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Abstract 

Using data from the Ghana Living Standard Survey (GLSS) VI this paper investigates 

the gender wage gap across the conditional wage distributions of formal and informal 

sector wage earners using a quantile regression technique. The results indicate an 

increasing wage gap along the conditional wage distribution in the informal sector. This 

pattern suggests the existence of a glass ceiling effect for women in informal employment 

in the Ghanaian labour market. After correcting for positive selection into informal wage 

employment by women we find that the wage gap widens; increasing on the average by 

7%-12% along the conditional wage distribution. In the formal sector, however, not only 

are the magnitudes of the pay differences smaller, relative to the informal sector, there 

was no significant wage gap at the lower quantiles. After correcting for selection we 

found that there is a positive wage gap at the lower to median quantiles but this 

disappears at the upper quantiles. These results indicate that women are relatively 

better off in the formal sector. 
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1 Introduction 

The existence of a gender wage is a persistent reality across the world. Many studies have been 

conducted to account for the magnitude, persistence and evolution of this gap and its impact on 

poverty alleviation. Besides the equity concerns, analyzing and adequately measuring the gender 

wage gap is critical from a poverty reduction perspective. In order to formulate appropriate policies 

aimed at bridging the gap it is useful to explore what may be causing it. While the literature on the 

gender wage gap in advanced western economies is large and well developed that of Africa, in 

particular, is relatively modest. Weichselbaumer & Winter-Ebmer (2005) document that the largest 

share of the literature on developing countries examines Asia. Latin America has the second largest 

and Africa has the smallest – 3% of all global studies since 1990.  

A distinguishing feature of labour markets in Africa is the existence of a large unproductive 

informal sector alongside a relatively smaller productive formal sector. It is estimated that the 

informal sector accounts for 72% of non-agricultural employment in Africa (ILO, 2008). Two main 

hypotheses explain the segmentation that characterizes labour market in Africa. According to the 

traditional view (Dickens & Lang, 1985; Gary S. Fields, 1975) the segmentation arises because wages 

in the formal sector are set above market-clearing due to minimum wage laws, efficiency-wage 

explanations or higher unionization. A consequence of this is that workers in the informal sector are 

rationed out of the formal sector, resulting in the average informal worker earning relatively less 

than an observationally identical formal sector worker. However, evidence from some empirical 

studies indicates that a significant proportion of informal sector jobs actually reflect voluntary 

choices, that some workers are actually choosing jobs in the sector given their skill endowment, 

preferences, and the earning potential in the sector (Maloney, 2004; Saavedra & Chong, 1999; 

Yamada, 1996). This explanation has a major implication on the dynamics of any gender wage gap 

that may exist within the two sectors. For instance, if labour markets are competitive then it is 

more likely that the gender wage gaps within sectors should not be significantly different after 

accounting for compensating differentials. This is because in a competitive market discriminated 

women in any sector would move to the other sector with no or less discrimination and this will 

continue until discrimination is equalized. On the other hand, a significantly different and persistent 

wage gap within sectors may suggest the existence of rigidities and the need for policy action to 

support workers that are disadvantaged. A persistent wage gap will also mean that labour markets 

are not competitive and government intervention may increase social welfare. In this light, accurate 



measure of the gender wage gap within sectors will represent an important aspect of the analysis of 

labour markets in the developing world.  

A majority of the African literature have either employed the canonical Oaxaca-Blinder (1973) 

decomposition or a variant of it to decompose the gender wage differential into a portion explained 

by human capital factors such as education and experience and a portion due to differences in 

coefficients or discrimination. However an important limitation of this decomposition technique is 

that it focuses on mean effects which may lead to incomplete assessment of the wage gap if the gap 

varies significantly along the wage distribution. This in particular may be the case in the informal 

sector due to its heterogeneity. Because of this heterogeneity the wage gap may have different 

magnitudes especially in the tails of the wage distribution function. 

In this regard, the contribution of this paper is twofold. First, we look at the differences and 

similarities in the gender wage differentials in the formal and informal sectors and how they vary 

along their respective conditional earning distributions using the quantile regression technique 

proposed by Machado and Mata (2005) with data from the Ghana Living Standards Survey (GLSS) 

VI. This technique permits the decomposition of the wage gap into effects due to characteristics and 

coefficients at different quantiles of the wage distribution function. We also attempt to control for 

the non-random participation of women in employment. Controlling for sample selection in quantile 

regression is a difficult task. Previous studies have employed the semi-parametric estimator proposed 

by Buchinsky (1998). This procedure involves estimating a power series approximation of the 

selection term using the single-index method proposed by Ichimura (1993). This term is then 

included in the quantile regression to account for selection. Consistency of the Buchinsky (1998) 

estimator depends on the assumption of conditional independence given the selection probability. 

That is, the error terms should be independent of the regressors in the presence of selectivity bias. 

In a recent publication, Melly and Huber (2011), however, show that in the presence of sample 

selection the conditional independence assumption is violated leading to inconsistent estimates. We 

therefore apply a variant of the so called ‘identification-at-infinity’ (Chamberlain, 1986; Heckman, 

1990) to correct for the non-random participation of women in wage employment. The idea behind 

this procedure is to restrict the female sample to a group for whom the choice to select into wage 

employment is not affected by the error term.  

To the best of our knowledge this paper is the first empirical study that attempts a comparative 

analysis of the gender pay gap in the formal and informal sectors of Ghanaian economy using 

quantile regression with correction for sample selection. 



The results indicate an increasing wage gap along the conditional wage distribution in the 

informal sector. This pattern suggests the existence of a glass ceiling effect for women in informal 

employment in the Ghanaian labour market. Specifically, the result shows that on the average 

approximately 16%-18% of the (conditional) wage gap is explained by differences in characteristics 

with the remaining of 82%-84% attributable to differences in coefficients. After correcting for 

positive selection into informal wage employment by women we find that the wage gap widens; 

increasing on the average by 7%-12% along the conditional wage distribution. In the formal sector, 

however, not only are the magnitudes of the pay differences smaller, relative to the informal sector, 

there was no significant wage gap at the lower quantiles. After correcting for selection we found 

that there is a positive wage gap at the lower to median quantiles but this disappears at the upper 

quantiles. These results indicate that women are relatively better off in the formal sector. We discuss 

the policy implications of these results.  

The rest of the paper is organized as follows. The next section presents a brief literature review. 

Section 2 describes the data, variable selection and identification of formal and informal 

employment. Section 3 presents the econometric methodology and sample selection. Empirical 

results are discussed in section 4 and section 5 concludes. 

2 Literature Review 

There are two main theories of discrimination. The first is the taste-based discrimination theory 

that originates from Becker (1957). This model attributes discrimination to the aversion of 

employers, coworkers or customers towards members of a certain group. In this model employers 

may have a ‘taste for discrimination’. This implies there is a disutility to employing workers from a 

certain group. As a consequence, these workers may have to compensate employers by being more 

productive at the going wage or accept a lower wage for identical productivity. However, if labour 

markets are competitive, in general equilibrium discrimination can only be sustained at a positive 

cost to the employer. This is because each worker must be paid a wage equal to their marginal 

product in a competitive market; non-discriminating firms will out-compete discriminating firms by 

offering a slightly higher wage for the services of discriminated workers. Because the discriminated 

workers are already being paid below their productivity employers should still make a profit. The 

discriminatory employer will end up losing all discriminated workers to the non-discriminatory 

employer, ending up with a more expensive labor and less profit. In the end the business of the 



discriminatory employer becomes less profitable and goes out of business and the wage difference 

due to discrimination eventually goes away (Schippers, 1987).  

Coworkers and customers can also be sources of discrimination in this model. If workers who 

belong to a majority group are prejudiced against workers from a minority group and they demand 

a premium, at the expense of minority workers, from employers in order to work with minority 

workers this becomes a source of discrimination. Clearly this situation cannot arise under perfect 

competition where perfect mobility of workers will ensure that this discrimination is eliminated. 

