentiles ratio to the
median (indexed on 1991) of real (CPI Index deflator with base year 2015)
hourly wages for employees aged 23-59. Greater changes over time are ob-
served at the lower part of the wage distribution. After the Great Recession,
any temporary change restores to pre-crisis levels. Frictions arise deviating
from the perfectly competitive framework2 and allowing on-the-job search.
Under the neoclassical perspective, they generate an inefficiency in the mar-
ket. Due to mismatch,3 realised wages may compress workers’ productivity.4

In this chapter, I question to what extent is the estimation of the skill
distribution biased due to the mismatch? Do frictions generate differences
in the skill distribution across different groups (e.g. men vs. women)? The
answers will verify the empirical strategy adopted in chapter 2 and show
consistency with the theory.

2Wage dispersion from the Mortensen-Pissarides model is very small. Hence, not all devia-
tions may generate significant dispersion (Hornstein, Krusell, and Violante, 2011).

3At least a source of heterogeneity is mandatory for job mismatch (DeLoach and Kurt, 2018;
Chassamboulli, 2011).

4Guvenen et al. (2020) predict and support empirically that mismatch depresses both cur-
rent and future wages - even if the worker switches to a matched job.
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I extend the general equilibrium Burdett and Mortensen (1998) search
model. Firms differ in productivity and workers in skills. The assumptions
of (i) on-the-job search and (ii) endogeneity in wages distribution remain.
Low-, middle- and high-productive employers5 may coexist for two reasons.
First, it is time-consuming to generate offers.6 Second, the flow of new en-
trants in the non-employment (or unemployment) status is constant. Using
this model, I show how the relative wage and employment of higher-skilled
workers evolves in lower-productivity jobs, in equilibrium. In this setting,
the labour market takes the following form. An individual chooses between
work and non-employment (leisure).7 Skills are the main sorting device8

of joining the labour market and choosing a particular job. A low-skilled
worker can only choose between Out-of-Work (OoW) and a low-productivity
firm. A middle-skilled worker, has the aforementioned choices plus the job
offered by the middle-productivity firm. Similarly, the high-skilled worker
can choose any firm or leisure. The middle- and high-skilled worker, if lucky
enough, they will be matched to a middle- or high-productivity firm, respec-
tively. If not, they are in a job with lower skills requirements. In the latter
case, they accept the job, because the present value of a less skills-intensive
job is greater than that of leisure. Hence, they wait for a better job in which
they will be matched (figure 3.1.2).

The arising heterogeneity from both sides may capture the mismatch in a
broader way than the existent empirical over- or under-education measures.
Instead, one can see that market frictions generate a mismatch in a horizon-
tal setting9 between employers and workers. This model argues that ranking
of workers is not the same in work and skills distributions. This is the reason
why workers cannot see to all potential alternative jobs. Earlier empirical
work demonstrates a continuity in skills. That is why, I replicate the initial
exercise for more than three types of firms and workers. By this way, I con-
struct a more realistic measure of mismatch.

Employment can be seen as a two-player game in which the literature re-
lates on-the-job search to the existing matching relationships. For instance,
inmodels like Chassamboulli (2011), Dolado, Jansen, and Jimeno (2009), and

5To better understand low-, middle- and high-productive firms, we can look at the distri-
bution of labour productivity, e.g. using the gross value added (GVA) per worker. Low-
productivity firms could be considered those in the lowest 20th percentile, whereas high-
productivity ones those in the upper 20th percentile. Those firms in-between are consid-
ered middle-productivity firms. In the UK, many firms are concentrated within the £5,000
to £20,000 output per worker range across most years. The right tail of the distribution
gradually diminishes, representing the smaller number of businesses at higher levels of
labour productivity (ONS, 2017).

6If non-employed and firms shared the same characteristics, new contract could be issued
immediately.

7The individual may choose not to work, but also an offer may not arrive. Here for simplicity,
the individual choice is work vs. no work.

8Bagger and Lentz (2019) quantify the sources of wage dispersion and find that sorting is its
major contributor.

9Horizontal mismatch refers to the misfit of worker’s area of study (e.g. qualification) and a
particular job. This is not the same here. In this paper, the horizontal setting refers to the
ranking of skills in a continuum. Skills are sorted from low to high level.

https://www.ons.gov.uk/economy/economicoutputandproductivity/productivitymeasures/articles/understandingfirmsinthebottom10ofthelabourproductivitydistributioningreatbritain/jantomar2017
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Figure 3.1.2: Individual decisions in the Labour Market
Note: Each individual has a set of choices depending on the skills they hold. If low-skilled,
they can choose between non-employment and a low-productivity firm. If middle-skilled,
they can add to the previous choices the middle-productivity firms. If high-skilled, they

are further capable to be employed by high-productivity firms. In other words,
low-productivity firms may offer a job to everyone; middle-productivity offer only to
middle- and high-skilled workers. Finally, high-productivity firms employ solely

high-skilled workers.
Source: Own elaboration

Cahuc, Postel-Vinay, and Robin (2006), two types of workers and firms are
assumed. High-skilled employees are in low-productivity firms, and hence,
are in mismatch. Since their wage is lower than their in-match counter-
parts, their search intensity is greater. Low-skilled workers face a smaller
pool of jobs. As a result, they are more prone to non-employment alterna-
tive. Chassamboulli (2011) shows that mismatch occurs when a high-skilled
worker is initially allocated to a low-productivity firm. This is possible dur-
ing an economic downturn,10 when high-quality workers accept low-wage,
low-productivity jobs. Low-skilled workers, in this setting, are pushed to the
unemployment. High-skilled workers in mismatch have a greater incentive
to look for a better job than those in match. However, the data imply that we
have more than two categories of workers and employees. Maintaining the
duality assumption maymis-classify workers in mismatch. This is the reason
why, in this model I adopt a three-dimensional aspect of the labour market,
and later, I further relax the three categories for workers. By this way, I proxy
the skills continuity met in the data.

The rest of the paper has the following structure. Section 2 outlines the
assumptions and the steady-state equilibrium conditions of the model. Sec-
tion 3 presents the simulation when skills are discrete or continuous. Section
4 concludes.
10The BMmodel has been further used to analyse dynamics of economic activity fluctuations
between growth and recession; e.g. Coles and Mortensen (2016) and Moscarini and Postel-
Vinay (2013).
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3.2 Model

This model is akin to Burdett and Mortensen (1998) allowing for heterogene-
ity of both firms and workers. Labour market frictions will relate to the
mismatch between job and workers’ skills. This section describes the setup
(assumptions, the behaviour of workers and firms) and the steady-state equi-
librium conditions.

Let an economy be comprised of a continuum of firms and a continuum
of workers. To simplify, both continua are assumed to be of a unitary mass.11

Firms are heterogeneous in productivity. Initially, there are low-, middle-
and high-productivity firms. pi is type i firm’s flow of revenue per em-
ployee, i ∈ {1,2,3}, where p1 < p2 < p3. σ1 and σ2 indicate the fraction of
low- and middle-productivity firms, respectively. Low-, middle- and high-
skilled workers search for a job. At any moment, they choose between either
to enjoy leisure and not work or to work. If they are Out-of-Work (OoW),12

they receive a flat benefit, b, regardless of their credentials. This is the oppor-
tunity cost of employment. If they decide to work, their choices are guided
by their skills and the present value of their expected wage, as described ear-
lier. In this model, on-the-job search is allowed. Workers are able to change
jobs if in work.

Firms set wages once so that they can maximise their steady-state prof-
its. All workers under the same employer earn the same wage. At random
time intervals, an individual is informed of new or alternative job positions.
Let λ the arrival rate representing the parameter of a Poisson arrival process
(where 0 < λ <∞); for simplicity I assume that both employed and OoW in-
dividuals obtain job offers at the same rate. Job offers are randomly drawn
from the set of firms in the market or from F(w), which the cumulative dis-
tribution of wage offers across firms. It is a weighted average of wage offer
made by the 3 types of firms:

F(w) = σ1F1(w) +σ2F2(w) +
(
1− (σ1 +σ2)

)
F3(w) (3.1)

Its respective density distribution is f (w). δ is the exogenous destruction rate
of the job-worker matches13; where 0 < δ <∞.

Final important assumption regards the level of the wage. Firms are able

11This assumption allows a large number of employers and employees in the market. Indi-
vidual firm’s size, though, is not necessarily big to hold market power.

12Jones and Riddell (1999) support that the behaviour of inactive, with limited to none
labour market attachment, and unemployed individuals is not much different. As far as
the market transitions are concerned, distinction between these two states is not success-
ful (Brandolini, Cipollone, and Viviano, 2006). Later, Jones and Riddell (2019) find that
marginally-attached lie between unemployed and inactive. In fact, Krueger and Mueller
(2012) highlight that unemployed spend more time to look for a job than those who al-
ready have a job or are out of the workforce.

13An equal number of new entrants in the market replaces those employees who leave to
another firm.
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to pay workers less than their productivity level. If w = p,14 the model col-
lapses to perfect competition. Though, there are certain workers willing to
accept a wage lower than their marginal product if they face an alternative
to exit from work. So, the wage become b < w < p.

The Workers’ behaviour. A worker will decide to accept an offer from an-
other employer, if their future wage is greater than their current one. If OoW,
one decides to sacrifice leisure if and only if the expected wage is greater than
the reservation wage (ϕ). Since jobs arrive at the same rate, individuals need
to be better off now compared to non-employment. Hence, their wage needs
to exceed the value of leisure to accept a job offer, or w > b. As a result, here,
the reservation wage equals the flat benefit received when OoW, or ϕ = b.

The firms’ behaviour. The employers solve a maximisation problem. They
choose a wage such that their profits are maximised, or

max
w≥ϕ

πi = (pi −w)ℓ(w) (3.2)

where ℓ(w) is the steady-state level of employment in a firm which pays a
wage, w, drawn from the distribution of offers in the market F(·). A firm
paying w will recruit workers from two pools: from (a) OoW if w ≥ b; and,
(b) other firms which pay less than w. In other words, the size of firms equals
the ratio of number of workers in firms in the range that pay a wage not below
w over the number of firms in the same range or the average employment per
firm. Alternatively, ℓ(w) = g(w)

f (w) . Therefore, before solving the maximisation
problem, it is important to determine the level of employment.

3.2.1 Steady-State Equilibrium Conditions

1. Non-employment rate. To define the equilibrium for each type of firm
F1,F2,F3,π1,π2,π3, in steady state, flow of workers exiting work should be
equal to the flow of workers exiting OoW.

δ · (1−u) = λ ·
(
1−F(b)

)
·u

where the left- and right-hand sides describe the inflow and the outflow of
workers to/from non-employment, respectively. In equilibrium, employers
offer wages that workers would be willing to accept and are greater than the
reservation wage (which here equals b). This allows to determine the non-
employment rate as

u =
1

1+κ
(3.3)

where κ = λ
δ is a market-friction parameter. κ describes the average number

of offers an individual can expect before the next layoff.
2. Distribution of salaries (across workers). For this condition the flow

of workers into jobs providing a wage not exceeding w should be equal to the

14An alternative implication stemming from the BMmodel considers a firm to make strictly
positive profit by lowering its wage. This comes from the proposition that wants F(w)
without spikes, or the frictions to vary between 0 and infinity (0 < κ <∞).
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flow of workers out of jobs providing a wage no greater than w

δ · (1−u) ·G(w)︸             ︷︷             ︸
Firings from jobs providing

a wage lower than w

+λ ·
(
1−F(w)

)
· (1−u) ·G(w)︸                             ︷︷                             ︸

Inflow to jobs
offering greater than w

= λ ·u ·max
{
F(w)−F(b),0

}
︸                   ︷︷                   ︸
Firms offering a wage
no greater than w

=F(w)

where G(w) is cumulative distribution function of salaries workers; i.e. the
fraction of workers paid less than w. The left- and right-hand side describe
outflow and the inflow of workers from/to jobs that offer wages less than w.
The left-hand side is comprised by the firings from jobs where wage is lower
than w and the hirings to jobs offering a wage greater than w. Hence, the
distribution of salaries is:

G(w) =
F(w)

1 +κ(1−F(w))
(3.4)

Inferences of the relationship of G(w) and F(w) are discussed later at the
simulation.

3. Size of firms. The first two equilibrium conditions allow to revise
the firms’ profit. Assuming uniform hiring effort, the expected number of
workers at a firm which pays w is

ℓ(w) =
1+κ(

1+κ
(
1−F(w)

))2 (3.5)

4. Profits. Given the above we can rewrite the profit function:

πi =
κ(pi −w)(

1+κ
(
1−F(w)

))2 (3.6)

The remaining unknown expression to characterize the equilibrium {F1,F2,F3,π1,π2,π3}
is that of F1(w), F2(w) and F3(w). To this end, note that w3 ≥ w2 ≥ w1 for each
wi on supp(Fi), or πi = (pi −w)ℓ(w), on supp(Fi)

πi ≥ (pi −w)ℓ(w), otherwise

In equilibrium all offered wages generate the same level of profit; no other
possible wages yield higher profit. For the equal profit conditions, it holds
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that 

(p1 −w1)
1+κ(

1+κ
(
1−F(w)

))2 = (p1 − b) 1+κ
(1+κ)2 , if w < w1

(p2 −w2)
1+κ(

1+κ
(
1−F(w)

))2 = (p2 −w1)
1+κ(

1+κσ1

)2 , if w1 < w < w2

(p3 −w3)
1+κ(

1+κ
(
1−F(w)

))2 = (p3 −w2)
1+κ(

1+κ(1−(σ1+σ2))
)2 , if w > w2

from where we can solve for {F1,F2,F3}.

3.3 Simulation

Table 3.3.1 outlines the values used to run the simulation discussed in the
following sections.

Table 3.3.1: Parametrization

Parameter Description Value

b Flat flow value to non-employment 0.8
δ Job destruction rate 0.287
λ Job arrival rate 0.142
p1 Productivity of low-type firms 2
p2 Productivity of middle-type firms 2.5
p3 Productivity of high-type firms 3
σ1 Share of low-productivity firms 1

3
σ2 Share of middle-productivity firms 1

3
Note: Job destruction and arrival rates adopted by Mortensen (2003).

Source: Own elaboration

3.3.1 Discrete Skills

Based on the model described in the previous section, where three discrete
types of workers and firms exist, I illustrate the Cumulative Distribution
Function of the offers and salaries and their associated density probability
function.

Figure 3.3.1 depicts the cumulative (panel 3.3.1a) and density (panel 3.3.1b)
distribution of wage offers (blue) and salaries (pink). Panel 3.3.1a shows that
F(w) differs from G(w,F), since the size of each type of firm varies with the
wage. In fact, F(w) > G(w,F) for 0 < F(w) < 1. This means that the frac-
tion of jobs in the equilibrium wage distribution below wage w

(
G(w,F)

)
is

lower than the fraction of offers below w
(
F(w)

)
. Workers are concentrated

in the better paying jobs, implying that such firms have a higher level of em-
ployment. In other words, F(w) first-order stochastically dominates G(w,F).
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(b) Density

Figure 3.3.1: Distributions
Note: Blue lines refer to the offers made in the market and pink lines to the salaries. Panel
(a) represents the distribution of wage offers F(w) and the distribution of salaries G(w) in
this economy. Both are kinked with result into jumps for the densities of f (w) and g(w), in

panel (b).
Source: Own elaboration

Both distributions are kinked. These kinks are related to how many differ-
ent types of firms we observe. For j types of firms, j − 1 kinks are observed
on the CDF. In panel 3.3.1b, these kinks result into jumps. Here, the il-
lustration treats wage as a continuum and does not show the wage distri-
bution within a certain firm type to highlight that more productive firms
offer greater wages. To this end, the separation of each firm type in the
market occurs due to the kinks on the CDFs. Low-productivity firms sepa-
rate from middle-productivity firms(w1) = w2), while the middle- from high-
productivity firms (w2 = w3). Workers search for a job, and do not receive
offers from everyone at once. Some of them wait in a firm while searching
for an alternative job that pays a higher wage.15 A reasonable question may
concern the overlap of the density distributions in the middle-productivity
firms. This occurs because the number of workers in middle-productivity
firms exceeds the average employment per firm. Besides, this type of firms
employs both middle- and high-skilled workers. Hence, the latter category
of workers may wait there until they find their matched job.

The final implication regards the number of workers per firm or the firm
size as depicted in figure 3.3.2. The labour force in the steady state increases
with the wage; or, there is a positive relationship between the number of
workers and the wage. Higher-wage firms experience greater profits, since
they employ more individuals or lose less to other employers.
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Figure 3.3.2: Labour Force
Note: ℓ(w) shows the number of workers per firm or the firm size. Dashed lines indicate the

boundaries each type of firm dependent on the wage, as above.
Source: Own elaboration

Table 3.3.2: Proportion of each skills- and job-type distribution

Job

Low (L) Middle (M) High (H)

W
or
ke

r

L 1

M
g2(w1) 1− g2(w1)
0.292 0.708

H
g3(w1) g3(w2)− g3(w1) 1−

(
g3(w2) + g3(w1)

)
0.00 0.1851 0.8149

Note: Figures in bold report the incidence of mismatch. The probability of a high-skilled
employed in a low-productivity job is very small (0.00001); this is why on the table is

indicated as zero.
Source: Own elaboration
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Figure 3.3.3: Identification of Mismatch
Note: This is an alternative illustration of figure 3.3.1b. The mismatch is identified on the
overlap of the wage density distribution. A worker is in mismatch if she is middle-skilled,
but works in a low-productivity firm (g2(w1)). A high-skilled employee is in mismatch if

she works in a low- or middle-productivity firm. The first case, is not very likely to happen
(0.00001; or 0 on the table 3.3.2).

Source: Own elaboration
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Figure 3.3.4: Workers’ skills vs. types of jobs
Note: Relative share of each skill- in each job-type. For ease, I have assumed that workers

are equally distributed among each skill-type; namely their share equals to ωi =
1
3 .

Source: Own elaboration
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Mismatch

In this BM environment, there is not perfect sorting of employees in jobs;
hence, mismatch arises due to frictions in the labour market. To better illus-
trate this point, figure 3.3.3 shows the Kernel density distribution of each
wage within a certain firm-type. This graph does not distinguish the lower
and upper bounds of the wage. However, it reveals that a middle- or high-
skilled worker may receive an offer from a low-productivity firm. Similarly,
a high-skilled worker can also receive an offer from a middle-productivity
firm. In both cases, if these workers accept the offer of a lower-skills inten-
sive job, they are in mismatch. In other words, they potentially accept a job
to wait until a better opportunity arises. Their decision may be driven by
their second-best alternative, e.g. unemployment.

Table 3.3.2 reports the method to calculate and the incidence of the mis-
match in the BM labour market. One is not matched if she is a middle- or
high-skilled worker and works in a low- or middle-skilled job, respectively.
To find its extent, in a low-productivity job, we calculate how many people
are middle- (g2) and high-skilled (g3), but they are paid with a wage corre-
sponding in a low-productivity firm (w1). A notable comment, here, regards
the probability of a high-skilled worker in a low-productivity firm. It does
exist, but it is very close to zero. This event is less likely to occur, since a
high-skilled employee has greater chance to receive a better offer by amiddle-
productivity firm if she is not lucky enough to be matched. Figure 3.3.4 de-
picts the relative share of each skill-type of worker employed by each firm
type. For simplicity, an assumption of equal distribution of workers among
the skills categories is adopted.To calculate the share of low-skilled employ-
ees in the low-productivity firms, I follow the formula

ω1

ω1 +ω2g2(w1) +ω3g3(w1)

A similar exercise is adopted for the remaining categories.

Frictions in the Labour Market

A main result of this model regards mismatch coming from frictions in the
labour market. This subsection aims to highlight how frictions affect the
incidence of mismatch and whether there are gender differences. Finally, we
see the role of firms’ share in the market.

Figure 3.3.5 illustrates the wage profiles over the change of frictions.
A greater value of the market-friction parameter, κ, reduces the job-search
costs in the market. On the one hand, as κ heads to infinity, no frictions oc-
cur. Hence, the model collapses to the limiting case of perfect competition
gaining its properties, where the wage equals the marginal product. On the
other hand, when κ heads to zero, the model collapses to the Diamond (1971)

15In the UK, evidence suggests the public-sector acts as a waiting room for high-skilled
employees until they find their matched job (Galanakis, 2020).
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Figure 3.3.5: Change of κ with constant share of firms

Note: Each profile illustrates the wages in low- (w1), middle- (w2) and high-productivity
(w3) firms over the market-friction parameter κ. As κ increases, the model collapses to the
perfect competition where employees are awarded with their marginal product. The right
panel zooms to the profiles when κ ≤ 2 to better illustrate the differences among wages.

Source: Own elaboration

paradox. In that case, all workers regardless of their skills receive the reserva-
tion wage. For any wage less thanMPL but greater than the reservation wage,
workers value less their next best alternative - i.e. non-employment or leisure
- than that particular wage. The left-hand panel shows that all wage profiles
start from the same point, namely the reservation wage. Lower-skilled work-
ers profiles flatten quicker than others. In other words, as frictions decrease,
high-skilled wages increase faster. To better illustrate this point, the right-
hand side panel zooms in the case where κ ≤ 2.

