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Abstract

This paper explores the earnings gap between the self-employed and
wage earners in urban Ghana. This is important in understanding the
drivers of inequality, we hypothesise that heterogeneity in informal sector
earnings will have implications for the income gap between self-employed
individuals and wage earners. This heterogeneity in earnings will be con-
cealed at the mean. However, the information about who benefits and who
is penalized in the informal sector can be important from the policy per-
spective. Furthermore, this paper investigates the possibility that result
from quantile regression can depend on the assumption of the estimator
about the variation due to the fixed effect.

The results show that at the mean, self-employed individuals enjoy
a premium, however, quantile result suggests that this is driven by the
individuals at the upper end of the self-employment earning distribution.
At the lower quantiles, being self-employed attracts a penalty. We note
that this result becomes apparent only when we allow the quantile effect
to be arbitrarily correlated with fixed effects. Finally, our results show
that formal sector premium, gender earnings gap and informal sector pre-
mium (where it exists) all favour male and older cohorts of workers at the
expense of young and female workers.

Keywords: Panel Quantile Regression; Individual Effects: non-additive
error.

1 Introduction

In sub-Saharan Africa, those who work for themselves generally work in the
unregulated sector1 . Data on Africa show that majority of people on the conti-
nent are self-employed and work in the informal sector with a disproportionate

∗University of the Witwatersrand, South Africa
†This research is partly funded by the Network for Jobs and Development (NJD) pro-

gramme. The authors are grateful for the assistance of Andrew Kerr in providing valuable
guidance on the data used and the methodology.

1 It is however important to note that self-employed individuals are not always informal
and some of those who work in the informal sector are wage earners.
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percentage of the self-employed being young and or female workers (Filmer and
Fox, 2014). Most of these self-employment activities are believed to be associ-
ated with low income and difficult working conditions. These to some extent
explains the persistent problem of poverty and inequality in developing countries
in general.

In the case of Ghana, one explanation for the concentration of the labour
force in the informal economy is the lack of opportunity for a large portion of
the population to further formal education. Higher education institutions in
Ghana are challenged in providing access to affordable education to accommo-
date all qualified students for postsecondary education. Ghana Living Standard
Survey Round 5 (GLSS 5) reports that only 13.6% of the population possess
secondary or higher education. The rest consists of those with no education,
primary or lower-secondary education. This group could not further formal
education mainly because of insufficient formal education and training opportu-
nities (Palmer, 2009). The survey also shows that this lack of opportunity/assess
to education affect females more than their male counterparts, while 6 out of
every 10 men are literate only 4 out of every 10 women are literate. Another
explanation is the shrinking formal sector, between 1985 and 1991 formal sector
jobs declined by an average of 3.7% annually while the labour force grew at
an average rate of 3.2% per annum (Baah-Boateng, 2004). This contraction in
the formal sector particularly in the public sector shift labour to the informal
sector.

In terms of the unemployment gender divide, unemployment/underemployment
in the female population is higher (compared to their male counterparts) largely
because of lower educational attainment and the predominant role of female
workers in the informal sector (Baah-Boateng, 2004, pg. 7). In terms of the
age divide, unemployment is higher for the younger cohorts (under 24 years).
There is also a rural-urban dynamics where economic activity in rural areas is
higher (58.6%) than that of urban areas (47.3%).

Filmer and Fox (2014) noted that in the absence of adequate social safety
nets, unemployed people are compelled to take low-productivity (informal sec-
tor) or low-wage (formal sector) jobs. One option open to those who have no
access to further formal education and are consequently barred from formal sec-
tor jobs is to learn a skill that can be profitable in the labour market. This
is achieved mainly through informal apprenticeship, which is a long-standing
practice in West Africa in general (Palmer, 2009). Under the informal appren-
ticeship programme, learners work under master-craftspeople for around 3 years
on average learning a trade. These include tailoring, hairdressing, woodwork,
metalwork, driving etc. Ghana also has a number of Technical and Vocational
Education and Training (TVET) institutes that deliver training through pub-
lic and private schools. However, 80-90% of all basic skills training is through
informal apprenticeship.

In response to the unemployment/underemployment problem, policy debate
has led to a call for a National Apprenticeship Programme (NAP) (Palmer,
2009). This is an ambitious plan that seeks to formalize the informal appren-
ticeship system. This proposed programme will also come at a significant cost
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to taxpayers2 . Therefore, there is a need to understand how beneficial the exist-
ing (mostly) informal system is to its beneficiaries. This is important because
a bulk of those who take the informal apprentice route are likely to end up
being self-employed in the informal sector. This is especially true for those who
undergo informal apprenticeship as against those who attend public or private
TVET colleges (Filmer and Fox, 2014). Since those who are self-employed rep-
resent the largest percentage of the working population, their welfare should be
of interest to policymakers.

In this paper, we compare the self-employed with wage earners in terms of
earnings. We note that restricting this comparison to the average effect of being
self-employed will conceal important information about the dynamics at differ-
ent parts of the income distribution. Therefore, we estimate quantile treatment
effects of being self-employed in urban Ghana. Our result shows that on average
those who are self-employed are better off in terms of earnings when compared
with those with comparable human capital characteristics that are wage earners
in the public and private sector. These result holds when identification is based
on fixed effects or the Instrumental variable (IV) approach.

The quantile result is mixed and quantile effect depends on the assumption
of the model. When identification is based on fixed effect, conditional and
unconditional quantile effect show that the self-employed enjoy a premium at
the top of the earnings distribution while there is no significant effect at the
lower quantiles. When identification is based on the IV approach, conditional
quantile effect show that there is a premium for the self-employed across the
income distribution except for those at the top where there is no significant
difference between the earning of the self-employed and wage earners. However,
the unconditional IV estimates show that being self-employed attracts a negative
premium that is mostly not significant (except at the lower quantiles).

Lastly, we explore the possibility that quantile effect might be influenced
by the total variance i.e. fixed effects and the individual specific error (Powell,
2016). We argue that allowing the individual fixed effects to influence the quan-
tile effects does matter for our result. Ignoring the dependence of the quantile
effect on the fixed effect is not ideal in this setting since a large percentage of
the variation in earning is explained by the fixed effect (see Falco, et al. (2011)).
The result for the estimator that allows quantile effect to vary with the fixed
effects shows that the self-employed earn a significant premium at the upper
quantiles while they pay a significant penalty at the lower quantiles.

In general, our result shows that the self-employed in urban Ghana are gener-
ally better off when compared with wage employees of similar human capital at
the upper quantiles. This suggests that the policy recommendation that seeks to
support entrepreneurs should focus more on those at the lower quantiles where
there is room for improvement. This may be a better and cheaper strategy than
the NAP proposal. The fear around the NAP proposal is that the imposition

2 In 2008 this programme has an estimated cost of US$46 million (Palmer,2009) however
to the best of our knowledge it has not been implemented. One of the reasons for this is that
there is fear that government intrusion into the informal apprenticeship system that has been
self-sustaining can be destructive (Palmer, 2009)
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of an institutional framework on a self-sustaining system of skills transfer might
do more harm than good (see Palmer (2009) for some discussion on this point).
Instead of potentially disrupting the existing system, government can instead
focus on supporting those who have acquired skills through the system. This
will also create an incentive for others to acquire skills through the informal
apprentice programme. Supporting people with skills may be cheaper than the
ambitious plan of underwriting skills training indefinitely.