Customer discrimination, on the other hand, arises where customers discriminate against members 

of certain group and as such get lower utility if they purchase services from firms that employ 

workers from this group. As a result workers from this group may have to accept lower wages in 

order to work in jobs with customer contact. This kind of discrimination may still exist even if 

markets are competitive because there is no mechanism for consumers to compete the discrimination 

away. In general equilibrium prejudiced customers may bear the cost of discrimination by paying 

higher prices for goods and service. The second prominent model of the discrimination is Arrow 

(1973) and Phelps (1972) ‘statistical discrimination’ model. This model seeks explanation for 

discrimination in incomplete information. The simplest information-based explanation involves the 

idea that measuring worker productivity is a difficult task. Therefore employers tend to base their 

hiring decisions on past experiences. Given that employers will tend to have better knowledge of the 

productivity of a majority group than a minority group, they (employers) tend to offer lower wages 

to minority groups.  

Another example of statistical discrimination arises from employers’ belief from past experiences 

that because of child bearing young female workers have less labour market attachment than men. 

This therefore results in less human capital formation in women relative to men leading to lower 

wages for women on the average. Statistical discrimination models, however, fail to explain the 

persistent wage gap we observe among groups with identical productive capabilities. This is because 

if individual performance is independent of group membership then repeated observation of workers’ 

productivity should allow employers to arrive at it true value and sooner than later statistical 

discrimination will be remedied (Arrow, 1998; Cain, 1986). However this will not be the case if the 

negative prior beliefs of employers become self-fulfilling and act as an incentive for workers not to 

acquire education (Lundberg & Startz, 1983; Coate and Loury, 1993).  

Most of the empirical research that has attempted to estimate the gender wage gap has done so 

with reference to the discrimination theory. Therefore the usual approach in accounting for the wage 



difference has been to decompose the wage gap into a portion explained by productivity differences 

and an unexplained portion due to discrimination (Blinder, 1973; Oaxaca, 1973). A plurality of the 

empirical work has been based on data from developed countries mostly the OECD countries. In 

the developing world Asia has the largest share of the literature (eg Ashraf, & Ashraf, 1993; Fan & 

Lui, 2003; Horton, 1996) followed by Latin America (see Montenegro, 2001; Psacharopoulos & 

Tzannatos, 1992) and then Africa. The existing literature on Africa suggests a broad consensus 

regards the existence of the wage gap. For instance a study by Glick and Sahn (1997) indicates that, 

in Guinea, differences in endowments explain 45% and 25% of the gender wage gap in self-

employment and public-sector employment respectively. However, in the private sector, women 

actually earn more than men. In Tanzania, Armitage and Sabot (1991) find a wage gap in public 

sector, but observe no significant wage gap in Kenya's labour market. Likewise, Appleton et al 

(1999) analyzed the wage gap in the public sector of three African countries – Ethiopia, Cote 

D’Ivoire, and Uganda – and concluded that the wage gap is narrower in these countries than it 

might be otherwise because women are overrepresented in the public sector. Agesa (1999) examines 

Kenyan data on formal sector workers and the self-employed and concluded that there is a significant 

gender wage gap in favor of men. Hinks (2002), Nordman & Wolff-Francois (2009) are other studies 

on Africa that found a significant wage bias in favor of men. 

The literature on Ghana reflects the scantiness of the African literature. Few empirical studies 

have examined the gender wage gap in the Ghanaian labour market and all but Addai (2011) have 

focused on the formal sector. Verner (1999) used matched employer-employee data to estimate plant 

level production and wage functions which was later used to decompose the wage differential. The 

paper found that females are paid significantly less than males. In a related study Glewwe (1996) 

found no wage discrimination against women in the private sector. However, he found that women 

appear to be better off than men in the public sector. More recently, Addai (2011), the only study 

to examine the gender pay gap in the informal sector, reported a significant wage gap in the informal 

sector in favor of men despite the average female being better skilled than an identical male. Without 

downplaying the significance of these results, we argue for that a re-examination of the gender wage 

gap in Ghana in order. This is because previous studies have employed OLS or the Oaxaca-Blinder 

(OB) (1973) decomposition technique which allows for estimating wage gap only at the mean. This 

overlooks the fact that the gap varies along the entire wage distribution; which is what we find in 

our results. Given that the Ghanaian economy about is 80% informal (Osei-Boateng, & Ampratwum, 

2011) emphasis should be placed on examining that sector’s wage gap in order to help formulate 



appropriate labour market policies aimed at helping the working poor. Even though the study by 

Addai (2011) examined the pay gap in the informal sector it only looked at informal employment 

in the city of Kumasi and as such does not paint a complete picture of the pay gap in the entire 

labour market. Our attempt to compare the gender pay gap in the formal and informal sector is to 

fill in the missing gaps in the previous literature as outlined above and also help throw light on the 

dynamics between the two sectors of the Ghanaian labour market. 

3 Data  

This paper uses data from the sixth round of the Ghana Living Standards Survey (GLSS) 

conducted in 2012/2013. The GLSS is a nationally representative survey designed to generate 

information on the living conditions in Ghana. Individual members of households are interviewed 

over a broad range of socioeconomic topics including education, health, labour market activities, 

access to financial services and asset ownership. The GLSS V1 was selected because it the most 

recent and comprehensive survey on the labor force of Ghana. It also comes with a larger sample 

size relative to previous rounds. 

3.1 Determination of formal and informal employment 

The formal sector is defined as economic activities that fall under the purview of state regulation. 

These activities can either be public or private and employment in them is termed formal 

employment. In this paper formal employees will comprise employees who pay taxes on their wages 

and who benefit from or contribute to social security or pension. Defining informality, on the other 

hand, is not straightforward. In the labour market literature, however, two main definitions have 

been employed – the productivity and legalistic definitions. The productivity view defines 

informality based on firm size or job types. Non-professionals, marginal jobs, the self-employed, 

domestic and family workers and workers in firms with less than five (5) employees all fall under 

this category (Hussman, 2004). The legalistic definition, on the other hand, characterizes informality 

as a lack of or avoidance of taxation, formal registration and workers without access to social security 

or pension. There are also differences between informal employment and employment in the informal 

sector. Informal employment encompasses all jobs that fall under any of the definitions of informality 

stated above. These jobs may be found in the formal, informal sector or household. Employment in 

the informal sector, on the other hand, only relates to jobs found in the informal sector (ILO, 2013). 



In this study we employ the legalistic definition of informality and focus on informal wage 

employment because the GLSS VI survey contains precise questions that enables for maximum 

sample extraction from the data based on this criterion. We also define wage to include the monetary 

value of wage payments in goods and services.  

3.2 Sample selection 

Our formal sector sample size is restricted to workers aged 15-64 who pay taxes on their 

employment income or contribute to or benefit from social security or a pension. The informal 

sample , on the other hand, comprise workers aged 15-64 who do not pay taxes on their employment 

income and also do not contribute or benefit from social security or pension. Workers with non-

observable wages are excluded. Self-employed workers are also dropped because they are not the 

focus of our study. Students and casual workers are also dropped from the sample leaving only 

workers who self-reported as paid employees with non-zero observable wages. After the exclusions 

the formal sample comprised 1,118(68%) men and 518(32%) women) while the informal sample had 

a total of 2,344 working adults – comprising 1,613(69%) men and 731(31%) women. 

3.3 Distribution of wages 

The wage measure used in this paper is the natural logarithm of hourly wage2. We first estimated 

total monthly wage and then adjusted it according to the reported monthly hours worked. Total 

monthly wage is the sum of monetary and the value of non-monetary payments. Tables 1 and 2 

present means and standard deviations of the variables in the study for the formal and informal 

sectors respectively. Mean of log hourly wage for men in the formal sector is 2.656 and that of 

women with selection correction is 2.727. In the informal sector on the other hand the mean of log 

hourly wage for men 1.861 and that of women with selection correction is 1.130. The mean log 

hourly wage gap is thus -0.071 and 0.731 log points in the formal and informal sectors respectively. 

This implies the average woman in the formal sector earns a higher wage relative to the average 

man in the same sector. In the informal sector, on other hand, the average man out earns the average 

2 We use log of wages because the distribution of wages is modeled as log-normal and also to make sure that 
predicted wage is always positive.  

                                                            



woman. These estimates hide important details on the variation of the wage gap along the entire 

wage distribution function.  

Figure 1 presents the kernel density plot for men and women in the two sectors. In the formal 

sector the distributions of male and female wages are to a large extent symmetric and identical. In 

the left tails, however, the log wage distribution of women has a fatter tail compared to that of men 

implying that relatively more women earn low wages compared to men. In the right tails, on the 

other hand, there are more men earning higher wages compared to women. Additionally, the log 

wage distribution for women shows relatively less dispersion relative to that of men meaning there 

is less variation in the log wages of women compared to that of men.  

