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Abstract
Our paper investigates the influence of vertical educational mismatch—overeducation and 
undereducation—on selected EQ-5D metrics, namely pain and anxiety/depression. We 
conduct a gender-specific analysis and estimate ordered probit models for our categorical 
dependent variables by using a sample of currently working employees from the Russia 
Longitudinal Monitoring Survey. Since our health outcomes are self-reported, we chal-
lenge the validity of the results obtained by using the ordered probit model and enrich the 
analysis by correcting our estimates for the presence of reporting heterogeneity bias. To 
do that, we merge the RLMS-HSE (2005) with externally collected anchoring vignettes 
for Russia from the World Health Survey (2003) and estimate a hierarchical ordered probit 
(HOPIT) model. The HOPIT estimates show that in several cases, educational mismatch 
affects the reporting style of respondents. Our findings provide evidence that, after adjust-
ing for reporting heterogeneity, undereducation has a negative influence on the physical 
component of health (proxied by pain) for women, while overeducation affects the psycho-
logical component of health (proxied by anxiety/depression) in both gender groups. Over-
educated women appear to have better psychological health, while overeducated men have 
worse psychological health than their matched counterparts.
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1  Introduction

Over the past decades the policy-making institutions in low- and middle-income countries 
have persistently considered a well-educated working population as a precondition for sus-
tainable economic growth and development (Handel et al., 2016). This idea comes from 
the human capital theory (Becker, 1993; Schultz, 1963) which implies that individuals 
accumulate a stock of knowledge via learning-or-doing (i.e. schooling) and learning-by-
doing processes which contribute to an increase in their productivity and, consequently, 
determine the long-term economic growth of their country (Mankiw et al., 1992; Romer, 
1990). However, recent studies, which consider education from an economic perspec-
tive, argue that sustainable growth is rather associated with an appropriate distribution of 
employees over occupations with respect to the level of knowledge and skills they have, 
than with their achieved educational attainment (Handel et al., 2016).

The comparison of outcomes of the national systems of professional and vocational edu-
cation (represented by the actual level of knowledge and skills employees obtain through 
education) with the labour market needs (represented by employment requirements related 
to the level of knowledge and skills of potential employees) indicates the presence of struc-
tural inefficiencies also known as educational mismatch. Being caused by either labour 
market imbalances (e.g. excess labour demand, risk and uncertainty etc.) or institutional 
factors (e.g. technological change, short-term recessions etc.), the incidence of educational 
mismatch—divergence of the level of education/skills the employee actually has from the 
one required for the position he/she holds—is observed in both developed and develop-
ing countries and tends to remain persistent over time (Davia et al., 2017; Ghaffarzadegan 
et al., 2017; Morgado et al., 2016). For instance, according to the Report of the European 
Centre for the Development of Vocational Training (2018), about 29 per cent of EU adults 
experience various forms of educational mismatch in the labour market. Moreover, the 
number of mismatched employees in the EU economy is expected to increase during the 
next few years due to a slowdown in job growth, a high unemployment rate and expansion 
of low-quality jobs accompanied by the prevalence of tertiary education among the Euro-
pean population (Cedefop, 2018).

The previous studies on educational mismatch mainly consider this structural ineffi-
ciency in the context of labour market outcomes, e.g. wages, returns to education, pro-
ductivity of firms (Iriondo & Perez-Amaral, 2016; Kampelmann & Rycx, 2012; Pecoraro, 
2016; Romero et  al., 2017; Sellami et  al., 2017; Verhaest & Omey, 2012), occupational 
mobility and career dynamics (Acosta-Ballesteros et al., 2017; Baert et al., 2013; Diem & 
Wolter, 2014; Kiersztyn, 2013; Mavromaras & McGuinness, 2012; Meroni & Vera-Tos-
cano, 2017; Vossemer & Schuck, 2015). There are also a few studies which investigate the 
association between educational mismatch and psychological well-being and health-related 
outcomes of the labour force. They are mainly dedicated to the impact of overeducation on 
job and life satisfaction (Artes et al., 2013; Badillo-Amador & Vila, 2013; Mateos-Romero 
& Salinas-Jimenez, 2018; Piper, 2015; Salinas-Jimenez et al., 2016; Ueno & Krause, 2018) 
and mental health (Bracke et al., 2014; Hardie, 2014; Milner et al., 2017; Mossakowski, 
2011; Zhu & Chen, 2016) and alcohol consumption (Robone, 2023).