One important finding of our study is that those at the lower quantiles
of the self-employment earning distribution (the penalized group) are mostly
female and young workers. Therefore, policy intervention that seeks to support
the informal apprenticeship programme is likely to yield positive results if it is
focused on this demography.

The rest of the paper is organized as follows. Section 2 provides a brief
review of the Ghanaian labour market. Section 3 presents the various quantile
estimators, their assumptions and the likely implication of these assumptions for
quantile effect results. Section 4 presents the data set. In section 5 we discuss
the results while section 6 summarizes the result of the quantile estimators and
their implication. In this section, we also argue that the estimator that allows
the time-invariant components to influence the quantile effects appear more
realistic than the alternatives. Section 7 concludes.

2 Literature review

Informal sector activities dominate the economy in most African countries. The
case of Ghana is not an exception (see Glick & Sahn (1999)). Estimates from the
GLSS (2005/2006)3 data suggests that women and young workers dominate the
informal sector while the few available formal sector jobs are dominated by men
(Heintz & Lynda, 2012). The gender and age dimension of the divide between
wage earners and self-employed individuals is such that the demography that is
worst hit by unemployment and underemployment, is the one that dominates
the self-employment (or informal) sector. This suggests that self-employment
is unlikely to be a choice, especially for female workers whose destiny and em-
ployment choices may be further limited by social norms.

To understand variation in earnings and its attendant impact on poverty
and inequality, earlier research focuses on the average income gap. For example,
Falco, et al. (2011) found that at the mean, self-employed individuals (with or
without employees) in urban Ghana earn less than civil servants while they earn
more than other wage earners (public enterprise workers and wage earners that
work for private establishments). Carrington, et al. (1996) also found that the
self-employed earn less than the wage earners on average. Monk, et al. (2008)
found that those who participate in the apprenticeship programme in Ghana
earn 50% more than those with similar human capital characteristic but did not
undergo an apprenticeship training. However, more recent literature suggests

3GLSS Ghana Living Standard Survey available @
http://www.statsghana.gov.gh/docfiles/glss5_report.pdf
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that focusing on the mean will hide important information about the income
gap between the various groups. For example, Bargain & Kwenda (2010) found
that most self-employed individuals earn a premium in Mexico, this premium
increases with the level of income. However, informal workers (both dependent
and independent) form a largely penalized group in South Africa with only
marginal gains at the upper end of the income distribution. It will, therefore,
be naïve to assert that those who are self-employed or and work in the informal
sector are better or worse off in terms of income when compared with those
who are wage earners or work in the formal sector as this may not be true for
different income levels.

Since earnings in the informal sector are known to be highly heterogeneous
(Bargain & Kwenda, 2014), one should expect this heterogeneity to translate
to heterogeneity in the income gap between the self-employed and wage earners
across the income distribution. This will yield results that can better inform
policy on where a positive improvement can be achieved.

3 Econometric Approach

Self-employed individuals and wage earners can be thought of as being in two
different sectors. We are therefore interested in the income difference between
the two sectors. One immediate problem in isolating the effect of being in one of
the two sectors is endogeneity. Selection into the self-employment group is not
likely to be exogenous. One way to deal with this is to use the Heckman selection
model or the instrumental variable (IV) approach, this requires a variable that
satisfies the exclusion restriction i.e. a variable that is correlated with participa-
tion in the self-employment sector but is uncorrelated with earnings. Under the
IV approach, the estimand is the Local Average Treatment Effect (LATE) which
estimates the effect for compliers i.e. those who are self-employed because of the
value of an exogenous instrument. The other alternative is to use the fixed ef-
fect estimator. This estimator assumes that selection is driven by time-invariant
unobserved factor like innate ability. Given the nature of the labour market con-
dition in Ghana, it is not likely that the choice of being self-employed is driven
solely by innate ability that is fixed over time. With an estimated 13% of the
population with post-secondary education, it is more plausible that inability to
access formal higher education and the shrinking formal sector creates a barrier
for most of the individuals who are self-employed.

Falco, et al. (2011) using the same data set we use in this study assumes that
the movement between sectors is exogenous (conditional on fixed effects) for the
identification of size and sectorial effects. They also use System GMM estimator
(Blundell & Bond, 1998) to show that there is no evidence that the fixed effect
estimator that is relied upon for identification in their study is biased. Given
the discussion above, we believe that the assumption of the fixed effect esti-
mator may be restrictive4 for this particular case study, therefore we relax this

4We are grateful to anonymous referee of Economic Research Southern Africa (working
paper series) for pointing this out.
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assumption by considering the possibility that selection into self-employment
is not exogenous (conditional on fixed effects alone). We exploit the fact that
participation in (informal) apprenticeship programme predicts self-employment
and this variable can be excluded from the earnings equation in our sample.
Furthermore, we utilize a battery of quantile regression methods in order to
check the robustness of the results to various assumptions that can be made
about the model (e.g. conditional versus unconditional quantile effects). What
follows gives more details about the methods used.

3.1 Fixed Effect estimator

First, we replicate the result of Falco, et al. (2011) who examined four sec-
tors namely public enterprise, civil service, private wage earners, and self-
employment. In this paper, however, we collapse these groups into wage earners
(comprising public enterprise, civil service, private wage earners5) and the self-
employed (self-employed with no employee and self-employed with at least one
employee). The main reason for the reclassification is that the number of obser-
vations in the public enterprise and civil service groups is small in our sample
and this may create some problems for the quantile results if these groups are
treated individually. When combined this groups represent about 13% of our
sample.

Following Falco, et al. (2011) we adopt the framework of Abowd, et al.,
(1999) which can be written as

yit = xitβ + θi + ψj(i,t) + δtime+ εit... ... ... (1)

where yit is the natural log of earnings of observation i at time t, xit is a vector of
time varying and time invariant observables, θi is the unobserved time invariant
individual characteristics and ψj(i,t) is the sector j in which individual i works
at time t, j = s or w representing self-employed and wage earners respectively.
Time dummy captures the effect of time. Sector variation ψj(i,t) is modelled
as a dummy variable that takes the value one when a worker is observed as
a self-employed individual and zero otherwise. This means that unlike Falco,
et al. (2011) there is no need to construct a sector index but similar to their
study, a fixed effect estimator is used to extract θiwhich contains both observed
and unobserved time invariant variations. The variation due to time invariant
unobservables is isolated by modelling the fixed effect variation as follows:

θi = αi + µiη... ... ... (2)

Where µi is a vector of time invariant observables like education and gender
(estimated without a constant term), αi is then isolated as the residual of this
regression. Theαi term captures each individual’s time invariant unobserved
variation. To show that time invariant attributes are by far the most important
factor explaining variance in earnings Falco, et al. (2011) use αi term in a pooled

5Wage earners employed by private entities
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OLS regression. The result shows that the fixed effect component explain more
variation than the sector index. This observation becomes important when we
consider quantile fixed effect estimators under alternative assumption about the
relationship between the quantiles and the fixed effects.

3.2 Conditional and unconditional Quantile Regression Fixed
Effects Approach

As argued earlier focusing on the mean is restrictive especially from a policy
perspective. Policy makers may be more interested in knowing how those at
the lower quantile are performing relative to their wage earning counterparts.
Therefore, we are interested in exploring the earnings gap across the income
distribution while controlling forαi. However, there are several ways to achieve
this. Most estimators assume that the αis are a pure location shifters (this
implies that fixed effect is additive (Powell, 2016)). This is the assumption
underlying equation (1). Under equation (1) controlling for fixed effects by
differencing out the αis does not affect the quantile effect results. However,
if this assumption is not correct for the underlying model the result may be
inaccurate. We address this in section 3.3.