A similar pattern is observed in the informal sector except that the wage distribution of women 

is heavily skewed to the right. There are disproportionately more women earning low wages 

compared to men but more men earning higher wages compared to women. Also as we observe in 

the formal sample the log wage distribution of women shows relatively less variation compared to 

the wage distribution of men.  Figures 2 and 3 plot the difference in log hourly wage without and 

with correction for sample selection, with 95% confidence intervals, between men and women at 

quantiles of their respective wage distributions. In both cases there is a clear upward trend of the 

gender log wage differential in the informal sector which may suggest the existence of a glass ceiling 

effect for women in the informal sector. In the formal sector, however, the unadjusted (conditional) 

log wage differential is negative in the lower quantiles but turns positive and increases along the 

wage distribution. The implication is that compared to men women are earn higher in the lower 

quantiles but this advantage vanishes and turns negative as we move along the wage distribution.  

Finally, we also observe that compared to the formal sector the values of the raw wage 

differential are larger in the informal sector implying that there may be higher degrees of wage 

discrimination in the informal sector compared to the formal. 

3.4 Determinants of the wage function 

Previous empirical studies have adopted the human capital model as the theoretical basis for 

estimating the earning function (Becker, 1964; Mincer, 1974). We make the same assumption here. 

The human capital model of wage determination posits that the structure of wages and earnings is 

mainly determined by a workers human capital – the stock of knowledge or characteristics that 

contributes to a worker’s productivity. The level of education and work experience serve as proxies 



for measuring a worker’s human capital. Education is measured by the highest level of education 

attained. In our sample some 14% of men in the informal sector have completed at least primary 

education compared to 16% of women and 23% in the selected sample (see Table 2). 61% of men 

have completed secondary education compared to 49% of women and 45% in the selected sample. 

7% of men compared to 9% of women have completed post-secondary education.  

However, after accounting for selection the number of women with post-secondary education 

drops to zero meaning that relatively less educated women are more likely to work in the informal 

sector. On the whole, some 74% of men compared to 68% of women have completed either a primary 

or secondary education and the typical informal sector worker has completed at least a secondary 

education. In the formal sector 5% of men compared to 2% of women have completed some primary 

education (see Table 1). 39% of men compared to 23% of women have completed secondary 

education and 55% of men against 74% of women have completed post-secondary education. This 

concentration of high skilled women in the formal sector may help explain why the raw gender wage 

gap is relatively smaller across the distribution in the formal sector compared to the informal sector.  

There are also some notable differences in education in the two samples. First compared to the 

informal sector there are fewer women with primary education compared to men and second there 

are more women than men with post-secondary education. Overall the typical formal sector worker 

is more educated than their informal counterpart – the average formal sector worker has completed 

a post-secondary education compared to primary education for the average informal sector worker. 

The two sectors seem to be segregated by education with the formal sector attracting workers with 

more years of education and the low educated workers concentrated in the informal sector. The 

tenure variable is the proxy for worker experience and it is measured in years. While in the formal 

sector women have more years of experience than men the opposite is the case in the informal sector. 

Specifically, the average female worker in the formal sector has 11 years of experience compared to 

7 years for the average man. In the informal sector the numbers are 7 years for the average male 

worker and 4 years for the average woman.  

Additional variables included in the wage function are industry of employment, firm size, region, 

age, marital status and children. In the informal sector women are concentrated in commerce with 

46% employed there. This contrasts with only 15% of men in same sector. In the formal sector on 

the other hand larger proportions of both men (38%) and women (66%) are concentrated in the 

education, health and social work industry. The age distribution in the sample is similar across 

gender in the informal sector but in the formal sector the average woman (38 years) is significantly 



older than the average man (33 years). We also see that more women (88%) than men (77%) in the 

informal sector work in firms with less than ten (10) employees. In the formal sector on the other 

hand fewer women (22%) compared to men (28%) work in firms with less than ten (10) employees. 

Overall the average working woman in the informal sector, compared to the average man in same 

sector, is more likely to be working in commerce, has less work experience and more likely to be 

married with children. In the formal sector, however, the average working woman compared to the 

average man is more likely to be older, working in the education, health and social work industry 

and with more work experience.  

4 Econometric Methodology  

4.1 Quantile regression 

Majority of previous discrimination literature has employed the canonical Oaxaca-Blinder (OB) 

(1973) or a variant of it in estimating the gender wage gap. Two key disadvantages of the OB 

estimator are that it can be inefficient if the assumption of normality is violated and secondly the 

estimates can be biased in the presence of outliers. Quantile regression on the other hand is more 

robust to non-normal errors and able to capture heterogeneous effects thus allowing for a richer 

characterization of the data. Due to this advantage we employ the quantile regression technique in 

estimating the wage functions. We employ the quantile regression technique originally proposed by 

Koenker & Bassett (1978) to estimate the conditional earnings functions for men and women as: 

𝑦𝑦𝑖𝑖 = 𝑥𝑥𝑖𝑖𝛽𝛽𝜃𝜃 + 𝜇𝜇𝜃𝜃𝑖𝑖 ;            𝑄𝑄𝜃𝜃(𝑦𝑦𝑖𝑖|𝑥𝑥𝑖𝑖) = 𝑥𝑥𝑖𝑖𝛽𝛽𝜃𝜃                                         (1) 

Where 𝑦𝑦 is the natural log of hourly wage, 𝑥𝑥 is a vector of covariates, 𝑖𝑖 = 1, … . ,𝑛𝑛 indexes 

individuals, 𝛽𝛽 is the vector of quantile regression coefficients and 𝜇𝜇 is the random error of an 

unknown distribution that should satisfy the restriction that 𝑄𝑄𝜃𝜃(𝜇𝜇𝜃𝜃𝜃𝜃|𝑥𝑥𝜃𝜃) = 0. The expression 

𝑄𝑄𝜃𝜃(𝑦𝑦𝜃𝜃|𝑥𝑥𝜃𝜃) denotes the 𝜃𝜃𝑡𝑡ℎ conditional quantile of 𝑦𝑦𝜃𝜃 condition on the vector of covariates 𝑥𝑥𝜃𝜃 with 

0 < 𝜃𝜃 < 1. For a given quantile 𝜃𝜃 the quantile estimator  𝛽𝛽𝜃𝜃 solves the minimization problem; 

𝛽𝛽𝜃𝜃 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝛽𝛽 � � 𝜃𝜃|𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖𝛽𝛽|
𝑖𝑖=𝑦𝑦𝑖𝑖>𝑥𝑥𝑖𝑖𝛽𝛽

+ � (1 − 𝜃𝜃)|𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖𝛽𝛽|
𝑖𝑖=𝑦𝑦𝑖𝑖<𝑥𝑥𝑖𝑖𝛽𝛽

�             (2)    



Where 𝜃𝜃|𝑦𝑦𝜃𝜃 − 𝑥𝑥𝜃𝜃| and  (1 − 𝜃𝜃)|𝑦𝑦𝜃𝜃 − 𝑥𝑥𝜃𝜃𝛽𝛽| represents the asymmetric penalties for under prediction 

and over prediction respectively.  

4.2 Wage gap decomposition 

Once the wage functions are estimated using quantile regression we can then decompose the 

differences in the distribution to portions due to characteristics and coefficient. However before we 

can proceed with the decomposition we need an estimate of the counterfactual wage function – that 

is, how much women would have earned if they were paid according to the wage function of men. 

This is analogous to estimating the ‘treatment’ effect of paying women according to the wage 

structure of men. This will imply constructing the unconditional wage distribution that females 

would have earned if they were males. We cannot proceed on the basis of the quantile wage functions 

because they are conditioned on the covariates.  