This study seeks to contribute to the literature which considers educational mismatch as 
a determinant of mental health and psychological well-being of employees. In our analysis, 
we investigate the influence of both types of vertical educational mismatch—overeducation 
and undereducation—on the physical and psychological components of general health, as 
proxied by pain and anxiety/depression, respectively. We conduct a gender-specific analysis 
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and estimate ordered probit (OPROBIT) models for the selected EQ-5D metrics on the 
sample of currently working employees from the Russia Longitudinal Monitoring Survey 
(RLMS-HSE). Since our health outcomes are self-reported, we challenge the validity of 
our preliminary results and enrich the analysis by testing for the presence of reporting het-
erogeneity bias. To do that, we merge the RLMS-HSE (2005) with externally collected 
anchoring vignettes for Russia from the World Health Survey (2003) and estimate the hier-
archical ordered probit (HOPIT) models, as suggested in the methodology proposed by 
Harris et al. (2020).

Our results provide evidence that educational mismatch differently affects the health of 
men and women in Russia. More precisely, undereducation tends to be associated with pain 
in the female sub-sample, while overeducation is related to anxiety/depression in the male 
employees. In addition, both types of vertical educational mismatch have an impact on the 
way employees report their health status (reporting styles). Overall, our findings reveal that 
vertical educational mismatch affects both the psychological (proxied by anxiety/depres-
sion) and the physical (proxied by pain) component of general health.

Our paper contributes to the current state of socioeconomic research on educational 
mismatch in several ways. First, we fill the gap in the literature by estimating the influence 
of both types of vertical educational mismatch—overeducation and undereducation—with 
the health outcomes of employees. Moreover, we focus our analysis on Russia. This is one 
of the countries where educational mismatch raises serious concerns since “large imbal-
ances between the supply and demand for skills… are driven by rapid economic restruc-
turing, misalignment of the education system with labor market needs, and underdevel-
oped adult education and training systems” (Kupets, 2016b, p.1). Finally, to the best of our 
knowledge, this is the first study which considers the issue of reporting heterogeneity in the 
context of educational mismatch.

2 � Related Literature

The recent literature on educational mismatch is mainly focused on the incidence, determi-
nants and socioeconomic outcomes of overeducation in the labour market. These studies 
provide evidence that employees who experience this type of mismatch are more likely to 
face certain constraints in terms of employment in comparison with their matched counter-
parts. More precisely, overeducated employees seem to be disadvantaged in terms of remu-
neration and career advancement which may cause a substantial decline in perceived levels 
of well-being and health. For instance, Ueno and Krause (2018) and Piper (2015) provide 
evidence of the negative impact of overeducation on job and life satisfaction, respectively. 
The scholars conclude that individuals consider costs associated with education as a sort 
of investment in more promising employment opportunities in the future. Consequently, if 
their expectations are not properly met, they tend to suffer from emotional distress leading 
to a substantial decline in job satisfaction and overall well-being.

By using data from the European Social Survey (ESS), Salinas-Jimenez et  al. (2016) 
and Artes et al. (2013) demonstrate that the number of years of overeducation (in Salinas-
Jimenez et al., 2016) and overeducation itself (in Artes et al., 2013) are associated with a 
significant decline in life satisfaction while the opposite can be observed for undereduca-
tion. Like the previous study, by using the data from the European Social Survey (ESS), 
Bracke et  al. (2014) shows that although education itself creates certain benefits for the 



766	 S. Robone 

mental health of employees, these benefits tend to drop drastically or even disappear in the 
cases when employees have to deal with a surplus of human capital—overeducation.

The study of Hultin et al. (2016) uses data from the Stockholm Public Health Cohort 
(2010) and estimates the effect of overeducation on self-assessed health (SAH) and psy-
chological distress. The researchers reveal the significant negative impact of overeducation 
on SAH in the female sub-sample, while no effect is observed among the male employees. 
Finally, Garcy (2015) investigates the impact of prolonged vertical educational mismatch 
on mortality in Sweden and reports that overeducated employees are more prone to exces-
sive mortality, while undereducation tends to provide a protective effect against mortality 
among native-born Swedish employees of both gender groups.

Overall, the limited number of studies on health-related outcomes of educational mis-
match (mainly overeducation) agree on the point that substantial decline in the levels of 
well-being and health of mismatched employees can be explained from the perspective 
of improperly met career expectations. Of the recently published papers, most tackle the 
issue of educational mismatch in the context of developed economies, almost completely 
overlooking the group of low- and middle-income countries (LMICs) and late-reforming 
transition economies (both included in the EU and non-EU members). However, the lat-
ter countries could be particularly interesting for the research on educational mismatch. 
They experienced a prolonged period with a communist regime in the past and, as a result, 
are characterized by large imbalances between the supply and demand for skills, mainly 
driven by the misalignment of educational systems with the needs of the labour market 
and poorly performing systems of adult and vocational training needed nowadays (Kupets, 
2016a; Kyui, 2010). In particular, among OECD countries, the highest levels of decline in 
job satisfaction related to both types of vertical educational mismatch are detected in East-
ern Europe and Asia (Mateos-Romero & Salinas-Jimenez, 2018).

