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Abstract
This study empirically investigates the effect of surplus education on the
earnings distribution in Pakistan using quantile regression. The method of realized
matches is used to measure the required level of education in each occupation from
the Pakistan Social and Living Standards Measurement (PSLM) 2013-14 survey
data. There is heterogeneity in returns to surplus education among overeducated
workers. These returns are higher for workers at the upper half as compared to the
lower half of the earnings distribution. Surplus education earns positive returns but
less than the returns associated with the level of education required for jobs. Further,
the difference in returns among the overeducated is higher than the difference in
returns among workers who have the required education for the job. The findings
imply that the surplus education factor is significant in explaining how education
contributes in earnings differentials and inequality.
Keywords: Surplus education, earning inequality, labor markets, Pakistan.
JEL classification: I24, J31.
1. Introduction
Analyzing and identifying the underlying factors affecting
earnings distributions has always been a source of heated debate among
economists since the seminal work of Kuznets (1955). There are a range of
factors that affect the distribution of earnings distribution including
globalization, skill-biased technological change, labor market institutions,
inflation and unemployment (Hoeller, Joumard, & Koske, 2014). Much of
the current literature on earning inequality underlines education as a
contributing factor towards earning inequality (Reis, 2017; Goel, 2017;
Flinn & Mullins 2015; Sattinger & Hartog, 2013).
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Policies that aim to expand the average schooling of individuals are
expected to reduce earnings inequality. Equalization of educational
attainment is therefore given as a reason for reducing income inequality
(Budria, 2011). The supply of educated labor has risen in the last two
decades in Pakistan. However, it is likely that the traditional structure of
the labor market is not capable of absorbing the educated workers in jobs
that require their attained education; thereby resulting in surplus
education in the labor market. In such a situation, where demand for
educated labor is stagnant, the Increase in the supply of educated labor can
decrease returns to education (Pritchett, 2001). The existence of surplus
education suggests that benefits to be gained from the expansion of
education could potentially be lower than expected. Thus, an expansion in
educational attainment maybe relatively unproductive for society and
unprofitable from the individual’s perspective (Duncan & Hoffman, 1981;
Ordine & Rose, 2009).
Due to an increase in the relative supply of educated workers as
compared to the skill requirements of the labor market for specific
occupations, some workers take the jobs that require less education than
they actually possess. These overeducated workers receive less wages than
the correctly matched workers with the same level of education, but overeducated workers receive more wages than their undereducated coworkers, holding other characteristics constant (Nieto and Ramos, 2017;
Rubb, 2003; Dolton and Vignols, 2000). This evidence is a warning to
policymakers that the unregulated expansion of education for some groups
may increase earning differentials, hence income inequality.
The empirical literature on the nexus of surplus education and
earnings has emerged with the seminal contribution of Duncan and
Hoffman (1981). In their work, an extended version of the Mincer wage
equation was proposed that allows a separate estimation of the returns to
required education, surplus education and deficit education. They found
that the returns to “surplus education” are substantially smaller than the
returns to “required education”. Subsequent studies (for example, Bauer,
2002; Cohn & Ng, 2000; Lee & Lee, 2016) also confirm their findings. The
empirical research of Budria (2011), Budria and Moro-Egido (2009) and
Hartog et al. (2001) has reported, using quantile regression, that returns to
surplus education are heterogeneous.
In recent years, the returns to surplus education have attracted
considerable attention among researchers and policymakers in developed
countries due to its effect on earning inequality (for example Leuven &
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Oosterbeek, 2011; Ordine & Rose, 2011; Slonimczyk, 2013). However, the
contribution of surplus education towards earnings inequality is mostly
ignored in developing countries such as Pakistan. Education, as a major
determinant of earnings, contributes positively to earnings inequality in
Pakistan. To date, the factors that are responsible for a positive link
between education and earnings inequality are mostly unknown. Among
many possible explanations, one is an educational mismatch (Martins &
Pereira, 2004). But how education by its surplus nature contributes to
earnings inequality, especially within a group of overeducated workers, is
an unexplored area of research in Pakistan.
This study estimates a model where earnings inequality is related
to educational mismatch in the labor market. It shows that earnings
inequality may arise within occupations, because of the existence of
heterogeneity in the education levels of workers employed in similar roles
along with differential returns to required and surplus education. Data
from the Pakistan Social and Living Standards Measurement Survey for
2013-14 is utilized, which collects comprehensive information on social,
demographic and economic indicators from respondents.
The rest of the study is organized as follows. Section 2 discusses
some of theories or frameworks presented in the context of surplus
education. Section 3 outlines the empirical earnings function and discusses
the methodology for its estimation. Further, the measurement of required,
surplus and deficit education and the data are explained in section 3.
Section 4 presents the empirical findings of the study. Concluding remarks
are provided in section 5.
2. Theoretical Framework
There are a number of labor market theories that partially explain
the observed mismatch between actual and required education in a
particular job and the resulting earnings effect. Human capital theory
implies that workers are paid according to their marginal productivity
which is determined by their human capital (Becker, 1964). Human capital
can be acquired through education, work experience and on-the-jobtraining. Attained education and work experience indirectly measure the
worker’s marginal productivity, and hence earnings as well. It is argued
that when the supply of highly educated workers increases, employers
adopt their production techniques in order to avail the advantage of a
cheaper educated labor force. On the other side, productivity and earnings
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are fixed in a particular job. Thus mismatched workers receive the earnings
that are similar to those workers who are correctly matched in their jobs.
According to the signaling model, in an imperfect labor market,
education is used to identify more able, productive and ambitious workers.
Therefore, individuals invest more in education with the hope that this will
permit them to be distinguished from other applicants competing for the
jobs (Spence, 1973).
The job competition model (Thurow, 1975) considers surplus
education as demand driven and is a long-term problem in the labor
market. It suggests that productivity and earnings depend upon job
characteristics instead of individual characteristics. That is, Thurow’s
(1975), job competition model describes a labor market situation where
workers compete for jobs based on their training costs. Employers consider
overeducated workers more able and capable and hire them first to save
training costs. In this way education serves as a proxy for training.
Matching theory and occupational mobility theory see an
educational mismatch as transient. In matching theory (Jovanovic, 1979), a
mismatch between required and actual education represents the quality of
match between the job and the worker and results from imperfect
information about jobs and job search costs. Workers with surplus
education represent a poor match because their actual education implies
that they are more able to obtain a better job. Over time they may obtain a
higher-level job. According to occupational mobility theory, individuals
with high levels of education may accept low or entry-level jobs while they
gain specific human capital and experience through on-the-job training. It
allows them to readily be promoted to higher level jobs (Sicherman &
Galor, 1990).
Assignment theory (Sattinger, 1993) holds that an individual’s
marginal productivity and earnings are determined by both the
productivity ceiling of jobs as well as human capital. In a dynamic
economy, workers differ in attributes and jobs differ in their complexities.
There exists an allocation problem in allocating differentiated jobs to
heterogeneous workers. Therefore, educational mismatch will tend to be a
lasting feature of the labor market.
Ordine and Rose (2009) present a theoretical framework where
within group earnings, inequality is related to surplus education in the
labor market. They specify possible theoretical mechanisms that lead to the
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incidence of overeducation in the labor market. Within-group earnings
inequality arises because of the existence of potential differences in the
returns to education as well as heterogeneity in the productivity “signal”
conveyed by the attained education of workers.
3. Methodology and Data
The details of the empirical earnings function and the measurement
of required, surplus and deficit education are explained below. Further,
this section provides information about the data, including the data source,
sampling methodology, number of observations used in the regressions
and summary statistics of the relevant variables.
3.1. Empirical Model
To quantify the effect of educational mismatch, i.e. over, required
and under education on earnings distributions, the study adopts an
extended Mincerian earnings function introduced by Duncan and
Hoffman (1981). We begin with the basic Mincerian earnings function:
𝑙𝑛𝑌𝑖 = 𝑋𝑖 ∙ 𝛿 + 𝛽 𝑎 𝐸𝑑𝑢𝑖𝑎 + 𝜀𝑖

