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Abstract

Using a unique broad individual, household and expenditure survey data on the
DRC, initial descriptive statistics highlight five different sectors on the labor mar-
ket with two "higher-paid” that are completely formal and two ”lower-paid” that
are largely informal. Based on a linear regression result, we report a significant
heterogeneity across them when it comes to earnings. With an unconditional quan-
tile regression methodology corrected for selectivity bias we show that, though the
effect of education on earnings provides a clear support to the human capital theory,
basic education has no significant impact on earnings in higher-paid sectors. Like-
wise, tertiary education matters for earnings in lower-paid sectors as well. We then
decompose the earning gap across sectors and show that workers of the lower-paid
sectors earn less not only because they are less skill endowed but also because they
earn lower returns on such skills. However, when higher-paid and lower paid sectors
are concerned, the coefficient effect at the upper end of the distribution is negative.
Implying that the labor market provides an ”informal employment earning pre-
mium” to some workers of the lower-paid sectors whose, given their characteristics,
wouldn’t do better in the higher-paid sectors.
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1 Introduction

Due to sectoral wage determination process, labor market heterogeneity in developing
economies has received a great deal of attention in the literature. This stems from the fact
that, it exhibits considerable diversity that includes substantial segments (hereafter called
sectors) of different characteristics (Fields, 2009) that depend on the specific environment
in which workers operate (Deakin, 2013). Though in a general neo-classical framework,
the level of earning and earnings of the workforce is determined by demand for and
supply of labor, in developing countries, this is affected largely by strict labor market
sectors and strong entry barriers across different sectors of the labor market. In self-
employment activities, workers enjoy non-earning features such as greater flexibility (in
terms of working hours, work relationships, responsibilities, etc.) and maximize more their
utility then their earnings. In the public sector, earnings are mainly determined through
a political process or service regulations (Gunderson, 1979). In the private formal sector,
earnings are determined by the demand and supply conditions of the labor market and
in the private informal sector, earnings are said to be low and volatiles (Giinther and
Launov, 2017). These differences bring a natural interest in the type and the size of the
labor market’s sectors and mainly, their earning outcomes. Because these outcomes are
a robust indicator of the livelihood status of the workforce and hence, of the populations

who derive all or the great bulk of their earnings from their work on the labor market.

Drawing on an empirical case study on DRC, this paper provides insights on the
functioning of labor markets in Sub-Saharan African (SSA) countries. With a selectivity-
corrected Mincerian earning equation, we investigate the role of individuals characteristics
in determining their earnings. An Oaxaca-Blinder decomposition of the earning gap
between sectors is carried out, allowing us to disentangle differences in characteristics
(e.g. education) and difference in the return on these characteristics across sectors as
drivers of the earning gap. Our initials descriptive statistics give five different sectors
with two higher-paid completely formal sectors (Public and Private formal) and two lower-
paid largely informal sectors (Self-employment and Private informal) that are significantly
heterogeneous across them when it comes to earnings. Based on earning equations, we
show that, though the effect of education on earnings provides a clear support to the
human capital theory, basic education has no significant impact on earnings in higher-
paid sectors. Likewise, tertiary education matters for earnings in lower-paid sectors as
well. We then decompose the earning gap across sectors taken in pairs and show that
workers of the lower-paid sectors earn less not only because they are less skill-endowed
but also because they earn lower returns on such skills. However, when higher-paid and

lower-paid sectors are concerned, the coefficient effect in the upper end of the distribution



is negative, implying that the labor market provides an informal employment earning
premium to some individuals of the lower-paid sectors whose, given their characteristics,

would not do better in the higher-paid sector.

We conduct our analysis on the Democratic Republic of Congo (DRC), a typical
example of an economy where labor market is badly out of balance. Galloping demography
is continuously increasing the demand for jobs while, since 1990 firm’s labor demand
has been falling steeply as a result of looting, wars and other shocks to the economy.
This state of affairs combined with high poverty, high unemployment! and inexistent
public provisions for unemployment insurance has favored the attractiveness of public
jobs and the emergence of the informal sector where self-employment dominates. As a
consequence, in the formal sector, salaries are negotiated in a context of strong demand
for employment, 78.4% of formal firms report to compete with informal ones (World-
Bank, 2005) and the wage bill constitutes now the largest item in public sector spending
as the scantiness of private jobs and the economic and political instability have fostered
the rush for public jobs. Accordingly, the country is gaining insights into the factors
influencing the self/paid-employment selection, the public/private sector selection, and
sectoral earning determination processes for paid employees. This provides rich evidence
of the labor market heterogeneity that stands out as an interesting case for analysis in
the SSA context.

Due to important consequences on economic growth, poverty and inequality, the eco-
nomic literature has intensively explored the heterogeneity of the labor market and earning
differences between type of workers. For example, labor market and earnings display sub-
stantial heterogeneity with respect to gender (Oaxaca, 1973; Polachek and Xiang, 2009),
education levels (Beaudry and David, 2003), self/paid-employment (Bernhardt, 1994) and
to public/private sector (Christofides and Panos, 2020; Tansel, 2005). There is also a pos-
itive formal-informal earning differential (Falco et al., 2010) which is explained both by
individuals characteristics and by the return to these characteristics (Garcia, 2017). The
limit of these studies is that, they concentrate on a dual analysis where market is a mat-
ter of two to three sectors, which is a quite narrow selection of employment opportunities
in the context of SSA. Furthermore, they completely exclude from the analysis a sub-
stantial number of individuals that are outside the labor market and can be defined as

unemployed.

In this paper, we provide the first study on labor market heterogeneity and earning
differential in DRC. The contribution of this study is twofold: First, we begin with the
structure of the labor market and then link earnings to that structure. In so doing, we let

workers decide first whether to enter the labor force by accounting for the unemployment

1See IMF (2015)’s country report for detailed statistics on unemployment and poverty in DRC



segment. Indeed, given the high rates of unemployment in developing countries, on the
one hand it points to the fact that being at the bottom end of the earnings distribution
may not be the worse outcome for those in the labor market. On the other hand, many
individuals either work in the household for no explicit pay, or as unpaid apprentices or
are simply paid in kind. Therefore workers choose between paid and unpaid work in first
stage, rather than between sectors as in the aforementioned studies. Second, we allow
individuals to have a larger variety of choices and combinations on the labor market. For
instance, they choose whether to work as self-employed or as wage employees and within
wage employment whether in the public or the private sectors. Within the private sector,
they can also choose between the formal or the informal sector. Accounting for all the
possible sectors is important because high degree of heterogeneity imposes greater resource
costs on the economies, especially these of developing countries, by causing the failure of
the market to move the ‘right’ resources into ‘right’ sectors (Berry and Sabot, 1978).
Of course, as some of these sectors choices are constrained by rationing, workers may
not necessarily end up where they wish. We then examine the earning differential and its
decomposition across the observed sectors taken in pairs for a detailed investigation. With
such a comprehensive analysis, we aim to help developing countries to understand how
do labor market operate, to identify the extent of its heterogeneity and how the latter is
responsible for labor market outcomes and distortions that lead to earning differentiation

across workers.