Canay (2011) shows that if we are willing to assume that the αis are pure
location shifters, the αis can be extracted from equation (2). We can then use
the αis to calculate corrected income ŷit = yit − α̂i. Canay (2011) argue that
pooled quantile regression on the corrected dependent variable controls for the
time invariant unobservables. We call the estimator of Canay (2011) quantile
model I (QM1 ) for ease of reference subsequently.

The assumption that αi is additive in the model is restrictive in that it
leads to methods that does not allow the parameters of interest to vary withαi.
Note that the Canay (2011) approach estimates quantile effects on the quantiles
of yit − αi and this may be very different from the quantiles of yit. The term
yit−αi changes individual’s placement in the distribution of yit which makes the
interpretation of the result difficult (see Powell and Wagner (2014) and Powel
(2016) for more detailed examples and discussion on this point).

A related concern is that the quantile estimator proposed by Canay (2011)
is a conditional quantile estimator. In other words, its result is conditional on
the covariates included in the model. To see this consider the traditional linear
model. For this model βOLS has a dual interpretation in that it captures the
effect of moving X on both E (Y |X) and E(Y ) i.e. the conditional and the
unconditional mean of Y . This is because the law of iterative expectation (LIE)
applies under the linear model (i.e.E (Y ) = E(E (Y |X))). This is not the
case for distribution functionals like quantiles because LIE cannot be used for
quantiles. Consequently, the result from conditional quantile effect estimators
may not be generalizable to policy or population context (Borah &Basu, 2013;
Firpo, et al, 2009) since for quantiles

Qτ (Y |X) �= Qτ (Y ) ... ... ... (3)
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whereQτ (Y/X) is the conditional quantile of Y given X and Qτ (Y ) is the un-
conditional quantile of Y . Lastly, this estimator also assumes that sector choice
is exogeneous given the fixed effects.

One can consider the unconditional quantile of the income distribution in-
stead of the conditional quantiles while still exploiting the panel data available.
Firpo, et al. (2009) introduce a cross-sectional unconditional quantile effect
estimator that was extended by Borgen (2016) to account for time-invariant
unobservable using panel data. The method involves estimating the RIF (Re-
gression Influence Function) of any distributional functional of interest. Since
we are interested in quantiles the RIF is given by

RIF (Yit; qτ ) = qτ +
τ − 1[Yit < qτ ]

fY (qτ )
... ... ... (4)

where qτ is the τ
thquantile of Yit, 1[Yit < qτ ] is an indicator variable that denotes

when Yit is below qτ and fY (qτ ) is the estimated density at qτ . The RIF is then
regressed on the covariates using the fixed effect estimator6 . Under the method
quantiles are defined pre-regression, therefore the quantiles do not depend on
the covariates (Lass and Wooden, 2017). Furthermore since

E (RIF (Yit; qτ ) |X) = E (RIF (Yit; qτ )) = qτ ... ... ... (5)

It means that just like in the case of the linear model, LIE applies so that the
unconditional effect of X on the RIF is the same as its conditional effect. The
implication is that the quantile effect estimated under this approach is inter-
pretable in the population context. Unconditional quantile effect summarize the
effect of treatment for the entire population and are often of interest to policy
makers because of the ease of interpretation (Frolich and Melly, 2008). This is in
contrast to conditional quantile effects that changes with the set of conditioning
variables. This makes interpretation of the result more difficult (see Frolich and
Melly (2010)). We call the estimator introduced by Firpo, et al. (2009) quantile
model II QMII for ease of reference.

3.3 Conditional and unconditional Quantile Regression IV
approach

One can relax the fixed effect exogeneity assumption by considering the in-
strumental variable approach. As noted earlier this corresponds to the LATE
estimator. For this approach to be valid, some assumptions have to be made
about the instrument(s). The instrument has to be relevant in terms of being
a good predictor of treatment (being self-employment in this case), it also has
to be valid in that it does not belong to the outcome equation i.e. it affects the
earnings of respondents only through participation in self-employment.

We use the variable that indicated whether the respondent ever participated
in the apprenticeship programme as our main instrument. In terms of relevance,

6Stata xtreg command is used for the regression. So in theory this estimator identifies the
quantile effects by eliminating the variation due to the fixed effects.
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the literature suggests that those who undergo apprenticeship training in Ghana
mostly end up being self- employed in the informal sector (Fu and Tu, 2013). It
is important to note that even when those who acquire skills through a TVET
college or informal apprenticeship manage to secure a formal sector job they are
more likely to get lower level jobs because of their years of education. Ackah et.
al, (2014) noted that dividends of education in formal sector jobs only apply to
those with post-secondary school education i.e. more than 12 years of education.

In terms of validity, it is unlikely that participation in apprenticeship will
affect income directly for our population of interest. Even though it is reasonable
to assume that being an apprentice or a TVET college graduate may suggest
low income relative to high earners in the formal sector (because of lower pay
in the informal sector). This effect is likely to be muted by the fact that we
are comparing individuals with similar human capital characteristics (the most
relevant of these characteristics in this setting is educational attainment). The
comparison group in this analysis consist of those who are in the lower cadre of
the formal sector (with or without TVET qualification) so that income in both
groups should be comparable. In other words being an apprentice in the past
should not directly explain variation in earnings in a population of people with
low level of education and relatively low income. We perform tests recommended
in the literature to check the validity of these assumptions for the data.

We re-estimate the mean effect of being self-employed using participation in
apprentice programme as an instrument, then using the instrument we estimate
conditional and unconditional quantile effects under the assumption that being
self-employed is endogenous. We note that the estimators used estimate the
LATE and this may not coincide with the result of the estimators used under
section 3.3 (i.e. models QMI and QMII ). For the conditional quantile effect
estimates, we use the estimators introduced by Chernozhukov et al. (2015) (we
call this estimator QMIII ) and we check the robustness of the result using the
quantile estimator of Abadie, Angrist, and Imbens (2002). Both estimators are
cross-sectional estimators that estimate conditional quantiles under endogeneity
assumption7 .

We also estimate the unconditional quantile effect using the estimator in-
troduced by Frolich and Melly (2008). Lastly, we use an estimator that allows
us to condition on fixed effects for identification purposes but still maintain the
non-separable disturbance property of quantile regression models in an IV set-
ting (see Powell, 2014 & 2016). This is in contrast to estimators that control for
fixed effect by differencing it out. Under regular fixed effect estimators, the fixed
effects are pure location shifters so that differencing out the fixed effects will not
affect identification of the quantile effects. The main point is that this quantile
estimator is useful in a setting where the relationship between the outcome and
the variable of interest is of the form

yit = X
′

iβ(αi + εi) ... ... ... (6)

7Note that The estimator of Chernozhukov et al. (2015) allow for any kind of instrument(s)
while the estimator of Abadie, Angrist, and Imbens (2002) only allow for a binary instrument.
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So that the impact of the variable of interest varies based on the total distur-
bance (αi + εi). This is in contrast to equation (1), in equation (6) differencing
out the fixed effects may be problematic. Powel (2016) show that the additive
fixed effect assumption will be inappropriate when equation (6) is the correct
model. We call the quantile estimator introduced by Powell (2016) QMIV.