3 � Research Methodology

3.1 � Descriptive Analysis: Data, Variables and Sample

In order to investigate the association between educational mismatch and selected health 
outcomes, we use individual data from the 14th wave of the Russia Longitudinal Monitor-
ing Survey (RLMS-HSE). The questionnaires of the RLMS-HSE are designed to be com-
patible with the well-established European national surveys such as the British Household 
Panel Survey (BHPS) and the German Socio-Economic Panel (GSOEP). They contain a 
wide range of data on health, well-being, educational attainment, employment status and 
welfare of the Russian population, collected at both the individual and the household level.

Our principal sample consists of 3,390 Russian respondents, who are currently 
employed and are in the working-age population.1 We exclude from the analysis retired, 
unemployed and disabled respondents as well as those who work unofficially, have a sec-
ond job or are on maternity leave at the time of the survey.2 Armed forces personnel and 

1  We adjust for the existing gender differences in retirement age in Russia in 2005 by cutting our sample at 
54 and 59 years for women and men, respectively.
2  Since a period of maternity leave may last up to 3 years in Russia (first half with a compensation from the 
employer and the last one with a government subsidy), we exclude these respondents from the analysis due 
to their weak participation in working activities over this period.
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entrepreneurs are also removed from the sample due to the very specific tasks and rela-
tively small number of observations for these professional groups.

Our self-reported dependent variables are represented by the selected EQ-5D metrics 
of pain and anxiety/depression.3 They are defined in the RLMS-HSE by the questions ‘Do 
you feel any pain?’ and ‘Do you feel any anxiety/depression?’ and measured on a three-
point categorical scale. In order to simplify the interpretation of our estimates, we re-scale 
the original variables from the worst to the best health outcome in such a way that the first 
category represents “acute”, the second “some”, and the third “none” for each self-reported 
status.

Our main explanatory variables of overeducation and undereducation, are dummy vari-
ables constructed with respect to the method of realized matches, originally introduced by 
Verdugo and Verdugo (1989) and implemented in a wide range of studies (McGuinness 
et al., 2017). We start by defining the mean value of years of completed education com-
puted by employees in each occupation-industry group and then set an interval from − 1 
standard deviation to + 1 standard deviation around the computed mean.4 For the next step, 
we compare the actual number of years of completed education the respondent has with the 
values from the earlier specified interval. Those respondents whose actual number of years 
of completed education exceeds (is less than) the upper (lower) boundary of the interval 
are classified as overeducated (undereducated). If the respondent’s actual number of years 
of education belongs to the specified interval, he/she is defined as vertically matched in 
terms of education.

We also use a set of standard sociodemographic covariates in our models, as done in the 
previous studies (Marmot et al., 2012). We include age (de-meaned and divided by 10) and 
its squared term to test for the U-shaped relationship. Marital status is defined as a dummy 
variable where married/co-habiting respondents are taken as a reference category, while 
never married, divorced/separated individuals and widowers are combined under the cat-
egory “single”. Educational attainment is represented by a dummy variable which equals 1 
if the respondent has a completed tertiary education and 0 otherwise.5 In order to take into 
account the economic status of the respondents, we use permanent income indicators from 
the household part of the RLMS-HSE (2005). We construct income quintiles by means of 
principal component analysis and use the third quintile (medium income group) as a refer-
ence category in our analysis (Ferguson et al., 2003). In addition, we control for frequent 

3  EQ-5D is a generic instrument for measuring health status which covers five dimensions—mobility, self-
care, usual activities, pain/discomfort and anxiety/depression. It has been implemented in many population 
health surveys and widely used in the clinical studies and economic evaluation of health care (Herdman 
et al., 2011; Rabin and de Charro, 2001). We do not use mobility, self-care and usual activities as depend-
ent variables in our analysis since the respondents who experience difficulties in these dimensions are more 
likely to be assigned to a disability class and, as a result, to be restricted in terms of labour market participa-
tion.
4  Occupational categories are taken from the International Standard Classification of Occupations (ISCO-
08) and include Managers, Professionals, Technicians and Associate Professionals, Clerical Support Work-
ers, Services and Sales Workers, Skilled Agricultural, Forestry and Fishery Workers, Craft and Related 
Trades Workers, Plant and Machine Operators and Assemblers, and Elementary Occupations. Industries are 
represented by Manufacturing, Agriculture and Forestry, Construction, Transportation and Communication, 
Trade, Public Administration (including Army and Church), Business Services, and Social Services.
5  The lack of control for education in the model leads to the situation when its effect is captured by edu-
cational mismatch. By using a dummy variable which arises from categories of educational attainment, we 
keep the correlation coefficients between this control and our mismatch variables in the range of 0.2–0.3, 
thus avoiding the problem of multicollinearity in our models.
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visits to a GP in the past 12 months. The respondents who visited a doctor less often than 
2–3 times a year are considered as a reference category for this dummy variable. Finally, 
we include a control for living in a metropolitan area which equals 1 if the respondent is 
settled either in Moscow or St. Petersburg.