In the next sections, we outline the data used and give some descriptive statistics. In
section 3 we explain our estimation procedure before presenting and discussing our results

in section 4. Section 5 concludes.

2 Data and descriptive statistics.

In 2005 and 2012, the DRC’s National Institute of Statistics (INS) conducted, in part-
nership with different actors (including Afristat and the World Bank), a broad household
and expenditure survey that followed the so-called 1.2.3 methodology. FEach of these
numbers refers to a collection phase. Phase 1 provides detailed information on employ-
ment, unemployment, household and individual socio demographic characteristics. Phase
2 specifically gathers information on the characteristics of firms and firm owners in the
informal sector. Phase 3 is a survey on household expenditures. In this paper, our sample
focuses on the phase_1 of the 2012 survey limited to individuals between the age 15 and
65 years involved or not on the labor market. The sample covers about 88 600 individuals
from 11 Provinces of the DRC. The survey provides data on five sectors of the labor mar-

ket. 1) Individuals out of the labor market; this sector includes both the participants and



non-participants. The participants are unemployed who are looking for employment and
are available upon request. The non-participants are unemployed individuals unavailable
for work, due to studies, disabilities, early retirement and others. 2) The self-employed?,
who at the time of the interview, work in a business that they was owned entirely or
partly. 3) Public workers hired by the public administration. 4) Private formal employees
and 5) Private informal employees. Such data gives an opportunity to study the hetero-
geneity of the labor market and the resulting earning differential. To check whether these
sectors are different when it comes to earnings, we run a simple linear regression with
monthly log-earning as the dependent variable. The independent variables are the dif-
ferent labor market sectors namely; self-employment, public workers, private formal and
private informal workers entered as dummies. In this paper, we use monthly earnings in-
stead of hourly earnings®. Given the often constrained working hours in the informal and
self-employment sectors, monthly earnings reflect better earning opportunities in some

sectors than hourly earnings.

In Table 1, the summary statistics provided reveal that there are considerable dif-
ferences among workers employed in these sectors. It shows that self-employment and
unemployment sectors are markedly large. Indeed, as previously said, the unemployment
sectors includes non-participants and participants. This last category represents 8.5% of
the total unemployed individuals. For the self employment sector, its magnitude comes
from the fact that it includes all individuals with small business and street or market
vendors who work for themselves. More than 90% of this sector is made up of informal
entrepreneurs. As regard to earnings, that is the monthly earning of the main activity
held in the last 30 days, the data show a remarkable difference in average earnings across
the different sectors. Indeed, Table 1 shows that the national average monthly earning
is CDF 51 946.8 . Furthermore, before the change that occurred in 2018 | the minimum
wage in DRC amounted to CDF 1680 per day (i.e., a monthly earning of CDF 50 400).
If we consider the minimum wage used by the ”Institut National de la Statistique” (INS,
2014), after updating the minimum wage by taking into account the annual increase im-
plemented by the law and the increase in the general price level, the minimum wage in
DRC is set to 54 128 CDF. Taking the two statistics, we see that there is, on the one side
two "higher-paid” sectors, namely public and private formal sectors, where the average
monthly earning is above the national average and far above the updated minimum wage.
Individuals in the two higher-paid sectors are 100% formal workers. On the other side,

we have two ”lower-paid” sectors, namely Self-employment and Private informal sectors,

2Includes independents with and without wage employee.

3Indeed, many activities in the informal as in self employment sector are part-time jobs by nature and
employees in those sectors could not easily increase their earning by simply providing more labor hours
per month.



where the average monthly earning is below the national average and even bellow the
updated national minimum wage. Furthermore, individuals in the two lower-paid sectors

are more than 95% informal workers.

This variation in earning between higher and lower-paid sectors is explained by some
important differences between sectors. For example, in regard to education, we see that
public and private formal workers are more endowed for secondary and tertiary education
than workers in others sectors of the labor market. Indeed, on average, higher-paid workers
have two times the years of schooling compared to lower-paid-sectors. Private informal
workers are the less educated even compared to the unemployed. Low skilled individuals
escape unemployment in informal sector, while most high skilled ones often prefer to stay
unemployed until they find a formal job. This is stated by Reyes et al. (2017), skilled
individuals could have the ability to sustain a longer job search to find a more suitable
match. Indeed, those with higher education typically have the economic backing from
their families to engage in a longer job search. Moreover, unemployed, self-employed and
private informal workers are more likely to be female and less educated, while most self-
employed and private informal workers live in rural areas. For other variables, the Table 1
shows that, individuals whose father works as public worker or as self-employed are more
likely to be public servant or self employed. The descriptive statistics show that 48.63%
of self-employed individuals have a father working as self-employed. We do not test the
differences between these characteristics across the different sectors of the labor market.
This is because if earning is different across sectors, the cross earning gap can result
from how the labor market discriminates between workers of same characteristics across
different sectors or how the labor market reward individuals of different characteristics

across sectors.

3 Estimation strategy.

We want to examine the heterogeneity in the labor market and study the earning differ-
ential between workers across sectors of the labor market. To start with, we estimate the
following equation in order to illustrate earnings differential across sectors i* of the labor
market.

Yi= Mo+ MSE; + MPS; + \3PFS; + \yPIS; + ¢ (1)

Y; stand for the monthly earning in log form, SFE; Self-Employment, P.S; Public sector,

PFS; Private Formal Sector, P1S; Private Informal Sector and e is the error term.