(1)

Where 𝐸𝑑𝑢𝑖𝑎 is years of attained education and 𝛽 𝑎 is return to attained
education. Duncan and Hoffman (1981) decomposed the years of attained
education (𝐸𝑑𝑢𝑖𝑎 ) into years of required education for job (𝐸𝑑𝑢𝑖𝑟 ), years of
surplus or overeducation (𝐸𝑑𝑢𝑖𝑠 ) and years of deficit or undereducation
(𝐸𝑑𝑢𝑖𝑑 ). Therefore, the following identity holds for years of attained
education (𝐸𝑑𝑢𝑖𝑎 ):
Eduia  Eduir  max( 0, Eduia  Eduir )  max( 0, Eduir  Eduia )
 
Edus

(2)

Edud

where 𝐸𝑑𝑢𝑖𝑎 was replaced in the Mincerian earnings function by these three
components. The earnings function of Duncan and Hoffman (1981) is
specified as follows:
𝑙𝑛𝑌𝑖 = 𝑋𝑖 ∙ 𝛿 + 𝛽 𝑟 𝐸𝑑𝑢𝑖𝑟 + 𝛽 𝑠 𝐸𝑑𝑢𝑖𝑠 + 𝛽 𝑑 𝐸𝑑𝑢𝑖𝑑 + 𝜀𝑖