A similar picture might come from the study of the relative slopes of
wages, or the returns to skills. Figure 3.3.6 illustrates them as κ changes.
To highlight the gender differences, we may use the non-employment rate
steady-state equilibrium condition (eq. 3.3). Galanakis (2020) finds that the
mean non-employement rate for men and women is 21.7% and 34.46%, re-
spectively. One can see that women face more labour market frictions.16 In
fact they may face several exogenous reasons why their jobs are destroyed
(greater job destruction rate). For example, they may have to move because
of their partner’s new job opportunity, they may get pregnant, or nursery
may close and they may need to provide childcare. On the contrary, they
may have a lower job arrival rate because of the jobs that they are looking
for. For instance, their job hunting may be restricted to a set of firms where

16The BM model is restrictive in the sense that workers are only mobile because of a better
wage offer. However, in reality, characteristics irrelevant to the wage may be important
(see, for example, Sullivan and To (2014) and Bonhomme and Jolivet (2009)). Workers may
prefer firm x to y despite a greater wage offered in firm y. Amenities of firm x may attract
her more than those of the competitor. Sulis (2012) finds that Italian female workers face
more search frictions than their male counterparts.
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Figure 3.3.6: Gender differences in frictions and returns to
skills

Note: This graph illustrates the relative slopes of the wages profiles over the
market-frictions parameter. The vertical dashed lines refer to the level of frictions for

women and men, respectively. This comes from solving eq. 1 and using the OoW rate from
Galanakis (2020).

Source: Own elaboration

provision of schooling is easier or they are closer to their partner’s job. There-
fore, female labour supply is likely to be more dependent on their partner’s
employment.

Do frictions matter? The role of firms’ share

Figure 3.3.7 depicts the essential role of the firms’ share (σ) on market fric-
tions, and hence, mismatch. When the market has less frictions and there is a
smaller share of lower-productivity firms, the model adopts quicker the per-
fect competition properties. Two underlying mechanisms hold to this end.
First, a lower σ determines fewer firms in the lower part of the distribution;
hence, the market has more high-skilled workers who are matched in high-
productivity firms. In other words, since there will be a lower demand from
the lower-productivity firms, those workers at the margin will migrate to the
next closest type of firm.17 Second, σ per se determines the "under-reward" or
mismatch penalty. A smaller firms’ share moves the distribution to the right,
since it decreases the upper bound of the low-skilled wages. A greater κ, or
lower frictions, seems to allow no effect on the variation of the firms’ share.
On the contrary, more frictions in the market imply that the variation in σ
does play an essential role. This becomes more clear from the differences be-
tween the solid and the dashed lines on the graph. Therefore, this suggests
that a smaller share of lower-productivity firms combined with less frictions
in the market decrease the incidence of mismatch.
17For example, if at the margin of low- and middle-productivity firms, a smaller σ will
make a worker move to the middle-type. What type of worker, though, will migrate? The
top-skilled workers of low-productivity firms (i.e. middle- and high-skilled ones).
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Figure 3.3.7: The role of firms’ share (σ)
Note: Each profile illustrates the wages in low- (w1), middle- (w2) and high-productivity
(w3) firms over the market-friction parameter κ. As κ increases, the model collapses to the
perfect competition where employees are awarded with their marginal product. Solid line:
σ1 =

1
3 ; Dashed line: σ1 = 0.19. Frictions are limited to values less or equal to 1 to better

highlight the change of the profiles.
Source: Own elaboration
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Figure 3.3.8: Frictions vs. Mismatch: A qualitative illustration
Note: Market frictions represented as a positive continuum. A greater value of κ reduces

the incidence of mismatch, and vice versa.
Source: Own elaboration

3.3.2 Continuous Skills

In this setting, so far, I allow for only three types of workers. However, in the
data one may see that skills present a continuity. Hence, the above-described
framework may underestimate the extent of mismatch given frictions in the
labour market. A qualitative illustration of frictions in a positive continuum,
as in figure 3.3.8, shows that as frictions reduce (or κ → ∞), wages deter-
mine productivity in relative terms. In other words, more frictions in the
market weaken this relationship between wages and productivity distorting
the skills categories. This places workers in a category below than the one
they should be. Or, it works as an overstatement of the requirements of a
particular firm type. Adopting a setting with more than 3 categories may ap-
proximate the continuity seen in the data. To this end, I repeat the exercise
of the previous section by allowing 10 types of workers and firms.18

18The more types the closer we can get to continuity. However, increasing the types gener-
ates a heavier computationally problem.
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Figure 3.3.9: Productivity vs. Expected wages
Note: Let 10 types of firms and 10 types of workers. The steps of the earlier discrete
measure’s estimation repeated for each skill category. This framework allows to

approximate a continuous skills measure. The market segmentation (vertical dotted lines)
occurred arbitrarily to mimic the data. The pink line shows the wage in a frictionless

market. The expected wage (when κ = 0.492; blue solid line) is calculated by equation 3.7.
An exercise to increase (κ = 0.1; blue dashed) or decrease (κ = 2; blue dotted line) the

frictions allow to see the impact on the mismatch.
Source: Own elaboration

Figure 3.3.9 includes the wage profiles of each worker given their skills-
type. In a frictionless market (κ→∞), workers are paid with their marginal
product. In this case, matching is perfect and no inefficiencies occur. When
frictions arise, the expectedwagewill be lower. Adopting the same parametriza-
tion as before, we calculate the expected wage as:

E(w) =
1

1+κ
b +

κ
1+κ

p (3.7)

This formula reveals a positive relationship between frictions and the gap
from the frictionless model. As κ decreases, the gap rises. In fact, the differ-
ence is greater at the top of the skills distribution. This is because there are
cases of higher-skilled workers in mismatch. Alternatively, productivity in
that case plays a greater role - in line with the Human Capital Theory. The
solid line represents the baseline estimates, when κ = 0.492. The dotted and
dashed lines present an exercise of decreasing or increasing the market fric-
tions, respectively. They assume that κ equals to 2 or 0.1, respectively. To
better illustrate the gap among the models, I outline the mean productivity
and expected wage for each type of worker on table 3.3.3. It may suggest
that estimates depend on being able to observe productivity. However, it is
usually compressed by realised wages due to the mismatch.

Following the same definitional illustration of themismatch, figure 3.3.10
plots the Kernel densities of the linear prediction of skills (or in a broader
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Table 3.3.3: Mean productivity and Expected wage for each
type of worker

Frictionless Baseline Frictions Less Frictions More frictions

p
E(w)

Diff
E(w)

Diff
E(w)

DiffGroup κ = 0.495 κ = 2 κ = 0.1

Low 2.5 1.363 -1.137 1.933 -0.567 0.955 -1.545
Middle 4.25 1.942 -2.308 3.100 -1.150 1.114 -3.136
High 6 2.521 -3.479 4.267 -1.733 1.273 -4.727

Note: Column 2 reports the average productivity within each skills group, or what it stands
if no frictions occur. Columns 3-8 report the baseline friction estimates, the exercises with
less and more frictions in the market. Every second column reports the difference between

the particular friction estimates and the frictionless ones.
Source: Own elaboration

way human capital). The upper panel plots the mismatch between the low-
and the middle-skilled, whereas the lower panel the one between middle-
and high-skilled. The left-hand panel keeps frictions on the baseline, while
the right-hand decreases the frictions. When they decrease, the distributions
overlap less. Lower frictions mean that the model is closer to perfect compe-
tition, or to less inefficiencies. As a result, a lower magnitude of mismatch
occurs.

3.4 Conclusion

This papers presents a structural search-and-matchingmodel akin to Burdett
and Mortensen (1998) with on-the-job search. Its extension allows an hetero-
geneity in worker skills and firm productivity. People search in the same
labour market. If they are low-skilled, their alternatives are not to work,
and hence enjoy leisure, or to work in a low-productivity firm. The middle-
skilled can accept offers from either a low- or middle-productivity firms. If
matched, they are in the latter type of firm. If not, they choose their alterna-
tives (low-productivity firm or OoW) based on which has a greater present
value. The same rationale applies for the high-skilled employees.

Having simulated the market (offers) and wage distributions in the econ-
omy and the labour supply curve, I estimate the incidence of mismatch. A
worker is in mismatch if she works in a lower productivity firm given her
characteristics. This inefficiency - under the neoclassical perspective - comes
from the market search frictions. Lower frictions bring the model closer to
the perfect competition and the incidence of mismatch decreases. Vice versa,
more frictions limit the model to Diamond’s paradox and greater incidence
occurs. The firms’ share plays an essential role only when there are more
frictions in the market. To this end, it determines a "pay penalty" of the
mismatch.

To better approximate the data, I replicate the same exercise assuming
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Figure 3.3.10: Mismatch: Impact of frictions on E(w|skills)
After the liner predictions of human capital sorted by skills category, we plot their Kernel
density. One is in mismatch if they stand above the median of the more skills-demanding
job. The upper panel shows the mismatch between the low- and the middle-skilled, while
the lower panel between the middle- and the higher-skilled. The left-hand side keeps

friction on 0.492, whereas the right-hand side reduces frictions to 2. After an increase in κ,
or a reduction in frictions, distributions overlap less, because the model lies closer to the

perfect competition. Hence, a lower incidence of mismatch is expected.
Source: Own elaboration
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ten types of workers and firms. In that case I segment the market appro-
priately to mimic a continuous measure of skills. This exercise reveals that
the expected wage has a positive relationship to the productivity. In a fric-
tionless model, the worker receives their marginal product. When mismatch
occurs, the market friction reduces the expected wage. Its gap from the fric-
tionless model increases with the productivity and frictions. In other words,
additional frictions affect more the high-skilled workers’ expected wage.
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Appendix

3.A Continuous Firm Productivity

Bontemps, Robin, and Berg (2000) attempt an extension of the BM model.
Using a two-stage non-parametric procedure, they estimate the continuous
firm productivity as.

p = w+
1+κ�G(w)

2κ�g(w) (3.8)

where �G(w) and �g(w) are estimated using a Kernel estimator. Workers, given
F(·) and G(·), rank their current (reservation) wage and the (wage) offers they
receive. Hence, this behaviour is sufficient to identify the market frictional
parameters.

1.0

1.5

2.0

2.5

3 4 5 6 7 8

Productivity

W
ag

e

Figure 3.A.1: Quantile-Quantile plot: Wage vs. Productivity
Note: Vertical dashed lines represent the 5th, 25th, 50th and 75th percentiles of

productivity. A positive relationship between wage and productivity is revealed. Wages
increase at the beginning of the productivity distribution, but smooth out beyond the 75th

percentile.
Source: Own elaboration

Figure 3.A.1 illustrates a quantile-quantile plot between the wage and
productivity. The vertical dashed lines represent the 5th, 25th, 50th and 75th
precentiles of firm productivity, respectively. This figure reveals a positive re-
lationship between wage and productivity. The wage increases rapidly at the
beginning of the productivity distribution, i.e. mostly for low-productivity
firms. The curve smooths out as we move towards the higher-productivity
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Figure 3.A.2: Quantile-Quantile plot: G(w) vs. Productivity
Note: Vertical dashed lines represent the 5th, 25th, 50th and 75th percentiles of

productivity. Concavity smooth out beyond the 75th percentile.
Source: Own elaboration

firms. Wages increase over these percentiles but smooth out beyond the 75th
percentile. Figure 3.A.2, in a similar way, plots the distribution of wages,
G(w), against productivity. The curve seemsmore concave and smoothing be-
yond the 75th percentile persists. Figure 3.A.3 depicts productivity against
the PDF of wages as linear interpolation of the Kernel density. Further away
from the 75th percentile, the slope increases and the curve becomes flatter.

Figure 3.A.4 looks at the predicted profit rate calculated as

Profit Rate =
p −w
p

(3.9)

Wages strictly increase at bottom of the distribution. The profits, though, are
relatively constant until the 25th percentile; thereafter, they increase more.
This points out that higher-productivity firms present higher profit rates.
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Figure 3.A.3: Quantile-Quantile plot: g(w) vs. Productivity
Note: Vertical dashed lines represent the 5th, 25th, 50th and 75th percentiles of

productivity.
Source: Own elaboration
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Figure 3.A.4: Quantile-Quantile plot: Profit rate vs. Productiv-
ity

Note: Vertical dashed lines represent the 5th, 25th, 50th and 75th percentiles of
productivity.

Source: Own elaboration
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Chapter 4

Work in a man’s shoes:
Determinants of Female Human
Capital mismatch in the UK∗

Abstract
This paper looks at the extent of and reasons for labour market mismatch of female
employees. It utilises a novel indicator of mismatch that can take account of dif-
ferences across workers in more than one dimension of skill and uses data from
the British Household Panel Study and its successor ‘Understanding Society’ cover-
ing the years 1991-2016. I estimate the incidence of mismatch varying from 13%
to 34% depending on the specifications and the control group(s). Results show
that individual characteristics affect the female workforce mismatch in the market.
Lone motherhood and the number of children increases the probability of female
mismatch. Recent entrants in the market may experience a higher likelihood of mis-
match, which dissipates over time. Unemployment has a positive relationship with
the incidence of mismatch.

4.1 Introduction

Human Capital Mismatch (HCM) in the labour market might oc-
cur when individuals from lower-skilled occupations have simi-
lar characteristics/profiles to those who are employed in a more-
skill intensive jobs (chapter 2). Therefore, the inefficiency in the

labour market distorts their wages failing to illustrate the actual changes in
skills distributions (chapter 3).

Despite improvements in the position of women in the labourmarket, var-
ious studies do not distinguish the effect of mismatch by gender (e.g. Turmo-
Garuz, Bartual-Figueras, and Sierra-Martinez (2019), Li, Harris, and Sloane
(2018), Wen and Maani (2018), and Gaeta, Lubrano Lavadera, and Pastore

∗Acknowledgements: I would like to thank for their comments and feedback participants
of the Understanding Society Scientific Conferences 2019 (Essex, UK) and WPEG Annual
Conference 2019 (Sheffield, UK).
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(2018)).1 This is crucial from a policy-making perspective, since occupa-
tional segregation persists among British employees affecting pay gaps (Lind-
ley, 2015). This paper could stand as an initial reply to Capsada-Munsech
(2017) shedding more light on the gender gap of mismatch in the British
labour market.

In Western economies, over the last three decades, women have been
more active (Karamessini, 2014). Women invest more in education and par-
ticipate more in the labour market. First, an augmenting trend in Higher Ed-
ucation participation increases the gap against men - the last two years the
gap increased almost by 1% (figure 4.1.1). Despite the fees’ cap in England,
occurred twice the last two decades, women might have reduced temporar-
ily their presence in HE, but their dominance persists. Second, this dramatic
rise of the educational attainment coincides with the steep increase in the
share of women in employment, reducing the gap observed with their male
counterparts (figure 4.1.2; Charles (2011)). At the end of 2018, the female
labour force participation peaked at 74.8% (or 15.3 million, aged 16+), while
the gap between men and women was single-digit (8.9%). Those two supply-
related events potentially are not independent. By 2011, the proportion of
men and women graduates did not differ much (Lindley and Machin, 2012).
The counter-effect of this parity, though, might result in a credentials infla-
tion, where employees are displaced across the labour market (Karmel, 2015;
Dockery and Miller, 2012).

In the UK, women traditionally are more likely to work in a clerical, secre-
tarial or other related administrative jobs, while they hold a strong presence
- above the three quarters - in health and social work and education (Powell,
2019; Manning and Swaffield, 2008). Figure 4.1.3 illustrates the employ-
ment distribution, by occupation and gender. Occupations have been sorted
by their skill-intensity, i.e. median hourly wage and average level of educa-
tion, as in chapter 2. The horizontal axis counts the number of employees in
each occupation.2 Figure 4.1.3 shows women are mostly employed in middle-
skilled occupations. If women are more educated than men, this may imply
that the labour market does not fully utilise their skills.3 Therefore, women

1On the contrary, Ueno and Krause (2018) and Mateos Romero, Murillo Huertas, and Sali-
nas Jiménez (2017) control for gender including a dummy variable in their regression
suggesting important differences against women. However, this might not be enough to
illustrate the magnitude of the effect on the female workforce regardless the strong sta-
tistical evidence. For instance, Kalfa and Piracha (2018), García-Mainar and Montuenga-
Gómez (2017), and McGuinness, Bergin, and Whelan (2017) and Davia, McGuinness, and
O’Connell (2017) attempt to replicate their results for the restricted female subsample. The
control group is essential if women are prone to experience a mismatch.

2Significant changes on this distribution are observed since 1991 potentially driven by tech-
nological advances (Acemoglu and Autor, 2011; Autor, Levy, and Murnane, 2003; Ace-
moglu, 2002; Acemoglu, 1998), employment expansion in certain jobs (Green and Henseke,
2016b), occupational upgrading in favour of the female labour force (Lindley, 2015) or the
aforementioned qualifications increase. Finally, as expected, important differences are no-
ticed when one controls for dependent children, where participation decreases especially
for women.

3An alternative channel could regard their preferences or their optimal choices in the face of
discrimination. Here, I argue that, because of the discrimination they face before entering
the labour market, women are more prone to be in mismatch.



4.1. Introduction 73

1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
34

36

38

40

42

44

46

48

50

52

54

56

58

fe
es
’c
ap

£9
,0
00

fe
es
’c
ap

£3
,0
00

Academic Year

Pa
rt
ic
ip
at
io
n
ra
te

in
H
E

Figure 4.1.1: Participation in Higher Education, by gender
Note: For earlier rates, see figure 1 in Broecke and Hamed (2008). Earlier fees’ cap on 1998

was at £1000.
Source: DfE and HESA

aremore likely to be inmismatch. For example, let a woman stand in themar-
gin of working in a higher skilled (e.g. in a professional) or a lower skilled
(e.g. in an associate professional) occupation. If the argument above is valid,
she works in associate professional occupation and her probability of HCM
increases. If not, she works in a professional occupation. This is why one can
observe a genuine greater potential of female mismatch in the labour mar-
ket. Given their significantly higher qualifications, women, who suffer from
a mismatch, hold more skills than their male counterparts. Or, women who
are as skilled as men, receive lower wages conditional on their skills.4 If mis-
match is an outcome of oversupply or excess qualifications (credentialism)
in the market, we should not expect gender differences.5

Focusing on female employees is further motivated by my model in chap-
ter 3. Women face more frictions in job search than men. Why is the market-
friction parameter different for women? The answer may be related to family
or work events. The market-friction parameter connects the job arrival and
destruction rates. On the one hand, women have lower arrival rate than men.
For example, their labour supply decision is dependent on the proximity of
their partner’s job (e.g. is there an available job close to their partner’s work?)
or childcare provision (e.g. how close is a nursery or a school?). On the other

4Or, under the GPG lenses, controlling for exogenous human capital explains little of the
gap. The gap is either driven by acquired experience or mismatch. If learning-by-doing is
dependent on the quality of a match, worker’s job is important. If employed in jobs with
lower opportunities to acquire skills, the probability for on-the-job training is lower, and
hence, more likely to be in mismatch.

5This argument would collapse if men and women have different preferences or they work
in completely different jobs (in separate markets).
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hand, their destruction rate is higher. They may stop working because of
a pregnancy, or due to partner’s new job in another area they need to quit.
Both of these patterns increase frictions. Hence, women are more likely to be
in mismatch.

In this paper, I utilise a novel measure of HCM taking account of differ-
ences across workers in more than one dimension of skill. To measure mis-
match, I replicate the methodology of chapter 2. However, women are more
likely to be in mismatch due to the additional frictions they face. Yet, they
may be discriminated even before entering the market. Therefore, we need
to see female mismatch in a setting that accounts for these facts. This is why
I answer three identifying questions, which change the control group and
create different measures of mismatch. First, does a higher-skilled female
employee work in lower productivity occupation where only women are oc-
cupied? This regards a restricted (female) sample, to see the relative position
of a female employee in the female labour market. Second, are higher-skilled
women employed in lower-skilled jobs that men are currently occupied in?
This is a counterfactual case, in which we observe women in the male labour
market eliminating any in advance discrimination. Third, are higher-skilled
women employed in lower-skilled jobs? This questions the female position
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relative to the median employee.6 Each question changes the control group,
and hence, generates a different measure of female HCM. Depending on the
specification and control group(s), the incidence of mismatch varies between
13% and 34%. Different control groups generate different instance of mis-
match because frictions are not homogeneous for all workers.

In the next step of the exercise, I explore the determinants of female mis-
match. For all of the measures of mismatch, I run probit regressions aiming
to explain the potential determinants that drive the probability of a woman
to be in mismatch. Taking into account the potential selection bias problem,
we further run two-stage Heckman probit regressions controlling for the en-
dogenous labour supply decision. Findings show that individual characteris-
tics drive the effect of female mismatch in jobs. Lone motherhood, number
of children have positive effect on being in mismatch. Recent entrance in the
market increases temporarily the likelihood of experiencing mismatch.