Next, we examine earning differential across sectors and explore the determinants of

4Here, we only consider four sectors by excluding the unemployment sector as it not concerned by
earnings.



monthly earnings within each sector by regressing monthly earnings on education, control-
ling for personal and geographical characteristics. We rely on a quantile decomposition
methodology (as introduced by Koenker and Bassett (1978) ), allowing us to analyze the
earning gap across sector at different points of the distribution. We follow Firpo et al.
(2009)’s method to compute unconditional quantile and decompose the effect of each co-
variate at different parts of the distribution. Unconditional Quantile Regression (UQR)
uses the influence function® as the dependent variable at different quantiles. In the case
of quantile ¢, of an outcome variable Y and explanatory variables X, the The Recentered

Influence Function® (RIF) is

1Y <Q,)
(@) @)

Where f(.) is the density and 1(.) indicates that Y is at or above the quantile ¢,. It is

RIF(Y;Q.) = Q, + —

recentered as ¢, is added and as a consequence, the expected value of the RIF is ¢, itself.
Indeed, Firpo et al. (2009) show that this property extends to the conditional-on-controls
RIF and the earning equation of the RIF model at quantile 7, with 7 € (0, 1), is then:

RIF(Y;Q:) = Xfr +vr (3)

Where Y is the natural logarithm of monthly earning and X is a vector of K explanatory
variables (including the constant), 3, is the corresponding coefficient vector and v, is the
corresponding error term. As explanatory variables in the earning equation we include
the variables usually included in a Mincerian earning regression-education (These are
dummy variables for the highest completed education of the individual; basic, secondary
and tertiary education) and control for gender, age (and age square), experience, and
dummies of job trained and leaving in urban areas. Furthermore, dummy variables for
province of residence are included to control for differentials in cost of living and labor-

market opportunities.

5The influence function measures how robust a distributional statistic is to outliers. it is given by :
IFY;Q,)=7—-IY <Q;)/fr(Q:), where I(Y < @) is an indicator function taking value one if the
condition in (.) is true, zero otherwise.

6Since the explanatory variables do not enter into the transformation of equation (2), although the X’s
in the model change, the interpretation of the estimated effects does not vary, and so alternative models
can be compared and different sources of socioeconomic inequality incorporated. The main advantage
of this method over conditional regression is that the estimated effects do not depend on the set of
explanatory variables in the model. Moreover, as in the conditional regression, the estimates are robust
to outliers.



3.1 Accounting for selection

The distribution of workers among the four different sectors is not random. In estimating
the earning equations, the selection into different sectors for which we observe earnings
must be taken into account. Potential biases could result from ignoring sample selection
(Heckman, 1974). To take this into account, we assume that individuals face five mutually
exclusive choices: Unemployed (j = 0), Self-employment (j = 1), public administration
employee (j = 2), Private formal employee (j = 3) and Private informal employee (j = 4).
Worker’s tastes and preferences as well as human capital and other characteristics will
determine the sectoral choice. We assume a conditional multinomial logit model for
the probability that the individual chooses alternative j relative to that of being in an

arbitrarily chosen reference sector (which is non-employment) as follows:

4

1+ Z exp(Zay)

J=1

Py = exp(Zoy)/ (4)

Where Z is is a vector of explanatory variables affecting sectoral choice and «; is a vector
of unknown parameters of the alternative j. The selection equation is in reduced form,
in the sense that the earning rate is not included as an explanatory variable and we
only consider someone’s actual state. Information on preferred labor market state or job
search is not taken into account. We adopt the two-step estimation method developed by
Lee (1983) and Trost and Lee (1984). In the first stage, we estimate the sectoral choice
probabilities by maximum likelihood logit method and construct the selection term for

the alternative j as follows:

A = ¢(H;)/®(Hj) (5)

Where H; = ®'(P;), ¢ is the standard normal density function, and ® is the standard
normal distribution function. In the second stage, the estimated A; is included among the
explanatory variables of the earning equations. The implied earning equations are then
estimated using a RIF regression, providing consistent estimates of the parameters. The
term \; plays the same role as Mill’s ratio in the usual Heckman (1979) procedure but it
is here quantile-specific Topfer (2017). A statistically significant positive value of the self-
selection term indicates that persons who — after controlling for observable characteristics
— are more likely to work in sector j also have, ceteris paribus, higher expected wages in
this sector (see Dimova et al. (2011)). A negative estimate, by contrast, would indicate
that persons who are more likely to work in sector j have lower expected wages in this

sector.

In order to achieve identification of the parameters in the multinomial logit, we intro-

duce in its equation variables that influence labor-force participation and sector choice



but may be excluded from the earning equations. We include; unearned income (whether
a family member owns shares, securities or financial investments), risk aversion (prox-
ied by whether the individual has a health insurance or not), whether or not a close
member of family lost his job and dummies of father working in the public sector and
father working as self-employed. These variables provide labor-market information and
should be associated with labor market participation but not earnings. For instance, as
suggested by Schultz (1990), unearned income is expected to reduce the probability of
participation by raising the shadow value of a person’s time in non-market activities and
in self-employment. A risk averse individual will prefer being employed to working as self-
employed or being unemployed (Christofides and Panos, 2020). Having a father working
in the public sector may increase the probability of employment of an individual in the
public administration sector, and similarly for the other variables and sectors. For these
variables, the relevance of the exclusion restrictions in terms of their predictive power
of sector choice can be directly tested from the model estimates. However, no formal
over-identification test has been developed for this specific framework. We are aware of
the fact that, as usual, the validity of our exclusion restrictions is debatable, because it
can be argued that the selected variables might be related to unobserved determinants of
earnings. This would be especially true in the case that the list of control variables in the
earning equation(s) does not include all the relevant features of the current sector. Nev-
ertheless, in Table 6 in the appendixes we provide an informal means of testing both for
the relevance of the exclusion restrictions and for the excludability of the aforementioned

variables from the outcome equations.