(3)

where 𝑙𝑛𝑌𝑖 is the natural logarithm of earnings the 𝑖 𝑡ℎ individual, vector 𝑋𝑖
includes a constant, characteristics of workers and other explanatory
variables that affect earnings. These variables include experience, square
of experience and dummies for gender, marital status, area, provinces and
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industries. The description of these variables is given in Appendix Table
A1.  is the vector of parameters to be estimated and coefficients
𝛽 𝑟 , 𝛽 𝑠 𝑎𝑛𝑑 𝛽 𝑑 are the returns to required, surplus and deficit education
respectively. 𝜀𝑖 is the error term. This specification, with the variables of
surplus, required and deficit education is referred to as the ORU (over,
required and under education) model in the literature (Hartog, 1997).
An attractive feature of this earning function is that it fits in the
human capital and job competition equation as special cases. By applying
the restriction 𝛽 𝑟 = 𝛽 𝑠 = −𝛽𝑑 , equation (1) arrives at the standard human
capital model, i.e. the returns to surplus, required and deficit education are
equal. Equation (1) reduces to the Thurow (1975) job competition model by
setting 𝛽 𝑠 = 𝛽 𝑑 = 0 where only required education is rewarded.
The study empirically tests where workers are located along the
earnings distribution, conditional on their educational mismatch.
Therefore, the study intends to estimate the earning function using the
quantile regression approach. This technique allows us to estimate how the
relationship changes between an explanatory variable and dependent
variable along the conditional distribution of earnings.
OLS allows the effect of explanatory variable(s) to be estimated on
the conditional mean of the dependent variable. In this approach one
implicitly assumes that the marginal effect of independent variable(s) is
constant over the distribution of the dependent variable. Therefore, it
describes only a limited aspect of the statistical relationship between
variables. In contrast, quantile regression estimates the effect of the
explanatory variable(s) on a particular percentile of the dependent variable
(Budria, 2011; Martins & Pereira, 2004; Hartog et al., 2001; Machado &
Mata, 2001). Thus, quantile regression estimates provide a snapshot of the
effect of independent variable(s) on the whole distribution of the
dependent variable.
The quantile regression model was proposed by Koenker and
Basset (1978). Quantile regressions estimate the relationship between
independent variable(s) and the 𝜃 𝑡ℎ conditional percentile of the
dependent variable. The quantile regression model is written as:
𝑌𝑖 = 𝑋𝑖′ 𝛽𝜃 + 𝑢𝜃𝑖 𝑤𝑖𝑡ℎ 𝑄𝑢𝑎𝑛𝑡𝜃 (𝑌𝑖 |𝑋𝑖 ) = 𝑋𝑖′ 𝛽𝜃
(𝑖 = 1,2,3, … … … , 𝑛)

(4)
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Where 𝛽 is the vector of parameters, X is the vector of independent
variables and 𝑢𝜃 is the disturbance term. 𝑄𝑢𝑎𝑛𝑡𝜃 (𝑌𝑖 |𝑋𝑖 ) represents the 𝜃𝑡ℎ
conditional percentile of the dependent variable (𝑌) given 𝑋. By variation
of 𝜃, the entire distribution of the dependent variable can be traced out.
That is, the marginal effect of 𝑋 is not necessarily identical across different
percentiles of the conditional distribution of 𝑌. Quantile regression
estimates are interpreted likewise as OLS estimates. This study intends to
estimate ORU earning functions at multiple deciles. Thus, it implements a
simultaneous-quantile regression. Simultaneous-quantile regression
obtains the variance–covariance matrix of the estimators (VCE) via
bootstrapping according to the procedure described by Buchinsky (1998).
Simultaneous-quantile regression can estimate a coefficient at different
percentiles simultaneously which allows to test for the equality of
coefficients across percentiles.
The study estimates the ORU earnings functions at nine different
deciles using the overall sample of workers. The prevalence of the gender
gap in educational attainment is obvious in Pakistan. Generally, the
analysis based on the overall sample of workers is deficient in estimating
the returns to education due to structural differences in gender outcomes.
Therefore, a gender-based analysis is also carried out, and the ORU earning
function is estimated for samples of male and female workers separately.
3.2. Measurement of Over, Under and Required Education
Given the data on the years of attained education and occupations
of the workers, the variable of required education is measured using the
realized matches method to measure the required education that was
proposed by Kiker et al. (1997). Once a measure of required education is
established, variables of surplus and deficit education are measured as:
𝐸𝑑𝑢𝑖𝑠 = 𝐸𝑑𝑢𝑖𝑎 − 𝐸𝑑𝑢𝑖𝑟 𝑖𝑓 𝐸𝑑𝑢𝑖𝑎 > 𝐸𝑑𝑢𝑖𝑟