This point is related to the point made by Falco, et al. (2011), the authors
argue that the unobserved individual market-ability (fixed effects) is by far the
most important factor explaining variation in earnings (at the mean). If in
addition to this we assume that the fixed effects are not pure location shifters
so that their effect vary at the quantiles, then the estimator introduced by Powell
(2014 & 2016) will be more appropriate than the alternatives. Lastly, Powell
and Wagner (2014) noted that allowing for non-separable disturbance allows
the quantile effect under this estimator to be interpretable in the population
context (i.e. an unconditional quantile estimator).

4 Data

The data used for analysis is the longitudinal labour market survey conducted
by the Centre for the Study of African Economies (CSAE) at Oxford Univer-
sity. The data spans five years covering 2004 to 2008 (Note that Falco, et al.
(2011) use the same data but for three years i.e. 2004 to 20068). The survey
collects information on income, education, labour market experience, household
characteristics and various other modules for labour force participants in ur-
ban areas of Ghana. These areas include the four largest urban centers in the
country: Accra (and neighboring Tema), Kumasi, Takoradi and Cape Coast.
Respondents are between 15 to 60 years old.

The samples were based on a stratified random sample of urban households
from the 2000 census in Ghana. While the initial sample was household-based,
interviews were conducted on an individual basis, and the unit of analysis in
what follows will be at the individual level. 830 individuals were interviewed in
the first round of the survey.

Collecting information on earnings for self-employed individuals in low in-
come developing countries is controversial. The argument is that self-employed
individuals in the informal sector rarely keep accounts and their self-reported in-
come data may be too noisy. Furthermore, for household-based businesses the
distinction between business and personal expenditure may be unclear to re-
spondents. The data collector acknowledges this limitation. However like Falco,
et al. (2011) we believe that this aspect of the labour market is too important
to be overlooked in the African context.

Some steps were taken by the data collectors to mitigate some of the effects
of measurement error. The income measure is based on self-reported profits net
of operating expenses and fixed capital expenditure. The concepts of revenue,

8The data for 2004 to 2006 is available online http://www.csae.ox.ac.uk/households/the-
ghana-and-tanzania-urban-household-panel-surveys-2004-2006. Data for 2007 and 2008 are
not online but was provided to us.
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cost and expenses were explained to respondents by enumerators and a simple
mechanical check (handheld computers were used to collect the data) forces the
enumerator to go through the numbers again for inconsistencies. For formal
sector workers income is the before-tax income that includes all bonuses.

This paper follows Falco, et al. (2011) in modeling the number of employees
and firm size. The former refers to the number of employment generated by
the firm in which an individual works. This value is unity for wage earners and
own self-employed. The firm size captures variation in the number of people
working in the firm in which an individual works, for wage earners this will be
the number of people employed by their firm while for own self-employed it will
be the number of people they employed plus one.

Table 1 shows the summary statistics and the pattern is roughly along the
lines of what has been observed in the literature. Female workers dominate the
self-employment sector. Furthermore, in every wage category (public enterprise,
private wage, and civil service) there are more male workers on average. Female
workers earn less than their male counterparts do, they are younger and less
educated.

Note that in general, the sample does not contain highly educated workers
who may be high earners in the formal sector. The mean years of education for
the sample is about 9 years. This is the equivalent of Junior Secondary School
(JSS) which in general is the qualification required for entry in TVET colleges.
The implication of this is that our comparison is between individuals who opt
for TVET education or informal apprenticeship and those who do not as against
those who continued their formal education.

5 Analysis and Results

Tables 2 and 3 present the results from our OLS and fixed effect estimator.
This estimation uses the full sample i.e. 2004 to 2008 data. For all estimation,
clustering is done at the individual level. The results are similar to what Falco,
et al. (2011) found so we have kept the discussion brief. Column (1) of table
1 shows the OLS earnings gap without controls, a negative premium of about
23% is associated with being self-employed.

The result in Column (2) shows that once we introduce a set of controls the
magnitude of this premium reduces to 3% and the effect becomes statistically
insignificant. The fixed effect estimation in column (3) shows that once time-
invariant unobservables are controlled for, there is a significant premium of 24%.
Column (4) checks whether attrition is a problem in the sample.

To model attrition we follow Falco, et al. (2011) and Wooldridge (2002, pg
586), we assume exiting the panel is an absorbing state so that the data for the
estimation in column 4 is restricted to those who are in the sample continuously.
We use the model below to check if attrition is important.

∆yit = xitβ+ ρ2d2λ̂ (witδit)+ρ3d3λ̂ (witδit)+ρ4d4λ̂ (witδit)+ρ5d5λ̂(witδit) (7)

where λ̂ (witδit) are the predicated probabilities from the modelling of attrition.
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From the result, there is no evidence that attrition pattern is significant in
explaining the variation in the outcome.

Based on the methodology described in section 3.1 estimates of the αis are
obtained. Table 3 show the pooled OLS regression with and without the α̂i
term. The point here is that about 50% of the variation in earnings is explained
by the α̂is (R2 increased from 0.26 to 0.76). This is important because if the
assumption made under the additive fixed effect model is incorrect and the fixed
effects do have varying influence on the income gap at the quantiles, then the
inference from the result of the additive model may be inaccurate. We check
this latter by using the Powell (2016) quantile estimator.

Across the results, male workers earn significantly more than female workers
confirming the gender earnings gap. Number of hours worked, firm size and
number of employees all have a positive and significant effect on earnings. The
result on the relationship between years of education and income is perhaps
counterintuitive. Education significantly reduces income in this sample. One
reason for this is that educational attainment in the sample is generally low.
Those who acquire more education but end up in a TVET college or informal
apprenticeship may lag behind because of the extra years of education that is
not yielding direct dividend in the labour market. This also agrees with the
result of Ackah et. al, (2014) who noted that whilst wages may be high in the
public sector (in Ghana), these higher wages are only attained with secondary
or higher education. Persons with lower education do not attract high wages
even in the formal sector. The average years of education for the wage earners
is 9.74 while it is 7.51 for the self-employed. Even though those who work in
the formal sector are on average 2 years more educated, given the observation
of Ackah et. al, (2014) it is unlikely that this translates into higher wages. Our
result, therefore, agrees with what was observed by Ackah et. al, (2014)9 .

5.1 Results: Conditional and unconditional Quantile Ef-
fects (QMI and QMII)

To reiterate QMI estimates the conditional quantile effects controlling for time-
invariant heterogeneity by eliminating the variation due to α̂i (Canay, 2011).
QMII estimates unconditional quantile effect (also eliminating variation due
to α̂i). The results are shown in Figures 1 & 2.

The clear pattern in the results is that self-employed individuals at the upper
end of the earnings distribution are earning a significant premium relative to
wage earners. On the other hand, there is no significant difference between wage
earnings and self-employment earnings at the lower quantiles. This is the case
irrespective of the estimator used. This then implies that the positive premium

9The implication of this result is that if one wants to drop out of schooling it is better do
earlier instead because this creates an opportunity to acquire skills and accumulate experience
in the trade of interest. At least for our data this is better than acquiring 2 extra years of
education may be counterproductive in terms of income. Although we note that education
generally has a positive effect on other aspect of labour operations and not just in terms of
earnings.
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at the mean is driven by the self-employed at the upper end of the earnings
distribution.

Furthermore, the results suggest that the quantile effects are similar irre-
spective of whether the effect is conditioned on the covariates or not. However,
there are some differences. The self-employment premium at the upper quan-
tiles is larger under the unconditional quantile effects. The unconditional pre-
mium is about 60% while the conditional premium is about 20%. Furthermore,
conditional quantile effect suggests that those above the 30th quantile earn a
significant premium while the unconditional quantile effect suggests that only
those above the 60th quantile benefit.