3.2 Decomposition strategy

The earning gap between workers of different sectors can exist not only because of dis-
advantages in terms of remunerated characteristics, but also because the returns to these
characteristics can be different for workers of different sectors. To assess the earning gap
between sectors, the Oaxaca (1973) and Blinder (1973)’s decomposition methodology is
implemented. Based on separate estimation of earning equations, the Oaxaca and Blin-
der’s decomposition generates the counterfactual on the basis of which the difference in
average earnings between sectors is broken into two additive components: one attributable
to differences in average characteristics of the individuals (the characteristics effect), and
the other to the differences in the rewards associated with these characteristics (the co-
efficient effect). The method by Firpo et al. (2009) allows to conduct a detailed Oaxaca
and Blinder’s type decompositions using unconditional quantile regression that accounts
for selection (Topfer, 2017). Indeed, the earning gap is, as in the standard two-fold

Oaxaca-Blinder decomposition, decomposed into characteristics (explained) and coeffi-



cients (unexplained) components. The decomposition for the 7th quantile AT = RIF; -
RIF; takes the form hereunder:

. ;= (X8 + Xi(B; = B) (6)

J

A = X
—~~

Vv Vv
FEarning gap Characteristics effect Coefficient effect

Where RIF; and RIF; are the estimated mean RIF of sectors j and 7 respectively.
Taking one sector (the sector with high mean income) as the reference category, the
method has the advantage that it computes detailed decomposition and allows for the
unconditional mean interpretation of the coefficient estimates. When the earning gap is
mainly attributable to the coefficient effect, earning differences are attributable to differ-
ences in returns on skills between sectors. When, the earning gap is primarily explained
by the characteristics effect, earning differences between sectors are due to differences in
workers” endowments. In our estimation, we use a bootstrap procedure with fifty replica-
tions to estimate standard errors for the estimated coefficients, for earning gap as well as

for the characteristics and coefficient effects.

4 Estimation Results.

In this section, we present the results obtained from the Multinomial logit to examine
the probability of being in a given sector, the regression result of earning’s determinant
in each sector of the labor market on the 10th, 50th and 90th percentiles and the results
of the earning decomposition across the different sectors of the labor market. But first,
the results of equation (1) where y stand for the monthly earning in log form, and each
sector is entered as dummy variable are presented in Table 2. The last four columns of
Table 2 represent different reference groups for the four sectors of the labor market where
workers get monthly earnings. Given the significance of the coefficients, the regression
results show that the four sectors are statically different from each other, when monthly
earning is considered. A separate earning function is then needed for each of the sectors

to capture the sector-specific earning determinants.

4.1 Multinomial Logit Estimates

Multinomial logit estimates of sector choice are shown in Table 3. The table gives the
marginal effects of each variable on the probability of joining a particular sector calculated
at the mean values of the variables, with the unemployment sector as the reference group.
The results indicate that, males are less likely to work in private informal sector but more

likely to be in the three others sectors, particularly in the self-employment. Basic educa-
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tion does not matter for working in the formal private sector meanwhile it decreases the
probability of being employed in the private informal and the public sectors compared
to unemployed individuals. However, individuals with basic education are more likely to
work as self-employed. On the one hand, secondary and tertiary education significantly
increase the probability of working in the private formal and in the public sector. Fur-
thermore, the higher the education level the higher its contribution to the participation
in the two aforesaid sectors. On the other side, these individuals with secondary and ter-
tiary education are less likely to work informally or being self-employed and the higher the
education level the higher its probability of no participation in the private informal or self-
employed sector. As the two sectors, namely self-employment and informal employment
are the lower-paid sector of the labor market, educated individuals tend to avoid them
while queuing for public and private formal jobs. Except for being employed in the private
formal sector, experience and marital status significantly increase the probability of em-
ployment in all the others three sectors and mainly the self-employment sector. Probably
that, with more experience, private formal workers who have accumulated wealth prefer

to shift and work as self-employed.

The job training significantly increases the probability of employment in all of the four
sectors, with more weight for the self-employment sector.Urban individuals are more likely
to be private formal workers than unemployed. This can be explained by the fact that
formal firms are more located in urban areas. Income effects on participation are measured
by the unearned income of the individuals. The result indicate that individuals with
unearned income are more likely to be private formal or public workers than unemployed.
As hypothesized previously, risk aversion individuals are less likely to be self-employed.
This said, the risk aversion significantly decreases by 8.7 percentage point the probability
of working as self-employed but, it increases significantly the probability to participate
on the labor market as wage employee. If a family member lost his job, individuals are
more likely to work informal. This is more likely if the lost family member was providing
income to the household, the remaining unemployed members of the family should find
faster how to compensate for the revenue lost. The easiest way is then to go informal
as the entry barriers are weak in this sector. As expected, having a father working
as public servant significantly increases the probability of participation as employee in
the public administration or working as self-employed. This effect is however, negative
for participation in the private informal and nil in the private formal sector. Similarly,
individuals with parents working as self-employed are more likely to work as independent,
but less likely to work in the private sector. In the second step, we used the estimates
from the multinomial logit regression as a selection equation to address the selection bias

into the wage equations.
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4.2 The Wage Equations

Selectivity-corrected estimates of the sectoral wage equations for employed of different
sectors are given in Tables 4 and 5, respectively. All of the wage equations are statistically
significant overall. From these tables, the results for the unconditional quantile regressions
at the sector level show that mostly the selection terms ”9” are statistically significant in
all sectors. These results indicate a presence of sample selection bias for individuals across
the earning distribution in the sectors of the labor market. Tables 4 and 5 summarize
the results for quantile regressions at the 10th, 50th and 90th percentiles for each sector.
Focusing on the gender variable, the results highlight a significant earning gap between
men and women across all four sectors of the labor market that have earnings and the gap
appears to be larger in lower-paid sectors. For example, in self-employment sector, man’s
expected earnings at the bottom of the earning distribution is about 25.2% higher than
a woman’s expected earnings. This difference goes to 43.9% at the top of the earning
distribution. In the private informal sector, in the middle quantiles of the distribution, a
woman’s expected earnings at the 50th percentile are approximately 58.8% lower than a

man’s expected earnings and 48.6% lower at the 90th percentile.

Sidelined by the scarcity of positions in higher-paid sectors given their characteristics,
many males have joined the lower-paid sectors and have become more competitive in
sectors often reserved to their female counterparts. Of course, similar discrimination is
found for higher-paid sectors but with lower intensity. In general, whatever the sector,
the results show more pronounced barriers for women competing for jobs. Linear and
quadratic terms in age have the expected positive and negative signs respectively, in
all sectors. This implies that age dividend does exist in all the four sectors with more
weight in the middle of the distribution in the private informal sector. In the latter
tier of the distribution, one additional year increases for 10,2% the monthly earnings of
individuals. In regard to education, basic and secondary education do matter for earnings
only in lower-paid sectors. Indeed, as previously said, the self-employment sector is made
up of individuals with small business and street vendors where more than 90% of them
are informal self-employed individuals. The two sectors, self-employment and private
informal sectors are thus of lower productivity where workers are said to face low and
volatile earnings in small firms with labor-intensive activities and without job security.
These facts make the two sectors weakly attractive to tertiary educated individuals but
more attractive to low educated individuals who barely have room in higher-paid sectors.
However, the tertiary education significantly increases earnings in all the sectors. In
higher-paid sectors, tertiary education increases by 68.1 percentage point the monthly
earning in the public sector while it almost double (97.6 percentage point) the monthly