(5)

= 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
𝐸𝑑𝑢𝑖𝑑 = 𝐸𝑑𝑢𝑖𝑟 − 𝐸𝑑𝑢𝑖𝑎 𝑖𝑓 𝐸𝑑𝑢𝑖𝑟 > 𝐸𝑑𝑢𝑖𝑎

(6)

= 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
Therefore, 𝐸𝑑𝑢𝑖𝑎 = 𝐸𝑑𝑢𝑖𝑟 + 𝐸𝑑𝑢𝑖𝑠 − 𝐸𝑑𝑢𝑖𝑑 must hold.
All education components are computed in years of formal education.
In this study, required education in a given occupation is measured as the
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mode (i.e. most frequent) years of education of workers in that occupation.
Only workers, whose attained education deviates from years of required
education, are considered as mismatched. Therefore, for matched workers
𝐸𝑑𝑢𝑖𝑎 = 𝐸𝑑𝑢𝑖𝑟 or 𝐸𝑑𝑢𝑖𝑠 = 𝐸𝑑𝑢𝑖𝑑 = 0. A worker has surplus years of education
if his/her attained education is above the mode value of education in a
particular occupation. Conversely, a worker has deficit years of education if
his/her attained education falls below the mode value of education in his/her
occupation. Workers are classified as correctly matched if their attained
education equals the modal value within a specific occupation.
3.3. Data Source and Sample
The data is taken from the Pakistan Social and Living Standard
Measurement (PSLM) survey for 2013-14. The PSLM survey data is collected
by the Pakistan Bureau of Statistics. The survey is conducted at the
provincial level for alternate years using a two-stage stratified sample
design. At the first stage, enumeration blocks in urban areas and villages in
rural areas are taken as primary sampling units (PSUs). At the second stage,
12 households from the urban domain and 16 households from the rural
domain within each PSU were selected. These households within the PSUs
were considered for the selection of secondary sampling units. The survey
covers a sample of 17,989 households distributed over 1307 PSUs in the four
provinces of Pakistan. It collects comprehensive information on individual
and household characteristics including earnings, education, demographic
and economic indicators. In this study, the sample is restricted to the
employed workers aged 15-65 years who reported their occupation.
Observations with missing values were dropped from the sample.
Table 1 presents the summary statistics of variables for the overall
sample as well as for the split male and female samples. The overall sample
consists of 15,366 individuals, among whom the vast majority, 13,927, are
male. Table 1 reports the means and standard deviations of all variables
used in the regressions. The average of log monthly earning of the males is
higher than that of female workers. The required education for jobs is
considerably different for males and females; average years of required
education are higher for female than male workers, while average years of
surplus education are lower among female workers than male workers.
Further, the sample data shows the average deficit years of education is
almost the same for female as for male workers. Note that there are no
women employed in a number of occupations, including mining and
quarrying, extraterritorial organizations, water supply, sewerage, waste
management, construction, administrative and support activities.
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Table 1: Summary statistics
Variables
Log Monthly Earnings
Required Education
Surplus Education
Deficit Education
Experience
Experience Squared
Area
Gender (Male)
Marital Status
KPK
Sindh
Balochistan
Ind1
Ind2
Ind3
Ind4
Ind5
Ind6
Ind7
Ind8
Ind9
Ind10
Ind11
Ind12
Ind13
Ind14
Ind15
Ind16
Ind17
Ind18
Ind19
Ind20
Sample Size

Overall
Mean
SD
9.310
0.943
8.279
3.571
1.582
2.287
1.109
1.968
20.521
12.141
568.48
613.18
0.457
0.498
0.906
0.291
0.713
0.453
0.183
0.387
0.269
0.444
0.081
0.273
0.004
0.062
0.169
0.374
0.012
0.107
0.005
0.068
0.109
0.312
0.180
0.384
0.071
0.257
0.018
0.134
0.011
0.106
0.012
0.108
0.005
0.071
0.009
0.095
0.005
0.072
0.048
0.214
0.084
0.278
0.027
0.162
0.002
0.039
0.036
0.186
0.008
0.089
0.000
0.018
15366

