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Summary
The study tried to evaluate the changes in income distribution that occurred in Pakistan during 1998- 2018 using the three household survey data sets: PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. Income distribution is decomposed using parametric (Kernel Density Estimates) and non-parametric (Oaxaca-Blinder Decomposition & Quantile Decomposition) methods based on workers' characteristics, for instance, gender, locality, region and time period. Household monthly income is used as a dependent variable, while workers' characteristics (gender, age, education, locality, work experience, region, marital status, and occupation) are used as independent variables in parametric models. Income inequality increased over time for workers having higher education, while income inequality decreased over time for workers having no education. Income inequality decreased in female workers while it increased in male workers. The rise in income inequality of urban workers is more than the rural workers. Income inequality declined for the semi-technical workers while it increased for the technical and professional workers. Oaxaca-Blinder decomposition indicates that the wage gaps are; 0.172 between 1998-2007, -0.062 between 2007-2018, and 0.110 between 1998-2018, and significant at a 1% significance level. The wage gap was positive between 1998-2017 and 1998-2018, implying that the wage inequality increased in that period mainly due to the coefficient component, while the wage gap was negative between 2007-2018, showing the decrease in wage inequality due to the endowment component. Moreover, the endowment component of decomposition is negative for all years of interest and highly significant except for the wage gap during 1998-2007. The coefficients component is highly significant and positive for all the years, meaning that applying the coefficients of the labour force in 2007 and 2018 to the characteristics of the labour force in 1998. The interaction component is negative during 1998-2007 and 1998-2018, whereas positive during 2007-2018 and has a high p-value, except for 1998-2018. Quantile Decomposition of the log monthly wages of workers showed an increase in income inequality between 1998 and 2018, although the rise in income inequality for Pakistan's upper 20% of the population was more than the lower 20%. The lower 20% of female workers have experienced a proportionately greater reduction in inequality than the top 20% of female workers. The changes in median coefficients are the more prominent contributor to the earning differentials of female workers between 1998 and 2018, except for the 90th percentile, where differences in the characteristics of female workers explain the immense contribution. The lower 20% of male workers have experienced a proportionately greater increase in inequality than the top 20% of male workers. The changes in median coefficients are the more prominent contributor to the earning differentials of male workers between 1998 and 2018. The lower 20% of rural workers have experienced a decline in inequality, while the top 20% of rural workers faced an increase in inequality between 1998 and 2018. The changes in median coefficients are the more prominent contributor to the earning differentials for rural workers between 1998 and 2018. The lower 20% of urban workers have experienced a less increase in inequality than the top 20% of urban workers. It is recommended that government policies should ensure an equitable distribution of income. Based on the results, expanding education alone may not be sufficient to decrease inequality in Pakistan. Instead, focusing on improving the quality of education for workers with higher levels of education may be more effective. Technical education be promoted to enhance the skills and abilities of the workers and to enhance creative thinking to cope with the need of the information era.
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[bookmark: _Toc123124248]CHAPTER 1
[bookmark: _Toc534911879][bookmark: _Toc123124249]INTRODUCTION

1.1. [bookmark: _Toc534911880][bookmark: _Toc123124250]Introduction
Economic structure, production method, factors of production, and prices of goods and services change over time, and their dynamics involve both long-term trends and short-term shocks and fluctuations. These social income distribution c influence the population's socio-demographic characteristics (pattern of economic behaviour, family size, labour force participation, education of children, savings, and investment (Bourguignon et al., 2014). Family's economic and demographic changes contribute to society's income inequality patterns (Druker and Stier, 2019; Alvaredo and Gasparini, 2015; Penalosa and Orgiazzi, 2013; Breen and Salazar, 2011). Reducing poverty and unjust inequalities is a matter of concern in develophangesing countries (Alvaredo and Gasparini, 2015). The United Nations, famous Sustainable Development Goals (MDGs), proposed goal 10 to reduce household inequalities between household inequalities and regional and global inequalities up to 2030. After the financial crisis (2007), the concentration of income at the top of the income distribution increased sharply throughout the world. The number of billionaires has doubled, and the gap between the top and bottom 20% widened (OXFAM Brief Paper, 2019). An increase in the income share of the top 20% (the richest) adversely affects the GDP growth because of no trickle-down effect; on the other hand, an increase in the income share of the bottom 20 percent (the poor) causes a rise in GDP growth (IMF Report, 2015).

Distribution of income is a social phenomenon that engages social commentators and policy-makers. The income of individuals differs due to the personal characteristics of the population (education, gender, household size, ethnicity, locality, race); distribution of assets (physical and financial assets); wage structure; employment structure; and prices (Bourguignon et al., 2005). After World War II, the economy's main focus was to achieve efficiency and economic growth, but in the late 1980s and onward, income distribution became the policy interest in developing and developed economies (Alvaredo et al., 2018). 