Along with sociodemographic covariates, we include some work-related controls 
in our models, since we believe that they may affect both the health status of respond-
ents and their probability of ending up as mismatched employees in the labour mar-
ket. More precisely, we include controls for the company’s size and its type of owner-
ship, along with the respondent’s employment history over the past 12  months. We 
specify the company’s size as a dummy variable where small and medium enterprises 
(with less than 250 employees) are taken as a reference category. The type of com-
pany ownership is also a dummy variable which equals 1 if the company is (at least 
partially) owned by the government. The employment history of each respondent is 
represented by a set of dummies for occupational change and unemployment (experi-
enced in the last 12 months) which equal 1 if the described situations have occurred 
and 0 otherwise. In this case, the respondents who have not changed their employ-
ment status in the past year serve as the reference category.

Table  1 provides descriptive statistics for the independent variables stratified by 
gender. As the data depict, the most striking gender differences are observed for such 
variables as marital status, educational attainment, frequent visits to a GP in the last 
12 months, company’s type of ownership and occupational change experienced in the 
past 12  months. The share of respondents whose level of education exceeds the one 

Table 1   Descriptive statistics for independent variables stratified by gender: t-test of equal means

* p < 0.10, **p < 0.05, ***p < 0.01

Variable Women (n = 1,732) Men (n = 1,658) p value

Mean Std. Dev Mean Std. Dev

Sociodemographic controls:
Age 37.260 9.662 37.000 10.799
Single 0.318 0.466 0.201 0.401 ***
Education 0.656 0.475 0.415 0.493 ***
Low income group 0.201 0.401 0.201 0.401
Medium low income group 0.199 0.400 0.203 0.402
Medium high income group 0.202 0.401 0.207 0.406
High income group 0.193 0.395 0.190 0.392
Frequent visits to GP (12 m) 0.463 0.499 0.233 0.423 ***
Metropolitan area 0.126 0.332 0.128 0.335
Work-related controls:
Large company 0.210 0.408 0.246 0.431
Public sector 0.605 0.489 0.507 0.500 ***
Occupational change (12 m) 0.137 0.344 0.213 0.409 ***
Unemployment (12 m) 0.049 0.216 0.036 0.187 *
Main explanatory variables:
Overeducation 0.133 0.339 0.156 0.363 *
Undereducation 0.171 0.377 0.156 0.363
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required for their position is quite comparable for both gender groups and equals 13.3 
and 15.6 per cent for women and men, respectively. Finally, the share of undereducated 
women equals 17.1 per cent while undereducated men account only for 15.6 per cent.

Tables  2 and 3 report descriptive statistics for the women and men sub-samples, 
respectively, which are stratified by categories of educational mismatch. Overedu-
cated respondents differ from their matched counterparts in terms of educational 
attainment and income (both gender groups) and employment history (in the female 
sub-sample). Undereducated and matched women reveal statistically significant dif-
ferences in terms of age, educational attainment, income and company characteristics. 
As for men, undereducated and matched respondents differ in terms of educational 
attainment, income, and company size.

Figures  1 and 2 display how self-reports on pain and anxiety/depression are dis-
tributed over categories of educational mismatch and gender. At first glance, mis-
matched women tend to report the “acute” category of pain more frequently than their 
matched counterparts. In contrast, we do not observe any significant differences in 
pain reporting between mismatched and matched male respondents. Furthermore, 
undereducated women and overeducated men do not seem to differ significantly in 
terms of self-reports on anxiety/depression from their matched counterparts. In con-
trast, overeducated women choose “acute” and “none” categories of anxiety/depres-
sion more frequently than matched respondents of the same gender, while the oppo-
site holds for the “some” category. Finally, undereducated men tend to choose the 

Table 2   Descriptive statistics stratified by categories of educational mismatch: female sub-sample

Overeducated and undereducated female respondents are compared with matched ones (t-test of equal 
means)
* p < 0.10, **p < 0.05, ***p < 0.01