earning of individuals in the middle tier of the private formal sector. Overall, tertiary
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educated people have advantage over the rest whatever the sector of employment. The
higher earnings associated with age, education provides clear support to the human capital
theory in the public and private sector (Becker, 1964; Mincer, 1974). However, the relative
low /insignificant returns to basic education in higher-paid sectors that are known to be
legal as they operate formally erodes the individual’s real incentive to obtain low levels
of education and questions the quality of schooling in DRC. Furthermore, higher levels of
education tend to yield significant positive returns in lower-paid sectors (largely informal
and less productive) as well. For a country with a relatively high level of informality,
this is area calls for further attention and investigation. It is known that informality
decreases with education. But, on the one side, if there is no earning premium to basic
education in higher-paid (that are formal sectors) labor sectors in a country where it is
so costly to study, people may choose working underground instead. On the other side, if
education, both basic and tertiary levels are rewarded in the lower-paid (mostly informal
sectors) as well the latter, as more flexible, with less entry and exit barriers and without or
less tax burden, will be attracting more and more educated people eroding the country’s
productivity and wealth in the long run. The ending point could be a vicious circle of

poverty where the country and its population are caught in an informality trap.

Surprisingly job training effect, thought positive, is insignificant in the private formal
sector. But this can probably be explained by the presence of highly educated individuals
in this sector. Table 1 showed that 38.53% of workers of that sector have tertiary edu-
cation. This level of education might act as job training and as seen previously, higher
education influence strongly the workers’ earnings. The significant returns to job training
in the public sector can be liked with benefit in the form of incremental salary, addi-
tional allowance, or promotion in accordance with the government policy. Concerning
individual experience, its positive effect is significant only in higher-paid sectors. Finally,
living in urban areas often procures higher returns to workers regardless of the sector of

employment on the labor market.

4.3 Decomposition Results

For a better-detailed analysis and a clear and simplified view, this section presents the
decomposition results in the form of graphs’. Figure 1 plots the estimated wage gap,
correcting for selection for six cases representing the interaction of four sectors of the
labor market taken in pairs. Taking the sector with high mean income as the reference
sector in each pair, the six pairs of sectors are as follow; a) Earnings in public sector vs in

self-employment, b) Earnings in private formal sector vs in self-employment, ¢) Earnings

"Estimates can be made available upon request.
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in self-employment vs in private informal sector, d) Earnings in private formal sector vs
in public sector, e) Earnings in public sector vs in private informal sector and f) Earnings
in private informal sector vs in private informal sector. Equal weights are assigned to the
two sectors for each pair. Figure 1 contains six subfigures and reports the earning gap of

the six pairs.

Considering the subfigures A, B, E and F where a higher-paid sectors is the reference
sector over a lower-paid sector, we observe that the estimated earning gap is positive
throughout the earning distribution. This confirms that workers in higher-paid sectors
are more remunerated than their counterpart in the lower-paid sectors. However, the
earning gap is not homogeneous throughout the earning distribution. In the bottom
part of the distribution it is large (this is more pronounced when the public sector is
the reference sector). Around the fifth percentile, it goes decreasing to be lower in the
second half of the distribution. This heterogeneity in the distribution of the earning
gap indicates that not all individuals in the lower-paid sectors are the same compare to
individuals in the higher-paid sectors when it comes to earnings. Focusing on each set
of factors, the coefficient effect dominates the characteristic effect in the bottom of the
distribution. Subsequently, much of the earning gap at the bottom of the distribution
result from workers in the lower-paid sectors being remunerated less than workers of the
higher-paid sectors for the remunerated characteristics. The coefficient effects decrease
over the distribution, whereas the characteristic effects increase in the second half of the
distribution, particularly toward the upper end of the distribution where characteristics
effects dominate the coefficient effects. This fact indicates that on the one side, workers
of the lower-paid sectors earn less not only because they are less skill endowed but also
because they earn lower returns on such skills. On the other side, individuals at the top
end of the distribution in lower-paid sectors earn less compare to their counterpart of the

higher-paid sectors because the latter have superior skills.

This position of workers in the lower-paid sectors vis-a-vis of workers in the higher-paid
sectors shows two different types of lower-paid workers in the DRC’s labor market. First,
those at the bottom of the distribution, who, despite identical (or almost) characteristics
to their counterparts’ workers at the bottom of the distribution in the higher-paid sectors,
earn less on such characteristics. They represent the disadvantaged group, working in the
“easy-entry” segment of the lower-paid sectors. Second, workers of lower-paid sectors
at the upper tiers of the distribution, where the characteristics effect explains much of
the earning gap. In this upper tier, we observe a relative lower earning gap between
workers of the higher-paid and lower-paid sectors. Both types of workers could have
no significant differences in the rates of return on characteristics but the difference in

earnings is due to differences in skills. This group of workers may be associated with
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the advantaged segment of lower-paid sectors and might be linked with entrepreneurship.
Largely informal, these workers endowed with some particular skills prefer the combination
of monetary rewards and greater flexibility (in terms of working hours, work relationships,
responsibilities, etc.) in the informal sector (Fields, 1990). In this advantaged tier of the
distribution, lower-paid individuals might be enjoying non-earning features and maximize
more their utility rather than their earnings. More interestingly, in the top end of the
distribution, the coefficient effect is negative in the four subfigures. This informs that,
in this tier of the distribution, moving individuals of the lower-paid sector to higher-
paid sectors and rewarding them according to their characteristics could even lower their
actual earnings. We then have a ”lower-paid sector employment earning premium” on
the labor market. Due to the prevalence of informal individuals in the lower paid sector
as previously showed, the lower-paid sector employment earning premium is indeed an
"informal employment earning premium” for individuals who, given their characteristics,
wouldn’t do better in the higher-paid (formal) sector. In this context, the significant
rationing of higher-paid jobs and relative abundance of informal workers, particularly
those with very low qualification levels, undermine the benefits of higher-paid sectors for

low-skilled individuals.