5.2 Results: Conditional and unconditional Quantile Ef-
fects (QMIII and QMIV)

Note that the previous result assumes that our ability to control for time-
invariant unobservable with the panel also controls for possible endogeneity
of self-employment. In this section, we relax this assumption by using the IV
approach. Before presenting the quantile results, we present the result at the
mean. For the cross-sectional analysis in this section, we use the 2006 data set
only. The is because 2006 data has the highest number of observations (1,006)
and the question that identifies our main instrument (“have you ever worked as
an apprentice?”) is asked in 2006 and has sizable response rate. This question
has 3 categories of answer namely, (1) no never (2) yes, currently and (3) yes,
in the past. The summary statistics for 2006 data is presented in table 1 of the
appendix.

Our assumption is that those who have undergone apprenticeship training in
the past are more likely to be currently self-employed. For the estimators that
allow binary and non-binary instrument(s), we use this variable as it is (i.e. as
a categorical variable). For the estimators that only admit binary instruments,
we create a dummy variable that is 1 if the respondent has ever worked as an
apprentice in the past and 0 otherwise. Note that we exclude TVET graduates
from the instrument, the reason is that TVET graduates still have a better
chance of landing a job in the formal sector because they have some form of
recognized certification. We use tenure and years of education as additional
instruments.

Table 4 presents the results, columns (1) and (2) show the first and sec-
ond stage regression respectively. Result in column (1) show that being male
significantly reduces the chances of being self-employed which agrees with the
literature. Furthermore being an apprentice currently reduces the chances of
being self-employed now relative to those who have never been an apprentice.
This is reasonable because it will be difficult to be an apprentice and a business
owner at the same time.

The somewhat troubling result is that being an apprentice in the past has the
wrong sign (and is not significant). It turns out that this boils down to the way
the apprentice variable is coded. If we set the instrument to 1 if the respondent
has been an apprentice in the past and zero otherwise (instead of using the 3
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categories), being an apprentice increases the chances of being self-employed.
This alternative result is presented in table 2 of the appendix.

The main result is that being self-employed increases log earning by a factor
of 2.4. This is 10 times the earning premium under the fixed effect model (table
3). Suggesting that even though the estimate might be sensitive to the method
(IV versus fixed effects), self-employed individuals earn more on average. We
perform some test to verify that the assumptions made about the instruments
are valid. We perform the Durbin and Wu-Hausman tests of endogeneity (the
result of the Wu-Hausman test is not reported but the inference is the same).
Under the null hypothesis for these tests, self-employment variable is exogenous.
The Durbin score is 50 and is significant. This means that we are correct to
treat self-employment as an endogenous variable.

We also perform tests to examine the relevance of the instrument. Sock et.
al, (2002) suggests that the F statistic should exceed 10 for the inference to be
reliable. The F statistic of the first stage regression is 20.43 and is significant
at the 1% level. This suggests that the instrument is not weak. Since we have
only one endogenous variable, the F statistic is identical to Cragg and Donald
(1993) minimum eigenvalue statistic. We, therefore, perform a further test of
weak instrument using Stock and Yogo (2005) tests. To perform these tests we
choose either the relative bias of the IV estimator or the largest rejection rate
of a nominal 5% Wald test we are willing to tolerate. For this analysis, if we are
willing to tolerate a relative bias of 5% (i.e. relative to OLS bias) the critical
value is 13.91, also the size of nominal 5% Wald test is 12.83 if the rejection
rate is 15%. Since the minimum eigenvalue of 20.43 is greater than 12.83 and
13.91, we can conclude that we do not have a weak instrument problem.

Lastly, since our model is overidentified i.e. the number of additional instru-
ments exceeds the number of endogenous variables, we test if the instruments
are uncorrelated with the error in the outcome equation. The Sargan’s (1958)
test statistic is 0.66 (with a p-value of 0.72) since the test is not significant, we
can conclude that the instrument is valid.

Figures 3 and 4 present the IV conditional and unconditional quantile regres-
sion results. The conditional effect (figure 3) shows that the self-employment
premium is much higher than when self-employment is assumed to be exogenous
conditional on fixed effects (figures 1 and 2)10 . This agrees with the observation
at the mean i.e. the premium is much larger under the IV approach. Figure 3
also shows that conditional on covariates there is no significant premium for the
self-employed at the top quantiles (>90). This is in contrast to figures 1 and 2
where the largest premium is at the top quantiles.

On the other hand, the unconditional effect shows that apart from some
portion of the lower quantiles (where there is a significant negative premium for

10The result of the quantile estimator introduced by Abadie, Angrist, and Imbens (2002)
is presented in the appendix table 3.1. We not that the general pattern is identical while the
standard error is much larger for then Abadie, Angrist, and Imbens (2002) estimator. We also
note that the Abadie, Angrist, and Imbens (2002) estimator only admits binary instrument.
Therefore, we could not include the additional instruments for this estimator and this may be
the reason for the difference between the two estimators.
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the self-employed) there is no significant difference between the self-employed
and wage earners in terms of earnings. The implication is that the result depends
on how we choose to control for selection. Furthermore, under the IV approach,
it matters if the effect we are interested in is conditional on covariates or not.
When the effect is conditioned on covariates, there is a significant premium for
the self-employed except at the top of the distribution. When the effect is not
conditioned on covariates self-employment attracts a penalty in general but this
penalty is not significant above the 20th quantile.

We do not see the difference between the results of figures 3 and 4 as a
contradiction. What these results suggest is that when we compare income
unconditionally (i.e. ignoring the covariates) the self-employed earn a negative
premium and this negative premium is not significant at most quantiles. This
is the general sentiment when these sectors are compared, wage earners in the
formal sector are generally believed to earn more than the self-employed in the
informal sector. However, figure 3 implies that when we compare people with
similar characteristics at each quantile, the self-employed are actually doing
better in general (except at the top of the distribution). In essence self-employed
individuals that own their skills through informal apprenticeship (under the IV
approach) or otherwise earn more than wage earners with similar human capital
characteristics. Recall that in our sample the wage earners have similar years of
education and therefore will not be high earners even in the formal sector. It is
therefore plausible that the additional skills acquired by those who participate in
the apprenticeship programme is what is being rewarded in the labour market.
Therefore, these two results are not mutually exclusive.

Evidence from Latin America suggests that informal jobs may reflect the
voluntary choice of workers given their preferences, the inefficiency of the labour
market or low level of human capital (Maloney, 2004). While these restrictions
can limit earning in general, our result suggests that those for whom these
constraints are binding can improve their earnings by acquiring skills that are
valued in the labour market. Therefore while self-employment can be as a
result of market segmentation (Tannuri-Pianto and Pianto, 2002) fuelled by
lack of access to further formal education, in the case of Ghana and perhaps
other West African countries where informal apprenticeship is popular (Palmer,
2009), there is a further choice to be made. This choice our result suggests
makes a positive difference in terms of earnings (conditional on covariates).

Result in section 5.1 control for selection by controlling for time-invariant
unobservable (e.g. innate ability) while result in section 5.2 control for selection
using an instrument. The former assumes that the fixed effects are additive
or pure location shifters. In other words, we assume that the quantile effects
do not depend on the fixed effects. If the true model is given by equation (6)
i.e. the quantile effects depend on the fixed effects, then our results may be
inaccurate. As noted earlier the estimator of Powell (2016) allows us to recover
the quantile effect that is consistent with equation (6) in an IV framework. This
estimator can also be interpreted as an unconditional quantile effect which eases
the interpretation of its result (Powell, 2016).