Matched 
(n = 1,205)

Overeducated (n = 230) Undereducated (n = 297)

Mean Std. Dev Mean Std. Dev p value Mean Std. Dev p value

Sociodemographic controls:
Age 37.101 9.684 36.091 9.387 38.811 9.630 ***
Single 0.319 0.466 0.313 0.465 0.316 0.466
Education 0.659 0.474 0.943 0.231 *** 0.424 0.495 ***
Low income group 0.194 0.396 0.170 0.376 0.253 0.435 **
Medium low income group 0.203 0.403 0.191 0.394 0.189 0.392
Medium high income group 0.209 0.407 0.209 0.407 0.165 0.372 *
High income group 0.183 0.386 0.270 0.445 *** 0.175 0.381
Frequent visits to GP (12 m) 0.475 0.500 0.426 0.496 0.444 0.498
Metropolitan area 0.120 0.325 0.148 0.356 0.138 0.346
Work-related controls:
Large company 0.221 0.415 0.200 0.401 0.175 0.381 *
Public sector 0.592 0.492 0.617 0.487 0.646 0.479 *
Occupational change (12 m) 0.131 0.338 0.178 0.384 * 0.128 0.335
Unemployment (12 m) 0.047 0.212 0.083 0.276 ** 0.030 0.172
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Table 3   Descriptive statistics stratified by categories of educational mismatch: male sub-sample

Overeducated and undereducated male respondents are compared with matched ones (t-test of equal means)
* p < 0.10, **p < 0.05, ***p < 0.01

Matched 
(n = 1,141)

Overeducated (n = 259) Undereducated (n = 258)

Mean Std. Dev Mean Std. Dev p value Mean Std. Dev p value

Sociodemographic controls:
Age 36.854 10.581 37.097 10.880 37.550 11.662
Single 0.193 0.395 0.228 0.420 0.213 0.410
Education 0.387 0.487 0.807 0.395 *** 0.143 0.351 ***
Low income group 0.192 0.394 0.178 0.383 0.267 0.443 ***
Medium low income group 0.213 0.410 0.178 0.383 0.182 0.387
Medium high income group 0.208 0.406 0.224 0.418 0.190 0.393
High income group 0.184 0.388 0.263 0.441 *** 0.143 0.351
Frequent visits to GP (12 m) 0.231 0.422 0.274 0.447 0.202 0.402
Metropolitan area 0.128 0.334 0.131 0.338 0.128 0.335
Work-related controls:
Large company 0.255 0.436 0.278 0.449 0.174 0.380 ***
Public sector 0.503 0.500 0.525 0.500 0.508 0.501
Occupational change (12 m) 0.204 0.403 0.224 0.418 0.240 0.428
Unemployment (12 m) 0.039 0.195 0.035 0.183 0.023 0.151

Fig. 1   Distribution of self-reports on pain over categories of educational mismatch and gender
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“some” (“none”) category of anxiety/depression more (less) frequently than their 
matched counterparts.6

3.2 � Estimation Strategy

As the baseline specification, we estimate ordered probit models for the selected EQ-5D 
metrics of pain and anxiety/depression. Our analysis is stratified by gender as has been 
done in the earlier literature (Campos-Serna et  al., 2013; Cottini, 2012; Robone et  al., 
2011). Since our health outcomes are self-reported measures, instead of the latent levels 
of pain and anxiety/depression H∗

it
 we can only observe an indicator of the category Hit to 

which our latent variables belong:

Hence, the latent variables H∗
it
 can be represented as a linear function of a vector of 

the main explanatory variables, socioeconomic and work-related covariates, and a random 
error term �it which is assumed to be normally distributed. However, self-reported out-
comes measured on a categorical scale (e.g., self-assessed health, EQ-5D metrics, life and 
job satisfaction, health system responsiveness etc.) tend to suffer from the issue of report-
ing heterogeneity, also known as a differential item functioning (DIF) (Bzostek et al., 2016; 
Knott et al., 2017; Rice et al., 2012; Rossouw et al., 2018). This problem arises from the 

(1)Hit = j if μj−1 < H∗
it
< μj, j = 1… 2, where μ0 = −∞, μj−1 ≤ μj, μ2 = +∞

Fig. 2   Distribution of self-reports on depression over categories of educational mismatch and gender

6  Along with the graphical representation, conclusions about statistical significance of differences are done 
on the basis of t-test of equal means (not reported here, but available upon request).
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fact that individuals vary in terms of understanding and using ordinal response catego-
ries. As a result, they place the cut points between adjacent response categories in different 
ways (Grol-Prokopczyk et al., 2015; King & Wand, 2007).