A key complication with the quantile wage function is that because the law of iterated 

expectations does not apply to quantiles and as such the expected value of the conditional quantiles 

do not equate the unconditional conditional quantile: 𝑄𝑄𝜃𝜃(𝑦𝑦) ≠ 𝐸𝐸[𝑄𝑄𝜃𝜃(𝑦𝑦|𝑥𝑥)], where 𝑄𝑄𝜃𝜃(𝑦𝑦) is the 

unconditional wage distribution at the 𝜃𝜃𝑡𝑡ℎ quantile, and 𝑄𝑄𝜃𝜃(𝑦𝑦|𝑥𝑥)  is the corresponding conditional 

distribution. Melly (2006) proposes a technique to overcome this problem. We first estimate the 

whole conditional distribution by quantile regression and obtain the unconditional distribution by 

integrating over the full set of the covariates as follows: 

𝜃𝜃 = 𝐹𝐹𝑦𝑦(𝑄𝑄𝜃𝜃) = 𝐸𝐸�𝐹𝐹𝑦𝑦|𝑥𝑥�𝑄𝑄𝜃𝜃(𝑦𝑦|𝑥𝑥)�� = � 𝐹𝐹𝑦𝑦|𝑥𝑥(𝑄𝑄𝜃𝜃(𝑦𝑦|𝑥𝑥))𝑑𝑑𝐹𝐹𝑥𝑥(𝑥𝑥)                     (3) 

𝐹𝐹𝑦𝑦(𝑄𝑄𝜃𝜃) denotes the unconditional cumulative distribution of wages at the 𝜃𝜃𝑡𝑡ℎ quantile. The 

unconditional distribution is then inverted to obtain the unconditional quantiles of interest. 

Using this framework the counterfactual wage distribution, 𝑄𝑄𝜃𝜃�𝑦𝑦𝑚𝑚�𝑥𝑥𝑓𝑓�, can then be estimated 

and the wage gap decomposed as follows: 

∆𝜃𝜃 = �𝑄𝑄𝜃𝜃�𝑦𝑦𝑓𝑓�𝑥𝑥𝑓𝑓� − 𝑄𝑄𝜃𝜃�𝑦𝑦𝑚𝑚�𝑥𝑥𝑓𝑓�� + �𝑄𝑄𝜃𝜃�𝑦𝑦𝑚𝑚�𝑥𝑥𝑓𝑓� − 𝑄𝑄𝜃𝜃(𝑦𝑦𝑚𝑚|𝑥𝑥𝑚𝑚)�               (4) 



𝑄𝑄𝜃𝜃�𝑦𝑦𝑚𝑚�𝑥𝑥𝑓𝑓� is the counterfactual wage distribution at the 𝜃𝜃𝑡𝑡ℎ quantile. The first component on 

the right hand side represents difference due to coefficients and the second term differences due to 

labour market characteristics (characteristics effect).  

4.3 Selectivity Bias 

The result of the decomposition may suffer from possible endogeneity bias. Men and women 

have different reasons that bring them into the labor force and different reasons for choosing to 

work in a particular sector. Presence of selection bias implies that the decomposition terms are not 

properly identified. Our results may suffer from possible selectivity bias which needs to be corrected. 

Previous empirical studies such as Albrecht et al (2003), Chzhen & Mumford (2011), Nicodemo 

(2009) employed the semi-parametric estimator proposed by Buchinsky (1998) for selection 

correction in quantile regression. This procedure involves estimating a power series approximation 

of the selection term using the single-index method proposed by Ichimura (1993). This term is then 

included in the quantile regression to account for selection. Consistency of the Buchinsky (1998) 

estimator depends on the assumption of conditional independence given the selection probability. 

That is, the error terms should be independent of the regressors in the presence of selectivity bias. 

In a recent publication, Melly and Huber (2011), however, show that in the presence of sample 

selection the conditional independence assumption is violated leading to inconsistent estimates.   

We therefore apply a variant of the so called ‘identification-at-infinity’ (Chamberlain, 1986; 

Heckman, 1990) strategy to correct for the non-random participation of women in wage employment. 

The idea behind this procedure is to restrict the female sample (in both sectors) to a group for 

whom the choice to select into wage employment is not affected by the error term. We first run a 

probit model of participation for each sector using a sample of all women in the labour force then 

predict their probability of participation in employment and then restrict the sample to only those 

whose predicted probability of participation is greater than 85% (Lindqvist, & Vestman, 2011). This 

selected sample is then used to run the decomposition regression again. However, because the 

decision to participate in wage employment is also conditioned on the decision to participate in the 

labour force in the first place we have a problem of double selection that needs to be jointly 

corrected. The two-step selection problem can be formally specified as follows; 

Participation decision 



                 𝑍𝑍�́�𝑖 = 𝑤𝑤𝑖𝑖𝛼𝛼 + 𝜇𝜇1𝑖𝑖                                                  (5) 

Where �́�𝑍𝜃𝜃 is a latent variable that denotes the utility that a woman derives from participating 

in the labour force, 𝑤𝑤𝜃𝜃 is a vector of covariates and 𝜇𝜇1𝜃𝜃 is the error term ~ 𝑁𝑁(0,1). With indicator 

variable; 

𝑍𝑍𝑖𝑖 = �1            𝑎𝑎𝑖𝑖 𝑍𝑍𝑖𝑖 > 0
 0          𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑎𝑎𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒

 

Such that a woman participates in the labour force if 𝑍𝑍𝜃𝜃 > 0. The decision to participate in the 

labour force is followed by a choice of working in the formal (informal) sector. This decision is 

specified as follows, 

Employment decision 

            𝑆𝑆�́�𝑖 = 𝑐𝑐𝑖𝑖𝛿𝛿 + 𝜇𝜇2𝑖𝑖                                                    (6) 

�́�𝑆𝜃𝜃 is a latent variable that represents the utility a woman derives working in the formal 

(informal) sector, 𝑐𝑐𝜃𝜃 is a vector of covariates and 𝜇𝜇2𝜃𝜃 is the error term ~ 𝑁𝑁(0,1).  

Employment in the formal (informal) sector is observed if; 

𝑆𝑆𝑖𝑖 = �1            𝑎𝑎𝑖𝑖 𝑆𝑆𝑖𝑖 > 0
 0          𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑎𝑎𝑤𝑤𝑎𝑎𝑒𝑒𝑒𝑒

 

If the unmeasured factors influencing the error term 𝜇𝜇1𝜃𝜃 is uncorrelated with the factors 

influencing 𝜇𝜇2𝜃𝜃 then estimating a bivariate probit model will yield unbiased estimates. However, we 

have reason to suspect that this correlation might not be zero because there could be certain 

unobserved factors, that we haven’t accounted for, that jointly determine women’s participation in 

the labour force and formal (informal) employment. To overcome this problem Heckman (1979) 

proposes a selection correction procedure that allows for the possible correlation of the error terms. 

The technique was extended by Van de Venn & Van Praag (1981) to cover binary choice models. 

This technique known in the literature as “Heckprobit” is employed in estimating the selection 

equations. Table 3 provides the results of the ‘heckprobit’ estimation of the determinants of female 

participation in the labour force (column 2) and formal wage employment (column 1). The results 



(column 2) indicate that, unsurprisingly, education is the key driver of female participation in the 

labour force – women with higher education are more likely to participate in the labour force 

compared to women with no education. Living in an urban area is also positively correlated with 

the likelihood of participation in the labour force while women who live with their spouses are less 

likely to participate in the labour force.  

Uptake of formal employment is also driven by human capital factors as the results (in column 

1) shows. Specifically, women with higher levels of education are more likely to take up formal 

employment. This result is expected given that highly educated women are more likely to have 

higher reservation wages and thus less likely to take up employment in the informal sector where 

traditionally wages are low compared to the formal sector. The ‘Heckprobit’ results for participation 

in the informal sector are presented in Table 4. Again we see that higher education is associated 

with a higher likelihood of participation in the labour force (see column 2). Women living in urban 

areas are more likely to participate in the labour force. Women with children and women who are 

heads of their households head both have higher likelihood of labour force participation but married 

women are less likely to participate in the labour force. Just as we observed in the formal sector 

uptake of informal employment is driven mainly by level of education. Specifically, highly educated 

women are less likely to take up informal employment relative to women with less education. As 

argued earlier, this may be due to the fact that highly educated women may prefer formal 

employment because that sector traditionally pays higher wage compared to the informal sector. In 

both Tables 3 and 4 the Wald-test of independent equations fails to reject the null hypothesis at 

the 5% significance level indicating that the error terms of equation (5) and (6) are uncorrelated. 