Male
Female
Mean
SD
Mean
SD
9.424
0.796
8.211
1.423
8.133
3.346
9.698
5.060
1.637
2.305
1.058
2.027
1.100
1.959
1.200
2.054
20.978 12.186 16.097 10.730
588.551 624.172 374.185 450.364
0.450
0.497
0.533
0.499
0.730
0.444
0.547
0.498
0.188
0.391
0.136
0.342
0.276
0.447
0.203
0.402
0.086
0.280
0.038
0.192
0.004
0.065
0
0
0.158
0.365
0.268
0.443
0.013
0.112
0.001
0.026
0.005
0.071
0
0
0.121
0.326
0
0
0.198
0.398
0.013
0.111
0.078
0.269
0.001
0.037
0.020
0.140
0.003
0.053
0.012
0.109
0.003
0.059
0.012
0.109
0.008
0.087
0.006
0.074
0.001
0.026
0.010
0.099
0.001
0.026
0.006
0.076
0
0
0.052
0.223
0.008
0.087
0.059
0.235
0.333
0.471
0.022
0.145
0.080
0.271
0.002
0.041
0.001
0.026
0.030
0.172
0.087
0.282
0.006
0.078
0.026
0.158
0.000
0.019
0
0
13927
1439

Source: Authors’ calculations from PSLM 2013-14.

4. Results and discussion
This section presents estimates of the effect of educational mismatch
on earnings distributions using quantile regression on the overall sample. In
the second part, estimates of the effect of educational mismatch on earnings
distributions are presented for males and females separately.
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4.1. Analysis of overall sample
The study tests for alternative specifications to Duncan and
Hoffman’s (1981), specification in equation (1) to verify that this
specification fits the sample data better. Table 2 provides the values of Fstatistics for the hypothesis together with p-values. The null hypothesis
that returns to surplus, required and deficit education are equal, in other
words the standard Mincer earnings function and the job competition
model that hypothesize that only required education is rewarded, is
rejected by the sample data. This allows the estimation of an earning
function that estimates separate returns for surplus, required and deficit
education. That is, the Duncan and Hoffman’s (1981), specification in the
ORU model is correct for the overall sample.
Table 2: Empirical specification test
Mincer earnings function
𝐻° : 𝛽 𝑟 = 𝛽 𝑠 = −𝛽 𝑑

112.47
(0.00)

Job Competition Model
𝐻° : 𝛽 𝑠 = 𝛽 𝑑 = 0

918.18
(0.00)

Note: p-values in parenthesis.
Source: Authors’ calculations.

The study estimated the ORU earning function by using the
quantile regression for the overall sample. The earning function was
estimated at nine different deciles:  =.10,  =.20,  =.30,  =.40,  =.50,
 =.60,  =.70,  =.80 and  =.90. The estimated coefficients of surplus
education (𝛽 𝑠 ), required education (𝛽 𝑟 ) and deficit education (𝛽 𝑑 ) at the
nine deciles are reported in Table 3.1 These coefficient estimates illustrate
the percentage change in earnings resulted from an additional year of
surplus, required or deficit education at the estimated decile. The OLS
estimates of 𝛽 𝑟 , 𝛽 𝑠 𝑎𝑛𝑑 𝛽 𝑑 are also provided. In the last panel, the Wald Ftest for the equality of coefficients across deciles demonstrates that
differences in the rate of return to the surplus, required and deficit
education are significantly different at different deciles.
The rate of returns to an additional year of required education,
surplus education or deficit education is different across the earning
distribution. That is, there are earning differentials among workers with
1Complete

results are available on request.
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surplus education or deficit education. Returns to required education
exhibit a decreasing trend until  =0.20 and an upward trend is observed
after that. Returns to required education increase from 9.3 percent at the
lowest decile to 12.5 percent at the highest. The returns to surplus
education approximately double as we move from the bottom to the top of
the earning distribution. These returns reveal an increasing trend from the
lowest to the highest decile. The findings are similar to that found by
Ramos (2011) for Spain and Hartog et al. (2001) for Portugal.
Table 3: Returns to Surplus, Required and Deficit Education
Quantiles

 =0.10
 =0.20
 =0.30
 =0.40
 =0.50
 =0.60
 =0.70
 =0.80
 =0.90
OLS
Wald F
statistics

Required Education
0.0934***
(19.67)
0.0922***
(25.22)
0.0966***
(32.68)
0.101***
(26.77)
0.104***
(33.09)
0.110***
(34.75)
0.109***
(35.55)
0.114***
(42.72)
0.125***
(35.55)
0.118***
(43.39)
9.12
[0.00]