For our last analysis, we use 2005 and 2006 data. The reason for this is
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that the apprenticeship variable (which is our main instrument) is more clearly
defined in the 2006 data, furthermore, these two years have the highest number
of observations (786 and 1,006 for 2005 and 2006 respectively). In other waves
of the data, the apprenticeship variable has few observations11 . We use the
second variant of this instrument i.e. apprenticeship is 1 if the respondent has
been an apprentice in the past and zero otherwise.

We use this variable in both years under the assumption that “in the past”
in 2006 refer to periods before 2005, in other words, we assume that the respon-
dent started their business sometime before 2006. However, since we use other
variables like years of education and tenure as additional instruments we believe
this will not have a huge impact on the result. We also note that this estimator
is valid for t ≥ 2 (Powell, 2016). Figure 5 shows the result.

The result shows that when we allow the quantile effect to depend on time-
invariant unobserved variation, self-employed individuals enjoy significant pre-
mium at the upper quantiles while they pay a significant penalty at the lower
quantiles. First, note that the size of the premium agrees with other results
that control for fixed effects i.e. the highest premium (at the top) and penalty
(at the bottom) is around 0.3. The magnitude is similar to the one under the
fixed effect estimators used in section 5.1.

This result suggests that it may be sufficient to assume exogeneity con-
ditional of fixed effects. Second, in general, the result in figure 5 seems to
summarize the unconditional effects in figures 2 and 4 (i.e. the unconditional
quantile effects) when these effects are significant. In figure 2, there is a sig-
nificant premium at the upper quantiles while in figure 4 there is a significant
penalty at the lower quantiles. At other parts of figures 2 and 4, the effects are
not significantly different from zero.

We suspect that since our main instrument is not well defined over the
panel for the result in figure 5 the result may be largely driven by exogeneity
conditional on fixed effects alone. Therefore, to check the robustness of the
result we estimate the quantile effect in figure 5 without the instruments (We
call this QMVI ). The result is shown in figure 6 and the result suggests that the
instruments used in figure 5 do not make a lot of difference to the magnitude
and direction of the quantile effects.

We believe that the result in figures 5 & 6 are more realistic than other results
because of the assumption that QMV & VI is based on amongst other reasons.
First, figures 5 and 6 present the unconditional effect of being self-employed
which makes them easier to interpret from the policy perspective. Second,
the estimator used for figure 5 combines fixed effect and IV in estimating the
quantile effects. Third, and perhaps the most important advantage is that the
quantile effects under the Powell (2016) estimator are allowed to be arbitrarily
correlated with the fixed effects. The third point is particularly relevant in this
case study since our result at the mean suggests that fixed effects account for
50% of the variation in earnings. In other words, other results ignore 50% of

11 In 2005 data the question was not asked distinctly which makes it difficult to use. In other
waves these question was asked but the number of observations was very small for example
only 116 respondent answered the question in 2004.
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the variation in earnings in identifying the quantile effects. These estimators
assume that a factor like innate ability does not affect income at the quantiles.

6 Examining the assumption that fixed effects
are location shifters

The differences in the size and direction of the premium/penalty can be at-
tributed to the differences in the assumption of the models used. This will have
a direct bearing on policy recommendation that can emanate from the analysis.
For example, a policymaker under QMI and QMII may be willing to maintain
the status quo (at the lower quantiles) since there is no significant penalty for
being self-employed under these models. The same policymaker may be willing
to intervene with a programme to uplift the self-employed individuals at the
lower quantiles under models QMV & QMVI.

The literature reviewed in section 2 suggests that the self-employed at the
lower quantiles represents those who may have been forced into the sector for
the sake of survival. QMI and QMII, however, cast some doubt on this narrative
since this group’s income are not significantly different from those who are wage
earners. Under QMI and QMII the more plausible narrative is that workers are
indifferent between the two sectors. This is unlikely to be the case. Therefore
similar to the conclusion of the previous section it must be that QMV and
QMVI are closer to the truth in that the self-employed at the lower end of the
distribution pay a significant penalty (unconditionally).

This raises the question of the possibility of differences in the characteristics
of those at either end of the unconditional distribution of self-employment earn-
ings12 . We abstract from the issue of returns effect and composition effect and
perform a simple comparison of the characteristics. To do this we divide the
2005/2006 log earning distribution into quintiles. We then compare the charac-
teristics at the top quantile with the bottom quintile. The result is displayed in
table 5, each figure in table 5 represents the mean difference between quintiles
1 and 5. There is about 24% more male in quintile 5 compared to quintile 1,
on average self-employed workers in quantile 5 are 4 years older than those in
quintile 1.

Furthermore, quintile 5 workers are also more experienced, work more hours
per week and have been working with their current establishment for longer
(tenure). However, in terms of years of education, there is no significant dif-
ference between the two groups. This result suggests the gender and the age
divide that exists between the formal and informal sector workers persist in the
informal sector. This time this divide represents the difference between high

12Note that another way to answer this question will be to employ a decomposition that
separate the return effect from the composition effect. The composition effect can then the
decomposed to see which of the covariates is responsible for the effects observed. However,
this will be answering a different question to the one we have in mind. We are interested in
how the characteristics of people that seat in the fifth quantile differs from those that seat in
the first quantile in the self-employment earnings distribution.
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earners and low earners in the informal sector. In other words, even in the in-
formal sector, the high earners are older, more experienced and predominantly
male. Therefore a policy that targets young workers or/and female self-employed
workers is likely to be more effective in terms of reducing poverty and inequality
than one that assumes self-employed workers are homogeneous.

6.1 Earning gap for less heterogeneous groupings

One criticism of our analysis so far is that lumping private wage workers with
workers that work for state-owned enterprises may be an over-generalization of
our results. We, therefore, compare the earnings gap between the self-employed
and private wage workers (figure 7) and the self-employed and state workers
(figure 8) i.e. civil servants and public enterprise workers. These groupings are
more similar than the general result and they provide further insight. Figure
7 confirms the result of Falco, et al. (2011); self-employed workers earn more
than private wage earners. However, figure 7 shows that this is not only true at
the mean but at almost all parts of the earnings distribution. Furthermore, it
shows that the result at the mean is mostly driven by the self-employed at the
upper end of the distribution who are from the same demographic group that
is favoured by the formal sector.

Figure 8 shows that when self-employed individuals are compared with for-
mal sector government workers they are actually worse off. Again this agrees
with the result in Falco, et al. (2011); self-employed workers earn less than civil
servants at the mean. However, the extra information provided by figure 8 is
that those who pay the least penalty for being self-employed are men and older
cohorts of workers who are also favoured in the formal sector. Figures 7 and 8
gives further insight into figures 5 i.e. figure 5 is the weighted average of the
private wage workers earnings gap and state workers earnings gap. Since those
at the top of the self-employment earnings distribution are doing much better
than those in the lower quantiles the net effect is that there is a premium at the
top and a penalty at the bottom.

Our result confirms the existence of formal sector premium but more than
that it suggests that self-employment premium goes to the same demography
that enjoys formal sector premium. In other words formal sector premium,
informal sector premium (where it exists) and gender earnings gap all favour
male and older cohorts of workers. Surprisingly, these results are not driven
by educational attainment. Most likely they are driven by social norms that
perpetuate gender discrimination and the idea that “wisdom comes with age”
which is a norm in a typical African society.