5 Results 

5.1 Quantile regression 

Table 5 presents the results (without selection correction) of the conditional quantile regressions 

for log hourly wage for both men and women in the formal sector. The cumulative effect of age on 

log hourly wage is positive and significant for men at only the 25th and 50th quantiles but this effect 

falls as we move along the wage distribution. For women, however, the effect of age on wages is 

insignificant. The returns to primary and secondary education for men are positive and u-shaped as 

we move along the wage distribution. However the size of the returns is larger for men and women 

with post-secondary education relative to those with secondary education.  



Similar pattern is observed for the return to post-secondary education for women. For secondary 

education, on the other hand, the return is positive and significantly larger for higher earning women 

compared to women in the low earning women. Effect of tenure levels on wages of men is positive 

and significant but the magnitude is small. For women, on the other hand, this effect is only 

significant and positive for low earning women. Women working in manufacturing and electricity 

and utilities sectors earn significantly lower wages compared to other sectors but this effect is only 

significant at the 50th and 75th quantiles. For men, compared to other sectors, working in mining 

and construction and finance and public administration is associated with higher wages and the size 

of this effect is larger in the higher quantiles. The effect of firm size on wages of both men and 

women is non-trivial. Specifically, men and women who work in firms with less than ten (10) 

employees earn significantly lower wages compared to those who work in firms with more than ten 

(10) employees. This is unsurprising because a firm’s size is directly related to its productive capacity 

and so large firms, ceteris paribus, are able to pay higher wages compared to smaller firms.  

After correcting for the non-random selection of women into formal employment the results and 

their signs are not significantly different (see Table 7). However, the only variable consistently 

significant across all quantiles is post-secondary education. Like the last results, the returns to post-

secondary education increases along the wage distribution. Women with children earn lower wages 

compared to those with no children. However this effect is only significant at the 25th and 50th 

quantiles.   

The conditional quantile earning regression results (without selection-correction) for the informal 

sector is presented in Table 6. For men the cumulative effect of age on wages is positive at all the 

quantiles. As expected younger men earn significantly higher wages than older men and this effect 

is stronger for low earning men. For women however this effect is only significant at the 50th quantile. 

At all the quantiles, married men earn significantly higher wages relative to single men. Wages of 

married and single women on the other hand are not statistically different.  

For the human capital variables the only consistently significant factor in wage determination 

in this sector is post-secondary education. Both men and women with post-secondary education earn 

significantly higher wages relative to those with no education. However, the returns for women are 

higher compared to that of men. This result maybe because women with higher education are 

relatively scarce in the informal sector and so employers may have to offer a significantly higher 

wages to attract them to the sector. Both men and women working in the education, health and 

social work sector their wages are significantly lower compared to those working in other sectors. 



This story however contrasts with returns in the mining sector. Men working in mining earn 

significantly higher wages compared to other industries and the returns are highest for low earning 

men but decreases along the wage distribution. Women working in mining also earn higher wages 

relative to women in other occupations. In contrast with men, the returns of women working in 

mining tend to follow an inverted u-shape pattern along the distribution; it increases through the 

50th quantile and falls by the 75th quantile. Unsurprisingly living in an urban area is positively 

correlated with wages at all the quantiles. And as observed in the formal sector, workers working in 

smaller size firms earn significantly lower wages compared to those that work in relatively larger 

firms.  

After correcting for sample selection for women most of the estimates lose their significance 

though the signs of the estimates are not significantly different (see Table 8). The predicted 

probability of participation in the informal sector for all women with post-secondary education was 

less than 0.85 and so they were excluded from the selected sample. This suggests that women in the 

selected sample are less educated than women in the population at large. The effect of tenure levels 

at all the quantiles is no longer significant for women. The return to working in the mining sector 

is increasing along the distribution. Given that all the human capital variables are not significant 

in determining wages in this sector this may suggest that wage determination in the informal sector 

may be driven by some social, institutional and cultural factors such as ‘relationship to the 

employer’, ethnicity, religion, whether one is a household head etc. However, due to data limitations 

we were unable to test this hypothesis.  

5.2 Quantile decomposition 

Finally we present the results of the decomposition of differences in distribution in Tables 9 and 

10. The formal sector decomposition results are presented in Table 9. The result of the decomposition 

(not adjusted for selection) indicates that the conditional wage gap is negative and increases 

significantly between the 50th and 75th quantiles but is insignificant at the 25th quantile. Specifically, 

at the 50th quantile the average woman earns 6.8% [(𝑒𝑒−0.071 − 1) ∗ 100] less than an average man 

with similar characteristics. At the 75th quantile this gap jumps to 10%. Difference due to 

characteristics, or the earning differential due to skill or endowment, is positive at all the quantiles 

but only significant at the 25th and 50th quantile indicating that relative to an average man the 

average woman is more ‘skillful’. Differences due to coefficients, or the unexplained part of the wage 



gap, are negative at all quantiles but largest at the lower and upper quantiles (see Figure 6). Taken 

together the conditional wage gap is relatively smaller compared to the differential due to 

endowments because the positive difference due to endowments has a dampening effect on the 

conditional wage gap.  

The graph of how the (unadjusted) wage gap varies along the entire wage distribution is 

produced in Figure 4. Interestingly, at almost all the quantiles the average woman is more skillful 

compared to the average man. The difference due to coefficient or the unexplained portion of the 

wage gap however varies along the wage distribution. The absolute value of the conditional wage 

gap is greatest at the lower and upper quantiles but relatively flat everywhere else. After correcting 

for sample selection the nature of the wage gap changes significantly (see Table 9). The gap is 

positive and significant at the 25th and 50th quantiles but insignificant at the 75th quantile; specifically 

it is 24% and 10% at the 25th and 50th quantiles respectively. This implies that at the 25th and 50th 

quantiles the average woman earns a higher wage compared to an average man with identical 

characteristics. To put this in perspective, at the 25th quantile a man with average female 

characteristics, compared to the average woman, earns 76% per currency unit and 90% per currency 

unit at the 50th quantile. This positive wage gap is however insignificant at the 75th quantile.  

The trend over the entire wage distribution is presented in Figure 4. The conditional wage gap 

is positive and falling up to the 70th quantile but turns negative afterwards. The differential due to 

endowment is positive for all women in the sector even though it is falling along the wage 

distribution. Even though in general there is a positive wage gap we note that the differential due 

to coefficient is negative below the 20th and above the 40th quantiles (see Figure 6). This means that 

the conditional wage gap is positive mainly because difference due to endowments explains more 

than the total observed wage gap.  

In contrasts, the decomposition results of the informal sector tell a different story. We observe 

significant negative conditional wage gaps at all quantiles both before and after selection correction 

(see Table 10). The results (not adjusted for selection) indicate that the conditional wage gap is 

44% at the 25th quantile, 51% at the 50th and 52% at the 75th quantile indicating that the gap is 

increasing along the quantiles. At the 25th quantile differences due to endowment accounts for 18% 

of the observed wage gap while the remaining 82% is due to differences in coefficient. At the 50th 

quantile 17% of the conditional wage gap is due to differences in endowment and 83% due to 

coefficients (or unexplained) while at the 75th quantile 18% is explained by differences in endowment 

and 82% explained by differences coefficients.  



A graph of how the wage gap varies along the entire wage distribution is presented in Figure 5. 

The absolute value of the conditional wage differential is increasing along the wage distribution 

indicating a glass ceiling effect. Along the distribution the average man is better endowed relative 

to the average woman and this difference in endowment explains about 0% to 19% of the observed 

conditional wage gap. Difference due to coefficient, or the unexplained portion of the wage gap, is 

the largest component of the observed wage gap and this (gap) increases significantly as we move 

along the wage distribution (see Figure 7). After accounting for selection of women into informal 

employment the gap widens at all quantiles (see Table 10). The general pattern of the conditional 

wage gap still exhibits a glass ceiling effect – increasing along the entire wage distribution (Figure 

5). Differences in endowments do not explain much of the gap – 6% at the 25th quantile and 10% at 

the 75th quantile. This means that the increase in the observed wage gap is driven mainly by increase 

in the proportion of the gap due to differences in coefficients (see Figure 7). This is unsurprising 

given that the quantile wage regression of the selected sample produced very few significant 

coefficients. We should therefore be cautious in explaining away the differences due to coefficients 

as discrimination. This is because this portion of the conditional wage gap may also be capturing 

the effect of omitted and unobserved variables and thus would be overestimating the size of 

discrimination.  