Surplus Education
0.0593***
(10.13)
0.0608***
(16.56)
0.0670***
(14.23)
0.0737***
(17.79)
0.0773***
(21.99)
0.0814***
(29.36)
0.0861***
(23.57)
0.0904***
(26.70)
0.104***
(27.27)
0.0825***
(29.44)
19.06
[0.00]

Deficit Education
-0.0622***
(-12.72)
-0.0630***
(-17.18)
-0.0711***
(-23.28)
-0.0712***
(-22.89)
-0.0739***
(-23.57)
-0.0763***
(-23.55)
-0.0723***
(-22.45)
-0.0743***
(-24.43)
-0.0749***
(-27.21)
-0.0793***
(-24.22)
2.34
[0.02]

𝐻° : 𝛽.10 = 𝛽.20 = ⋯ ⋯ ⋯ = 𝛽.90
Notes: t-statistics in parentheses and p-values in brackets, ***p<0.001
Source: Authors’ calculations.

The earning differential between surplus and required education is
lower at the upper deciles compared to bottom deciles of the earnings
distribution. Returns to years of education below the job requirements are
negative indicating a penalty for undereducated workers. This is consistent
with the findings of Budria (2011) and Verdugo and Verdugo (1989). The
penalty of deficit education grows slowly up to  =0.60 then remains
consistent at the upper deciles.
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In line with the studies of Budria (2011), Hartog et al. (2001) and
Duncan and Hoffman (1981), this study also found that surplus education
brings positive returns but less than those associated to required education.
The study based on OLS by Abbas (2008) also found superior returns to
required education as compared to surplus education in Pakistan. OLS
estimates also verify that returns to a year of required education are higher
than the returns to a year of surplus education. The average pay-off to
required education and surplus education is 11.8 percent and 8.3 percent
respectively. On average, the penalty of pay for deficit years of education
is 7.9 percent. OLS estimates show differences in the returns to surplus and
required education. This implies that an educational mismatch is a
contributing factor to earning differential/inequality between workers
with surplus and required education.
The estimated coefficients of surplus education (𝛽 𝑠 ), required
education (𝛽 𝑟 ) and deficit education (𝛽 𝑑 ) are plotted for each decile in
Figures 1.
Figure 1: Returns to Surplus, Required and Deficit Education
0.15
0.1
0.05

0
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

-0.05
-0.1
Required Education

Surplus Education

Deficit Education

Source: Authors’ compilation using data from Table 3.

4.2. Gender-Based Analysis
The coefficient of the gender dummy was statistically significant in
estimated earning functions which use overall sample data. This shows that
there are structural differences in the earnings of male and female workers.
Hence, the study extends the analysis in order to estimate returns to the
educational mismatch separately for male and female workers. To this end,
the ORU earning function is estimated for the sub-samples of men and
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women. Table 4 reports the F-statistics together with p-values for the test of
the basic Mincerian model (versus the alternative ORU specification). These
results reject the null hypothesis of the basic Mincerian earnings function
and job competition model for both male and female samples.
Table 4: Empirical Specification Test
Mincer earnings function

𝐻° : 𝛽 𝑟 = 𝛽 𝑠 = −𝛽 𝑑

Job Competition Model

𝐻° : 𝛽 𝑠 = 𝛽 𝑑 = 0

Male
59.14
(0.00)
799.40
(0.00)

Female
20.20
(0.00)
121.27
(0.00)

Source: Authors’ calculations.
Note: p-values in parenthesis.

On the basis of this finding, separate pay offs to surplus, required
and deficit education should be estimated. In doing so, the ORU earning
function was estimated at nine different deciles for both samples by
including the same control variables listed in the Appendix Table A1 except
for the gender dummy. Only the coefficients of surplus, required and deficit
education are given in Table 5 for male and female workers separately. The
OLS estimates of 𝛽 𝑟 , 𝛽 𝑠 𝑎𝑛𝑑 𝛽 𝑑 are also provided by gender.
In the last panel of Table 5, Wald F statistics for the joint equality of
coefficients across deciles and p-values are displayed. It shows that
differences in the rate of return to surplus and required education are
statistically significantly different across the deciles for the male sample.
This indicates that the rate of returns to an additional year of required
education, or surplus education is different for male workers as we move
along the earnings distribution.
For male workers, returns to required years of education increases
from 8.3 percent at the lowest decile to 11.5 percent at the highest decile. It
shows that the returns differential, between workers who have required
years of education to perform their job but located at two extreme deciles
of the earning distribution, amounts to 3.2 percentage points. Returns to
surplus education amount to 5.2 percent and 10.2 percent at the 0.10 and
0.90 quantiles respectively. The superior returns to required education as
compared to surplus education are also obvious. OLS estimates show that
average returns to required and surplus education are 10 percent and 7.6
percent respectively. The average pay penalty for males who are
undereducated is 6.95 percent. This indicates that educational mismatch is
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related to the earnings differential between male workers who have
surplus and required education.
Table 5: Returns to Surplus, Required and Deficit Education of Male
and Female
Quantiles