The next section discusses briefly the position of women in the British
economy (section 4.2) and reports empirical findings on female overeduca-
tion (section 4.2.2). Section 5.3 describes the identification strategy, as well
as the empirical methodology. Section 5.4 documents the findings on the
determinants of female HC mismatch. The final section concludes.

4.2 Women in the British Labour Market

Determinants of female wages or employment outcomes may further affect
job search and changes in work. These can be non-wage characteristics that
contribute to frictions and are attributed to particular jobs. Hence, women
face a smaller (ormore limited) pool of jobs and their transitions in and out of
the labour market offer them less time to find a good job. This section focuses
only on this part of the problem and does not discuss the determinants of the
gender pay gap in general. It treats mismatch as a potential mechanism to
explain gender discrimination.

4.2.1 Brief Overview

The structure of the UK economy and the composition of its workforce have
seen notable changes the last three decades. Since the early 1990s, the Gen-
der Pay Gap (GPG) starts to decline, but it remains substantial. This down-
ward trend is (traditionally) associated with the increased educational attain-
ment and labour force participation of women (e.g. Olsen et al. (2018), Jones,
Makepeace, and Wass (2018), and Harkness (1996)7), mostly concentrated in
full-time employment (Powell, 2019; Roantree and Vira, 2018). There is a
substantial age gradient in the GPG - it diminishes as employees get older

6Strong underlying idea regards a significant issue observed in the British labour market
which is not just seeking and finding a job. (Career) progression, advancement or mobility
from low-paid/skilled to higher-profile occupations is a matter of discussion.

7Harkness (1996) observes a gender earnings gap of 40% for 1973; 27% in 1983; and 22%
in 1992. Jones, Makepeace, and Wass (2018) find that this long-lasting downward pattern
stalls in 2010. Though, the earnings differentials is not a matter of discussion of this paper.
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(Manning and Swaffield, 2008). There a a nmber of factors which may affect
labour market outcomes of women, and, potentially their mismatch.

Lone parenthood. A significant responsibility on women’s shoulders con-
cerns their offspring. On the one hand, nowadays, they participate more in
employment and are able to make individual choices regarding family, child-
bearing or intra-household issues. On the other hand, organising and provid-
ing care for children still relies mostly on women (Platt, 2011). An indirect
effect of single motherhood arises from the theoretical model in chapter 3.
Women face a smaller pool of available jobs due to frictions in the labour mar-
ket. Moreover, their job destruction rate is higher in events like pregnancy
or school/childcare availability.

In countries, like the UK, where publicly provided childcare is not guar-
anteed, mothers need to reduce hours spent at work. The situation gets worse
once mothers attempt to find a balance between work and family, especially
when they are single parents. Fertility and single parenthood increase the
willingness for a paid job and decrease female flexibility in the labour mar-
ket.8 The consequent time constraints reinforce their lower bargaining power
in the labour market. Hence, single mothers may sacrifice matching oppor-
tunities in exchange for job-security and flexibility (Esser and Olsen, 2018;
Esser and Olsen, 2012). A new-born may create little difference to her life
if a woman already has one (or more) child(ren). As a result, she adjusts
to her socially-determined role and behaviours (Baxter et al., 2015). Using
data from the annual UK Government survey the General Household Survey
(GHS) and the Opinion Survey of ONS, Berrington (2017) reports that more
lone parents work since late 1990s - even those with children younger than
5 years old (school age for the UK). Furthermore, motherhood-related career
discontinuities9 contribute to lower levels of specialisation driving women
to end up in particular occupations. This is what Platt (2011) explains as
’gendering of occupations’, related to lower pay and shorter employment pe-
riods. Blundell et al. (2016) show that single mothers, though, have been
affected by in-work benefits, like the Working Families Tax Credit (WFTC)10

in the UK. Recently, Blundell et al. (2019) consider how on-the-job training,
as part of the human capital, interacts with prior education, labour supply,
experience and earnings.

Occupational Segregation. Women participate disproportionately in par-
ticular occupations (Powell, 2019; Manning and Swaffield, 2008; Lindley,
2015; Platt, 2011). However, is this concentration in particular occupations
a result of their choice? Or, is it because the labour market sorts women in
certain jobs without their agreement? The occupational segregation could be

8Here, we may consider monopsonistic or imperfect competition arguments; for exam-
ple, see Manning (2005). Additional domestic responsibility regards to female non-paid
household contribution that remains unequally distributed between partners (Lyonette and
Crompton, 2015).

9Even in economic terms, it would be a strong assumption to support that women predict
those discontinuities and choose occupations regardless their true skills (Hakim, 1995).

10WFTC operated in the UK between April 1999 and March 2003. It was then replaced by
Working Tax Credit (WTC). In 2010, the government announced its incorporation to the
Universal Credit.
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seen as a direct outcome from my model in chapter 3. Different groups of
people (e.g. men vs. women) face different levels of frictions. Hence, they
end up working in segregated markets.

Recently, Lindley (2015) stresses the importance of occupational upgrad-
ing for British women which increases the employment rate at the top of job
quality distribution. In line with her findings, Green and Henseke (2016a)
find that most of the graduate employment increase (83%) is due to female
participation in graduate jobs. Noteworthy examples of fast-changing occu-
pations regard to teaching professionals, health (associate) professional and
administrative/clerical personnel. However, this may be a consequence of
the employment pattern women need. Since part-time jobs are available
in limited occupations, women choose accordingly (Platt, 2011). Warren
and Lyonette (2015) show that female part-timers accept lower-level jobs
and, mainly, crowd into same-gendered occupations. Turmo-Garuz, Bartual-
Figueras, and Sierra-Martinez (2019) find that knowledge-led industries and
the demand for credentials can reverse the risk of overeducation.

Economic Cycle. The labour market, as part of the economy, is strongly
affected by the macroeconomic conditions and the economic cycles. Several
(case) studies highlight the impact of Great Recession on employment and
the mismatch (Turmo-Garuz, Bartual-Figueras, and Sierra-Martinez, 2019;
López-Andreu and Rubery, 2018; Ermini, Papi, and Scaturro, 2017; Summer-
field and Theodossiou, 2017). The economic recession and its forthcoming
higher unemployment increases the magnitude of overeducation. In the UK,
men are more exposed against the loss of their paid job than women. How-
ever, the availability of jobs to the unemployed and mainly to women is lim-
ited to low-paid, mostly part-time jobs which lack of collective bargaining
(López-Andreu and Rubery, 2018). In the steady state, my model, as in Bur-
dett and Mortensen (1998), links unemployment to mismatch through the
job arrival and destruction rates, namely through frictions. In this context, I
explore the effect of regional unemployment on the probability of being in
mismatch.

4.2.2 Female Overeducation: Empirical Findings

Job opportunities for a less-educated workforce are limited, since employers
prefer to hire higher-educated individuals whose training costs are lower. As
my model shows this inefficiency of the market creates a price (namely wage)
distortion, where low-skilled workers are forced to face unemployment or
exit the market. The persistence of overeducation might be long (see for
example McGuinness, Bergin, and Whelan (2017), McGuinness and Pouli-
akas (2016), and Ghignoni and Verashchagina (2014)). European evidence
is mixed regarding the pattern of gender differences in terms of overeduca-
tion. Both its magnitude and its trend vary across all countries. ‘Overeduca-
tion rates tend to be highest and most volatile over time in peripheral Euro-
pean countries, while overeducation in central European countries tends to
be lower and appears to follow a somewhat cyclical pattern. Overeducation
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is consistently lowest and stable over time in eastern European countries.’
(McGuinness, Bergin, and Whelan, 2017, p.2)11

As far as the UK is concerned, several studies have been conducted. Tra-
ditional measures of educational or skills mismatch demonstrate mixed ev-
idence on the allocation of the penalty. For example, McGuinness, Bergin,
andWhelan (2017), in line with earlier findings of Ghignoni and Verashchag-
ina (2014), report that men are better off and there is none particular trend
over time. On the contrary, Groot and Maasen Van Den Brink (1997) and
Groot (1996) report up to 10% overeducated female employees, when their
male counterparts are almost 3-5%more. Larger estimates, but common pat-
tern, are revealed in Davia, McGuinness, and O’Connell (2017) and Davia,
McGuinness, and O ’connell (2016). Lindley and McIntosh (2009) using
BHPS data in 1991 reveal that women enjoy 2% less probability of overe-
ducation, even though they do not perform a gender analysis. The recent
ONS report, using data from the Annual Population Survey (APS), for 2006
to 2017, illustrates that women in the middle 2000s were in a better position.
During the post-Recession period, the percentage of mismatched employees
converged. However, the convergence is not because of any drop of the male
overeducation. It comes from an initial fluctuation, followed by a steady in-
crease, of female educational mismatch (Savic, Vecchi, and Lewis, 2019).

These contradicting research outcomes might be a result of different mea-
surement methodologies.12 Finally, it is important to highlight that the ex-
isting literature discusses the relevant position of an individual within a par-
ticular occupation. The contribution of this paper, though, is to apply a new
multidimensional measure of HCM based on the distributions of individual
skill and jobs. It considers the inter-occupational mobility where women
prove to be in a better position than men potentially suffering from discrim-
ination. Since we set a different identification question about mismatch, our
results might not be directly comparable with the existent literature.

4.3 Data and Methodology

4.3.1 Data

The empirical evidence uses the British Household Panel Survey (BHPS) data
and its successor, namely the Understanding Society, or the UK Household
Longitudinal Study (UKHLS). A household representative longitudinal sur-
vey, with retrospective elements, started on autumn of 1991 and repeated
annually thereafter; BHPS’ last wave was in 2009, when it became part of

11McGuinness, Bergin, and Whelan (2017) claim that Skill Biased Technological Change
operates in favour ofmen, and not of women, suggesting that skewness towardsmale skills
enables the replacement of highly-educated women in the market. As a result, women are
more likely to face overeducation. Technological changes (Acemoglu and Autor, 2011;
Autor, Levy, and Murnane, 2003; Acemoglu, 2002) might urge for additional skills; ergo,
workers need to respond accordingly by acquiring further qualifications and expanding
their experience. However, this does not lie on the framework my model sets, and hence,
the discussion I follow in this Thesis.

12Recall the vulnerability of each measurement tool reported in table 1.3
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the UKHLS which runs until today. Hence, the micro-level data used in this
analysis cover a 25-year period, i.e. 1991-2016 or waves 1-18 and 2-7. The
focus is on randomly selected individuals in a household context represent-
ing the whole UK population. The interviews conducted face-to-face or by
phone containing13 various questions on demographics, human capital back-
ground, socio-economic and job characteristics forming a wealthy source of
data.

The sample in this research is confined to participants in the labour mar-
ket, namely employees working full or part time and unemployed. The analy-
sis includes individuals aged 23-59 years old. An assumption that graduates
of higher education enter the labour market on the age of 23 and get an early
retirement (aged 59) holds. If someone started working younger than 23,
she is captured later in the labour market. Additionally, self-employed indi-
viduals, farmers or those serving in the army and those employees who are
currently enrolled in any educational institution14 have been excluded. Since
a few income outliers may overly affect our results, the real wage has been
winsorised at the first and 99th percentiles. The total sample is comprised of
65,346 women.

4.3.2 Identification

Despite the indisputable significance of the incidence of mismatch over the
entire workforce, differences between male and female participants may de-
pend on unobservable characteristics. Blau and Kahn (2017) review evidence
on gender differences resulting from cognitive and non-cognitive skills dis-
similarities, statistical discrimination or issues that work by assumption and
stereotypically against women. Women are more likely to be in mismatch
due to the additional frictions they face. Yet, they may be discriminated even
before entering the market. Therefore, we need to see female mismatch in a
setting that accounts for these facts. Here, to eliminate any ex ante hetero-
geneity against the female workforce, three different measures are employed
building further on the novel measure of HCM developed in chapter 2.

Measure I: restricted female subsample Womenmay face different observ-
ables than men, and hence, their returns may differ. This is why we look the
relative position of each woman among same-sex employees across occupa-
tions. The classification of occupations remains the same as in chapter 2.15

The identification question asks whether a higher skilled female employee

13This process slightly changes on the recent waves. Remarkable differences have been noted
on the recently released wave 8, which has not been included in the current analysis.

14Excluding employees who are currently students is not unprecedented in the literature
(like Joona, Gupta, and Wadensjö (2014)) to avoid any variation in education over time.
This technique will allow the fixed effects estimator to be unbiased given the exogeneity
assumption.

15We consider 3 distinguishable classifications for occupational groups according to their
skills intensity: 1 for high-skilled occupations; 2 for middle-skilled occupations; 3 for
low-skilled occupations. Occupation groups are sorted based on the median earnings and
average level of education.
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works in lower productivity occupation where only women are occupied?
Empirically speaking, we repeat the procedure of chapter 2, restricting the
estimates to women (figure 4.3.1a), or

mismatchedi
∣∣∣(sex=female)I =

1 if ŵfemale

∣∣∣occj > [˜̂w∣∣∣occj−1 & sex = female
]

0 otherwise
(4.1)

where ˜̂w is the median of the predicted wage.
This measure assumes that women would be paid more in a higher oc-

cupation. However, this measure probably ignores that women might be
considered a priori lower skilled employees and, by definition, are set to the
lowest occupational category. In this case, women are more likely to be in
mismatch. If the incidence of mismatch differs significantly across various
treatment groups, the estimate of the probability being in mismatch strongly
depends on the control group. For example, if all women are in mismatch,
using the female wage equation and the respective job allocation would yield
zero estimates.

Measure II: counter-factual case Therefore, we ask if a woman in a lower
skilled occupation holds a similar profile of a man in a higher skilled occupa-
tion? To shed the light whether women are in advance considered low-skilled
employees and their working potentials are undermined, I estimate the pre-
dicted wage restricted to the male subsample. Then, I assign to women the
male predictions. In other words, I see women in the male British labour
market. A female worker in occupation j is in mismatch if, holding the male
predictions (in the same occupation j), her premium is above the median pre-
mium paid in a more skills-intensive occupation, namely in occupation j −1.
Alternatively,

mismatchedi

∣∣∣(sex=female)II =

1 if �wfemale

∣∣∣occj > [˜̂w∣∣∣occj−1 & sex = male
]

0 otherwise
(4.2)

where ˜̂w is the median of the predicted wage.
This measure assumes that women would be paid more in a higher occu-

pation if they faced the same returns as men. Hence, a comparison of female
position considering they hold the same skills as men is allowed, eradicating
the possibility of efficiency loss because of gender barriers (figure 4.3.1b).
In other words, I take into account that employers may prefer to hire a less
skilled man instead of a more competent woman.

Measure III:Women relative to overall population Finally, under the same
reasoning, I try to see how the female position changes if they faced the same
returns as the overall population. To this extent, the identification question
sees a female employee relative to the median worker of the entire popula-
tion. Measure III differs, significantly, from measure I since I do not com-
pare workers who share the same (gender) characteristics anymore. This
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(b) Counterfactual Women
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(c) Women relative to overall population

Figure 4.3.1: Illustration; Example: High- vs. Middle-Skilled
Employees

Note: In panel (a), the solid black line illustrates the prediction of HC of middle-skilled
women, while the dashed one illustrates the prediction of high-skilled same-gendered

employees. In panel (b) the blue curve illustrates the distribution of high-skilled occupied
men HC; the rose curve illustrates the middle-skilled occupied women when they hold the
predicted estimates of men. In panel (c), the blue curve illustrates the distribution of the

high-skilled employees HC (regardless their gender; overall), while the rose curve
illustrates the middle-skilled women’s HC with the prediction of the overall population.

The prediction of HC is the predicted wages.
Source: Own elaboration

procedure can comment on whether gender productivity enhances skills-
matching. Probably this is not the case; but, is there a correlation between
gender and unobserved ability/skills? Empirically speaking, it holds

mismatchedi

∣∣∣(sex=female)III =

1 if �wfemale

∣∣∣occj > ˜̂w∣∣∣occj−1
0 otherwise

(4.3)

where ˜̂w is the median of the predicted wage. Figure 4.3.1c illustrates this
case.

Blundell et al. (2019) explain that individual preferences might also con-
tribute to the ex ante unobserved heterogeneity among employees. Prefer-
ences are highly responsible for the extent of a working day or investment de-
cisions about additional training and might differ between men and women.
Since, we aim to explain mismatch by observing the skill levels through
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wages, given the data limitations, we assume that measures II and III can
take preferences into account.16

4.3.3 Methodology

The magnitude of mismatch in the British market itself is important. How-
ever, what drives people to lower skilled positions may inform policy impli-
cations, especially for women. Therefore, I will explore what factors affect
the probability of female mismatch in the labour market. To do so, we will
run the following probit model using the definitions of eq. 4.1 to 4.3:

Pr
(
mismatchedi

∣∣∣(sex=female)measure

)
= f (xi,t , jobi,t , familyi,t) , ∀measure = I, II , III

where xi,t are individual-specific characteristics (e.g. entrance in the labour
market last year); jobi,t are job-related features, i.e. regional unemployment
rate and, familyi,t are all those family-specific characteristics, such as the
number of (dependent) children, single motherhood.17 Given the endoge-
nous labour supply decision, mainly affecting the female population, we fur-
ther adjust the probit model employing the same selection equation.

labour forcei,t = α + δ1zi,t +
5∑

j=1

δjFSi,j,t +
12∑
n=1

δn regioni,n,t + δ4HHmembersi,t

+ϑt + vi,t (4.4)

where labour force is a dummy variable, which equals to 1 if the individual
participates in the workforce and 0 otherwise.18 zi is a vector of individual
characteristics, like age, educational level, marital status. FSi is the finan-
cial status, while regioni,j the j th NUTS1 statistical region of residence. Fi-
nally, HHmembers denotes a vector counting for the number of household’s
members who are unemployed, retired or inactive excluding oneself and the
number of children.

Exclusion restriction For identification purposes, the selection equation
should include at least one variable that correlated with the labour force par-
ticipation decision and not directly affect wages or the matching status of
an employee. It is very difficult to identify such a determinant and it ex-
poses estimates to criticism. For those out-of-work, typically, is not possible
to observe their wages. This revises a usual behavioural problem in this type

16A richer definition of HC attempted in chapter 6. Preferences might be better captured
there.

17For robustness checks, I include entrance in the LM two/five years ago or number of em-
ployees in the firm. Results did not change much.

18The dependent variable is a dummy and not a continuous one, as usually used in Heck-
man’s models. Greene (2012) claims that the dichotomy could affect the maximum like-
lihood function. In terms of the standard errors, though, we cluster on the household
level, consistently with the rest of the analysis. Despite its dichotomicity, an estimation
using a linear model decreases its sensitivity to distributional assumptions (Böckerman,
Haapanen, and Jepsen, 2018).
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of models. The status of the remaining members,19 as well as the number of
children in a household affect the household disposable income either on the
revenues or the expenses side of household budget- playing a primordial role
to the decision of accepting a job offer (Bredtmann, Otten, and Rulff, 2017;
Marelli and Vakulenko, 2016; Addabbo, Rodríguez-Modroño, and Gálvez-
Muñoz, 2015). The use of these instruments may not be perfect, but they
control to a great extent for the selection bias issue. Not using the Heckman
probit model yields slightly higher estimates. However, they both have the
same sign; hence, the marginal effect goes to the same direction. This exer-
cise considers the potential correlation of preferences or any other sources
of income that affect labour supply choice and not necessarily the matching
status.

4.4 Results - Discussion

Table 4.4.1 summarises our estimates for the probability of female mismatch
in the British labour market for each aforementioned index. For all of them,
the first column reports the results of the probit model having controlled
for the time effect. The second one adjusts the probit results accounting for
the endogenous decision of labour force participation (in a variation of Heck-
man’s two-stage method for correcting sample selection bias). The table re-
ports the marginal (conditional on labour force participation) effects.

The first two independent variables could be considered as positively re-
lated to lower skills and additional frictions for women, but to higher skills
and fewer frictions for men. In other words, single parents may face greater
frictions in the labour market increasing their probability of mismatch. Evi-
dence on the effect of being a single parent is significant, but its magnitude
varies by index and across the specifications. When correcting for employ-
ment selection, single mothers holding the characteristics of the median em-
ployee are 3.6% more likely to accept a position for which their profile does
not match. This result is in line with the fixed effect evidence by Lindley
and McIntosh (2009) for overeducation in the UK. When women are seen
in the male labour market, i.e. when we treat single motherhood as father-
hood using the estimates of men, the effect becomes stronger. Single parent-
hood increases the probability by more than 60%; or, the marital status or
childcare commitments for lone mothers may put them in a worse position
than currently occupied by a (single) father. This may be related to who is
identified in this case in mismatch. The underlying assumption for this mea-
sure concerns women that would be paid more in a higher occupation if they
faced the same returns as men. I use the estimates for men for whom earlier
evidence has shown that the probability of overeducation for non-partnered
men is significantly higher.20

19For example, partner’s unemployment may increase one’s willingness to work, but not
necessarily their matching status. In this case, they may want to accept any kind of job to
increase household income.