The ordered choice models fail to address the issue of reporting heterogeneity and, con-
sequently, may provide biased results. Thus, as the next step, we test the validity of our 
baseline specifications by estimating an extension of the standard OPROBIT model—the 
hierarchical ordered probit (HOPIT) model. The HOPIT model allows adjustment for the 
reporting heterogeneity bias by disentangling the total effect of an explanatory variable 
on a dependent variable into the direct one and the one related to the reporting styles of 
individuals (Tandon et  al., 2003). Along with the dependent variable (self-reported out-
come measured on a categorical scale), the HOPIT model requires the use of anchoring 
vignettes—a set of questions which refer to a hypothetical individual and situation and por-
tray the same outcome measured on the same categorical scale as the original dependent 
variable they complement (O’Doherty et al., 2017; van Soest et al., 2011).

The HOPIT model “works properly” when vignettes fulfil two assumptions—response 
consistency and vignette equivalence. Response consistency requires individuals to use 
reporting scales in the same way while assessing vignettes and self-reported outcomes. 
Vignette equivalence states that “respondents may differ with each other in how they per-
ceive the level of the variable portrayed in each vignette, but any differences must be ran-
dom and hence independent of the characteristic being measured” (King et  al., 2004, p. 
194).

The general specification of the HOPIT model can be written as follows:

where Hv∗
ik

 is a health outcome for vignette k, perceived by individual i and unobserved to 
the researcher; �k is the mean of the underlying scale for the vignette k; �v

ik
 is an idiosyn-

cratic error term.

with �0
i
= −∞ and �j

i
 = ∞ ; where hv

ik
 is the vignette rating on a j-point categorical scale 

observed instead of Hv∗
ik

.

where ui ∼ N
(

0, �2
u

)

 is an unobserved individual specific random effect (assumed to be 
independent of Xi and the other error terms in the model); � j and �2

u
 are other parameters to 

be estimated. Hence, the OPROBIT model implies the cut points to be represented by fixed 
constants (which are common to all individuals), while the HOPIT model treats them as 
functions of covariates X. The HOPIT model arises from the OPROBIT setting and, thus, 
can also be estimated by the maximum likelihood techniques. However, its likelihood func-
tion contains an additional component which is responsible for the vignettes along with the 
one related to the self-reported outcome (as in the standard OPROBIT model).

Since the RLMS-HSE questionnaires do not contain vignettes, we adopt the procedure 
of the HOPIT estimation with externally collected vignettes introduced by Harris et  al. 
(2020). As a source of externally collected vignettes, we use the Russian profile of the 

(2)Hv∗
ik

= �k + �v
ik.
�v
ik
∼ N

(

0, �2
v

)

(3)hv
ik
= j, if𝜇

j−1

i
≼ Hv∗

ik
≺ 𝜇

j

i
,

μ1
i
= Xi�

1 + ui,

(4)�
j

i
= �

j−1

i
+ exp(Xi�

j)
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World Health Survey (WHS). The description of some illustrative vignettes for pain and 
depression used in the analysis is provided in Table 4. We merge our principal RLMS-HSE 
(2005) sample with vignettes for pain and anxiety/depression from the WHS (2003) on 
the basis of such sociodemographic characteristics as age, gender, marital status, educa-
tional attainment and income.7 The respondents from the principal and the vignette sam-
ples (obtained through merging) reveal statistically significant differences in terms of soci-
odemographic and work-related characteristics (results available upon requests).8 In order 
to adjust for this disparity, we construct post-stratification weights and assign them to the 
vignette sample, as proposed by Harris et al. (2020). As such correction is implemented, 
the vignette sample does not differ from the principal in terms of means any longer (results 
available upon request).9

The self-reported measures of pain and anxiety/depression are defined on a 3-point cat-
egorical scale and increase from the worst to the best health outcome in our analysis. The 
original vignettes in the WHS are measured on a 5-point categorical scale and take the 
values of “none”, “mild”, “moderate”, “severe”, and “extreme” outcomes. We provide cor-
respondence between our dependent variables and associated vignettes by rescaling the lat-
ter from the worst to the best health outcome. We also reduce the number of categories 
from 5 to 3 by keeping the “none” category as given and merging “mild” and “moderate” 
categories under the “some” outcome, and “severe” and “extreme” categories under the 
“acute” outcome.