6 Discussion and Conclusion 

Using data from the sixth round of the Ghana Living Standard survey 2012/2013 we examined 

the gender wage gaps in the formal and informal sectors. The empirical results show that after 

accounting for observable characteristics, women in informal employment earn less relative to men 

consistent with the result of Addai (2011). This (conditional) wage gap is smaller at lower quantiles 

and increases along the wage distribution indicating the presence of a glass-ceiling effect. In the 

formal sector, on the other hand, the (conditional) wage gap is largest at the lower and upper 

quantiles and relatively flat at the mid quantiles.  

After correcting for positive selection of women into wage employment using an identification-

at-infinity strategy, we found that though the trend of the gap is mostly unchanged in the informal 

sector the magnitude of the gap increases at all quantiles. We note that differences in characteristics 

or the unexplained portion of the gap ranges between 94% at the 25th quantile and 90% at the 75th 

quantile. This may suggest the presence of discrimination in the informal sector but we have to 



exercise caution in ascribing the entire unexplained portion to discrimination. This is because the 

conditional quantile wage regressions for the selected sample (see Table 8) indicated that most of 

the observable individual characteristics such as level of education, tenure and age are not significant 

determinants of wages in the informal sector. This may suggest that the human capital theory of 

wage formation may not be a good theoretical basis for wage determination in the informal sector 

and as such social norms or cultural factors may be more relevant. On this basis, the estimated size 

of ‘discrimination’ will therefore be conditioned on the weight of any excluded exogenous variables 

as well as other unobserved variables that may influence wages.  

However, the sheer size of the unexplained portion of the wage gap alone suggests there is still 

room for discrimination after we account for the biases induced by omitted and unobserved variables. 

In the formal sector, on the other hand, the wage gap is positive and larger at lower quantiles but 

disappears at the top. This implies that along the wage distribution women earn higher wages than 

men but this gap disappears at the top. In contrast to the informal sector, almost the entire 

(conditional) wage differential is explained by differences in observable individual characteristics. In 

comparing the (conditional) wage gaps in the two sectors we see that while there is a relatively 

larger gender wage gap in favor of men in the informal sector, in the formal sector the wage gap 

favors women. This result may hint at the presence of segmentation in the Ghanaian labour market 

which may be explained by the roles of trade unions, collective bargaining and labour standards in 

the formal sector. In fact empirical work by Blau and Kahn (2003) shows that gender wage 

differentials are significantly influenced by the overall distribution of wages in a country. In 

particular, the broader the area covered by collective negotiations – which generally leads to a 

reduction in the spread of wages – the less the gender wage gap. This may explain why the wage 

distribution for men and women in the formal sector is very identical. The implication of this result 

is that formalization may play a role in reducing the observed gender wage gap in the informal 

sector. Additionally, the observation of possible discrimination in both sectors implies that the 

Ghanaian labour market is not competitive. 

We note key limitations to the generalization of this study. First is the possible overestimation 

of the size of discrimination in the informal sector due to the conflation of the effects of omitted and 

unobservable variables with the ‘true’ value of discrimination. Data limitation did not allow us to 

test the significance of other cultural and institutional variables in wage determination in the 

informal sector. Another issue is that selection correction using identification-at-infinity limits the 

results to the specific selected sample and thus cannot be generalized to the entire population. 



However given that both the results of the conditional quantile regressions with and without 

selection correction points towards a larger wage gap in the informal sector, relative to the formal, 

we can say with confidence that the wage gap in the informal sector is larger compared to the 

formal.  

Finally, the use of cross-sectional data does not tell us how the two sectors interact and so we 

are unable to capture the dynamics of the wage gaps. Therefore future research that uses panel data 

and a larger sample size may throw more light on the dynamics of the gender wage gap and thus 

confirm our hypothesis of segmentation in the Ghanaian labour market. 
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Tables and Figures 

Table 1 Variable means and standard deviations (Formal sector) 

Variables  Men  Women Women(w/selection)  
Mean Std.Dev Mean Std.Dev Mean Std.Dev  

Log of hourly wage 2.656 0.772 2.550 0.753 2.727        0.669  
         
Education levels (ref. No education)         
  Primary 0.050 0.216 0.021 0.144 0.017 0.128   
  Secondary 0.386 0.487 0.264 0.441 0.230 0.421   
  Post-secondary 0.552 0.498 0.687 0.464 0.742 0.438   
         
Industry         
  Education, Health & Social Work 0.381 0.486 0.649 0.478 0.661 0.474   
  Manufacturing  0.070 0.255 0.041 0.197 0.024 0.152   
  Mining & Construction 0.072 0.258 0.010 0.108 0.009 0.097   
  Public Admin & Finance 0.159 0.366 0.135 0.342 0.140 0.347   
  Electricity & Utilities 0.008  0.089 0.008 0.088 0.007 0.084   
         
Firm size          
  < 10 0.275 0.447 0.221 0.415 0.219 0.414   
         
Region          
  Urban 0.631 0.483 0.792 0.407 0.815 0.389   
         
Other characteristics         
Age 32.80 10.62 37.91 11.26 38.20 10.62   
Age squared 1189 799.5 1564 925.8 1572 876.2   
Marital status 0.568 0.496 0.552 0.498 0.602 0.490   
Tenure 6.862 6.798 10.56 10.30 11.09 10.35   
Children 0.038 0.190 0.533 0.499 0.642 0.480   
Number of Observations  1118  518   422   

 
 
 
 
 
 
 
 
 
 



 
 
 
 
Table 2 Variable means and standard deviations (Informal sector) 

Variables  Men  Women Women(w/selection) 
Mean Std.Dev Mean Std.Dev Mean Std.Dev 

Log of hourly wage 1.861 0.863 0.122 0.720 1.130        0.708 
         
Education levels (ref. No 
education) 

        

  Primary 0.138 0.345 0.157 0.364 0.234 0.424   
  Secondary 0.605 0.489 0.488 0.500 0.446 0.498   
  Post-secondary 0.074 0.262 0.094 0.293 - -   
         
Industry         
  Education, Health & Social 
Work 

0.043 0.204 0.114 0.318 0.082 0.275   

  Manufacturing 0.077 0.266 0.142 0.350 0.152 0.359   
  Mining 0.100 0.300 0.058 0.233 0.082 0.275   
  Commerce 0.146 0.353 0.430 0.497 0.463 0.499   
         
Firm size          
  < 10 0.773 0.419 0.827 0.379 0.880 0.326   
         
Region          
  Urban 0.631 0.483 0.711 0.453 0.680 0.467   
         
Other characteristics         
Age 32.80 10.62 31.83 10.71 33.18 9.204   
Age squared 1189 799.5 1127 793.5 1185 653.9   
Marital status 0.428 0.495 0.356 0.479 0.496 0.501   
Tenure 6.862 6.798 4.074 5.745 3.896 4.834   
Children 0.042 0.201 0.584 0.493 0.957 0.204   
Number of Observations  1613  731   415   
      
 
 
 
 
 
 



Table 3 Estimates of incidence formal wage employment among women 

 Formal Employment(1) Labour Force Participation(2) 
   
Primary 0.232 0.329*** 
 (0.74) (4.89) 
   
Secondary  1.027*** 0.551*** 
 (4.27) (8.58) 
   
Post-secondary 2.887*** 1.884*** 
 (6.56) (21.72) 
   
Age 0.0657 -0.0211 
 (0.99) (-1.08) 
   
Age squared -0.000667 0.000202 
 (-0.81) (0.74) 
   
Urban 0.0322 0.536*** 
 (0.08) (10.84) 
   
Children 0.402 -0.228 

 (0.50) (-1.01) 
   
Marital Status -0.0574  
 (-0.35)  
   
Spouse live in Household  -0.131** 
  (-2.25) 
   
Constant -4.261*** -2.444*** 
 (-3.48) (-3.67) 
rho 0.475  
Wald test of indep. Eqns (rho=0) : chi2 = 0.25  Prob > chi2 = 0.6173 
Observations 9,137 9,137 

t statistics in parentheses ** p < 0.05, * p < 0.01, *** p < 0.001 
 
 
 
 
 
 