20Esser and Olsen (2018) demonstrate a penalty for single mothers; they explain that the
small share of single fathers, though, limits the statistical significance.
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The evidence that mismatch is related to the family commitments is ver-
ified across the specifications. Although more and more mothers decide to
work regardless the number of children they have or their age, we observe
that the family size is significant and positively related to the probability of
mismatch. As the number of (dependent) children increases, the probability
of performing an inferior job increases. The latter rise is not always linear,
since we observe that the marginal effect of an additional child to be more
intense after the birth of the third child in all cases, ceteris paribus. The in-
teraction term of the single motherhood and the number of children may
capture these non-linear effects. The higher probability of single mothers
to be in mismatch may be related to their job arrival rate, the pool of jobs
they are exposed to and how many dependent children they have. Single
mothers are more likely to look for jobs in areas where schools are or fam-
ily network is closer. Women, due to their role, may be able to devote less
time to the labour market. Looking in a smaller, or more limited, pool of
jobs restricts their opportunities for a match. Therefore, their mismatch may
be an outcome not only of their initial discrimination, but also of additional
frictions in the market. To better understand the female employment in this
frictional labour market, appendix 4.B outlines the share of single mothers
in mismatch by 3-digit occupations.

Job-related characteristics do play an essential role as far as the matching
process is concerned. Recent entrance in the labour market, i.e. entering
the labour force one year ago, generates a significant negative effect. Alter-
natively speaking, the entering ticket to the labour market forces women to
initially accept an inferior job.21 This effect is sometimes stronger under the
probit model and weakens when we control for sample selection. For exam-
ple, the most significant change is observed in the counterfactual case. This
suggests that men do not constitute an exception to this initial entrance mis-
match penalty. If women hold male returns, they are 8% more likely to be in
mismatch. This result may be sensitive to cohort effects, since they change
the observed heterogeneity of individuals (Blundell et al., 2019).

Despite our control for the time effect, regional conditions of the labour
market are significant. If an increase in unemployment rate reduces the avail-
able opportunities for work, higher-skilled individuals would accept a less-
skilled job so that they remain actively in the market. To this end, we observe
a conservative, but significant, effect of the regional unemployment rate vary-
ing by specification but not exceeding 2%. A typological analogy between a
mismatch in the labour market and unemployment (Büchel and Ham, 2003)
can explain the limited effect of regional unemployment rate. Ramos and
Sanromá (2013), using the Spanish Household Budget Survey, found no sig-
nificance between regional unemployment rate and the probability of overe-
ducation.
21This result is in line with the estimates on overeducation by the ONS. In 2017, 22% of
graduates earlier than 1992 were overeducated. The same year, 34% of graduates of class
2007 or later were classified as overeducated.
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4.5 Conclusions

Nowadays, women are more educated and their participation in the work-
force is improving constantly. A signal of potential mismatch arises, since
individuals in low-skilled occupations may enjoy greater returns to HC than
those in higher-skilled ones. If their role (e.g. family-driven responsibilities,
discrimination from employers etc.) make women more likely to be in mis-
match, those who are not displaced from the labour market are more likely
to be in a higher-skilled occupation. In any case, this mis-allocation in the
British labour market is sufficient to distort the wages. In this paper, using
the BHPS and UKHLS datasets, for 1991-2015, I explore what determines the
probability of a female employee to experience amismatch episode in the UK.
I extend our previously developed novel multi-component index which con-
siders the heterogeneity of workers in more than one dimension of skill. I
classify as mismatched those women in lower-skilled jobs who could work in
a higher-skilled job.

Here, I create three indices, each of which changes the control group. The
incidence changes across specifications depending on the control group. Dif-
ferent group faces different frictions in the market. Firstly, a comparison of
women with the median employee is attempted. Secondly, a counterfactual
case, where women are seen in the male labour market, is assessed to erad-
icate the possibility of an a priori discrimination. Finally, female employees
are seen within their market, comparing women with their same-gendered
median colleagues. What determines the likelihood of facing a mismatch
event in the labour market is associated with the frictions women face. Lone
motherhood and number of children are associated positively with the prob-
ability of mismatch even when controlling for the endogenous labour-supply
decision. As the number of children increases, the probability of a lone moth-
erhood leads to accept a less skill-intensive job increases. This is not a linear
relationship. The probability becomes considerably higher after the third
(dependent) child. Recent entrance does also increase the probability of mis-
match. However, this is an effect which dissipates over time; meaning that
senior employees face a lower probability of mismatch. Finally, regional un-
employment’s effect does not exceed 2% at any case. It may imply that an
important increase of unemployment can negate the impact of other deter-
minants.
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Appendix

4.A Incidence of Female Mismatch

According to our three different indices of female mismatch the incidence
varies across the specification.
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Figure 4.A.1: Incidence of Female mismatch
Source: Own elaboration, based on BHPS and UKHLS

4.B Single mothers in mismatch

Where do single mothers in mismatch work? This section outlines the share
of single mothers with dependent children by 3-digit occupations in my sam-
ple.
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Table 4.B.1: Share of single mothers in mismatch, by occupa-
tion (in %)

Occupation Single parents

Physical and engineering science technicians 0.59
Life science technicians and related associate professional 4.08
Health associate professionals (except nursing) 4.12
Nursing and midwifery associate professionals 8.37
Other teaching associate professionals 4.00
Finance and sales associate professionals 1.24
Administrative associate professionals 6.77
Social work associate professionals 8.44
Secretaries and keyboard-operating clerks 1.55
Numerical clerks 2.88
Material-recording and transport clerks 6.00
Library, mail and related clerks 3.33
Other office clerks 7.95
Cashiers, tellers and related clerks 2.38
Client information clerks 3.86
Housekeeping and restaurant services workers 8.64
Personal care and related workers 8.33
Other personal services workers 17.39
Protective services workers 1.25
Shop, stall and market salespersons and demonstrators 2.76
Animal producers and related workers 7.69
Rubber- and plastic-products machine operators 11.11
Printing-, binding- and paper-products machine operators 17.65
Textile-, fur- and leather-products machine operators 16.51
Food and related products machine operators 3.45
Assemblers 1.28
Motor vehicle drivers 4.17
Street vendors and related workers 3.95
Domestic and related helpers, cleaners and launderers 7.67
Building caretakers, window and related cleaners 22.22
Messengers, porters, doorkeepers and related workers 1.08
Agricultural, fishery and related labourers 31.25
Manufacturing labourers 11.11

Source: Own elaboration based on BHPS/UKHLS
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Chapter 5

Female Human Capital Mismatch:
An extension for the British public
sector∗

Abstract
This paper looks at the extent of labour market mismatch of public-sector female
employees. It contributes to earlier findings for the British labour market by taking
into account the endogenous self-selection into jobs. Estimates are based on data
from the British Household Panel Study and the ’Understanding Society’ covering
the years 1991-2016. The analysis verifies that the public sector offers a few low-
skilled jobs and employs, mostly, higher-educated (female) workers. Regarding the
market flows, findings show the greater mobility of the female workforce, which
moves proportionately between sectors. Greater in-/out-flows to/from private sec-
tor are observed regardless the gender of the employee. Once comparing women
to the median employee, a sizeable incidence of mismatch arises due to a negative
selection. Specifications using the selection model for the public sector illustrate
a systematically higher magnitude of mismatch. Pooled results seem to dominate
when women are seen in the male labour market or in a restricted subsample. Fi-
nally, the map of occupations in mismatch supports that the public sector is more
attractive as a waiting room for highly-qualified graduates. They queue less time
until they find a good job. Hence, policy implications regarding the allocation of
jobs for women may arise.

5.1 Introduction

Does the public sector allocate its workforce efficiently? If so, no
mismatch should arise (Gomes and Kuehn, 2020; Mocetti and Or-
lando, 2019; McGowan and Andrews, 2017a; Gomes, 2015). The
answer has important implications for gender inequality in the

labour market; especially for women, for whom public sector is the major

∗Acknowledgements: A project as part of the Virtual Young Scholars program (VirtYS)
2019/20 by Global Labor Organisation (GLO). Advice by Nick Drydakis has been greatly
appreciated. Amanda Gosling and Olena Nizalova provided valuable comments and feed-
back on earlier versions of this work. Discussion with Juan J. Dolado and Linas Tarasonis
were also beneficial for this project. I would like to thank participants in the MicroForum
at the University of Kent; GLO VirtYS and ESPAnet2020 PhD Seminars. For updates, visit
the project’s webpage, here. This chapter is available as Working Paper, here.

https://glabor.org/platform/virtual-young-scholars-glo-virtys/
https://ygalanak.github.io/project/glovirtys/
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Figure 5.1.1: Incidence of mismatch by sector
Note: This figure pools the incidence of mismatch found in chapter 4 by sector of

employment for the restricted female subsample. A woman is in mismatch if her estimated
HC is greater than the median of the HC demanded by a more skills-intensive job

performed by a female worker. The solid line represents the public sector, while the dashed
line the private one. This graph neglects the endogeneity of jobs allocation in sectors. The

difference remains significant throughout the panel.
Source: Own elaboration based on BHPS/UKHLS

employer. This is the case because women are mostly employed in health-
care and education, which are the two major industries of the public sector.
In 2018, 7.4% of public sector employees were Nurses, 5.3% were Primary
and nursery education teaching professionals (ONS, 2020). Implications may
extend in the provision of public services and the productivity of govern-
ment sector (Caponi, 2017). Garibaldi, Gomes, and Sopraseuth (2020) offer
a model to compute the cost of mismatch. They find that elimination of
education (or skills) mismatch, on average, raises output by 2.5 (or 3.2%);
significant variation across countries, though, exists.

Human Capital Mismatch (HCM) in the labour market may occur when
individuals occupied in lower-skilled occupations have similar characteris-
tics with those employed in a more skill-demanding job (chapter 2). For
instance, chapter 4 discusses the women’s greater risk to be in mismatch rela-
tive to their male counterparts. It is not only that women are genuinely more
exposed to the mismatch, but also gender may influence one’s career even
before entering into the market. However, no discussion revolved around
the particular affiliated sector. For example, figure 5.1.1 shows how the in-
cidence differs when estimates are pooled by sector. The difference remains
significant throughout the panel and shows that public servants are consis-
tently in mismatch more than their private-sector colleagues.

This paper aims to evaluate the extent of female HCM in the British pub-
lic sector employing a rich dataset of individual characteristics. In neoclassi-
cal terms, if no (significant) mismatch arises, the allocation of public servants
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is efficient (Pissarides, 2000). Otherwise, the public-sector operates ineffi-
ciently despite its better skilled workforce.1 Therefore, we need to consider
each sector as a separate labour market. One may accept their difference,
because if the public sector operated as the private one, little would it mat-
ter where provision comes from. Hence, there are intrinsic factors that make
public-sector act differently than the private one.

Firstly, in contrast to the private sector, public sector faces a political
constraint. In other words, the public-sector workforce not only produces
goods and services, but it engages to activities which aim to vote maximis-
ing. Hence, its role may contribute to higher pay (Cai and Liu, 2011; Fuller,
2005; Gunderson, 1979). To this end, each sector forms a different labour de-
mand and wage determinants. The public-sector demand will disproportion-
ately benefit those workers whose skills are more useful in the production
of public versus private goods (Blank, 1994). The public-sector is the major
employer for specific-training jobs (e.g. nurses, teachers).2 These specialised
workers have no expectations for a better job. Their initial mismatch - if any
- might result from occupational choices of younger individuals with little or
no hiring by public-sector recruiters. In December 2019, 79,000 (or 1.5%)
more people work in the British public sector compared to the same month
a year ago. According to ONS estimates, it employs 5.44 million individu-
als; 0.3% more than September of the same year (Caldwell, 2020). However,
the interest does not lie on the size of public sector per se, but on its gender
composition (figure 5.1.2a). Female over-representation in the public sector
persists even when we exclude industries traditionally affiliated to the pub-
lic sector and in which mostly women participate in (e.g. healthcare and
education; figure 5.1.2b).

Secondly, public-sector offers only a few low-skilled (figure 5.1.3), but
many high-skilled3 and well-paid ones attracting more female candidates
(figure 5.1.2; Gomes and Kuehn (2020), Anghel, De La Rica, and Dolado
(2011), and Gornick and Jacobs (1998)). Due to relatively lower competition
and flexibility4 of the public sector, sizeable mismatch may arise. For in-
stance, let us consider the marginal individual who decides whether to join

1Generally, the public sector attracts highly educated workers. In the recent years, public
servants have become more skilled, whereas their private sector counterparts have main-
tained a broadly unchanged profile of jobs (ONS, 2017).

2Therefore, a fair expectation regards the public-sector insulation from national and inter-
national business cycle shocks because both the demand for health and education are local
services, and quite independent of demand shocks (Liu, Salvanes, and Sørensen, 2016) and
labour demand is rather inelastic.

3In the UK, public servants are mostly high-educated (43.3% and 42.28% ofmen andwomen
of total workforce, respectively.) jobs. Among those highly-educated women dominate
(68%).

4For example, in 2011 the public-sector pay freezes for all but those on annual salaries less
than £21,000. Since 2013, most of those earnings rise on average by 1%. The stronger
unions’ bargaining, though, bring about the policy relaxation on 2017, when the private
sector recovers (Cribb, 2017). ONS (2017) claims that, in real terms, public servants have
been poorer because inflation was greater than the pay growth since 2011. As a result,
the public sector is restricted to remunerate its workforce. This restrictive potential is,
additionally, indicative in terms of the full use of labour force’s abilities.
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Figure 5.1.2: Public Sector employment, by gender; 2004-2018
Note: Public Sector employment rate as percentage of total employment, by gender. A

persistent over time unadjusted gender bias in favour of women participation is observed.
Panel (b) excludes the industries of Education and Health in which women

disproportionately participate.
Source: Annual Population Survey, ONS

the public service.5 If she is highly-qualified but her competition is too high,6

she may initially be allocated in a position demanding less skills. Otherwise,
she would be immediately matched; e.g. nurses or teachers who queue less
for a matched job. If jobseekers disproportionately search for jobs in sectors
where productivity is relatively low, hires are concentrated in the wrong sec-
tors (Patterson et al., 2016). In other words, if public-sector wages are not
high, a few unemployed would be willing to look for a job and public-sector
may face recruitment difficulties. Transitions from public to private sector,
though, may lead to a better-educated and more productive private labour
force (Cribb, Disney, and Sibieta, 2014). Though, these transitions are not
very frequent (see unconditional transitions; figure 5.4.3).

Finally, the public sector aims to alleviate widespread disparities met in
its competitive counterpart. In fact, in most of the countries, as in the UK,
female public servants outweigh their male counterparts. For instance, in-
trinsic preferences make women choose the public sector; hence, occupa-
tional segregation is an expected outcome. Greater job security and satis-
faction and better conciliation of work-family life push to the same direction.
Therefore, we would not blame the public sector for any mismatch. First,
horizontal match is more successful in the public rather than private sector

5One enters into the public sector if her utility exceeds the one coming from private-sector
employment or unemployment. Hence, a fair argument may claim that the public-sector
reservation wage should exceed the competitive-sector one and the unemployment benefits.
Further assuming that one dislikes inactivity is convenient for this analysis.

6In other words, high competition implies an inflation of graduates with similar characteris-
tics, whose supply cannont meet the demand (number of jobs available).
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Figure 5.1.3: Size of the public sector, by type of occupation;
1991-2016

Note: 1-digit occupations defined using the International Standard Classification of
Occupations: ISCO 88. They have been sorted by the median level of education and hourly

earnings; classified as high-, middle- and low-skilled. The former category includes
"Legislators, Senior officials and managers" and "Professionals", while the latter includes
"Skilled agricultural and fishery workers", "Plant and machine operators and assemblers"
and "Elementary Occupations". The middle-skilled jobs include the remaining occupations.

For details, see Galanakis (2019a).
Source: Own elaboration, based on BHPS/UKHLS

(Wolbers, 2003).7 Second, public-sector better matching achieves efficient
allocation (Gomes, 2015). However, if allocation is not random, the public-
sector labour market is segmented and probability of mismatch increases.

This paper has a twofold contribution in terms of evidence and methodol-
ogy. First, I document the extent of HCM in the public sector given its gender-
participation bias. Yet, I provide insights on why women are willing to join
and wait in the public sector until they find their matched job. Gomes (2015),
assuming labour market segmentation and unemployment search according
to governmental hirings, shows that public-sector wages play an essential
role in efficient allocation. Any premium arisen there reflects the differences
in frictions across sectors with two inefficiencies8 occurring simultaneously.
Later, he extends his model in a more realistic set of assumptions and shows
the essential role of the endogeneity on the number and type of candidate

7Somers et al. (2019) attribute this assumption to healthcare and education; two sectors
which mostly employ graduates in the public sector.

8(a) Persistent queues and significant unemployment for low-skilled and (b) recruitment
problems for high-skilled.



96 Chapter 5. Female Human Capital Mismatch: An extension for the British public sector

employees in the public sector (Gomes, 2018). Though, what Gomes does
not discuss regards the flows of those employees in mismatch and different
sectors dynamically - why would they accept a less skills-demanding job ini-
tially? If hires in the government sector are from a private-sector pool, the
cost of mismatch should be lower.9 Santos and Cavalcanti (2015) show that a
premium generates (mis)allocation effects and significant productivity losses
using a model calibrated for Brazil. Literature connecting the public-sector
employment with themismatch is not rich and has not reached to any consen-
sus. Empirically, Dolton and Vignoles (2000)10 reject the HC interpretation
that wage losses of overeducated are due to the public-sector rigidities.

Second, I account for the endogenous decision of sectoral affiliation. Pool-
ing estimates may be a potential way to examine the magnitude of mismatch
in the public-sector, but it neglects the unobserved worker heterogeneity
(Nickell and Quintini, 2002) resulting from the self-selection into jobs. OLS
estimates, which do not account for selection into the public sector, might be
biased.11 If allocation into sectors is not random, then estimates might over-
state the existent gap. Some studies addressing this issue, either employ a se-
lectivity correction or instrumental variables (e.g. Afonso and Gomes (2014)
and Maczulskij (2013)).12 Some scholars have taken advantage of the pri-
vatisations and use them as a ’natural experiments’ (e.g. Danzer (2019) and
Disney and Gosling (2003)).13 Clark and Senik (2006) use individual fixed
effects. Estimates, which are less sensitive to errors, may come from dou-
ble selection models, like in Heitmueller (2006). However, this implies that
we can identify what affects the labour-supply decision and not the public-
sector choice. This exercise might be puzzling given the timing of individual
decisions and the data availability. To this end, I restrict the sample to those
in paid employment and control for the endogenous decision to contribute
as public servants.

My model does not establish any causal impact of the public sector affil-
iation to the mismatch. It is hard to pin down the public sector’s effect on
mismatch from different selectivity. Instead, it implies the existence of dif-
ferent skills distribution in the two sectors. The selectivity may arise due to
the different job arrival rates between the public and private sectors. This
means that each sector will have different levels of productivity, and hence,
different (matching) thresholds for different occupations.
9The idea of the cost here stands only for motivating purposes. No discussion on the penalty
of mismatch is evolved in this paper.

10Scholars usually employ a dummy variable in their analysis aiming to explore the effect
of overeducation in the public sector. This is not necessarily correct as the (strong) work-
ing assumption considers that the rest of covariates are equally distributed across sectors.
Instead, analysis should be separate for each sector trying to control for the endogenous
sectoral decision.

11In fact, these estimates suffer from a double selection, especially important for women.
Initially, individuals decide if they will work (labour supply decision). Upon participation,
they choose the sector of employment.

12Inconclusive findings of empirical studies signal the difficulty of identifying instruments
for the public-sector.

13This method may neglect dynamic effects of those enjoying the public-sector pay pre-
mium.
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Figure 5.1.4: Alternative mechanism of the public sector: Ex-
ample of Ph.D. in Philosophy graduate

The alternative mechanism this paper examines looks the public sector
as waiting room for high-skilled workers of particular (scarce) jobs. Figure
5.1.4 illustrates an example of a recent Ph.D. graduate in Philosophy. Their
best choice would be a job in the Academia. However, the academic market
in Philosophy is not big enough to match immediately all graduates. Hence,
there are three alternatives for these graduates. First, they can spend some
time in unemployment until they find a better job. However, since they are
high-skilled, this may not be very likely. Second, they can accept any private-
sector job offer, e.g. in a retail store. Third, they can choose an administrative
occupation in the public-sector. Between the two latter alternatives, and be-
cause of the non-pecuniary benefits of the public sector, they may choose the
public-sector. In that case, the public-sector becomes the waiting room to a
better job.