4 � Results

The estimated coefficients and standard errors from the OPROBIT and HOPIT models for 
pain and anxiety/depression (stratified by gender) are displayed in Tables 5 and 6. To iden-
tify the parameters of an OPROBIT model it is customary to fix the variance to 1 (for 
example see Jones et al. (2007)), while the variance in the HOPIT model is an estimated 
parameter. Therefore, to make the estimated coefficients of the two models comparable, in 
Table 5 and 6 the reported coefficients in the OPROBIT are equal to the coefficients from 
the “original OPROBIT” multiplied by the variance in the HOPIT model (see Jones et al. 
(2007), p. 70). Table 5 provides evidence that the results we get through the OPROBIT 
model do not change much after the adjustment for reporting heterogeneity through the 

7  The following age groups “18–22”, “23–27”, “28–32”, “33–37”, “38–42”, “43–47”, “48–52”, “53–57”, 
“58 + ” are specified for the purpose of merging. Gender and marital status are taken as given. Educational 
attainment is constructed on the basis of years of education due to the lack of consistency between the 
categorical measures of education in the RLMS-HSE and the WHS datasets. Respondents are split in the 
following groups “8–11”, “12–15”, “16–19”, “20 + ” with respect to the number of years of completed edu-
cation. Both the RLMS-HSE and the WHS datasets contain permanent income indicators. This allows us to 
construct income quintiles in both datasets by means of using similar indicators (number of rooms, car, TV, 
VCR, DVD, washing machine, fridge, fixed-line phone, computer, other apartment) in the principal compo-
nent analysis.
8  We follow the parametric method of estimation of the HOPIT model which does not require the num-
ber of observations for the vignette responses to be equivalent to the total number of observations in the 
principal sample. However, the vignette sample should not reveal any statistically significant differences 
in terms of means with the principal sample. If any occur, they should be corrected by means of applying 
post-stratification weights.
9  Once post-stratification weights are defined, they need to be applied to the vignette component of the 
HOPIT likelihood function (Harris et al., 2020).
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HOPIT model, since the magnitude and level of statistical significance of the coefficients 
for overeducation and undereducation in the main equation of the two models are simi-
lar. Such coefficients are negative and statistically significant only for undereducation of 
women, suggesting that undereducated women experience more pain than their matched 
counterparts. When considering the influence of undereducation on pain for women the 
magnitude (in absolute terms) of the coefficient is smaller (in absolute terms) in the OPRO-
BIT than in the HOPIT model (0.180 and 0.318, respectively). This disparity between the 
models is explained by the presence of a “more optimistic” reporting style of underedu-
cated Russian women. Indeed, a statistically significant coefficient of − 0.226 in the second 
cut point equation of the HOPIT model indicates that when choosing between “some” and 
“none” categories of pain, undereducated women are more likely to report the absence of 
pain than their matched counterparts. Differently, undereducated men tend to adopt a more 
“pessimistic” reporting style (indicated by a positive and statistically significant coefficient 
of 0.406 in the second cut point equation of the HOPIT model); this result seems to be 
consistent with the fact that the coefficient for this variable in the main equation changes 
from being negative in the OPROBIT to be positive in the HOPIT model, although such 
coefficient is not statistically significant.

Table 6 shows a positive influence of overeducation on anxiety/depression for women 
(indicated by a statistically significant coefficient of 0.416 in the main equation of the 
HOPIT model). However, this effect is disguised in the OPROBIT model by the “pessi-
mistic” reporting style of Russian women (indicated by a statistically significant coefficient 
of 0.471 in the second cut point equation of the HOPIT model). Undereducation does not 
seem to influence depression in the female sub-sample (either directly or through report-
ing styles). Overeducated men in Russia tend to be worse off in terms of depression than 
their matched counterparts (indicated by a negative statistically significant coefficient of 
− 0.353 in the main equation of the HOPIT model). However, this effect “is hidden” in 
the OPROBIT model (where the coefficient is not statistically significant) due to the opti-
mistic reporting style of men (shown by a statistically significant coefficient of − 0.268 in 
the second cut point equation). The negative influence of undereducation on depression 
among Russian men observed in the OPROBIT model seems to disappear after adjust-
ing for reporting heterogeneity (indeed the coefficients for undereducation in the cut point 
equations are positive and one of them is statistically significant).

Overall, our results provide evidence that educational mismatch is related to the health 
status of Russian employees (either directly or through reporting styles), but these associa-
tions appear more marked for depression than pain. Moreover, the direction and the mag-
nitude of these effects are gender specific. For instance, when computing marginal effects 
(results are available upon request) overeducation appears to increase the probability of 
not being depressed by 15.4 percentage points among Russian women, and to increase the 
probability of being depressed by 11.6 percentage points among Russian men. Thus, our 
finding for the male employees are in line with the earlier studies indicating a negative 
impact of overeducation on mental health and psychological well-being of employees in 
the European countries (Atres et  al., 2013; Bracke, 2014; Garcy, 2015; Salinas-Jimenez 
et al., 2016; Ueno & Krause, 2018).
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5 � Discussion

Our study contributes to the literature on socioeconomic determinants of health and inves-
tigates the influence of vertical educational mismatch, that is the divergence of the level 
of education an individual has from the one required for the position he/she holds in the 
labour market, using selected EQ-5D metrics of the Russian working population—pain and 
anxiety/depression. Since our dependent variables are self-reported and measured on a cat-
egorical scale, along with obtaining the overall effect from the ordered probit models, we 
also test for the presence of reporting heterogeneity bias in our estimates. To address this 
issue, we adopt the procedure of estimating the HOPIT model with externally collected 
vignettes, as proposed by Harris et al. (2020).