 =0.10

 =0.20
 =0.30

 =0.40
 =0.50
 =0.60
 =0.70
 =0.80
 =0.90
OLS
Wald F
statistics

Required Education
Male
Female
0.0826***
0.233***
(17.91)
(11.60)
0.0840***
0.219***
(31.42)
(11.39)
0.0852***
0.230***
(31.82)
(9.79)
0.0905***
0.234***
(29.85)
(12.95)
0.0942***
0.232***
(37.17)
(17.65)
0.0970***
0.232***
(40.28)
(15.62)
0.101***
0.231***
(32.92)
(13.37)
0.105***
0.226***
(28.35)
(12.77)
0.115***
0.213***
(36.13)
(11.60)
0.0998***
0.228***
(38.33)
(14.80)
35.28
0.30
[0.00]
[0.97]

Surplus Education
Male
Female
0.0523***
0.0633
(13.54)
(1.89)
0.0558*** 0.0894***
(22.91)
(4.35)
0.0606***
0.108***
(16.36)
(5.92)
0.0703***
0.111***
(19.90)
(9.88)
0.0749***
0.118***
(20.92)
(7.74)
0.0770***
0.135***
(22.02)
(10.01)
0.0824***
0.141***
(22.33)
(7.43)
0.0882***
0.151***
(25.05)
(4.82)
0.102***
0.150***
(19.23)
(5.77)
0.0761***
0.113***
(28.31)
(8.23)
11.34
1.08
[0.00]
[0.38]

Deficit Education
Male
Female
-0.0602*** -0.206***
(-11.73)
(-7.39)
-0.0614*** -0.218***
(-14.87)
(-11.98)
-0.0663*** -0.200***
(-23.86)
(-9.84)
-0.0657*** -0.190***
(-24.10)
(-12.16)
-0.0687*** -0.201***
(-26.54)
(-10.35)
-0.0684*** -0.175***
(-24.41)
(-7.84)
-0.0677*** -0.163***
(-17.18)
(-10.30)
-0.0689*** -0.155***
(-18.52)
(-10.16)
-0.0670*** -0.136***
(-13.25)
(-6.19)
-0.0695*** -0.177***
(-21.91)
(-12.35)
1.25
1.50
[0.27]
[0.15]

𝐻° : 𝛽.10 = 𝛽.20 = ⋯ ⋯ ⋯ = 𝛽.90
Source: Authors’ calculations.
Note: t-statistics in parentheses and p-values in brackets, *p<0.05, **p<0.01, ***p<0.001.

For the female sample, Wald F-statistics show that differences in
the rate of return to surplus, required and deficit education are not
statistically significant. It suggests that rate of returns to an additional year
of required, surplus or deficit education is the same for female workers
across the earnings distribution. However, OLS estimates show that
average returns to surplus and required education amounts to 11.3 and
22.8 percentage points respectively. This indicates that returns to surplus
education are approximately half of returns to those of required education.
On average, the pay penalty for females is 17.7 percent for those who are
undereducated. Similar to male workers, educational mismatch is a source
of earning differential between female workers who have surplus and
required education.
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These findings are similar to Hartog et al. (2001) for Portugal,
McGuinness and Bennett (2007) for Northern Ireland and Santos and
Sequeira (2013) for European countries.
The estimated coefficients of surplus, required and deficit
education are plotted against the decile numbers in Figure 2 and Figure 3
for males and females respectively. The surplus and required education
affects earnings differently at different points of the earning distribution
for male workers. The pattern of returns for female workers is different
from those found for the males.
Figure 2: Returns to Required, Surplus and Deficit Education (for Male
Workers)
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Source: Authors’ compilation using data from Table 5.