 
Table 4 Estimates of incidence informal wage employment among women 

 Informal Employment(1) Labour Force Participation(2) 
   
Primary -0.215 0.209*** 
 (-1.40) (3.61) 
   
Secondary  -0.751*** 0.418*** 
 (-6.38) (9.07) 
   
Post-secondary -2.241*** 1.689*** 
 (-8.17) (24.26) 
   
Age -0.034 0.011 
 (-1.10) (0.60) 
   
Age squared 0.0004 -0.0002 
 (1.09) (-0.97) 
   
Urban -0.256 0.526*** 
 (-0.73) (12.92) 
   
Children -0.184 0.525*** 

 (-0.41) (4.39) 
   
Spouse live in Household 0.116  
 (0.82)  
   
Marital Status  -0.163** 
  (-2.98) 
   
Household Head  0.155** 
  (2.87) 
   
Constant 2.862* 2.521*** 
 (4.29) (-10.96) 
rho -0.626  
Wald test of indep. Eqns (rho=0) : chi2 = 0.36  Prob > chi2 = 0.5462 
Observations 10,959 10,959 

t statistics in parentheses ** p < 0.05, * p < 0.01, *** p < 0.001 
 
 



Table 5 Quantile Earnings Regression (Formal sector) 

 Male                               Female                                         
 25 50 75 25 50 75 
Age  0.0895*** 0.040** 0.0322 0.0319 0.0384 0.0192 
 (4.12) (2.17) (1.57) (0.91) (1.48) (0.60) 
       
Age squared -0.0011*** -0.0005** -0.0004 -

0.000462 
-
0.000458 

-
0.0000986 

 (-4.14) (-2.28) (-1.64) (-1.06) (-1.42) (-0.25) 
       
Marital Status 0.0674 0.0649 0.111* 0.104 0.120* 0.00643 
 (1.03) (1.16) (1.80) (1.22) (1.89) (0.08) 
       
Primary 0.223 0.0249 0.0965 -0.301 -0.441 0.326 
 (0.93) (0.12) (0.43) (-0.81) (-1.60) (0.96) 
       
Secondary  0.655*** 0.460** 0.554*** 0.296 0.373* 0.639** 
 (3.04) (2.50) (2.73) (1.09) (1.85) (2.57) 
       
Post-secondary 1.318*** 1.112*** 1.185*** 1.060*** 1.032*** 1.271*** 
 (6.11) (6.04) (5.83) (3.88) (5.09) (5.09) 
       
Tenure 0.00925*** 0.00957*** 0.00966*** 0.0192*** 0.0122*** 0.00544 
 (2.65) (3.21) (2.93) (3.11) (2.66) (0.97) 
       
Education, Health & 
Social Work 

0.0319 -0.0240 -0.119* 0.0631 -0.162* -0.219** 

 (0.49) (-0.43) (-1.92) (0.55) (-1.91) (-2.11) 
       
Manufacturing -0.0761 0.00866 0.0577 -0.270 -0.803*** -0.868*** 
 (-0.74) (0.10) (0.59) (-1.20) (-4.79) (-4.21) 
       
Electricity & Utilities -0.442 -0.105 0.0933 -0.183 -0.851** -0.808* 
 (-1.59) (-0.45) (0.36) (-0.40) (-2.51) (-1.94) 
       
Mining & Construction 0.327*** 0.378*** 0.399*** 0.700* 0.115 -0.00619 
 (3.21) (4.34) (4.15) (1.71) (0.38) (-0.02) 
       
Finance & Public 
Administration 

0.235*** 0.271*** 0.307*** 0.0939 -0.0153 0.0358 

 (3.07) (4.14) (4.24) (0.64) (-0.14) (0.27) 
       



Urban 0.0636 0.0948* 0.0930* 0.0708 0.0286 0.0859 
    (1.09) (1.90) (1.69) (0.71) (0.39) (0.94) 
       
Firm size < 10 -0.150*** -0.110** -0.188*** -0.161* -0.220*** -0.158* 
 (-2.70) (-2.32) (-3.57) (-1.67) (-3.08) (-1.79) 
       
Children 0.0607 0.0892 -0.0338 0.0415 -0.0893 0.0474 
 (0.47) (0.81) (-0.28) (0.42) (-1.21) (0.52) 
       
Constant -0.689 0.876** 1.303*** 0.564 1.072** 1.356** 
 (-1.42) (2.12)  (2.86) (0.82) (2.11) (2.17) 
Observations 1114 1114 1114 545 545 545 

t statistics in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 6 Quantile Earnings Regression (Informal sector) 

 Male                               Female                                         
 25 50 75 25 50 75 
Age  0.0768*** 0.0690*** 0.0566*** 0.0150 0.0428* 0.0228 
 (4.24) (4.05) (2.60) (0.55) (1.86) (0.92) 
       
Age squared -0.0010*** -0.0008*** -0.0007*** -0.0003 -0.0006* -0.0003 
 (-4.45) (-3.81) (-2.59) (-0.73) (-1.91) (-0.78) 
       
Marital Status 0.154** 0.152** 0.221*** 0.0613 -0.0234 -0.00587 
 (2.25) (2.36) (2.69) (0.65) (-0.29) (-0.07) 
       
Primary 0.00904 -0.176* -0.190 0.0148 -0.0454 0.266** 
 (0.09) (-1.81) (-1.53) (0.11) (-0.42) (2.25) 
       
Secondary  0.186** 0.0364 -0.0615 0.146 0.150* 0.362*** 
 (2.29) (0.48) (-0.63) (1.40) (1.70) (3.80) 
       
Post-secondary 0.489*** 0.220+ 0.393** 0.779*** 0.740*** 0.914*** 
 (3.70) (1.77) (2.47) (4.46) (5.00) (5.73) 
       
Tenure 0.0128** 0.00505 0.00422 0.0150* 0.0252*** 0.0202*** 
 (2.49) (1.04) (0.68) (1.79) (3.55) (2.64) 
       
Education, Health & Social 
Work 

-0.315** -0.283* -0.625*** -0.300+ -0.343*** -0.406*** 

 (-1.98) (-1.90) (-3.28) (-1.95) (-2.64) (-2.89) 
       
Manufacturing -0.0514 -0.0785 -0.108 -0.370*** -0.135 -0.234* 
 (-0.48) (-0.78) (-0.85) (-2.82) (-1.21) (-1.95) 
       
Mining 0.823*** 0.816*** 0.645*** 0.724*** 0.760*** 0.720*** 
 (7.66) (8.07) (5.00) (3.32) (4.11) (3.62) 
       
Commerce -0.0652 -0.0410 -0.0429 -0.152 -0.0296 -0.0752 
 (-0.77) (-0.52) (-0.42) (-1.50) (-0.34) (-0.81) 
       
Urban 0.341*** 0.298*** 0.206*** 0.200** 0.264*** 0.311*** 
 (5.41) (5.04) (2.73) (2.03) (3.17) (3.46) 
       
Firm size < 10 -0.0836 -0.183*** -0.175** -0.234** -0.137 -0.251** 
 (-1.17) (-2.73) (-2.04) (-2.05) (-1.42) (-2.41) 



       
Children -0.00820 0.0198 -0.0263 -0.114 -0.169* -0.0163 
 (-0.06) (0.15) (-0.16) (-1.10) (-1.92) (-0.17) 
       
Constant -0.445 0.363 1.247*** 0.570 0.278 0.863** 
 (-1.38) (1.20) (3.22) (1.22) (0.70) (2.02) 
Observations 1206 1206 1206 545 545 545 

t statistics in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 7 Selection-corrected Quantile Earnings Regression (Formal sector) 

 Male                               Female                                         
 25 50 75 25 50 75 
Age  0.0895*** 0.0402** 0.0322 0.0484 0.0207 0.0244 
 (4.12) (2.17) (1.57) (1.63) (0.72) (0.64) 
       
Age squared -0.0011*** -0.0005** -0.0004 -0.000658* -0.000280 -0.000159 
 (-4.14) (-2.28) (-1.64) (-1.78) (-0.77) (-0.34) 
       
Marital Status 0.0674 0.0649 0.111* 0.0962 0.113* -0.00343 
 (1.03) (1.16) (1.80) (1.38) (1.67) (-0.04) 
       