In the Subfigure D of Figure 1 , the pair of sector concerns the two higher-paid sectors
of the labor market where private formal is the reference sector. The figure shows a pos-
itive earning throughout the earning distribution implying that Private formal workers
earn more than Public workers. Both for this pair and the previous ones, the earning gap
is not homogeneous along the distribution. However, differently from the previous case,
the earning gap is lower at the bottom of the distribution and higher in the large part of
the second half of the distribution. As public jobs are financed by means other than those
operating in the private sector and that, earnings are mainly determined through a po-
litical process or service regulations (Gunderson, 1979), earning disparities between lower
and higher earners within the public sector are less important. However, in the private
formal sector, productivity matters for earnings. This fact generally leads to a large earn-
ing disparity between lower and higher productive workers (earners) within the private
formal sector. This difference in the determinants of earnings between the two higher-paid
sectors leads to an increasing earning gap between them throughout the distribution. As
regard to each set of factors, the coefficient effect exceeds the characteristics effect for
80% of the earning distribution. From this, we learn that the earning difference between
the two higher-paid sectors in DRC is mainly due to the difference in skill remuneration
rather than skill composition with a higher return in the Private formal sector. Finally,
the pair of lower-paid segment is given in the Subfigure D of Figure 1. Due to the relative

lower earning gap, we conducted, in addition to the result of the linear regression in Table
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2 that showed a significant difference between the two lower-paid sectors, a mean test dif-
ference of the earnings between them and a likelihood-ratio test for combining alternatives
sectors in Table 7. Overall, the result showed that their mean earnings are significantly
different and that the two lower-paid sectors are significantly distinguishable with respect
to the variables in the model. Thus, no categories should be combined. Given that, we
did separate the two sectors in this decomposition section. Between the two lower-paid
sectors, a relative earning gap, mainly explained by the skill remuneration, exists in the
first half of the distribution but disappears in the second half. This positive gap can be
due to the presence of formal entrepreneurs in the Self-employment sectors whose skill
remuneration in the formal sector makes the difference. However, as one moves up along
the earning distribution, the earnings in Self-employment is caught by that of Private
informal sector. The vanishing earning gap can be partially explained by the fact that
formal entrepreneurs who are the higher earners of the self-employment sector are paying
tax on their higher earnings meanwhile higher earners of the Private informal sector are
not. In any cases, the vanishing gap is consistent with greater freedom of choice between
Self-employment and Informal job as individuals move up along the distribution. With
a marginal earning gap in this tier of the distribution, workers in the Private informal
sector may to some extent be willing to accept lower earnings to avoid the administrative
cost of social security in regulated sectors, when it is perceived as costly and ineffective
Garcia (2017).

5 Conclusion

In this paper, we take advantage of a large-scale survey in DRC to examine the heterogene-
ity in the labor market and examine the earning gap and its decomposition across different
sectors throughout the earning distribution. Using a Mincerian selectivity-corrected sec-
toral wage equations estimated for each sector, the role of workers’ personal characteristics
is explored in the first step. In the second step, an Oaxaca-Blinder decompositions of the
wage differentials between sectors are carried out. Initial data description reports five
different sectors in the DRC labor market. A basic earning regression with four sectors
entered as dummies shows clearly that they are statistically different when earnings are
concerned. The analysis of sector earnings combined with the stylized facts of DRC’s
labor market allows to group the four sectors into two mains group. On one side two
higher-paid sectors, fully made up of formal individuals, where the average monthly earn-
ing is above the national average and far above the updated national minimum wage. On
the other side two lower-paid sectors, mainly made up of informal individuals, where the

average monthly earning is below the national average and far below the updated national
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minimum wage.

The earning functions show individuals self-select in different sectors of the labor
market. The higher earnings associated with age, education and others provides a clear
support to the human capital theory. The result shows that basic education is not signif-
icantly rewarded in higher-paid sectors, meanwhile tertiary education matter for earnings
in lower-paid sectors as well. The decomposition results report that, when higher-paid
sectors are taken as reference sectors, the earning gap is positive but not homogeneous
throughout the earning distribution. Furthermore, this positive earning gap is due both
to skill remuneration in the bottom part of the distribution and skill composition in the
upper tier of the distribution implying that, workers of the lower-paid sectors earn less
not only because they are less skill endowed but also because they earn lower returns on
such skills. More interestingly, when the pair of sector concerns higher-paid vs lower-paid
sectors, the coefficient effect is negative in the upper tier of the distribution, highlighting
an informal employment earning premium on the labor market as lower-paid sectors are
mainly informal. When the two higher-paid sectors are concerned, private formal workers
earn more than public workers. However, differently from the previous case, the earning
gap, mainly attributable to skill remuneration, is lower at the bottom of the distribution,
but higher in the large part of the second half of the distribution. When the two lower-
paid are concerned, the earning gap appears only in the first half of the distribution and

vanishes in the second half, undermining the benefits of Self-employment.

Our results have policy implications for development strategies, in DRC and the de-
veloping world that aim, whether to combat earning discrimination on the labor market
for well-being purpose, whether to safeguard diversity of sectors in the labor market with
specific regulations, for entrepreneurial spirit and household subsistence strategies pur-
poses. The coexistence of diverse sectors on the labor market with differences in earning
outcomes calls for various strategies to face the large share of lower-paid sector and to
limit informality that, in some circumstances, provide a premium to workers but increases
discrimination on the labor market. Specific policies have to be constructed for each par-
ticular group or sector on the labor market. This is important because, on the one side
we show that different mechanisms may be working at the group of sector level or even at
each sector level and on the other side. because most people, especially the poor, derive

all or the great bulk of their income from the work they do.
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Table 1: Descriptive statistics

Variables Total Unemployed Self- Public Private Formal Private Informal
employed  workers workers workers
Size 55.652 21043 22331 3289 1069 7920
Monthly earning (CDF) 51946.8 - 42954.26  94901.43 178185.8 41451.6
Male (Proportion) 48.40 44.94 51.96 78.47 78.92 32.50
Age(year) 32.82 25.89 37.70 41.95 38.25 32.58
Education(year) 6.76 7.68 5.62 11.87 12.41 4.92
Education (Proportion)
-Illiterate 21.66 14.05 27.94 5.02 2.89 34.63
-Primary school 24.61 21.31 30.06 4.72 4.01 29.96
-Secondary school 47.59 57.47 40.22 63.52 54.57 33.03
-Tertiary school 6.14 7.17 1.78 26.73 38.53 2.38
Job training (Proportion) 0.05 0.00 3.17 51.26 41.14 5.67
Experience (year) 8.18 1.28 13.35 11.83 7.99 10.43
Living in urban (Proportion) 50.54 66.89 35.97 66.52 93.17 35.80
Marital (Proportion) 58.98 29.57 78.59 82.82 72.22 70.11
Head of hh (Proportion) 34.85 9.82 55.21 77.96 72.40 20.97
Others(proportion)
Unearned income (Proportion) 1.45 1.90 0.79 3.05 6.06 0.93
Father in the public sector(Proportion) 18.84 21.93 14.61 35.94 36.95 13.02
Father is Self-employed (Proportion) 40.42 33.28 48.63 26.79 16.09 45.16
Risk averse (Proportion) 4.79 6.90 1.91 11.21 18.38 3.13
Family member lost a job (Proportion) 2.55 3.18 1.93 2.09 3.54 2.73