Since there is no way to put the assertions that suggest that social norms are
driving the earning inequality along gender lines we turn to one other variable
that explains the observed differentials. We note that in the self-employment
sector high earners are more experienced than low earners, therefore, networking
and building a good customer base might be a factor here. More experienced
self-employed workers have been in the market for longer, so they have had
more time to build a customer base they can depend on. This may mean more
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frequent opportunity to work as suggested by the number of months employed
last year in table 5. On average high earners work approximately 3 months
more than low earners in the last year. Therefore easing access to market can
be one way in which government intervention can help less experienced workers
in the informal sector.

In general, programmes that are geared towards supporting individuals that
have acquired skills through the apprenticeship programme can yield dividends
quicker and can be cheaper than a plan that seeks to oversee the training of
apprentice (NAP). This may also create an incentive for other prospective ap-
prentice that are not able to further formal education for various reasons.

7 Conclusion

This paper explores the earnings gap between self-employed individuals and
wage earners in urban Ghana. Our result shows that at the mean the self-
employed earn more than wage earners with similar human capital character-
istics. Since earning in the informal sector is heterogeneous we use quantile
regression to estimate the quantile effect of being self-employed. This is impor-
tant for policy recommendation that may target certain parts of the outcome
distribution. We also argue that the identification assumption matters for the
result.

We use an estimator that allows the quantile effects to vary arbitrarily with
the fixed effect in an IV framework to identify the quantile effects. This is
more appropriates since fixed effects explain 50% of the variation in earnings.
Our results suggest that ignoring the fixed effects can produce questionable
results. For example, the unconditional quantile estimator that is based on
RIF regression suggests that there is no significant difference between the self-
employed and wage earners at the lower quantiles. The implication of these is
that there is no penalty for being self-employed. Given what we know from
the literature this is unlikely to be accurate. The quantile effect for our main
estimator shows that the self-employed at the top of the earning distribution
enjoy a premium over there wage-earning counterparts while self-employment
attracts a significant penalty at the lower quantiles.

The key results are two folds (1) formal sector premium, informal sector
premium (where it exists) and gender earnings gap all favour the same demog-
raphy of workers (2) the assumption made on how the time-invariant individual
heterogeneity enters the model does matter excluding this factor may lead to
results that may be deemed inconsistent with reality.
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Table 1: Summary Statistics 2006 to 2008 

All N=3357     Male N=1496   Female N=1861  

Variable Mean SD Min Max  Mean SD Min Max  Mean SD Min Max 

Male 0.45 0.5 0 1           

Age (years) 35.02 10.91 10.33 73.62  35.09 11.02 15 73.62  34.97 10.83 10.33 68.23 

Real Monthly Earnings (97 Cedis) 24.4 52.35 0 1803  29.1 47.97 0 1277.86  20.61 55.34 0 1803 

Total Work Experience 20.56 11.89 0 67.62  19.74 11.5 0 67.62  21.23 12.15 0.13 62.07 

Education (years) 8.46 3.92 0 19.5  9.35 3.49 0 19  7.74 4.1 0 19.5 

No of Employees in the firm 14.19 34.86 1 150  23.48 43.57 1 150  6.72 23.26 1 150 

No of people employed by  

the Self-employed 

1.32 2.08 1 76  1.44 3 1 76  1.22 0.75 1 10 

Public wage dummy 0.08 0.27 0 1  0.11 0.31 0 1  0.05 0.23 0 1 

Civil Service wage dummy 0.05 0.22 0 1  0.06 0.24 0 1  0.04 0.2 0 1 

Private wage dummy 0.35 0.48 0 1  0.51 0.5 0 1  0.22 0.41 0 1 

self 0.57 0.49 0 1  0.38 0.49 0 1  0.73 0.44 0 1 

hours work(week) 47.46 14.62 2 90  48.38 13.77 2 90  46.72 15.23 2 90 

Tenure (years) 8.34 8.98 0 47.67  7.62 8.45 0 41.17  8.92 9.34 0 47.67 
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Table 2: Pooled Regression, Fixed effects, and First Differences 

Ln(Real Earnings) 1 2 3 4 

Self -0.233 0.030 0.241 0.196 

 (0.036)*** (0.058) (0.094)** (0.124) 

Male  0.287   

  (0.044)***   

Ln(Hours)  0.239 0.178 0.406 

  (0.051)*** (0.055)*** (0.121)*** 

Total Work Experience  0.051 -0.476 0.080 

  (0.007)*** (0.357) (0.098) 

(Experience)
2
/100  -0.071 0.039 0.168 

  (0.013)*** (0.077) (0.190) 

Tenure (years)  0.010 0.000 -0.023 

  (0.007) (0.016) (0.026) 

(Tenure)
2
/100  -0.007 -0.012 0.068 

  (0.024) (0.061) (0.092) 

Education (years)  -0.036   

  (0.016)**   

(Education)
2
/100  0.709   

  (0.108)***   

Ln(firm size)  0.089 0.062 -0.002 

  (0.016)*** (0.020)*** (0.043) 

Ln(no. employees)  0.260 0.126 -0.059 

  (0.056)*** (0.078) (0.130) 

Time dummy, 2005  0.069 0.536  

  (0.040)* (0.358)  

Time dummy, 2006  0.308 1.259  

  (0.042)*** (0.713)*  

Time dummy, 2007  0.666 2.016  

  (0.056)*** (1.008)**  

Time dummy, 2008  0.592 2.529  

  (0.053)*** (1.418)*  

Pr(interview_2005)    -1.652 

    (1.329) 

Pr(interview_2006)    1.361 

    (1.419) 

Pr(interview_2007)    -0.394 

    (4.023) 

Pr(interview_2008)    -0.179 

    (3.448) 

Constant 2.796 0.136 10.169 0.437 

 (0.027)*** (0.218) (6.679) (0.456) 

Adjusted R-squared 0.01 0.26 0.15 0.07 

N 3,267 3,267 3,267 268 

* p<0.1; ** p<0.05; *** p<0.01. 

Regression of log earnings on self-employment indicator without controls (2) Regression one with controls (3) Fixed 

effect regression with controls (4) Regression in (1) including probability of being observed in 2005 and 2006 to 

check the effect of attrition. Clustering was done at the individual level. 
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Table3: Pooled Regression with and without fixed effects 

Ln(Real Earnings) (1)            (2) 

Self 0.030 0.243 

 (0.058) (0.022)*** 

Total Work Experience 0.051 -0.000 

 (0.007)*** (0.001) 

(Experience)
2
/100 -0.071 0.038 

 (0.013)*** (0.002)*** 

Ln(Hours) 0.239 0.178 

 (0.051)*** (0.025)*** 

Ln(firm size) 0.089 0.061 

 (0.016)*** (0.006)*** 

Ln(no. employees) 0.260 0.125 

 (0.056)*** (0.027)*** 

Tenure (years) 0.010 0.000 

 (0.007) (0.002) 