Primary 0.223 0.0249 0.0965 -0.580 -0.468 0.352 
 (0.93) (0.12) (0.43) (-1.50) (-1.24) (0.71) 
       
Secondary  0.655*** 0.460** 0.554*** 0.231 0.407 0.722* 
 (3.04) (2.50) (2.73) (0.75) (1.35) (1.83) 
       
Post-secondary 1.318*** 1.112*** 1.185*** 0.774** 0.940*** 1.215*** 
 (6.11) (6.04) (5.83) (2.51) (3.12) (3.08) 
       
Tenure 0.00925*** 0.00957*** 0.00966*** 0.0153*** 0.0107** 0.00590 
 (2.65) (3.21) (2.93) (2.97) (2.14) (0.90) 
       
Education, 
Health & Social 
Work 

0.0319 -0.0240 -0.119+ 0.0974 -0.0797 -0.123 

 (0.49) (-0.43) (-1.92) (1.04) (-0.87) (-1.03) 
       
Manufacturing -0.0761 0.00866 0.0577 -0.498** -0.692*** 0.0471 
 (-0.74) (0.10) (0.59) (-2.19) (-3.12) (0.16) 
       
Electricity & 
Utilities 

-0.442 -0.105 0.0933 -0.375 -0.408 -0.644 

 (-1.59) (-0.45) (0.36) (-0.98) (-1.10) (-1.32) 
       
Mining & 
Construction 

0.327*** 0.378*** 0.399*** 0.569* 0.383 0.125 

 (3.21) (4.34) (4.15) (1.70) (1.18) (0.29) 
       
Finance & Public 
Administration 

0.235*** 0.271*** 0.307*** 0.151 0.0658 0.208 



 (3.07) (4.14) (4.24) (1.28) (0.57) (1.38) 
       
Urban 0.0636       

0.0948* 
0.0930* 0.0863 0.0184 0.120 

    (1.09)    (1.90) (1.69) (1.02) (0.22) (1.11) 
       
Firm size < 10 -0.150*** -0.110** -0.188*** -0.203** -0.159** -0.124 
 (-2.70) (-2.32) (-3.57) (-2.57) (-2.07) (-1.23) 
       
Children 0.0607 0.0892 -0.0338 -0.385*** -0.224*** -0.105 
 (0.47) (0.81) (-0.28) (-4.47) (-2.66) (-0.95) 
       
Constant -0.689 0.876** 1.303*** 0.935 1.611** 1.314 
 (-1.42) (2.12)     (2.86) (1.46) (2.58) (1.61) 
Observations 1114 1114 1114 419 419 419 

t statistics in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 8 Selection-corrected Quantile Earnings Regression (Informal sector) 

 Male                               Female                                         
 25 50 75 25 50 75 
Age  0.0768*** 0.0690*** 0.0566*** 0.0244 0.0279 0.0195 
 (4.24) (4.05) (2.60) (0.73) (1.07) (0.52) 
       
Age squared -0.0010*** -0.0008*** -0.0007*** -0.000355 -0.000391 -0.000236 
 (-4.45) (-3.81) (-2.59) (-0.77) (-1.09) (-0.46) 
       
Marital Status 0.154** 0.152** 0.221*** 0.115 0.0300 -0.00866 
 (2.25) (2.36) (2.69) (1.19) (0.40) (-0.08) 
       
Primary 0.00904 -0.176* -0.190 -0.120 -0.174* 0.160 
 (0.09) (-1.81) (-1.53) (-0.93) (-1.74) (1.12) 
       
Secondary  0.186** 0.0364 -0.0615 0.0522 0.00357 0.195 
 (2.29) (0.48) (-0.63) (0.46) (0.04) (1.55) 
       
Post-secondary 0.489*** 0.220* 0.393** - - - 
 (3.70) (1.77) (2.47)    
       
Tenure 0.0128** 0.00505 0.00422 0.00542 0.00649 0.0115 
 (2.49) (1.04) (0.68) (0.51) (0.79) (0.97) 
       
Education, Health 
& Social Work 

-0.315** -0.283+ -0.625*** -0.316 -0.102 -0.184 

 (-1.98) (-1.90) (-3.28) (-1.61) (-0.67) (-0.84) 
       
Manufacturing -0.0514 -0.0785 -0.108 -0.333** -0.0869 0.0721 
 (-0.48) (-0.78) (-0.85) (-2.12) (-0.71) (0.41) 
       
Mining 0.823*** 0.816*** 0.645*** 0.792*** 0.820*** 0.828*** 
 (7.66) (8.07) (5.00) (3.99) (5.31) (3.74) 
       
Commerce -0.0652 -0.0410 -0.0429 -0.138 0.0821 0.142 
 (-0.77) (-0.52) (-0.42) (-1.12) (0.86) (1.04) 
       
Urban 0.341*** 0.298*** 0.206*** 0.192* 0.141* 0.173 
 (5.41) (5.04) (2.73) (1.76) (1.67) (1.43) 
       
Firm size < 10 -0.0836 -0.183*** -0.175** -0.215 -0.148 -0.130 
 (-1.17) (-2.73) (-2.04) (-1.44) (-1.28) (-0.78) 



       
Children -0.00820 0.0198 -0.0263 -0.103 -0.136 0.174 
 (-0.06) (0.15) (-0.16) (-0.39) (-0.67) (0.60) 
       
Constant -0.445 0.363 1.247*** 0.422 0.679 0.710 
 (-1.38) (1.20) (3.22) (0.76) (1.57) (1.14) 
Observations 1206 1206 1206 415 415 415 

t statistics in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01 
 
  



Table 9 Decomposition of differences in distribution (Formal sector) 

 Without Selection Correction With Selection Correction  
25th Quantile    
  Raw difference -0.049 0.217***  
 (-0.89) (4.61)  
    
  Characteristics 0.085** 

(0.94) 
0.197*** 

(2.31)                          
 

    
  Coefficients -0.134*** 0.020  
 (-3.95) (0.63)  
    
50th Quantile    
  Raw difference -0.071** 0.095***  
 (-1.96) (3.13)  
    
  Characteristics 0.055** 

(0.92) 
0.153*** 

(2.15) 

 

    
  Coefficients -0.125*** -0.058**  
 (-4.65) (-2.21)  
    
75th Quantile    

  Raw difference -0.106*** -0.004  
 (-3.72) (-0.12)  
    
  Characteristics 0.007 

(0.11) 
0.073*** 

(1.14) 
 

    
  Coefficients -0.113*** -0.077***  
 (-19.57) (-3.28)  
    
Number of 
Observations 

Men = 1114 
Women = 515 

Men = 1114 
Women = 419 

 

t statistics in parentheses ** p < 0.05, * p < 0.01, *** p < 0.001 
 
  



Table 10 Decomposition of differences in distribution (Informal sector) 

 Without Selection Correction With Selection Correction  
25th Quantile    
  Raw difference -0.593*** -0.635***  
 (-17.87) (-17.68)  
    
  Characteristics -0.108*** 

(-1.32) 
-0.041* 

(-0.29)                          
 

    
  Coefficients -0.485*** -0.594***  
 (-15.47) (-24.57)  
    
50th Quantile    
  Raw difference -0.711*** -0.796***  
 (-23.14) (-20.82)  
    
  Characteristics -0.119*** 

(-1.50) 
-0.030 

(-0.22) 

 

    
  Coefficients -0.591*** -0.765***  
 (-19.36) (-33.00)  
    
75th Quantile    

  Raw difference -0.741*** -0.801***  
 (-18.24) (-17.61)  
    
  Characteristics -0.128*** 

(-1.53) 
-0.079*** 

(-0.60) 
 

    
  Coefficients -0.613*** -0.722***  
 (-19.57) (-24.79)  
    
Number of 
Observations 

Men = 1205 
Women = 545 

Men = 1205 
Women = 415 

 

t statistics in parentheses ** p < 0.05, * p < 0.01, *** p < 0.001 
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Figure 1 Kernel Density of Monthly Earnings 
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Figure 2 Formal Sector Log Wage Gap 
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Figure 3 Informal Sector Log Wage Gap 
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Figure 4 Formal Sector Decomposition Plot 
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Figure 5 Informal Sector Decomposition Plot 
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Figure 6 Formal Sector Discrimination Plot 
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Figure 7 Informal Sector Discrimination Plot 
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