Notes: Authors computation using 1.2.3 data
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Table 2: Linear regression

Variables (1) (2) (3) (4)

10.06%%%  10.97%%%  11.63%F% 997k
(0.007)  (0.018) (0.032)  (0.012)

_ _.909*** _1_57*** .088***

- (0.019) (0.033)  (0.014)

Constant

Self employment

bt 909*F* _ _.GETHHR* LQ9THFFE
i t
ublic sector (0.019) - (0.037) (0.022)
1. 57H¥* BETHRHE - 1.665%**
Private-F 1 sect
rivate-Formal sector (0.033) (0.037) - (0.034)

-.088%F* - _ gg7HkK ] 665FF* -

Private-Informal sector (0.014) (0.022) (0.034) }

Observation 33241
F(3,33237) 1459.92
Prob > F 0.0000
Adj R-squared 0.1164

Notes: Authors computation. Notes: Log monthly earn-
ings is the dependent variable. *** ** * Denote significance
at 1%, 5% and 10% levels, respectively. Standard errors
are in parenthesis. In regression (1), (2), (3) and (4), Self-
employment, Public, Private Formal, and Private Informal
sectors are respectively taken as the base sector.
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Table 3: Determinants of sectors’ choice

Self-employed Public workers Private formal workers Private informal workers

dy/dx  Std. Err. dy/dx  Std. Err. dy/dx  Std. Err. dy/dx Std. Err.
Male 0.0753*** (0.0036) 0.0010%*** (0.0017) 0.0081*** (0.0013)  -0.0825%** (0.0030)
Age 0.0232%** (0.0009) 0.0010*** (0.0004) 0.0012*** (0.0003)  -0.0054*** (0.0007)
Age_sq -0.0003*** (0.0000) 0.0000*** (0.0000) 0.0000*** (0.0000) 0.0000*** (0.0000)
Education
Primary 0.0224*** (0.0051)  -0.0100%** (0.0027) 0.0014 (0.0016)  -0.0184*** (0.0043)
Secondary -0.0157%** (0.0049) 0.0286*** (0.0024) 0.0130*** (0.0014)  -0.0557*** (0.0042)
Tertiary -0.1324%%%  (0.0098)  0.0653%**  (0.0034)  0.0287F**  (0.0024)  -0.0656%** (0.0087)
Experience 0.0135%** (0.0002) 0.0004*** (0.0001)  -0.0003%** (0.0001) 0.0058%** (0.0002)
Job training 0.3137*** (0.0645) 0.0343*** (0.0014) 0.0140%*** (0.0015) 0.2114%** (0.0277)
Living in urban -0.0258%** (0.0039)  -0.0281%%** (0.0019) 0.0212%*** (0.0021)  -0.0563*** (0.0034)
Marital 0.0741%** (0.0040) 0.0082*** (0.0019) -0.0006 (0.0013) 0.0150%** (0.0034)
Unearned income 0.0187 (0.0177) 0.0035*** (0.0047) 0.0054** (0.0026) -0.0244 (0.0160)
Risk aversion -0.0874*** (0.0104) 0.0102*** (0.0026) 0.0079*** (0.0015) 0.0177** (0.0084)
Member of family lost his job ~ -0.0466***  (0.0111)  -0.0140%**  (0.0045) -0.0025  (0.0029)  0.0330%** (0.0087)
Father is a public servant 0.0227*** (0.0051) 0.0099*** (0.0017) -0.0008 (0.0012)  -0.0258%** (0.0045)
Father is an Self-employed 0.0534*** (0.0038) 0.0004*** (0.0019)  -0.0052%%** (0.0015) -0.0073** (0.0031)
Province fix effect Yes Yes Yes Yes
Number of observation 57 204
Prob > F 62692.57***

€¢

Notes: Notes: Author’s calculations based on 1.2.3 data. The reference sector is the unemployment sector. *** ** *
Denote significance at 1%, 5% and 10% levels, respectively. Standard errors are in parenthesis. Illiterate is the excluded

categories in education. All models contain Province dummies.



Table 4: Quantile regressions : Lower-paid sectors

Self-employment Private Informal workers

10 50 90 10 50 90
Male 0.252%**  0.410%**  (0.439%**  (0.227%** 0.588%** 0.486***
(0.038) (0.023) (0.027) (0.047) (0.053) (0.056)
Age 0.071%** 0.065*** 0.054%** 0.073*** 0.102%** 0.067***
(0.010) (0.006) (0.007) (0.010) (0.010) (0.009)
Age.sq -0.001%*%*  -0.001***  -0.001*** -0.001***  -0.001***  -0.001%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Education
. 0.102*%*  0.091*** -0.002 0.075 0.214%** 0.118%**

Primary

(0.046) (0.027) (0.026) (0.052) (0.054) (0.039)
Secondary 0.288***  (.303***  (.217*** 0.083  0.461%** 0.470***
(0.045) (0.027) (0.029) (0.057) (0.059) (0.053)
Tertiary 0.547*¥*  (.5R7TH** 1.210%** 0.194%* 0.976%** 1.423***
(0.092) (0.071) (0.144) (0.076) (0.109) (0.224)
Experience -0.001 0.001 0.001 -0.005*%  -0.012%** -0.004
(0.002) (0.001) (0.001) (0.003) (0.003) (0.003)
0.226%** 0.238%*** 0.354%** -0.064 0.274*** 0.566***

Job training (0.075)  (0.055) (0.089)  (0.062) (0.074) (0.126)

-0.222%F%  _0.348%FF  _1.186%** - - -
(0.055)  (0.126) (0.333) - - -
0.003 -0.075%%%  -0.104%%* - - -
(0.047)  (0.028) (0.034) - - -
0.188%%%  0.270%%*  425%%*  (185%¥*  (.4BSFF  (.485%H*