(Tenure)
2
/100 -0.007 -0.012 

 (0.024) (0.007)* 

Male 0.287 0.285 

 (0.044)*** (0.007)*** 

Education (years) -0.036 -0.124 

 (0.016)** (0.001)*** 

(Education)
2
/100 0.709 1.154 

 (0.108)*** (0.005)*** 

Time dummy, 2005 0.069 0.062 

 (0.040)* (0.029)** 

Time dummy, 2006 0.308 0.309 

 (0.042)*** (0.031)*** 

Time dummy, 2007 0.666 0.666 

 (0.056)*** (0.037)*** 

Time dummy, 2008 0.592 0.628 

 (0.053)*** (0.034)*** 

Ability Index  ̂ )  1.000 

  (0.002)*** 

Constant 0.136 1.246 

 (0.218) (0.100)*** 

Adjusted R-squared 0.26 0.76 

N 3,267 3,267 

* p<0.1; ** p<0.05; *** p<0.01. Without ability or sector indices 
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Table 4: Self-employment premium at the mean (Instrumental Variable) 

 (1) (2) 

 first second 

VARIABLES self Ln(Real Earnings) 

   

Male -0.140*** 0.677*** 

 (0.0227) (0.104) 

Education (years) 0.00876 -0.0746** 

 (0.00832) (0.0296) 

(Education)
2
/100 -0.149** 1.068*** 

 (0.0582) (0.211) 

Total Work Experience 0.00651** 0.0305** 

 (0.00313) (0.0122) 

(Experience)
2
/100 -0.0137** -0.0430* 

 (0.00604) (0.0226) 

Ln(Hours) 0.0127 0.132 

 (0.0235) (0.0834) 

Ln(firm size) -0.197*** 0.535*** 

 (0.00832) (0.0988) 

Ln(no. employees) 0.211*** -0.190 

 (0.0388) (0.173) 

Father's Education(years) -0.00171 0.0199** 

 (0.00250) (0.00889) 

Mother's Education (years) -0.00459 0.00978 

 (0.00302) (0.0107) 

Grandfather's Education (years) 0.00466 0.00996 

 (0.00444) (0.0157) 

Number of siblings 0.00679 -0.0202 

 (0.00427) (0.0153) 

Attend fulltime vocational training 0.0770* -0.164** 

 (0.0406) (0.0785) 

Number of months employed last year -8.40e-05 0.0173** 

 (0.00236) (0.00829) 

apprentice = 1, currently -0.319***  

 (0.0595)  

apprentice = 2, In the past -0.0245  

 (0.0432)  

Tenure (years) 0.00687***  

 (0.00140)  

self  2.432*** 

  (0.452) 

Constant 0.656*** -0.809* 

 (0.103) (0.453) 

   

Observations 921 921 

R-squared 0.619  

IV F-stat  20.43(0.00)*** 

Durbin (score) chi2(1)   49.92(0.00)*** 

Sargan (score) chi2(2)  0.66(0.720) 
Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Table 5: Difference in characteristics of quintiles 1 and 5 

The difference in mean Q1-Q5 

Male -0.243*** (-3.92) 

Age (years) -4.201** (-2.73) 

Total Work Experience -3.598* (-2.02) 

Education (years) -0.600 (-1.01) 

Number of people employed by the SE -0.441*** (-4.58) 

hours work(week) -6.420** (-2.69) 

Tenure (years) -5.442*** (-4.04) 

Father's Education(years) -1.335 (-1.75) 

Mother's Education (years) -0.396 (-0.64) 

Grandfather's Education (years) -0.611 (-1.95) 

Number of siblings 0.473 (1.07) 

Attend fulltime vocational training 0.0171 (0.25) 

Number of months employed last year -2.713*** (-3.94) 

N 200          

* p<0.05, ** p<0.01, *** p<0.001 
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Figure 1: Conditional Quantile Effects (QMI: Canay, 2011) 

 

 

Figure 2: Unconditional Quantile Effects (QMII: Firpo, et al. (2009)) 
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Figure 3: Conditional Quantile Effects under endogeneity (QMIII: Chernozhukov et al. 

(2015)) 

 

Figure 4: Unconditional Quantile Effects under endogeneity (QMIV: Frolich and Melly 

(2008)) 
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Figure 5: Unconditional Quantile Effects (QMV: Powell, 2016) 

 

 

Figure 6: Unconditional Quantile Effects (QMVI: Powell, 2016) 

 

 

30



Figure 7: Unconditional Quantile Effects (Self-employed versus private wage earners) 

 

 

Figure 8: Unconditional Quantile Effects (Self-employed versus state workers) 
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Appendix 
 

Table 1: Summary Statistics 2006  

Variable Mean SD Min Max 

Male 0.45 0.50 0.00 1.00 

Age (years) 34.53 11.18 14.64 71.62 

Real Monthly Earnings 20.21 19.75 0.00 207.90 

Total Work Experience 20.11 12.19 0.06 65.62 

Education (years) 8.42 3.83 0.00 19.00 

Number of Employees in the firm 10.80 26.83 1.00 150.00 

Number of people employed by 

the SE 

1.14 0.56 1.00 8.00 

Public wage dummy 0.06 0.25 0.00 1.00 

Civil Service wage dummy 0.06 0.23 0.00 1.00 

Private wage dummy 0.40 0.49 0.00 1.00 

Self Employed 0.53 0.50 0.00 1.00 

hours work(week) 45.78 13.48 2.00 80.00 

Tenure (years) 7.95 9.07 0.33 46.58 

Father's Education(years) 6.50 5.47 0.00 19.00 

Mother's Education (years) 3.56 4.72 0.00 20.00 

Grandfather's Education (years) 0.73 2.53 0.00 15.00 

Number of siblings 5.30 2.56 0.00 31.00 

Attend fulltime vocational 

training 

0.38 0.48 0.00 1.00 

Number of months employed last 

year 

8.86 4.52 0.00 12.00 

Never an apprentice 0.68 0.47 0.00 1.00 

Yes, currently 0.06 0.25 0.00 1.00 

Yes, in the past 0.26 0.44 0.00 1.00 
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Table 2: Self-employment premium at the mean (Instrumental Variable) 

 (1) (2) 

 first second 

VARIABLES self Ln(Real Earnings) 

   

Male -0.143*** 0.628*** 

 (0.0230) (0.113) 

Education (years) 0.00589 -0.0713** 

 (0.00843) (0.0280) 

(Education)
2
/100 -0.112* 1.028*** 

 (0.0586) (0.204) 

Total Work Experience 0.00937*** 0.0349*** 

 (0.00313) (0.0125) 

(Experience)
2
/100 -0.0176*** -0.0492** 

 (0.00608) (0.0224) 

Ln(Hours) 0.0103 0.137* 

 (0.0239) (0.0784) 

Ln(firm size) -0.202*** 0.464*** 

 (0.00839) (0.125) 

Ln(no. employees) 0.210*** -0.110 

 (0.0394) (0.188) 

Father's Education(years) -0.00180 0.0191** 

 (0.00254) (0.00839) 

Mother's Education (years) -0.00361 0.00869 

 (0.00306) (0.0101) 

Grandfather's Education (years) 0.00319 0.0109 

 (0.00450) (0.0148) 

Number of siblings 0.00568 -0.0182 

 (0.00433) (0.0145) 

Attend fulltime vocational training -0.0561* -0.159** 

 (0.0326) (0.0738) 

Number of months employed last year -0.00143 0.0169** 

 (0.00238) (0.00779) 

apprentice1 0.107***  

 (0.0361)  

Tenure (years) 0.00685***  

 (0.00143)  

self  2.096*** 

  (0.582) 

Constant 0.640*** -0.608 

 (0.105) (0.487) 

   

Observations 921 921 

R-squared 0.607  

IV F-stat  15.75 

Durbin pval  1.54e-05 
Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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Figure 3.1: Conditional Quantile Effects under endogeneity (Abadie, Angrist, and 

Imbens (2002)) 
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