Using data coming from the UK for 25 years (1991-2016), I find evidence
of negative selection for the public sector employees, which contributes to
the incidence of mismatch for women. Changing the control group creates
differences in the incidence. When comparing women with the median em-
ployee, one may notice a sizeable magnitude of mismatch reaching, on av-
erage, 37.8%. This may be explained if we see which occupations suffer the
most. They usually include entry-level jobs which may act as a waiting room.
Highly-qualified individuals seem to prefer waiting in a public-sector po-
sition being in mismatch rather than a private-sector matched one. In the
former case, the likelihood finding better jobs is greater. What this measure
likely picking up is the individual lower relative labour market experience.
Since they end up in a matched position later than their well-allocated col-
leagues, they have accumulated less relevant experience. To this end, the
policy perspective of this paper regards the allocation of talent in the pub-
lic sector and its impact on the sectoral competitiveness and quality of goods
and services offered. In other words, in this paper I stress the relative scarcity
of the high-skilled jobs in the public sector. The negative selection implies
the lower return to skills in the public sector coming from the unobserved
individual productivity.
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The rest of the paper is structured as follows. Section 5.2 describes the
British public sector. Section 5.3 reports the methodology followed in this
paper. Section 5.4 discusses the results, while section 5.5 concludes.

5.2 The British Public Sector

In the mid 2019, ONS estimated that 5.4 million employees (or 16% of labour
force)14 work in the public sector in the UK (Bodey and Haughton, 2019).
This may include cleaners and drivers to technicians and nurses. Prior to
any attempt of analysis regarding public-sector workforce mismatch, it is
essential to describe its composition. Whether jobs belong to public sector
depends on the organisation’s degree of governmental regulation. In other
words, who funds, controls and owns a company indicate the sector of a
certain job.

To this end, some individuals are clearly public servants, like workers
in civil service or the central government. To the opposite extreme, others
are, undoubtedly, private-sector employees, e.g. developers in a tech start-
up company. Considering the above jobs allocation as a continuum (figure
5.2.1), where on the one side we have strictly public-sector jobs and on the
other side solely private-sector ones. The in-between area constitutes a grey
area without clear boundaries. For example, Higher Education Lecturers are
employed by non-profit (at least in principle) institutions. They are inde-
pendent to the government despite their subsidy or control on EU-students’
fees. Finally, School Academies or Foundation Hospitals may belong to char-
itable institutions and enjoy a certain degree of freedom in terms of hiring
staff. Their funding and regulation, though, lie on the central government
(Fontaine et al., 2020; Cribb, Disney, and Sibieta, 2014).

Public
Sector

Civil Srv

Private
Sector

Developer
Non-profit org

Uni
Lecturer

Teachers
in Academies

Figure 5.2.1: Allocation of jobs in sectors: Examples
Note: This figure illustrates a continuum of the jobs allocation between the two sectors.

Above the continuum, one finds examples of jobs in each sector.
Source: Own elaboration

The distinctive feature of the public sector regards the provision of a good
(or service) to the population financed by the taxation. If an organisation
does not belong in this sector, by definition, is part of the private one.15 As in
the official statistics, in my data, the distinction between the sectors comes

14In their analysis, demographics depend on the Annual Population Survey estimates. This
estimate is based on the public sector employment (PSE) which lacks in the individual
characteristics of British workers.

15Therefore, private sector consists of both for-profit firms and non-profit organisation un-
controlled by central government.
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Figure 5.2.2: Distribution of occupations in the British public
sector

Note: Percentage of UK public-sector employees in individual occupations, Jan-Dec 2018.
Public sector demands more than 300 various occupations. Nurses, Primary & Nursery

education teaching professionals and Teaching Assistants constitute the 7.4%, 5.3% and 3.8%
of the public servants, respectively.

Source: APS; Data retrieved from ONS on 14.01.2020

from a self-reported variable16,17 For this paper, I adopt the definition from
Fontaine et al. (2020), excluding (i) every private organisation; (ii) public
companies; (iii) Nationalised industry or state corporation; (iv) Charity, vol-
untary organisation or trust; (iv) other organisation.18

Figure 5.2.2 illustrates the distribution of more than 300 various occu-
pations demanded by the British public sector in 1-digit classification. Fol-
lowing this classification and sorting occupations by the median level of ed-
ucation and hourly earnings, 3 occupational groups (high-, middle- and low-
skilled) are generated, as in Galanakis (2019a).

16The question asked "What kind of non-private organisation do you work for?".
17Self-reporting raises concerns about misclassification of the sector or the kind of organisa-
tion one is employed for. To a certain extent, the measurement error might overstate the
(unconditional) transitions between the sectors. Though, less problem is generated once
looking the overall sector and its human capital composition. Greater issue might lie on
the bottom of the occupation distribution, where only a few jobs in the public-sector exist.

18For robustness check of the mismatch magnitude, I have generated a variable equal to
1 if individuals are employed by NHS or work in Education industries, and 0 otherwise.
The mismatch does not seem to come from these industries, since the incidence has minor
changes. This may further motivate the analysis operated on the last section.
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Regarding the size of public sector, one can observe slight changes annu-
ally in aggregate terms. The proportion of each industry within the public
sector illustrate these changes. Official statistics verify that NHS and Educa-
tion dominate other industries (figure 5.2.3). At the same time, it is inter-
esting to see how the public-sector participation dropped since 1992 and its
size shrank significantly by 2018. Structurally, austerity’s result contributed
to a significant flow of workforce from the public to private sector. The reces-
sion’s aftermath brought about a cap on nominal wages increases on 2010 by
the UK government aiming to cut the budget deficit. Seven years later, when
participation was less than 17% of the total employment and a noticeable
private sector recovery occurred,19 this policy was relaxed (Cribb, 2017).
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Figure 5.2.3: Size of Public Sector, by industry; 1991-2019
Source: ONS; Dataset ID: PSE; Released 11 June 2019

5.2.1 Wage differentials

The literature very often visits the wage differentials between the public and
private sectors. It acknowledges a public-sector double-premium, mostly
evident for (low-skilled) women, but not for men. This twofold premium
relates to the higher quality jobs and better pay, which contribute to greater

19During the period of Great Recession, private sector shrank by 0.8 million from its before-
crisis peak. Since 2010, private sector jobs increase by around 2 million (Coulter, 2016).
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Figure 5.2.4: Average unadjusted wage gap, by sector; 1991-
2016

Note: Panel (a) illustrates the distribution for the total employees in the labour market. The
difference of the average ln(wage) between the sectors is -0.1337 (se 0.0035), significant at
1%. Panel (b) focuses on women whose difference is -0.2777 (se 0.0043), significant at 1%.

Source: Own elaboration, based on BHPS/UKHLS

job satisfaction20 (for a relevant discussion see Blackaby et al. (2015)). Tra-
ditional arguments include the better long-standing formation of the public
sector (Davies, 2012), its highly unionised institutional environment (Hoque
and Bacon, 2014). Cribb (2017) and Disney and Gosling (1998) support
that an important (fringe) benefit attached to the public sector, particularly
among women, regards the occupational (or workplace) pensions; their value
remains higher than in private sector.

Figure 5.2.4 illustrates the wage distribution by sector highlighting their
unadjusted gap. Each curve represents the average of 25-years data for the to-
tal population and for women. In both cases, the earnings distribution of the
public servants stands on the right of private-sector workers. In raw terms,
hourly pay is higher in the public sector, partly reflecting that workforce is
high-skilled or more educated (Cribb, Emmerson, and Sibieta, 2014). A sim-
ple exercise, here, tests for Lorenz dominance, for the female subsample, to
elaborate on inequalities and preferences in favour of the public sector. The
lorenz curve of ln(wage) of female public workers lies above the Lorenz curve
of private sector women (figure 5.2.5b). This suggests that the private-sector
wage distribution is more unequal, revealing public-sector as a fair employer.
Whether the latter is preferable, from a welfare point of view, Generalised
Lorenz (GL) dominance is essential. Again, a dominance of the public-sector
distribution is verified signalling a slight preference in favour the public sec-
tor, in average terms (figure 5.2.5c). Figure 5.2.5d shows that not only less
equality arises for women in the private sector, but also they strongly prefer
the public one from a welfare perspective (Jann, 2016).

20As a result, the public sector, seen as an employer, enhances the work-life balance (WLB).
Lewis et al. (2017) question senior professionals employed by the British public sector
in Human Resources positions. They find that WLB is not only a personal concern for
employees, but it also has a structural role during the times of financial pressure. However,
austerity shrinks WLB concerns.
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A large part of the literature does not neglect the adjusted public/private
wage gap employing several controls, such as job tenure, size of enterprise,
managerial responsibilities etc. Attempts for cross-country comparisons are
not always successful, even among EU countries. The main reason of failure
of such comparisons regards the different public-sector structure in different
countries. The country-specific studies decomposing the pay hiatus are more
frequent aiming to relate differentials to regional frictions.21

In the UK context, recent evidence declares a larger differential for women.
In fact, Blackaby et al. (2018) find that additional controls make the differen-
tial for men negative and significant. However, their results are sensitive to
the measurement of hourly earnings. To this end, earlier evidence has shown
that the gap narrows the higher one stands on the income distribution (e.g.
Blackaby et al. (2015), Cribb, Emmerson, and Sibieta (2014), Lucifora and
Meurs (2006), and Disney and Gosling (1998)). The same stream of literature
points out that public premium favours mostly those low-paid, low-skilled
women and younger employees (Giordano et al., 2015; Depalo, Giordano,
and Papapetrou, 2015). This evidence arisen by the individual heterogeneity,
additionally, points out that more educated workers enjoy a lower premium
(Postel-Vinay and Turon, 2007). Hence, the public sector aims to alleviate
inequalities. However, whether it allocates its employees efficiently remains
a concern. This paper aims to highlight whether efficiency arises, controlling
for the individual self-selection into jobs.

5.3 Data and Methodology

5.3.1 Data

This study utilises an unbalanced panel covering the period 1991-2016. It
comes from the British Household Panel Survey (BHPS; waves 1-18), and its
successor, United Kingdom Household Longitudinal Survey (UKHLS; also
known as "Understanding Society"; waves 2-7).22 I employ survey data for
their informative power in terms of household dimensions and individual
status.

The sample is restricted to women aged 23 to 59, employed in either sec-
tors. The analysis does not look at self-employed, those working in the army
or farmers. Hence, these categories have been excluded. The main analysis of
this paper does require information regarding the individual wages. Income
outliers, though, may affect the estimates. Therefore, the top and bottom
1% of the distribution have been dropped ending up with a sample size of
64,690 observations.
21Elliott, Mavromaras, and Meurs (2007) make a comparison of 5 European countries, in-
cluding the UK. They find that the British differential is not the same as in Mediterranean
public sectors, while high-earnings areas - like London - deal with issues of common pub-
lic services provision.

22For a more thorough description of the dataset and the cleaning process, see Galanakis
(2019a) and Galanakis (2019b).
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5.3.2 Methodology

Earlier work supports that female employees face a greater probability to be
in mismatch in the labour market (Galanakis, 2019b). Here, I offer new and
better informed estimates for the British public sector controlling for the en-
dogenous decision related to the sector of work. To do so, as in Galanakis
(2019a), an individual i is in mismatch if her predicted HC in the public-
sector occupation j is greater than themedian returns in amore skills-demanding
public-sector occupation, namely in occupation j − 1. In this identification
strategy, I keep ranking occupations according to their median level of edu-
cation and hourly earnings. Occupation here takes three values; 1 for high-
skilled, 2 for middle-skilled and 3 for low-skilled. Alternatively speaking,
the magnitude of mismatch replies the question: "How many women em-
ployed in the public sector in j −1 occupation hold similar expected wage to
their colleagues in j one?". Or,

mismatchedi,t =

1 if ŵpub
i,t |occj,t >

(˜̂wpub
t |occj−1,t

)
0 otherwise

(5.1)

where ˜̂w is the median of the estimated wage.
To calculate the ŵ, a Mincerian wage equation is necessary. As before,

due to data restrictions HC is formed through the level of education.23 Here,
I estimate the following:

ln[wage]i,t = α +β1xi +
7∑

k=2

βkSk,i,t +ϑt +ui,t (5.2)

where xi includes controls of age (and its square) and marital status. Sk,i,t
regards the k level of education. Estimates will have year fixed-effects (ϑt)
and standard errors are clustered in household level.

The Ordinary Least Squares (OLS) estimates of equation 5.2 may be in-
consistent. In fact, they are exposed to two types of selection bias: the first
one comes from the endogenous labour supply decision, whereas the second
one from the choice to work in the public sector. If individuals systematically
decide to be in paid employment, the assumption of random sample selection
is violated (Heckman, 1979). This is usually addressed in the literature; the
application of 2-step Heckman approach is usually adopted. Given their par-
ticipation in the market, individuals choose the sector of their employment.
If the sectoral allocation is not random, OLS estimates would be downward
biased (Maddala, 1983). The underlying idea comes from the fact that each
sector faces different wage equations due to their different demand of skills
or unequal skills distribution. Hence, we need to control our estimates for
a dual-selection bias, which arises from the simultaneous or sequential deci-
sion a woman makes (Tunali, 1986).

23A richer definition of HC is offered when using cohort studies where tests of (non-
)cognitive skills are offered. See details in Galanakis (2019a).
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The self-selection problem into jobs and sectors of employment is not
thoroughly visited in the literature and no consensus on how to treat this
enodgeneity exists. Considering decomposition exercises for pay differen-
tials, one can find several examples where the endogeneity is not treated at
all (e.g. Jones, Makepeace, and Wass (2018), Mahuteau et al. (2017), Ramos,
Sanroma, and Simon (2014), and Cai and Liu (2011)), or a dummy variable
for the public sector aims to capture the effect (e.g. Dolton and Vignoles
(2000)). Heitmueller (2006) attempts a double-selection model, but his find-
ings are not on a dynamic framework. Long, Appleton, and Song (2017),
Christopoulou and Monastiriotis (2016), Christopoulou and Monastiriotis
(2014), Luechinger, Stutzer, and Winkelmann (2010), and Dustmann and
Van Soest (1998) proceed with a endogenous switching regressions aiming
to alleviate the dual selection bias. Their identification power, though, rests
on very strong functional assumptions; a collapse of the exclusion restriction
generates inconsistent estimates (Danzer, 2019).

To proceed with this dual-selection model, data need to provide enough
information so that we can identify sufficient instruments. This approach
would require a variable to affect only the decision of employment and not
the wages or public-sector affiliation. Similarly, another variable should only
affect the decision of employment sector and be independent to the labour
supply decision and the wages. However, as literature acknowledges, it is
very hard to identify this variable that respects the exclusion restrictions
credibly and correct for the selection bias (Araujo, 2020; Van Ophem, 1993).
To overcome this identification problem, I restrict the sample to employees
and correct for the potential sector selection. The final step of the exercise
revisits three indices for mismatch, as in Galanakis (2019b). Changing the
control group is crucial,24 since it generates different estimates on the magni-
tude of mismatch. Hence, I look the (a) position of a female worker relative
to the median employee; (b) counterfactual case - where I consider estimates
of the male labour market; and, (c) the position of a female worker relative
to their colleagues (in the female labour market).

To control for the endogenous self-selection into sectors, a two-step Heck-
man model will be applied. The decision to work in the public sector will be
instrumented using the hours of paid overtime, a public-sector time lag. Fur-
thermore, a set of dummies will be employed to signal an older worker or a
highly educated employee.25,26 Hence, the public-sector participation could
have this form:

publici = δzi + vi (5.3)

where publici is the dependent variable. zi is a vector of the independent
variables as described above. For each wave, linear predictions are sorted by

24For example, recall the assumption that women are more likely in mismatch. It signals
that when women seen in the male labour market, alleviating any a priori discrimination,
their probability of mismatch may change.

25It receives the value of 1 if a worker is older than 35 years old or has a level of education
greater than A-levels, respectively.

26A battery of robustness checks controls for the number of children and the single parent-
hood. None change the incidence of mismatch.
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occupation to calculate the median of high- and middle-skilled ones. The
final step of the exercise applies eq. 5.1 to identify those in mismatch.

Exclusion restriction To control for the endogeneity arisen from the self-
selection into jobs, we need at least one instrument that is not related to the
wages and mismatch. This instrument needs to be related to the probability
one chooses the public sector. I could not identify one single, strong instru-
ment in the data regarding the public sector affiliation. This is why I choose
instruments based on the public servants’ features. First, hours of paid over-
time and a public-sector lag are related to the public-private sector pay gap
(Depalo, Giordano, and Papapetrou, 2015; Giordano et al., 2015). The public
sector as a fairer employer would pay the hours worked overtime increasing
the willingness to join the government sector. A prior employment in the
public sector increases the probability to stay with the same employer given
the better compensation and the job satisfaction it offers. Second, the pub-
lic sector concentrates older workers (see figures 5.C.1 and 5.C.2) who are
higher skilled (Bodey and Haughton, 2019). This is why I use a dummy vari-
able if public servants are older than 35 years old, and one for their level of
education (above A levels).

5.4 Results - Discussion

5.4.1 Female over-representation in the public-sector

Descriptive results maymotivate further themismatch estimates in the British
labour market. Table 5.4.1 employs several measures to validate the female
dominance in the public sector. In fact, it seems that 46.21% and 23.95%
female and male, respectively, are employed in the public sector as percent-
age of the total employment. A closer look on the female workforce indicates
that the monopolistic sector is the main employer for them (41.69% against
39.84% in the competitive sector). Panel B presents two accounting defini-
tion exercises, as in Gomes and Kuehn (2020). The first one shows the ratio
of public employment shares. It is defined as share of women relative to
share of men’s employment. Over the examined period, both ratios increase
(figure 5.4.1). This may be related to the augmenting female labour supply
decision. Around the Great Recession, a drop is noticed most likely driven
by the significant changes in the private sector and/or the shrinkage of the
public one.

One may wonder about the public servants’ age. Indeed, this data verifies
that older worker prefer to be occupied in the public sector. Figure 5.C.1
illustrates the normalised age-public-sector-employment profiles pooled for
men and women. At the beginning until early 30s, individuals share same
prospects of employment. Noticeable differences arise after the age of 32
when women seem to dominate.27 This dominance may be related to their

27Consistent result arise the ratios of public and women’s employment shares by age (figures
5.4.2 and 5.C.2). The slope becomes significantly steeper the older a worker is. Greater
jump noticed after the 40 years of age.
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Table 5.4.1: Different measures for the female over-
representation in public employment; employment shares

Panel A.i (as % of total employment)
Men Women

Public-sector 23.95 46.21

Panel A.ii (as % of female workforce)
Public Private

Women’s empl share 41.69 39.84

Panel B: Accounting Definition Exercises
Ratio of public empl shares 1.9897

(0.1438)
Ratio of women’s empl shares 0.8627

(0.1392)
Note: Panel A presents a descriptive analysis regarding the public sector. A.i shows the

employment shares in the public sector by gender. A.ii shows the female employment share
by sector over the female workforce. Panel B reports the accounting definition exercise (as
in Gomes and Kuehn (2020)). s.d. in parenthesis. Figures reported for individuals aged

between 23 and 59.
Source: Own elaboration, based on BHPS/UKHLS

intrinsic preferences or the family-related decisions which occur around that
age. Childbearing and household production may urge women towards the
public sector.

5.4.2 Transitions

Given the panel aspect of the data, we can discuss labour mobility across the
sectors or out of employment. Here, out-of-work status is broadly defined in-
cluding both unemployment and inactivity. To elaborate on the different de-
cisions between men and women, descriptive statistics on the labour market
stocks and flows (table 5.4.2) are crucial. Stocks are calculated as a fraction
of the entire working-age population.28 This is why figures in tables 5.4.1
and 5.4.2 differ. Flows are expressed for the sample applying any age restric-
tion. Gender differences in flows and transitions are statistically significant
at 1% level.

Still, on average 7.3%more women are employed in the public sector, but
4.3% more men are occupied in the private one. Public servants face a lower
probability to exit from employment.29 A probable explanation for this pat-
tern might arise by the different demand of skills for the public sector and
the preferences of women. Regardless the sector of prior affiliation, women
are more prone to exit from work mirroring their lower participation rate

28The definition of the working-age population adopted by the BHPS. It includes individuals
aged 16-65 and 16-59 for men and women, respectively.

29The trend is not persistent, though, when looking at the unemployment or retirement
separately. Though, this is not a case of analysis in this paper.
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Figure 5.4.1: Ratio of public employment shares and ratio of
women’s employment shares

Note: Dashed line illustrates the ratio of public employment shares by year. This measure
is defined by the share of women over the share of men employed in the public sector. The
solid line illustrates the ratio of women’s employment shares. It is defined as the share of
women in the public relative to the private sectors. A vertical red line for 2009 is added to

signal potential differences after the Great Recession.
Source: Own elaboration, based on BHPS/UKHLS

in the market. Figure 5.4.3 adds some further quantitative results. Women
are more mobile than men in general. The female state-sector inflow dom-
inates the male equivalent one. Once in the public sector, women are less
willing to leave within a year. Potentially due to greater job security, the
outflow from work is greater in the private sector. Additionally, this works
vice versa, because of the quicker job creation (Lavery, 2015). Finally, flows
between sectors are similar for women, but not for men; the majority of the
latter are willing to join the private sector probably due to lower risk aversion
(Borghans et al., 2009). These unconditional worker flows are consistent with
recent evidence on the UK; interstate flows are significant, but smaller than
to/from out-of-employment (Chassamboulli, Fontaine, and Gomes, 2020).