Figure 3: Returns to required, surplus and deficit education (for female
workers)
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Source: Authors’ compilation using data from Table 5.
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There are some factors that may explain why earnings vary from
person to person in the labor market even if they have similar observed
characteristics. Discrimination is a key explanation of why labor market
outcomes differ among people with similar characteristics, such that
heterogeneous opportunities are offered to similar workers that result in
earning differentials. Other factors include compensating differences in
earnings, efficiency wage, unionization of workers and most importantly
(unobserved) natural ability and efforts that determine the productivity
of workers.
5. Conclusion
The present study empirically investigates the effect of surplus
education on the earning distribution in Pakistan. Data from the Pakistan
Social and Living Standards Measurement Survey for 2013-14 is utilized
for the analysis. Duncan and Hoffman’s (1981), earning function is
estimated using quantile regression. The study tests for two alternative
specifications: A basic Mincer earnings function hypothesizes that returns
to surplus, required and deficit education are equal, and the hypothesis of
the job competition model is that only required education is rewarded.
Both are rejected by the sample data.
For the overall sample, quantile regression estimates show that
returns to an additional year of surplus education is different across the
earnings distribution. That is, there exists earning differentials among
workers who have surplus education. The returns to surplus education are
positive but less than returns to required education. The earnings
differential between overeducated workers and workers who have
required education for the job is lower at the upper deciles compared to
the bottom quantiles. OLS estimates show the difference in the returns to
surplus and required education. This implies that educational mismatch
contributes in earning differential/inequality between workers with
surplus and required education.
The gender-based analysis indicates that rates of returns to an
additional year of required education, or surplus education varies for male
workers along the earnings distribution. Earning differences within
overeducated workers are found to be higher than those of workers who
have required education for the job. Returns to surplus education are
higher for workers at the upper tail of the earnings distribution. The
returns to surplus education are almost double at the ninth decile
compared to the first decile. That is, there is a difference in returns to
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education for male workers who have surplus education. For the female
sample, the difference in the rate of return to surplus education across the
earning distribution is not statistically significant. It suggests that rates of
return to an additional year of surplus education is the same for all
overeducated female workers. Therefore, surplus education does not
contribute further to earning differentials among female workers who are
overeducated. Further, OLS estimates show that the returns to surplus and
required education are different for male workers. This implies that
educational mismatch is related to the earnings differential between male
workers with surplus and required education. Similar to male workers,
educational mismatch is a source of the earnings differential between
female workers who have surplus and required education.
The findings of the study show that there is a difference in return to
education for male workers with surplus education. Also, the returns to
surplus and required education are different for male and female workers.
An important policy implication arises from these findings as households
and public resources extensively invest in education. It is necessary to make
sure that the educational programs are useful and their benefits are being
distributed equitably. Further, the surplus education phenomenon
highlights the imperfections in the labor market that limit the absorptive
capacity of society to fully utilize and compensate the workers with surplus
years of education. In this respect, changes in the supply of educated
workers and the skill demand of the labor market should be in order.
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Appendix
Table A1: Description of variables
Variables
Log Monthly Earnings
Required Education
Surplus Education
Deficit Education
Experience
Experience Squared
Area
Gender
Marital Status
Provincial Dummies*
KPK
Sindh
Balochistan
Industrial Dummies**
Ind1
Ind2
Ind3
Ind4
Ind5
Ind6
Ind7
Ind8
Ind9
Ind10
Ind11
Ind12
Ind13
Ind14
Ind15
Ind16
Ind17
Ind18
Ind19
Ind20

Description
= Natural logarithm of monthly income
= Most frequent years of education within a specific occupation
= Number of years of education above required education
= Number of years of education below required education
= max (0, Age  years of completed education  5)
= Squared of experience
= 1 for urban, 0 otherwise
= 1 for male, 0 otherwise
= 1 for currently married, 0 otherwise
= 1 if the worker form KPK, 0 otherwise
= 1 if the worker form Sind, 0 otherwise
= 1 if the worker form Baluchistan, 0 otherwise
=1 for Mining and quarrying, 0 otherwise
=1 for manufacturing, 0 otherwise
=1 for Electricity, gas, steam and air conditioning supply, 0
otherwise
=1 for Water supply; sewerage, waste management and
remediation activities, 0 otherwise
=1 for Construction, 0 otherwise
=1 for wholesale and retail trades; repair of motor vehicles and
motorcycles, 0 otherwise
=1 for transportation and storage, 0 otherwise
=1 for accommodation and food services activities, 0 otherwise
=1 for information and communication, 0 otherwise
=1 for financial and insurance activities, 0 otherwise
=1 for real estate activities, 0 otherwise
=1 for professional, scientific and technical activities, 0 otherwise
=1 for administrative and support services activities, 0 otherwise
=1 for public administration and defense; compulsory social
security, 0 otherwise
=1 for education, 0 otherwise
=1 for human health and social work activities, 0 otherwise
=1 for arts, entertainment and recreation, 0 otherwise
=1 for other services activities, 0 otherwise
=1 for activities of households as employers, 0 otherwise
=1 for activities of extraterritorial organizations and bodies, 0
otherwise

Notes: *Punjab is omitted category; **Agriculture, forestry and fishing is omitted category.