Formal

Without Employee

b.
Urban (0.037)  (0.024)  (0.029)  (0.047)  (0.054)  (0.052)
0.052%** 0.015** -0.008 0.021%** 0.059*** 0.048%***
1)
(0.011)  (0.006) (0.009)  (0.008) (0.010) (0.012)
8.317*** 9.421%*%*  12,713%** 7.589%** 8.196***  10.607***
Constant
(0.268)  (0.291) (0.697)  (0.188) (0.190) (0.206)
Province fe Yes Yes Yes Yes Yes Yes
Prob >~ F 33.51%** 91.65%** 64.61*** 19.16%**  115.04*** 41.03%**
Number of obs 21732 7216

Note: ****** Denote significance at 1%, 5% and 10% levels, respectively.
Standard errors are in parenthesis
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Table 5: Quantile regressions : Higher-paid sectors

Public workers Private Formal workers
10 50 90 10 50 90
Male 0.032 0.032%** 0.218%** 0.077 0.163** 0.135%*
(0.073) (0.013) (0.063) (0.122) (0.082) (0.074)
Age 0.021 0.014%** 0.040%** 0.064* 0.059%** 0.024
(0.022) (0.003) (0.015) (0.037) (0.020) (0.019)
Age.sq 0.000 0.000%** 0.000** -0.001 -0.001%* 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Education
. -0.483**%  -0.156%*** -0.144 0.827 -0.252 -0.050
Primary
(0.240) (0.035) (0.127) (0.520) (0.232) (0.131)
Secondary -0.126 -0.061** 0.040 1.001** -0.328* 0.006
(0.163) (0.026) (0.106) (0.441) (0.189) (0.098)
. -0.069 0.057** 0.681*** 0.997** 0.103 0.422%**
Tertiary
(0.177) (0.029) (0.135) (0.451) (0.202) (0.120)
Experience 0.022%** 0.003*** 0.005 -0.010 0.006* 0.007**
(0.004) (0.001) (0.004) (0.008) (0.004) (0.004)
Job training -0.154%** 0.036*** 0.179%** 0.012 -0.009 0.024
(0.078) (0.012) (0.062) (0.103) (0.071) (0.085)
Urban 0.976%** 0.098*** 0.423%**  1.410%** 0.476%** -0.059
(0.087) (0.013) (0.045) (0.352) (0.113) (0.077
5 0.050*%*  -0.001*** 0.015%* 0.014 0.028%** 0.028%**
(0.020) (0.002) (0.007) (0.014) (0.010) (0.007)
Constant 9.359%**  10.648%**  10.963***  7.064***  10.281***  12.030***
(0.569) (0.083) (0.348) (0.958) (0.526) (0.436)
Province fe Yes Yes Yes Yes Yes Yes
Prob >~ F 14.82%** 61.03*** 20.56*** 6.08%** 36.34%** 6.81%**
Number of obs 3248 1043

Note: *** ** * Denote significance at 1%, 5% and 10% levels, respectively.
Standard errors are in parenthesis
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Figure 1: Earning differentials between formal and informal sector over different quantiles of the earning distribution by province
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Table 6: Testing the validity of the exclusion
restrictions

Sectors Relevance Excludability

10 50 90
Wald Test Wald Test Wald Test Wald Test
(P —wvalue) (P —walue) (P —walue) (P —wvalue)

364.15 - _ _
loyed

Unemploye (0.0000) _ _ _
364.15 2.64 0.90 1.00

Self-Employed
er-tmpioye (0.0000) (0.0216) (0.4812) (0.4180)
Public 73.89 1.22 1.60 0.20
(0.0000) (0.2979) (0.1584) (0.9632)
23.23 0.63 0.79 0.40

Private_Formal
rivate-torma (0.0003) (0.6420) (0.5595) (0.8046)
Private Informal 121.66 0.98 2.07 0.27
(0.0000) (0.4320) (0.0674) (0.9283)

Note: Relevance: statistical significance of the exclusion restric-
tions in the five sector choice equations.

Excludability: statistical insignificance of the exclusion restric-
tions in each earning equation.

Here, we seek to provide evidence of the validity of the elicited exclusion restrictions of
variables incorporated in the multinomial model for identification. For them to be valid,
the variables should be relevant determinants of sector choices but not directly related
to earnings, once we have conditioned for the employment sector and other attributes.
The validity of the “relevance” condition can be directly tested from the estimates of
the multinomial selection equation. Table 6 above contains several Wald tests for the
joint statistical significance of the exclusion restrictions for each estimated model. As can
be seen, the relevance of the exclusion restrictions for the whole multinomial model is
clearly not rejected by the data. Taking each equation separately, the variables included
are good predictors of the differences in the likelihood of each sector (in relation to be
unemployed), As for the “excludability” condition, no formal overidentification test has
yet been developed in this framework. Therefore, this condition has to be informally
checked by examining the joint statistical significance of the exclusion restrictions in
the outcome equation(s) of sectors, conditional on other determinants of earnings. The
results of these Wald tests — which are reported in the four last column of Table 6 -
suggest that the exclusion restrictions are not jointly significant in the outcome equations
at any conventional significance level, with the exception of Self-employed sector on the
tenth percentile and private informal sector on the fifteenth percentile, in which the null
hypothesis that the exclusion restriction’s coefficients are jointly equal to zero is not
rejected when considering a significance level of 5%. Overall, the evidence obtained when
adopting this informal approach to demonstrating the validity of the exclusion restrictions
suggests that the model is well identified.
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Table 7: Test of significance

Mean difference test

Groups Observation  Mean P-value
Self-Employment 22331 10.061
Private informal 7920 9.97 0.0000
Difference 0.088

Based on the above, There is a significant mean difference of log earnings
between the two sectors

Likelihood-Ratio test for combining alternatives

chi2 df P~ chi2
Unemployed & Self-Employment 36224.949 26 0.000
Unemployed & Public 27430.368 26 0.000
Unemployed & Private Formal 9773.842 26 0.000
Unemployed & Private Informal 22323.603 26 0.000
Self-Employment & Public 13218.431 26 0.000
Self-Employment & Private Formal 4590.221 26 0.000
Self-Employment & Private Informal 3720.946 26 0.000
Public & Private Formal 1323.106 26 0.000
Public & Private Informal 10228.398 26 0.000
Private Formal & Private Informal 3675.629 26 0.000

Based on the above, No categories should be combined
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