Gender differences between the sectors may come from composition ef-
fects or sampling variation. To account for this concern, I estimate the condi-
tional transition probabilities to observable characteristics (see 5.B). Marginal
effects are illustrated on figure 5.B.1. Conditional probabilities to OoW
coming from public employment is equal to zero for men and close to zero
women. Transitions from the private sector differ, though. Men are less likely
to lose their job, while women are more prone to exit verifying the lower em-
ployment attachment they have.

5.4.3 Incidence of Mismatch

The main purpose of this paper is to highlight the extent of HC mismatch fe-
male employees face in the public sector. To do so, the endogenous decision
related to the sector of employment is considered. To see whether the selec-
tion model is of any need, I compare the estimates with earlier findings from
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Figure 5.4.2: Correlation of ratios of employment shares, by
age

Source: Own elaboration based on BHPS/UKHLS

chapter 4 pooled for public sector. If the estimates using selection model
differ, it is essential to control for this source of endogeneity.

Relative to median employee Firstly, the position of a female employee
relative to the median employee is observed. I estimate the returns to HC
for the entire population. Then, I assign them to women and see their po-
sition compared to the median employee. Figure 5.4.4a outlines the main
result of this index. Specifications, restricted to the employees, with the se-
lection for the public sector model denote a sizeable incidence of HCM. It
is not only the magnitude reaching (or exceeding) 40%, but it is the differ-
ence with the pooled results. The pooled estimates declare a more moderate
picture. Before the crisis, the selectivity model looks to be systematically
above the pooled one. Right after the Great Recession, a v-shape increase
of the selectivity model occurs; the incidence later meets the results from
the pooled estimates. Hence, this questions why the selection model shows
an important level of mismatch? Technically speaking, each specification of
the two-step Heckman selection model is statistically significant. The aver-
age gap is 12.64% (s.e. 0.0035; significant at 1% level) against the pooled
results denoting an underestimation if one neglects selection for the sector
of employment.

Restricted female subsample Secondly, I test the position of a female
employee relative to her colleague in a more skills-intensive job. For exam-
ple, the comparison takes place between a Teaching Associate and a Teacher,
both women. Here, we still observe a difference between the selection spec-
ification and the pooled estimates. Though, the average gap is smaller than
before (figure 5.4.4b); 3.62% (s.e. 0.0035; significant at 1% level). The trend
is similar at the most of the time with effect increasing after the Great Reces-
sion.

Counterfactual female subsample Finally, to alleviate any discrimina-
tion women may face even before they enter the labour market, I see their
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Table 5.4.2: Stocks, flows and transitions of the British Labour
Market, by gender

Men Women

Panel A: Stocks
Public Empl 0.0689 0.1419

(0.0098) (0.0234)
Private Empl 0.2413 0.198

(0.0351) (0.0267)
Out-of-work 0.2170 0.3446

(0.0122) (0.0087)

Panel B: Flows
Out-of-work 0.1517 0.2938 ***

(0.3587) 0.4555

Panel C: Transitions (in %)
Pri2OoW 3.97 5.47 ***
Pub2OoW 1.14 2.95 ***

Note: Panel A figures are as fraction of the total working-age population, regardless
whether they are (in)active. All panels are expressed for this study’s sample (aged 23-59).
Out-of-Work (OoW) includes states of unemployment and inactivity. The unconditional

transition probabilities report the probability of an employed worker to exit from
employment. Figures are averages over the total period of 1991-2016. The rightmost

column (∗∗∗) declares that differences are significant at 1% level.
Source: Own elaboration based on BHPS/UKHLS

position in the male market. To do so, I assign the estimates of the male
subsample to women and see their relative position. By this way, I consider
that they have the same observables as men questioning how this changes
their position. The average gap is -0.91% (s.e. 0.0059; significant at 10%
level). Figure 5.4.4c depicts that the trend is not always the same; opposite
direction revolves after the period of the financial crisis. The selection model
specification matches the pooled estimates in 2009/10. Right after the crisis,
the former shows a quicker adjustment to the pre-crisis levels.

A persistent common pattern across the three measures - despite the con-
trol group change - regards the point of the big rise in the mismatch mag-
nitude. When the British economy suffers from the financial crisis and the
Great Recession, the incidence seems quite high both in the selection model
and in the pooled results. Lazear, Shaw, and Stanton (2016) claim that hires
during recessions are better matched in the public sector than those in booms.
However, this does not seem to be the case here. Instant response of the mar-
ket, is an initial misallocation which aims to be restored several years after.

Selection InferenceOnemay reasonably questionwhy the estimates com-
ing from the selection model specifications are greater. The necessity of cor-
recting for the endogenous self-selection into jobs regards the non-random
allocation of workers. If they were randomly assigned between sectors, esti-
mates of HCM would be accurate; not controlling generates a smaller mag-
nitude of this inefficiency. Table 5.4.3 reports the average difference on the



5.4. Results - Discussion 111

Table 5.4.3: Average difference of the HCM incidence between
selection models and pooled estimates; 1991-2016

Model Mean (s.e.)

Panel I: Relative to overall
Selection 0.3782

(0.0023)
Pooled 0.2519

(0.0023)
Difference -0.1264 ***

(0.0035)

Panel II: Restricted Female subsample
Selection model 0.1133

(0.0025)
Pooled Estimates 0.1496

(0.0023)
Difference 0.0362 ***

(0.0035)

Panel III: Counterfactual female
Selection model 0.5969

(0.0035)
Pooled Estimates 0.5878

(0.0047)
Difference -0.0091 *

(0.0059)
Note: The first number of each model declares the mean. Standard errors are reported in

parenthesis. Each panel contains one measure with the 2 different models, the specification
with selection of the employment sector and the pooled estimates, as in figure 5.4.4. The
ultimate row reports their average difference and s.e.. The ultimate column declares the

statistical significance.
Significance level: ∗ 10%; ∗∗ 5%; ∗∗∗ 1%

Source: Own elaboration based on BHPS/UKHLS
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incidence of HCM between the selection model and the pooled estimates for
public sector affiliation. Panels I and III show, on average terms, that the se-
lection model dominates the pooled estimates. The opposite holds for panel
II. In fact, in most of the cases,30 the correlation of error terms (between the
wage equation [eq. 5.2] and the public sector one [eq. 5.3]; ρuv) is nega-
tive. This signals a negative selection for the public servants; the allocation
into jobs between the two sectors depends on additional determinants than
the individual observed skills (selection on unobservable productivity). The
matching of workers across sectors decreases, since the gap between pooled
estimates and Heckman specifications increases. This sorting tool drives
women with great demands of work-life balance or specific intrinsic pref-
erences31 into the public sector. This means that, before they enter into the
market, women are already endowed with unobservable characteristics32 in
favour of the state-employer and its accompanying work-life balance which
increase their wage. For example, if a high-skilled woman is likely to join the
public sector given her preferences, she is not well-suited for the private sec-
tor (e.g. she might be more risk averse; Guiso and Paiella (2008) and Bonin
et al. (2007)). This could mean that her counterfactual private-sector wage
is lower than her counterpart who actually works in private sector (due to
negative selection). At the same time, this implies a lower return to skill in
the public sector, as in Hanushek et al. (2017) and Hanushek et al. (2015).

Alternatively, not selecting for the sector of employment underestimates
the extent of HCM (figure 5.4.5). Since the incidence increases after correct-
ing for the self-selection problem into jobs, pooled estimates are downward
biased understating the real HCM. Greater mismatch is caused by a correla-
tion between individual inherent skills and public-sector affiliation (Danzer,
2019). In other words, the returns of the high- and middle-skilled workers
are closer in the selectivity model, while in the pooled one they are further
apart. Or, people who do not enter immediately in a public-sector job, but
hold features and preferences in favour of good job there, accept a "pay cut".
They wait at the back of the waiting queue for this good state-sector job,
while being underpaid. This elaborates empirically why the incidence in-
creases when controlling for the sector affiliation.

30There is a small variation regarding the sing of the Inverse Mills Ratio (IMR) over the
specifications. On 2009 and 2016, lambda becomes not significant. Losing the significance,
though, may not necessarily imply an absence of the sample selection bias. A small sample
(as in these cases), Heckman model are not likely to produce significant lambdas (Certo
et al., 2016). Non-significance may, additionally, occur if exclusion restrictions are weak.

31Gomes and Kuehn (2020) find that female preferences for state-sector activities explain
95% of the gender bias participation in the UK. According to them, women count more
work-life balance, while men job security. They relate this evidence to the higher female
opportunity cost of labour supply by accepting lower wages.

32These features may include intrinsic preferences to work in the public sector; prefer-
ences for particular state-provided jobs (recall the different demand) or they are more
risk averse.
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Waiting Room for university graduates

A reasonable argument may revolve around the primary results. Accord-
ing to an alternative interpretation, the public sector does not cause the mis-
match and it has a better matching process; so, why do we observe this great
magnitude of mismatch? A twofold reasoning declares the importance of
the measure which accounts the position of women relative to the median
employee. First, it presents the greatest gap between the selection model
and the pooled estimates. Second, its magnitude is around (and sometimes
exceeds) 40%.

Aiming to explore the mechanism driving this result, we need to see
which occupations bear the greatest impact of mismatch. Recall figure 5.1.3,
according to which only a few low-skilled jobs exist in the public sector.
Hence, the incidence noticed (figure 5.4.4a) should mostly come from those
employed in middle-skilled jobs holding enough HC to be in a high-skilled
one. Table 5.4.4 reports the average percentage of those in mismatch in each
3-digit-classified occupation. Consistently as before, the incidence changes
when the control group is different. One occupation may be in mismatch
when women seen relative to overall population, but not in the restricted
subsample, and vice versa.

Table 5.4.4: Map of occupations in Mismatch; 1991-2016 (in
%)

Occupation Restricted Female Subsample Relative to overall

Code Title Matched Mismatched Matched Mismatched

311 Physical and Engineering Science Technicians 33.33 66.67 35.56 64.44
312 Computer Associate Professionals 100 0 100 0
313 Optical and electronic equipment operators 91.67 8.33 91.49 8.51
321 Life science technicians and related associate professional 33.33 66.67 37.5 62.5
322 Health associate professionals (except nursing) 54.19 45.81 63.92 36.08
323 Nursing and midwifery associate professionals 51.22 48.78 53.67 46.33
334 Other Teaching Associate Professionals 50 50 44.44 55.56
341 Finance and sales associate professionals 46.77 53.23 62.96 37.04
342 Business services agents and trade brokers 60 40 70 30
343 Artistic, Cultural and Culinary Associate Professionals 70.53 29.47 67.02 32.98
344 Customs, tax and related government associate professionals 68.42 31.58 68.52 31.48
345 Police inspectors and detectives 100 0 100 0
346 Social work associate professionals 64.91 35.09 71.03 28.97
347 Artistic, entertainment and sports associate professionals 56.25 43.75 54.55 45.45
411 Secretaries and keyboard-operating clerks 86.55 13.45 88.83 11.17
412 Numerical Clerks 70 30 76.19 23.81
414 Library, mail and related clerks 86 14 90.12 9.88
419 Other Office clerks 82.57 17.43 85.25 14.75
421 Cashiers, tellers and related clerks 90.48 9.52 92.86 7.14
422 Client information clerks 92.17 7.83 93.24 6.76
512 Housekeeping and restaurant services workers 98.41 1.59 99.15 0.85
513 Personal care and related workers 86.39 13.61 89.8 10.2
516 Protective services workers 79.72 20.28 82.48 17.52
522 Shop, stall and market salespersons and demonstrators 84.21 15.79 87.5 12.5
612 Animal producers and related workers 20 80 30 70
731 Precision workers in metal and related materials 66.67 33.33 66.67 33.33
832 Car, Van and Motorcycle Drivers 33.33 66.67 80 20
913 Domestic and related helpers, cleaners and launderers 77.96 22.04 95.54 4.46
915 Messengers, porters, doorkeepers and related workers 58.14 41.86 70.27 29.73

Note: In this paper, mismatch is initially defined on 1-digit level. ISCO88 codes including
only matched employees have been omitted. Codes with less than 10 observations have

been eliminated.
Source: Own elaboration based on BHPS/UKHLS
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These occupations concentrating workers in mismatch are mostly those
entry-level jobs which individuals may choose until they find a better op-
portunity. In other words, these occupations may act as a waiting area for a
matched position. This would be the case mostly for high-educated workers
who have more options than their low-educated peers. The former type of
workers can either find a matched position immediately after graduation or
be unemployed. Alternatives include to be employed in the public or pri-
vate sectors. In any sector, they may find a job and be in match or mismatch.
Hence, university graduates have six options after graduation. Assuming a
similar arrival rate would not be irrational. Hence, the question is where do
they prefer to wait for the "perfect" job?

For instance, a nurse, a teacher or a psychologist can go quicker or di-
rectly to a matched job.33 On the other hand, a Ph.D. in Philosophy gradu-
ate34 may need to further wait for a lectureship outside of the traditional aca-
demic sector due to job scarcity (Canal Domínguez and Muñiz Pérez, 2012).
In the meantime, a low-skilled job in a retail store or as a waiter35 would
not look appealing (due to frustrations, e.g. a lower job satisfaction). In-
stead, accepting a public-sector job in mismatch may look significantly more
attractive given her preferences. Yet, this type of workers benefits the pub-
lic sector since they are more productive, under the HCT. Figure 5.4.6 il-
lustrates these choices and their unconditional transition rates reaching the
perfect job within two periods. The least likely waiting area occurs in unem-
ployment. It concerns highly-educated workers whose skills are important
for any market; they rather be employed than unused. On the other hand,
workers previously in the public sector seem to find their matched position
sooner. Estimates imply that almost 1 in 6 female public servants (18%) are
more likely to end in a matched job sooner, while almost 1 to 8 (or 12%)
for those in the private sector (difference statistically significant at 1% level).
The aforementioned matched position is highly likely to be in the public sec-
tor (table 5.4.5). This evidence argues, further, in favour of accounting for
the endogenous decision of the affiliated sector. Individuals may choose the
public one due to its attractiveness, fringe benefits and opportunities.

Job satisfaction and sector of employment

To validate the argument above, I further test whether these choices are
consistent with the self-declared job satisfaction of employees. If highly-
educated workers prefer to be in mismatch and work in the public sector,

33The focus centres around those educated workers, because they are qualified to be em-
ployed in either sector. They are probably not going to get a graduate public-sector job,
because they do not hold the job-specific skills or they face a great competition (excess
labour supply). Otherwise, if they did, as for example nurses, they would already have the
graduate public-sector job.

34De Paola and Gioia (2012) find that higher risk aversion should induce students to enrol
in humanities. If Human Capital Theory holds, these students make an investment in
education, which will pay off in the long-term.

35There is a direct relationship between the mismatch and firm productivity across different
working environments (Mahy et al., 2015).
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Table 5.4.5: Where is the perfect job?

Period t

Private Public

Period t − 1 N % N %

Public 7 7.29 89 92.71
Private 61 93.85 4 6.15
Unemployment 2 40 3 60

Note: In period t −1 a high skilled individual is in mismatch and the consecutive period, i.e.
in period t, she finds the perfect (matched) job. The measure of mismatch employed here

regards the restricted female subsample.
Source: Own elaboration based on BHPS/UKHLS

they should report greater job satisfaction than their colleagues who are in
the private sector (and in match), ceteris paribus.

To this end, I run an ordered probit regression of job-satisfaction on the
offers one may have controlling for the level of education, the age (and its
square, as a proxy for experience), marital status, number of children and
the danger of retirement for any female employee and for high-educated type
one. Regional fixed effects included. Figure 5.4.7 reports the marginal out-
comes of offers on the jobs satisfaction. Results suggest that more satisfied
with their job women accept a less skills-intensive job in the public sector.
Alternatively, female employees prefer to wait in the public sector in mis-
match rather than the private one in match. This is robust with the earlier
result and consistent for both highly-educated and any type of female em-
ployee. To make it more clear, for the highly-educated women, I group the
7 self-reported answers into 3; dissatisfied, neither satisfied not dissatisfied
and satisfied. This step is more interpretable and strengthens the same argu-
ment. The greater job satisfaction in the public sector is not unprecedented
in the literature (Blackaby et al., 2015), even in non-UK context (e.g. Danzer
(2019)).

5.5 Conclusions

This paper looks at the extent of female public-sector employees in mis-
match. It contributes to earlier evidence accounting for the endogenous self-
selection into jobs. To this end, I examine the position of a woman relative
to the median employee, her peers or in the male labour market. Working
assumption treats each sector as a separate, potentially segregated, labour
market which has a different demand for skills. This is why each sector of-
fers different wages.

Initially, I verify the existent gender bias in favour of women regarding
public-sector participation. The government sector employs more women
and older workers (whose age exceeds the 33 years). Concerning their ed-
ucational profile, public servants are mostly highly educated. Besides, this
sector does not offer many low-skilled jobs.
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The incidence of mismatch differs when the control group changes. Once
women are seen relative to the overall population, the magnitude may reach,
or in some cases exceed, 40%. The mechanism aiming to explain this sizeable
magnitude of mismatch is not frequently visited by the empirical literature.
Occupations, which mostly suffer from this inefficiency, include more entry-
level jobs. Individuals may not find their matched job immediately due to job
scarcity and great competition. These junior positions endow the employees
with job-specific skills for their future career. Workers may find later their
’perfect’ job most likely in the same sector they wait. Otherwise, if employees
enter into the labour market highly-educated holding specialised skills, they
will probably end up in the matched position without waiting or queuing for
any better job. Therefore, what this mismatch measure counts is the lower
relevant labour market experience these individuals have relative to their
initially matched counterparts.

This analysis is consistent with the self-reported overall job satisfaction of
employees. If the aforementioned mechanism holds, i.e. individuals prefer
to wait in the public sector in mismatch, they should gain greater job satis-
faction from their job. Indeed, other things being equal, public servants in
mismatch report greater satisfaction than their counterparts in high-skilled
private-sector jobs.

Limitations First limitation of this paper regards the dataset used. BHPS
and ‘Understanding Society’ are survey data with small number of observa-
tions; their informative power, though, is strong. Second limitation concerns
no control for the participation decision, since the working sample is only
comprised of those in paid employment. This choice was driven by the data
limitation to respect the exclusion restriction. To the best of my knowledge,
there was no variable to contribute exclusively in favour of the labour supply.
A potential claim of not directly comparable estimates between the selection
model and the pooled one is recognised. An additional source of data may
help to identify a double-selection model, as in Tunali (1986).

Policy Implications The importance of this evidence sets the framework
on efficient allocation in the public sector. This paper does not aim to answer
how the public sector should allocate its workforce. It stands a step behind
and highlights the extent of mismatch. Men and women are not symmet-
rically affected by employment and wage policies. This discussion should
welcome great attention, since women, who are prone to be in mismatch, are
overrepresented in the public sector. Clear implications, standing in line
with earlier research (Mocetti and Orlando, 2019), may regard the effective-
ness of governmental investments and the quality of services provided. Mis-
allocated human capital endowments may result in lower competitiveness.
Finally, evidence on the negative selection in the public sector implies that
what increases the probability of becoming a public servant acts as a ‘pay
cut’ for those selected. In other words, the return to skill is lower in the pub-
lic sector. Given that the analysis provided concerns women, this has direct
implications on their working life and can address motherhood policies.
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Figure 5.4.3: Average unconditional worker transitions, 1991-
2016

Note: The circles illustrate the average employment (blue) and Out-of-Work (pink) stock
rates over the period of 1991-2016. The blue circles show that a worker can be either

employed in the private or public sector. Within a circle, the first value shows the average
stock rate; the s.d. is in parenthesis. Worker stocks are expressed as a fraction of the total
working-age population (definition followed by BHPS including individuals aged 16-65
and 16-59 for men and women, respectively). The arrows illustrate the unconditional

transition from the one status to the other within two periods, e.g. between t − 1 and t. The
values above each arrow show average probability to move from the one status to the other.

(m) and (f) represent the values for men and women, respectively.
Source: Own elaboration, based on BHPS/UKHLS
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(a) Women relative to median employee
Note: I assign the overall population estimates to women and I compare their relative

position to the overall distribution of the more skill-demanding occupation.
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(b) Restricted female subsample
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(c) Counterfactual Female
Note: I assign the estimates of men to women.
I repeat the previous exercise. By this way, I
alleviate any a priori discrimination against
women. Alternatively, this method treats
women as being in the male labour market.

Figure 5.4.4: Incidence of Human Capital Mismatch: three in-
dices

Note: Solid lines show the estimates from specifications using the selection model for the
public-sector employment. Dashed lines show the estimates from pooled results for those
in the public sector. In terms of the economic context the period when peaks observed: In
2010, the government in the UK implements a nominal wage cap across the public sector
but for salaries below £21,000. Since 2013, most annual pay rises have not exceeded an

average of 1% annually. This policy has been relaxed in 2017 given the recovery of
private-sector real wage growth (Cribb, 2017; ONS, 2017).