We believe that our analysis sheds some light on the mechanisms which stand behind 
the influence of educational mismatch on self-reported health outcomes of employees, 
for both the physical and psychological components. Our findings provide evidence that, 
after adjusting for reporting heterogeneity, undereducation has a negative influence on the 
physical component of health (proxied by pain) for women, while overeducation affects the 
psychological one (proxied by anxiety/depression) in both gender groups. Overeducated 
women appear to have better psychological health, while overeducated men worst psycho-
logical health, than their matched counterparts. More specifically, overeducation appears 
to increase the probability of not being depressed by about 15 percentage points among 
women, while it increases the probability of being depressed by about 11 percentage points 
among men. In addition, both types of vertical educational mismatch affect the perception 
of health the individuals express through their reporting styles. When considering depres-
sion, the negative influence of undereducation among men observed in the ordered probit 
model seems to disappear after adjusting for reporting heterogeneity. Differently, the posi-
tive (negative) influence of overeducation on anxiety/depression for women (men) showed 
by the results of the HOPIT model is disguised in the ordered probit model by the “pessi-
mistic” (“optimistic”) reporting style of women (men).

Our analysis has some limitations and possible ways of extension. Given the cross-sec-
tional nature of the dataset we use, in our analysis we are not able to claim that the relation-
ship between educational mismatch and health is truly causal. One way to address the issue 
of endogeneity would be by referral to a panel dataset; however, unfortunately data about 
vignettes which are present in the WHS and can be matched with RLMS-HSE are only 
available as a cross-section. Another possibility for addressing the issue of endogeneity 
would be to adopt an instrumental variable approach, referring to some variables to instru-
ment the educational mismatch dummies (e.g. relevant macro indicators which describe the 
current state of the labour market and educational system in Russia). However, to the best 
of our knowledge, the HOPIT model, on which we heavily rely in our study, has not been 
extended yet to allow for the inclusion of instrumental variables in the model. Therefore, 
even the possibility of using instrumental variables does not appear doable in our case.

Although our HOPIT and ordered probit models seem to be consistent, the use of dis-
tinct time periods for selected EQ-5D metrics and associated vignettes—RLMS-HSE 
(2005) and World Health Survey (2003)—tends to challenge the response consistency 
assumption. However, we assume that no unexpected socioeconomic and political shocks 
took place in Russia between 2003 and 2005 which would drastically change the report-
ing styles of the population. As a solution, we could replicate our analysis in the future by 
using internal country-specific vignettes for pain and anxiety if they are made available 
in the RLMS-HSE. In addition, we could conduct a comparative cross-country analysis 
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by taking into consideration other European (both Western and Eastern) and Asian coun-
tries. Finally, we could consider in more detail the psychological mechanisms which stand 
behind the gender differences in employees’ self-perception of health (proxied by their 
reporting styles) in relation to educational mismatch.

From the policy point of view, we would suggest focusing on reducing the number of 
overeducated male employees in the labor market. This goal can be achieved by making 
blue collar occupations more attractive for employment by means of improving working 
conditions and providing competitive rewards and fringe benefits. In the long run, this may 
nudge male high school graduates to choose employment in these occupations instead of 
applying for higher professional education and ending up in inefficient utilization of human 
capital: overeducation. In order to reduce the number of undereducated female employees 
in the economy, we would recommend policy makers put an emphasis on promoting and 
financing adult vocational and professional training aimed at closing the knowledge gap 
in the female segment of the Russian labour market. In addition, undereducated women 
need to be included in mentoring programs in the workplace. This might help to reduce 
stress caused by assigning challenging tasks to undereducated women which they are not 
properly qualified to do, thus avoiding the risk of a heavy workload and professional burn-
out, and to keep the work-life balance which is particularly important for women in Rus-
sia. Overall, the suggested policy implications might help to overcome both the negative 
impact of inefficient utilization of human capital in the Russian economy and the negative 
spillovers of educational mismatch on health and well-being of Russian employees.
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