Source: Own elaboration based on BHPS/UKHLS
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(b) Pooled Estimates

Figure 5.4.5: Importance of the selection model: negative selec-
tion; relative to median employee

Note: Solid line regards female employees in middle-skilled occupations with the overall
population estimates in the public sector. Dashed line regards the overall population
estimates employed in high-skilled occupations in public sector. The vertical solid line

shows the median of the dashed line. Whoever stands on the right-hand side of the median
and on the solid line is in mismatch.

Source: Own elaboration based on BHPS/UKHLS
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Figure 5.4.6: Waiting room for a university graduate within pe-
riods t − 1 and t; Restricted Subsample

Note: Averages over the panel. s.e. in parenthesis. Each circle represents the state a
university graduate is in period t −1. Probabilities to end up in a matched (or perfect) job is
placed over each arrow. Difference between public and private sectors is significant at 5%.

Source: Own elaboration based on BHPS/UKHLS
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Figure 5.4.7: Marginal outcomes of offers on job satisfaction
Note: HS stands for High-skilled. Outcomes of offers include: (1) Unemployment; (2)
High-skilled public-sector job; (3) High-skilled private-sector job; (4) non-High-skilled
public-sector job; (5) non-High-skilled private-sector job. Probability of unemployment
was equal to zero and omitted. Interestingly, the more satisfied a woman is with her job,

the greater the gap of accepting a non-high-skilled job in the public sector. In other words,
more satisfied female employees prefer to wait in mismatch in the public-sector. Difference

between the outcomes is significant in 1%.
Source: Own elaboration, based on BHPS/UKHLS
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Figure 5.4.8: Marginal outcomes of offers on job satisfaction,
recoded

Note: HS stands for High-skilled. Outcomes of offers include: (1) Unemployment; (2)
High-skilled public-sector job; (3) High-skilled private-sector job; (4) non-High-skilled
public-sector job; (5) non-High-skilled private-sector job. Probability of unemployment
was equal to zero and omitted. Interestingly, the more satisfied a woman is with her job,

the greater the gap of accepting a non-high-skilled job in the public sector. In other words,
more satisfied female employees prefer to wait in mismatch in the public-sector. Difference

between the outcomes is significant in 1%. This graph differs from the previous one in
terms of coding the level of satisfaction from 7 categories to 3.

Source: Own elaboration, based on BHPS/UKHLS
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Appendix

5.A Sample Characteristics

Table 5.A.1: Descriptive Statistics

All Private Public p-value

Highest Qualification 0.000
Higher Degree 3.76 2.26 6.59
1st Degree or equiv 12.95 9.53 19.38
other higher degree 11.42 8.84 16.25
A-level etc 23.96 25.46 21.13
GCSE etc 27.18 29.62 22.61
other qualification 10.21 11.97 6.92
No qf 10.51 12.32 7.12
No of hrs overtime 3.79 4.01 3.41 0.000

(6.20) (6.32) (5.95)
No of hrs worked 34.07 35.25 31.94 0.000

(10.99) (11.08) (10.49)
Has dependent child(ren) 42.29 41.81 43.14 0.000
Real hourly wage 13.33 12.77 14.3 0.000

(7.11) (7.26) (6.72)
Number of children 0.000

0 57.71 58.19 56.86
1 18.69 18.41 19.2
2 17.72 17.43 18.26
3 4.97 5.01 4.89
4 0.77 0.81 0.71

5+ 0.13 0.16 0.08
Older employee (35+ yrs.old) 62.66 59.04 69.24 0.000
Closer to retirement (55+ yrs. old) 8.75 8.14 9.84 0.000
Single parent 3.7 3.11 4.77 0.000
Married 61.29 60.22 63.22 0.000
Ln(hwage) 2.47 2.42 2.56 0.000

(0.55) (0.57) (0.51)
Age 39.84 39.05 41.26 0.000

(9.99) (10.06) (9.69)
Entered LM in t-1 6.01 6.42 5.25 0.000
Note: For the continuous outcomes, means are reported in the first cell and standard

deviations are reported in parentheses. The rightmost column reports p-values from tests
of equality of distributions between public- and private-sector employees, based on a
Wilcoxon rank-sum tests for ordinal variables and χ2 tests for categorical variables.

Source: Own elaboration based on BHPS/UKHLS
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5.B Conditional Transition Probabilities

If individuals are employed in period t − 1, they can (i) maintain their job
(or move from private to public sector, and vice versa). Alternatively, (ii) they
can exit from work (OoW).36

Pr(OoWt |emplt−1) =
exp(xiβu)

1 + exp(xiβu) + exp(xiβin)
(5.4)

where xi includes the control variables of age (and its square); level of edu-
cation, region, year, occupation, a dummy to capture the increasing influx
into retirement (=1 if individual is older than 55 years old.). Control for the
gender and public sector, and their interaction has been included.
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Figure 5.B.1: Conditional transition probabilities to unemploy-
ment and retirement

Note: Estimates from a multinomial logit regression of the change after employment on age
(and its square), education level, occupation. To account for the increasing influx to
retirement, a dummy =1 when age is in the range of 55 to 65 is also used. Estimation

includes a public sector dummy, the gender dummy and their interaction. Region and year
fixed effects included. The first row illustrates the transition into unemployment and the

second into inactivity. The first and second columns represent the estimates for private and
public sectors, respectively.

Source: Own elaboration, based on BHPS/UKHLS

36Here, I poorly define out-of-work state. It includes unemployment and inactivity, as in the
unconditional setting.
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5.C Robustness Checks
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Figure 5.C.1: Public employment shares by gender, variation
over age groups

Note: Profiles have been normalised around 26yo and the share of public-sector
employment of women. Significant changes appear after 33yo.

Source: Own elaboration based on BHPS/UKHLS
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Figure 5.C.2: Ratios of public and women’s employment shares,
by age

Note: Ratio of public employment share (solid line) equals the share of women relative to
men’s employment. Ratio of women’s employment share (dashed line) equals the sare in

public relative the one in private sectors for female workers. Both figures declare that older
workers are employed in the public sector; the slope becomes steeper over the age.

Source: Own elaboration based on BHPS/UKHLS
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Figure 5.C.3: Transitions: Pri2Match and Pub2Match; Re-
stricted female subsample

Note: Reference year 1993. The solid (dashed) line reports the annual transition rates from
a job in the public (private) sector in mismatch to one in any sector but in match. Around
the Great Recession, it is evident that the private sector reacted quicker than the public one.
This is consistent with the changes on employment rates (overall and by gender) and the

participation rates.
Source: Own elaboration based on BHPS/UKHLS
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Figure 5.C.4: Transitions: Pri2Match and Pub2Match; Relative
to overall population

Note: Reference year 1993. The solid (dashed) line reports the annual transition rates from
a job in the public (private) sector in mismatch to one in any sector but in match. Around
the Great Recession, it is evident that the private sector reacted quicker than the public one.
This is consistent with the changes on employment rates (overall and by gender) and the
participation rates. Around this period, spikes are consistent with literature evidence (see

Fontaine et al. (2020))
Source: Own elaboration based on BHPS/UKHLS
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Chapter 6

Unobserved Productivity and
Mismatch: Evidence from the
British Cohort Study 1970

Abstract
This paper examines the intersection of unobserved productivity and mismatch in
the British labour market. Using the British Cohort Study 1970 (BCS70) data, indi-
vidual unobserved heterogeneity is measured by the cognitive and non-cognitive
skill test scores throughout childhood. Replicating the identification strategy of
chapter 2, I derive the incidence of mismatch for cohort participants. A compar-
ison to earlier estimates follows. Results show that the incidence does not fluctuate
significantly over time and increases when accounting for skills of those born in
1970. Evidence suggests that unobserved productivity does not contribute to mis-
match in the market. Finally, I explore the effect of parental background on getting
a graduate job. Higher skilled parents increase the probability of being in match.
When controlling for skills, the effect shrinks but the pattern persists.

6.1 Introduction

Several studies examine the incidence and effects of mismatch on
wages, career mobility and job satisfaction (see for a review chapter
2). Chapter 3 shows that search frictions generate mismatch in the
labour market. Empirically an employee is identified to be in mis-

match if they work in a more skills-demanding job (chapter 2). Skills1 play
an important role in the matching process between employers and employ-
ees. The novel multidimensional measure of mismatch developed in chapter
2 strongly depends on the accurate estimate of returns to education. Based
on the estimates of their returns to skills, workers are in mismatch if their
returns exceed the median premium paid in a more skills-demanding occu-
pation. If returns are underestimated, the incidence of mismatch will be
downwards biased. Hence, a richer definition of human capital accounting
for individual heterogeneity would generate a more robust mismatch mea-
sure.
1The setting of this paper will not examine the skills mismatch as discussed in Felstead,
Gallie, and Green (2017).
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Furthermore, job allocation is important if skills and physical capital are
complements.2 In that case, job allocation can explain the inequality ob-
served among high-skilled workers. However, skills acquisition is not a suffi-
cient condition to get a good job and improve overall productivity. If it is not
the skills, what is the ticket to a good job? It can be related to the privilege of
certain groups of workers to access particular jobs. In that case, the market
does not use fully the available workers skills and raises barriers to occu-
pational mobility. An example of privilege can be considered the parental
background. For instance, high-skilled parents (or parents from high socio-
economic class) have access to resources that enhance skills transmission and
increase the probability of getting a degree. Getting a degree would increase
the probability of getting a good job.

This paper discusses how unobserved productivity interacts with mis-
match in the labour market. It replicates the identification strategy followed
in chapter 2 and uses the British Cohort Study 1970 (BSC70) data3 for the
overall population. Furthermore, it compares BCS70 estimates with those
from BHPS. The comparison exercises follow the same definition, while some
specifications control for skills using cognitive and non-cognitive test scores4

throughout childhood. If estimates of mismatch with and without control for
cognitive and non-cognitive skills are similar, any differences would come
from individual unobserved heterogeneity. One would expect that the inci-
dence of mismatch should decrease in a richer definition which controls for
skills. In this paper, skills are based on both cognitive and non-cognitive5 as-
sessments. Results suggest that the incidence of mismatch for cohort partic-
ipants does not fluctuate much over time. Individual unobserved productiv-
ity does not generate mismatch; this is robust regardless of worker’s gender.
A twofold battery of robustness check verifies the aforementioned argument.
First, the paper shows that workers in mismatch do not have particularly dif-
ferent cognitive and non-cognitive skills than those in match. Second, a skill
principle component analysis shows that cognitive and non-cognitive skills
are substitutes given the number of components needed for those who hold
or not a degree. Determinants of individual personality or character seems
to drive wages, and hence, the returns to skills which identify the mismatch
here. Finally, Propensity Score Matching matches the sample on the average
characteristics of skills. By this way, we can see the impact of parental back-
ground on the mismatch. Results show that higher skilled parents positively
affect the likelihood of getting a graduate job.

2In perfect competition, the job title would not matter much. The job would be a label for a
particular match.

3In this chapter, I use the BCS70 to better define human capital employing the cognitive and
non-cognitive skills test scores data offer.

4The literature has established the use of test scores in labourmarket outcomes. For instance,
military test scores are significant on earnings and unemployment (Lindqvist and Vestman,
2011), and affect job-skill mismatch on labour mobility (Fredriksson, Hensvik, and Skans,
2018).

5In the literature, alternative terminology includes socio-emotional or character skills (Dem-
ing, 2017b; Heckman, Humphries, and Kautz, 2014). Papageorge, Ronda, and Zheng (2019)
acknowledge the flourishing literature which incorporates non-cognition into human capi-
tal definition. For a literature summary, see Almlund et al. (2011).
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Empirical work establishes a causal relationship between education and
wages to address several practical and policy-oriented questions. Psacharopou-
los and Patrinos (2018) offer an overview of the literature for 139 countries,
including the UK. Most estimates are based on the traditional Mincear wage
equation. According to the authors, the private returns to education in the
UK range between 11% - 12.2% depending on the level of education. These
estimates, though, may be biased. As Gunderson and Oreopolous (2020)
recognise, highly educated workers can have other characteristics,6 which
are associated with higher earnings, but they are not controlled in the usual
estimation. Skills - cognitive and non-cognitive - seem to be the primary de-
terminant of the wage. If wages are set according to the law of one price for
each level of skills, then ignoring the aforementioned controls would not be
extreme to estimate the returns. Especially in the long-run, skills play an
essential role in career mobility. In the short-run, though, these "frictional"
determinants may matter more in earnings determination.

The causality between cognition and wages may seem evident and is well-
documented. However, literaturemostly remains suggestive for non-cognition
and labour market outcomes.7 This is because omitted variable bias that
drive non-cognitive skills estimates.8 An interesting result arises from the
estimates of Papageorge, Ronda, and Zheng (2019). They argue that some
skills penalised at school may be valuable in the labour market. They explain
that the productivity of non-cognitive skills may differ depending on the eco-
nomic context seen. Misbehaviour, for instance, is associated with lower ed-
ucational outcomes, but higher wages regardless of the gender of the worker.
Similarly, misbehaviour contributes to greater female exposure in the mar-
ket. An equivalent interpretation for career choices, originated from Roy
model and extended by Willis and Rosen (1979) for selection into occupa-
tions, regards the differences in returns to academic and non-academic skills
across occupations. Collapsing worker skills into a single index generates
a loss of information. Ranking across occupations varies due to firms het-
erogeneity, and hence, a multi-dimensional sorting occurs (Böhm, Esmkhani,
and Gallipoli, 2020; Lindenlaub and Postel-Vinay, 2020). In this paper, I in-
clude several test scores for cohort members from the age of 5, 10, 16 and
when adults. However, some individual tests may contribute more than oth-
ers and genearate significant differences between those in match and mis-
match. To alleviate this concern, following Attanasio et al. (2020), I further
construct an index which horizontally aggregates individual non-cognition.
Heckman, Jagelka, and Kautz (2019, p.28) support that treating cognitive
and non-cognitive skills as bundles generate the "greatest economic return".

The rest of the paper has the following structure. Section 2 describes the
data and outlines the methodology followed. Section 3 presents the results,

6We may think of controls related to industry of occupation, firm characteristics, union
power.

7Non-cognition is acknowledged more in recent literature because of the technological
changes (Webb, 2020; Deming, 2017b; Autor, Katz, and Kearney, 2006). Though, little
evidence exists on the causal relationship of non-cognitive skills and market success or the
signalling value to potential employers.

8See Noray (2020) overviews recent literature emphasing on new work in Economics.
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while section 4 concludes.

6.2 Data and Methodology

6.2.1 Data

This analysis uses the British Cohort Study 1970 (BCS70), which follows
around 17,000 individuals born in England, Scotland and Wales in the first
week of April 1970. Cohort members have been interviewed at age 5, 10,
16, 26, 30, 34, 38, 42 and 46. I use test scores from age 5, 10, 16 sweeps to
construct cognitive and non-cognitive skills measures for each member. Ad-
ditional non-cognitive question from age 30 sweep has been included. A list
of the test scores used can be found in the appendix 6.A. From sweeps at age
26 and later, I further use the employment and partnership data to construct
the mismatch index as in Galanakis (2019ch01).

To contribute to the discussion on the returns to skills, I compare these es-
timates with earlier findings from the British Household Panel Survey (BHPS).
To this end, I restrict my sample until the sweep of age 42 (or year 2008).

6.2.2 Methodology

In this paper, I replicate the identification strategy followed in chapter 2. To
compare the incidence of mismatch between the BHPS and BCS70, I restrict
the estimates to those years that the cohort study runs. This raises sample
sizes issues regarding the BHPS. For example, in 1996, BHPS does not in-
clude 17,000 26-years-old individuals. Hence, the difference, if any, in the
incidence of mismatch between the two datasets may be attributable to some
extent to sampling variation.

To eliminate such concerns, I compare the BCS70 index, which controls
for skills throughout childhood,9 with 3 different measures. First, I compare
directly with the BHPS estimates, restricting for the age and particular year
(e.g. the incidence for 26-years-old employees in 1996). This may be still
exposed to the concerns regarding sampling variation. It can work, though,
as a benchmark case. Second, since BCS70 index controls for skills, I need
to make sure whether skills affect the magnitude of mismatch. To this end,
I identify those in mismatch between the two samples using the exact same
strategy; i.e. I only control for the level of education in both samples. If
estimates of mismatch resulting from BHPS and BCS70 without control for
skills are similar, any difference observed when controlling for skills would
not be attributed to sampling variation. Third, I construct a weight using the
BHPS data. In BHPS, I calculate weights as the average wage by occupation
and education group. Note that education is commonly defined and occupa-
tions have been classified in the same way across samples. Then, I estimate
the incidence of mismatch using the second exercise and apply the weights.

9Specifications including parental education and social class attempted. Blundell, Dearden,
and Sianesi (2005) show that controlling for these background characteristics, one takes
account of the selection into higher education for those with at least one A level exam.
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By this way, I treat the cohort members as being interviewed in BHPS. If the
estimates coming from the last two exercises are the same with (or very close
to) the BHPS (in exercise 1), any difference will result from the control of
skills. In other words, any difference seen in the first exercise will come from
the cognitive and non-cognitive skills, or what is usually acknowledged as
unobserved productivity.

The identification of mismatch works if the returns to education are esti-
mated correctly. If there is a significant magnitude of mismatch in a particu-
lar group of workers, the returns are downward biased for this group. Hence,
one could trust estimates coming from BCS70 which controls for additional
individual characteristics and has a richer definition of human capital.

Finally, for the robustness check, I show that those in mismatch do not
have particularly lower/higher cognitive or non-cognitive skills than those
in match. This exercise is focused on the entire workforce without disaggre-
gating by gender. A by-gender analysis is presented in the appendix.

6.3 Results

In this section, I outline the estimates stemming from the BCS70. Further,
I compare these estimates with those from earlier analysis (chapters 2 and
4) to highlight the how much mismatch changes when accounting for other
dimensions (i.e. unobserved productivity).

6.3.1 Mismatch in BCS70

Figure 6.3.1 reports the incidence of mismatch for the 1970 cohort based on
BHPS and BCS70. For comparability purposes, this figure only looks at the
same years (and hence same age) of the cohort study, i.e. individuals aged 26,
30, 34 and 38. The three rightmost bars referring to BCS70 are common be-
tween figures 6.3.1a and 6.3.1b. Their difference comes from the incidence
of mismatch reported from BHPS. In, figure 6.3.1a, I report the estimate
of mismatch using BHPS for a particular year and only for those who share
the same age with the cohort participants. This allows to see any particu-
lar issues in the labour market within a certain year. Though, it may not be
an accurate comparison, because workers in a given age may face certain fric-
tions. For example, chapter 4 shows that recent female entrants in the labour
market face a greater probability of mismatch. Later, women may face some
period off the market for childbearing purposes. To this end, figure 6.3.1b
reports the average incidence for a given age, to make a direct comparison
with the estimates based on BCS70.

Themain contribution of this paper is the account for the unobserved pro-
ductivity utilising themeasures of cognitive and non-cognitive skills through-
out childhood.10 The rightmost bar of each group on both panels of figure
6.3.1 shows the magnitude of mismatch in BCS70 when accounting for the

10Harmon, Oosterbeek, and Walker (2003) use the National Child Development Survey
(NCDS). NCDS is an earlier cohort study of those born in 1958. Harmon, Oosterbeek,
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test scores. The incidence does not fluctuate much over the years for this
particular cohort remaining constant around 18%. This might be explained
if one looks at the mobility between match and mismatch status. Table 6.3.1
summarises the transition rates between the two consecutive periods (t − 1
and t) as in chapter 2. The majority of those born in 1970 do not move to a
better job.11 On average, only 11% of the workforce finds a better job and is
in match. Almost 1 out of 5 people is (11.2%) or remains (7.8%) in mismatch.

Table 6.3.1: Mismatch transitions (in %)

Matched Mismatched

remained became remained became

2000 70.87 10.68 6.93 11.51
2004 69.79 11.1 7.62 11.5
2008 68.85 11.68 9.2 10.27

Total 69.91 11.11 7.82 11.16
Note: Transitions calculated between two consecutive periods (t − 1 and t) as in chapter 2.

Source: Own elaboration, based on BCS70

To show the significance of skills in the estimation of mismatch, I further
estimate specifications which only control for the level of education. This
compares the second bar (BCS70 [BHPS ID]) with the rightmost one in both
panels of figure 6.3.1. From the graph, we notice that the incidence increases
when controlling for the unobserved productivity. If individual productivity
plays an important role in the matching process, controlling for skills would
have resulted in more workers being in match and lower incidence of mis-
match. Hence, for validity of the argument, we need to compare these esti-
mates with earlier ones based on BHPS. If the estimates coming from the two
datasets are close when using the same identification, mismatch is not driven
by just unobserved individual skill heterogeneity. This is why, I compare the
two leftmost bars in each panel. Both employ the same identification of mis-
match - namely, they only control for the level of education. The comparison
is made possible by maintaining a constant definition of education and same
occupation classification. To this end, one can notice that for the latter three
years of the cohort study (2000-2008) estimates are very close. 1996 esti-
mates are not as close as later years.

Finally, a reasonable concern might regard the sample size variation be-
tween the two datasets. BHPS in a particular year does not question the same
amount of individuals born in 1970. Hence, any difference arisen between
samples could be driven by the size of observations. To alleviate this concern,
I calculate a weight from the BHPS to apply on BCS70. The same observation

and Walker (2003) look at the role of controlling for cognitive skills. Their findings sug-
gest little signalling value to education; education picks up innate ability at age 7 and not
later in life.

11The same argument holds if we look those specifications which only control for educa-
tion (BCS70 [BHPS ID]). There, the incidence of mismatch is lower and transitions more
limited.
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Figure 6.3.1: Incidence of mismatch: Overall population
Source: Own elaboration based on BHPS and BCS70

between BCS70 commonly identified with BHPS occurs here. The estimates
of mismatch are very close and 1996 shows a difference. In 2008, the gap
of all estimates bridges and minimal differences exist between any BCS70
specification and BHPS.

Therefore, figure 6.3.1 supports the argument that individuals may be in
mismatch not due to their skills. This also holds if one looks at either women
(appendix 6.B.1) or men (appendix 6.B.2). Women follow the pattern of the
overall population. The estimates of mismatch for men when controlling for
skills are slightly higher than when not controlling for them.

Robustness Check 1: Differences in Skills by mismatch

To further validate the aforementioned argument, I show that those in mis-
match do not have significantly lower cognitive and non-cognitive skills than
those in match. This is consistent among degree and non-degree holders.

Table 6.3.2 summarises the cognitive and non-cognitive skill test scores
of those who hold a degree or not by mismatch statues, and reports their
difference. This table excludes the low-skilled individuals, who by definition
cannot be in mismatch. The table reports all test scores individually.

Looking at the non-cognitive skill test scores, the majority has no differ-
ence by mismatch both for degree and non-degree holders. Some tests, indi-
vidually, seem to have a significant difference. The second index aggregates
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horizontally all the non-cognitive test scores,12 as in Attanasio et al. (2020).
This index may be seen as a joint test for non-cognition. It shows no statisti-
cal difference between those in match and mismatch. Regardless the degree
and matching status, women have greater non-cognitive test scores. This
may suggest that they mature earlier than men. Looking at the cognitive
skill test scores, middle-skilled workers in match have lower cognitive skills
than their counterparts in mismatch. This is not the case for the high-skilled,
whose difference is not statistically significant in most tests. Regardless the
degree, matched women outperform men in test scores on average. Hence,
there is no evidence that unobserved skill would explainmismatch for degree
holders. On the contrary, there is weak evidence for middle-skilled individ-
uals without a degree.

12All the non-cognitive skill test scores have been included to inform about differences each
may have.
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Figure 6.3.2: Cognitive and non-cognitive skills
Source: Own elaboration based on BCS70

Robustness check 2: Skills Principal Component Analysis

Principal Component Analysis (PCA) of skills help us to reduce the dimen-
sionality of the data. This is particularly important when cognitive and non-
cognitive variables are highly correlated.13 From the PCA, we take the (i)
eigenvalues for each component, (ii) the difference in eigenvalue size among
the principle components, (iii) the proportion of variation explained by each
component and (iv) the cumulative proportion explained. For example, the
first three components explain 27.3% of the variation when accounting for
both cognitive and non-cognitive skills. Empirical rule requires using as
many components as their eigenvalue is greater than 1. This is satisfied in
the first 15 components. Following, we receive the eigenvectors with which
we can inspect exactly how each variable loaded onto each component. The
coefficients on each variable are the linear combinations that make up each
of the components (Henderson, 2017).

The first 2 out of 15 components explain the major variation. This is
why figure 6.3.3 plots the coefficients of eigenvectors by pca. For instance,
the combination of non-cognition (purple dot) loads much on the first com-
ponent, but low on component 2. More precisely, individual non-cognitive
skills of early childhood (blue dots) mostly load in component 2 than in com-
ponent 1. Non-cognitive skills of teenagehood (pink dots) load negatively in
both components. Green, petrol and light blue dots present cognitive skills
in the age of 5, 10 and 16 years old, respectively. Most of them load positively
on both. However, there seems to be a greater concentration of cognition on
the first component and lower on the second one.

13Correlation matrix available upon request.
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Figure 6.3.3: Loading plot
Note: Overall Kaiser-Meyer-Olkin measure of sampling adequacy 0.8046 for both cognitive

and non-cognitive test scores.
Source: Own elaboration based on BCS70

Here, we are interested in how the model performs in predicting out-of-
sample variation. To do so, we employ the k-fold cross-validation.14 I com-
pute the estimated RMSE for amodel with only pc1 as a predictor with k = 10.
Then, I repeat the process with two principle components, namely pc1 and
pc2, as predictors. I continue adding principal components to the model un-
til RMSE does not decrease significantly. K-fold cross-validation is simple to
compute using the function STATA ‘crossfold‘. Figure 6.3.4 plots the RMSE
against the number of principle components by holding a degree. Different
specifications control for both cognitive and non-cognitive skills or solely for
one type of skills. When jointly controlling for cognition and non-cognition
or solely for cognition, more components are needed for non-degree hold-
ers. When controlling for non-cognition only, one component is required
for non-degree holders, while 2 for degree holders. This shows that the ex-
planatory power of this specification is similar. On the other hand, cognition
plays an important role in the prediction of out-of-sample observations, since
the number of principle components changes by holding a degree. In some
cases, as for the degree holders when accounting for cognitive skills only, ad-
ditional components seem to increase RMSE. This may imply that further
components add up noise; the number of components is not correlated with
the dependent variable.

Appendix 6.D includes estimates of eigenvalues and cumulative explana-
tory power by the number of principle components and the loading plot for
cognitive and non-cognitive skills separately. This analysis offers a twofold
interpretation on how skills interact with mismatch. First, cognitive and
non-cognitive skills substitute each other given the number of components

14We split the data in k = 10 parts. The first part will be a test dataset while the k − 1 parts
will be our "training" dataset. We run the regression on the training dataset and use those
coefficients to run the model on the test data. We record the root mean squared error
(RMSE) on the test data. We repeat this process until each of the k parts has been used as
a test dataset and then take the average of the RMSE’s.
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Figure 6.3.4: RMSE of regressions with number of principle
components

Note: Solid line presents estimates for those who hold a degree, while dashed line for those
who do not have a degree. When controlling for both cognitive and non-cognitive skills, 1

component is sufficient for those with degree, but 5 components are required for
non-degree holders. When only non-cognitive skills are controlled for, 2 principle

components are needed for degree holders and 1 component for non-degree ones. When
accounting only for cognitive skills, 5 components are required for those with a degree,

while 12 components for those without a degree.
Source: Own elaboration

needed for degree and non-degree holders. Second, what drives the individ-
ual personality or character seems to drive wages, and hence, the returns to
skills which identify mismatch in this setting.

6.3.2 Parental background and offspring’s mismatch

Another interesting aspect in terms of the individual allocation to jobs re-
gards the parental background. The question is whether members of Gen-
eration X are more or less likely to climb the working ladder compared to
the Baby Boomers before them and work in a better job. Does parents’ social
class and/or education explain the offspring’s probability to get a graduate
job? In this setting, the social class is defined by the occupation one holds.
The graduate job is the one in which the worker is in match and holds a de-
gree. This section complements a broader discussion of an upward or down-
ward mobility in the social or economic ladder. A poor parental background
would have a twofold contribution. First, the offspring is less likely to access
higher education and hence get a degree. Second, this reduces the alterna-
tives of the offsprings, given their degree, to get a high-skilled (or graduate)
job. Blanden et al. (2002) find that cohort members in 1970 are less likely
to move socially than older generations. In their study, they explain that
educational choices are determined by parental background.

Occupation, and hence social class, plays a different role between degree
and non-degree holders. Pooling the earlier estimates on the incidence of
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mismatch by social class, table 6.3.4 shows that for the degree-holders the
incidence of mismatch decreases when controlling for skills. However, for
the non-degree holders the incidence of mismatch increases when account-
ing for the unobserved heterogeneity.

Table 6.3.4: Incidence of mismatch, pooled by social class (av-
erage; in %)

Degree Non-Degree**

Cognitive & Non-cog skills Educ only Cognitive & Non-cog skills Educ only

I Professional 0.99 0.9 0 0
II Managerial - technical 12.37 20.16 9.51 0.65

IIINM Skilled non-manual 53.56 55.48 10.79 2.12
IIIM Skilled manual 49.39 60.12 25.4 5.48

IV Partly skilled 84.68 85.1 13.44 9.41
V Unskilled 100.00* 100.00* 16.22 6.56
Others (Unempl/unclass/army) 0 27.47 30.22 14

Total 15.03 20.66 13.57 4.5

Note: * only one observation included. ** Middle-skilled workers excluding low-skilled
people who by definition cannot be in mismatch.

Source: Own elaboration based on BCS70

To investigate the explanatory power of the parental background on the
probability of getting a graduate job (or not being in mismatch), I use the
Propensity Score Matching (PSM). PSM is useful to overcome the challenges
of the questions I set here. Differences in outcomes between the treated (high-
skilled parents) and untreated (middle- and low-skilled parents) groups may
be the result of confounding variables and not necessarily the treatment. I
match individuals on the average characteristics of the sample with the same
cognitive and non-cognitive skills. The matching estimator regards the sin-
gle nearest neighbour within a caliper of 0.25sd. Several specifications have
been considered. I perform analysis using (a) only father or mother’s ed-
ucation (baseline); (b) parental education and cognitive skills; (c) parental
education and non-cognitive skills; and (d) parental education and cognitive
and non-cognitive skills. Figures 6.3.5 and 6.3.6 report results from specifi-
cations (a) and (d).

Figure 6.3.5 depicts the difference between the baseline model and the
one which accounts for skills. It shows the marginal effects compared to the
first category of the father’s education. It further compares the estimates
coming from the PSM and a simple ordered logit estimation. The latter com-
parison emphasises the importance of the score matching in avoiding any
underestimation of the father’s education effect. We note that having a better
educated father increases the probability of one’s getting a graduate job. The
magnitude reduces when controlling for own skills. However, the pattern re-
mains the same. The average treatment effect (table 6.3.5) is very small yet
positive for those who have a high-skilled father. This can be explained by
the following mechanism. More paternal skills allow him access to resources
enhancing transmission of skills to their children. To this end, if fathers
work in good jobs, they are exposed to a stronger network which facilitates
offsprings’ upward mobility in the social ladder.
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Table 6.3.5: Average Treatment Effects: High-skilled father vs.
Graduate job.

Average Treatment Effect on the Treated (ATT) 0.0123 **
(0.0704)

Average Treatment Effect on the Untreated (ATU) -0.0357
(0.0695)

Average Treatment Effect (ATE) -0.0121 *
(0.0642)

Bootstrapped s.e. in parenthesis.
* p < 0.1, ** p < 0.05, *** p < 0.01

Note: Treatment is whether the father is high-skilled. Outcome is to get a graduate job.
Bootstrapped s.e.

Source: Own elaboration based on BCS70

Figure 6.3.6 replicates the analysis formother’s education. Here, I further
pool estimates by offspring’s gender and by mother’s labour market attach-
ment. The offspring’s gender is important to see whether the effect differs
between men and women. Chapter 4 finds greater probability of women
to be in mismatch. Regarding mother’s labour supply, there is no strong ev-
idence suggesting that children whose mother works perform worse (Joshi,
2013; Cooksey, Joshi, and Verropoulou, 2009; Gregg et al., 2005). Ermisch
and Francesconi (2013) find stronger adverse effects for children of lower
skilled mothers. Results verify the same pattern we found earlier about fa-
ther’s education. Higher-educated mothers increase the probability of get-
ting a graduate job for both boys and girls. However, controlling for skills
seems to be more important for boys outcomes. Better male employment
outcomes dominate those of female. This evidence does not differ much by
mother’s employment attachment. Slightly higher probability of getting a
graduate job is observed for mothers in the labour market.

6.4 Conclusion

This paper uses the British Cohort Study 1970 to discuss how the unobserved
productivity intersects with themismatch in the labourmarket. A richer defi-
nition of human capital uses cognitive and non-cognitive test scores through-
out childhood to control for individual ability. To this end, this study can
answer whether the incidence of mismatch stems from the unobserved het-
erogeneity of workers.

Comparing the BCS70 estimates to the earlier estimates from the BHPS,
we notice that the incidence ofmismatch increases despite the control for cog-
nitive and non-cognitive skills. This suggests that unobserved productivity
does not impact the mismatch. If unobserved productivity is an important
matching tool, controlling for skills should result in more people being in
match, and hence, in lower incidence of mismatch. Instead, labour market
frictions may play a more essential role generating imperfections (chapter 3).
Finally, this result may have an alternative interpretation. Identification is
based on the accurate estimate of the returns to skills. Since themagnitude of
mismatch increases, estimates based on the BHPS may not fully capture the
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Figure 6.3.5: Father’s education on getting a graduate job:
Ologit and Propensity Score Matching marginal effects (in-

dexed)
Note: PSM stands for propensity score matching. Ologit stands for ordered logit model.
Baseline includes only father’s education and Cog + non-cog controls for cognitive and

non-cognitive skills.
Source: Own elaboration based on BCS70

realised individual returns to skills. Therefore, the estimates based on the co-
hort study may be more accurate. Looking at the skills of those in match and
mismatch, there are no significant differences regarding the non-cognitive
skills regardless the level of education. However, middle-skilled workers in
match have lower cognitive test scores than their mismatched counterparts.
This is not true, though, for the high-skilled workers.

Finally, using propensity score matching, I estimate the effect of parental
education on the probability of getting a graduate job. Higher-skilled par-
ents generate a higher probability of getting a graduate job. What this study
further adds regards the control of skills on this probability. In particular,
when accounting for cognition and non-cognition the positive trend in get-
ting a graduate job persists. However, the probability is lower than in the
baseline case where no skills are controlled for. The effect of mother’s edu-
cation does not differ from that of the father’s education. Greater effect of
mother’s education is observed on male offspring’s employment potential.
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Figure 6.3.6: Mother’s education on getting a graduate job:
Ologit and Propensity Score Matching marginal effects (in-
dexed), by offspring’s gender and labour force participation
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and non-cognitive skills.
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Appendix

6.A Test scores for skills

Table 6.A.1: Cognitive skills tests used in BCS70

Age Test

5 HFDT: Human Figure Drawing Test
CDT: Copying Designs Test
EPVT: English Picture Vocabulary Test
PT: Profile Test

10 PLCT: Pictorial Language Comprehension Test
FMT: Friendly Math Test
SERT: Shortened Edinburgh Reading Test
BAS: British Ability Scales (Recall of Digits; Matrices; Word Definitions; Similarities)

16 AT: Arithmetic Test
VT: Vocabulary Test
ST: Spelling Test

30 Numeracy MC and OR assessment

Tests have been normalised using the min/max method.

Table 6.A.2: Non-cognitive skills tests used in BCS70 (sum-
mary)

Age Test

Birth Mother Malaise

5 Mother Malaise
Child Behavioural Measures (on Rutter Scale)

10 Child Behavioural Measures (on Rutter Scale)

26 Malaise score

For details, see Attanasio et al. (2020, table A1)

6.B Incidence of mismatch by gender

6.B.1 Women

This section replicates the three indices shown in chapter 4 for women. The
weighted index here is applied only to the restricted subsample. The esti-
mates for the remaining exercises are available upon request.
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Figure 6.B.1: Incidence of mismatch: Women (restricted sub-
sample)

Source: Own elaboration based on BHPS and BCS70
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Figure 6.B.2: Incidence of mismatch: Women (relative to over-
all population)

Source: Own elaboration based on BHPS and BCS70
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Figure 6.B.3: Incidence of mismatch: Women (counterfactual)
Source: Own elaboration based on BHPS and BCS70
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Figure 6.B.4: Incidence of mismatch: Men (restricted subsam-
ple)

Source: Own elaboration based on BHPS and BCS70

6.B.2 Men

For male employees, I repeat the exercise only for the restricted subsample
for comparability purposes.

6.C Skills by gender

Looking at the tables 6.C.1 and 6.C.3, two main points may be observed.
First, non-cognition difference by degree remains non-significant for men,
but not for women. Middle-skilled female employees in match, namely non-
degree holders, show a significant lower non-cognitive skill test scores. Sec-
ond, women perform better than men in both cognitive and non-cognitive
tests. Given that both were tested at the same age, this implies that female
maturity occurs earlier than male.
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cumulatively, 60.6% of the variation.

Figure 6.D.1: Cognitive skills
Source: Own elaboration based on BCS70

6.D Principal Component Analysis by skills

6.D.1 Cognitive skills only

6.D.2 Non-cognitive Skills only
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Note: The first 15 components explain,
cumulatively, 61% of the variation.

Figure 6.D.3: Non-cognitive skills
Source: Own elaboration based on BCS70
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Figure 6.D.4: Loading plot; non-cognitive skills only
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Conclusions

This section outlines the conclusions, policy implications and limita-
tions of this research from a broader perspective. Each individual
chapter has been treated as a separate paper. Hence, here I will not
repeat conclusions and particular limitations chapter by chapter.

This Thesis

This Thesis explores the Human Capital Mismatch in the British labour mar-
ket. It shows that the mismatch arises because of the workers’ allocation into
jobs as a result of between-group inequalities in the UK. There is no evidence
that it results from an oversupply of graduates in the market. Frictions in
the labour market generate mismatch and hinder perfect competition among
workers. As a result, workers are not efficiently allocated into jobs. Their cog-
nitive and non-cognitive skills substitute each other and do not contribute to
greater mismatch.

Chapter 1 reviews the theories of overeducation and skills mismatch to
motivate the research question the Thesis answers. It further reviews the
empirical tools to measure overeducation to motivate a novel measure of
mismatch which depends on the distributions of skills and jobs. Chapter
2 presents the BHPS/UKHLS data and constructs this empirical novel multi-
dimensional measure of mismatch. It explores how transitions in the labour
market may change the individual matching status in a dynamic framework.
The main result postulates that the mismatch distorts the prices, i.e. wages.
Workers find a better job or their transition occurs earlier than the overall
change of skills. However, is this true in theory? Chapter 3 extends the
Burdett and Mortensen (1998) model, allowing for heterogeneous workers
and firms. It shows that frictions generate mismatch. The model simulation,
in a continuous-skills setting, shows that higher-skilled workers have a lower
expected wage if they face more frictions. Different groups face different fric-
tions, e.g. women face more frictions. This is why chapter 4 and 5 focus on
women. Chapter 4 explores the instance of mismatch among female employ-
ees accounting for any potential a priori discrimination womenmight face. It
shows that the incidence changes when the control group changes. Chapter
5 is a case study for the British public sector and controls for the endogenous
self-selection into jobs. It finds that the public sector is more attractive as a
waiting room for highly-qualified graduates.

The above empirical measure of mismatch is dependent on the accurate
estimate of the returns to education. How much does individual heterogene-
ity, namely worker ability, contribute to mismatch? Chapter 6 estimates the
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incidence of mismatch controlling for cognitive and non-cognitive skills, us-
ing test scores throughout childhood. This chapter uses data from the BCS70
and finds no evidence that skills contribute to mismatch.

Policy implications

The main argument of this Thesis claims that mismatch arises because of the
worker allocation into jobs. Hence, policy implications would regard their ef-
ficient allocation in the market. To this end, it could stress the importance of
policies for female labour force participation. Women face more frictions in
the labour market. First, policies regarding childcare could increase female
job arrival rate and decrease their destruction rate. Second, reallocation of
housework could further help their labour market affiliation. It is not neces-
sarily true that they are more productive in the house since the out-of-house
alternative is not equally probable for women. A motivation for this root of
research could further come from the COVID-19 "Stay at home" restriction
requirements.

Another between-group inequality examined here regarded those who
come from a more favoured parental background. If one’s father is higher-
skilled, they are more likely to gain a degree and a good job. To this end, first,
the policy recommendation stemming from this could regard equal training
opportunities for all regardless their background. This may offer a ticket
to higher education for those who do not have a chance in the first place.
As a result, their training will help them get a better job. Second, without
parental wealth, individuals can afford less time in unemployment. As a
result they would get any job available. For lower-skilled individuals, this
may be translated not only in unemployment but an exit from the labour
market. Hence, an unemployment benefit that assures enough time to search
for a good job and cover individual needs should be supported.

Limitations

I came across several challenges while working on this Ph.D. Thesis since the
beginning. These challenges concerned the methodology to use and how to
frame a story that does not follow the most conventional narrative. However,
this research has limitations that could motivate further contributions.

First, the empirical part could enjoy better data. At the moment, I infer
how the labour demand works from the individual data. However, the next
step of this research is to use employee-employer matched administrative
data so that I gain greater information on the firm side. I plan to estimate
the exact share of each type of firm. This would inform the theoretical model
and generate a more precise level of frictions workers face in the market.

Second, I wish BHPS and its successor UKHLS could collect the same data
and in the same format. Not only the transition would be smoother, but also
we could gain more precise information for individuals since 1991. In the
questionnaire, I notice that some questions are no longer questionned. To
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this end, a harmonisation by the data issuer should be attempted. However,
a success of UKHLS is the expansion of the sample on ethnic minorities mo-
tivating further research ideas.
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