Income distribution changes can be measured by applying different parametric and non-parametric methods (Cowell, 2011). The Kernel Density method is a standard non-parametric density estimator to describe a probability distribution of a variable of interest (Nguyen et al., 2007). Whereas Oaxaca Blinder’s (1973) counterfactual decomposition method is a widely used parametric tool for decomposing earning differences, it decomposes the difference between the means of two sub-populations into counterfactual components based on the observed characteristics (Garcia-Suaza, 2016). Oaxaca Blinder approach only gives information regarding the average wage gap among the two groups (Nopo et al., 2010). An alternative to the Oaxaca Blinder approach, the Counterfactual Simulation method deals with the entire distribution of income, which identifies specific endowments and prices (Bourguignon et al., 2005). QuantilRegressions-baseded counterfactual decomposition method proposed by Melly 2005 is an extension of the Oaxaca Blinder method, which captures the impact of changes in covariates on the conditional wage distribution.

1.2. [bookmark: _Toc534911883][bookmark: _Toc123124251]Background of the Study
Pakistan is a low-income country in South Asia. It is the 6th most crowded country with the 9th largest labour force (Economic Survey of Pakistan, 2020). The average GDP growth rate was 4.94 % from 1952 until 2019, with an all-time high of 10.22 % in 1954 and a low of -1.80 % in 1952. Human Development Indicators of Pakistan are much lower than the neighbouring countries and the rest of the world. In terms of education indicators (gross enrolment rate, adult literacy rate, school dropout rate, and public expenditures on education as a percentage of GDP), Pakistan lags compared to the other region's countries.1 Twenty-five million children between the ages of 5 and 16 are out of scho in Pakistan (Alif Ailaan Education Survey, 2013). Pakistan's government is has beenendoling less than 1% of GDP for decades and lags behind its neighbouring countries in almost all health indicators. [footnoteRef:1] Pakistan's poverty ratio has declined over time; nearly 39% of Pakistanis live in poverty, with the highest poverty rates in Baluchistan and FATA (OPHI and UNDP, 2016). [1:  Economic Survey of Pakistan, 2018-19] 


The female labour force participation rate (18%) is much lower than the male participation rate (71%)[footnoteRef:2]. The share of women's participation in the labour force increased in the last three decades, besides the agriculture sector, where women are unpaid family workers (Human Development in South Asia, 2011). Pakistan’s Gender Inequality Index (GII) value is 0.541 and ranks 133 out of 160 countries (Human Development Report of UNDP, 2018). The agriculture sector employs a significant portion of the labour force (38.5%), but its share is gradually decreasing while the services sector's share is increasing.1 Pakistan's average unemployment rate in the last three decades was 6.07%, with a high of 8.27% in 2002 and a low of 3.13% in 1990 (International Labour Organization, 2018).  [2:  Labour Force Survey, 2017-18] 


[bookmark: _Toc534911884][bookmark: _Toc123124252]1.3 	Problem Statement
Over the last two decades, income distribution has changed in Pakistan. This time has tremendous importance for Pakistan, as several events accrued, affecting the country's economic, social and political situation. These events include:-
i. Education policies (1998, 2009, 2017)
ii. The demise of democracy in the country (1999)
iii. Pakistan became a signatory of Millennium Development Goals (MDGs)
iv. Establishment of Higher Education Commission (2002)
v. National Health Policies (2001, 2016)
vi. 7th NFC Award (2010)
vii. Restoration of democracy (2008)
viii. Natural disasters in the form of successive floods and earth quick (2005)
ix. China-Pakistan Economic Corridor 2013
x. IMF Stabilization Programs (2008, 2013, 2019)
xi. Sustainable Development Goals (2015)
xii. Energy Crises 
xiii. War against terrorism. 
In the face of these events, this study's primary purpose or motivation is to understand the changes in income distribution during 1998-2018 in Pakistan. 

[bookmark: _Toc534911885][bookmark: _Toc123124253]1.4 	Research objectives 
The study has the following objectives
1. To analyze the distribution of income at the micro-level in the last two decades 
2. To evaluate the changes in income distribution.
3. To evaluate the determinants of the income distribution.
4. To decompose the changes in income distribution into three factors, namely changes in factor endowments (coefficient effect), changes in factors composition (covariate effect), and changes in residuals (residual effect).
5. To recommend some policy implications
[bookmark: _Toc534911886][bookmark: _Toc123124254]1.5 	Research Questions
The following research questions will be addressed in this study:
1. What was the distribution of income in the previous two decades?
2. Is the distribution of income changed?
3. What were the determinants of income distribution?

[bookmark: _Toc534911887][bookmark: _Toc123124255]1.6. 	Hypothesis
1. H01= Gender of an individual does not affect his/her earning.
2. H02= Age of an individual does not affect his/her earning.
3. H03= Education of an individual does not affect his/her earning.
4. H04= Occupation of an individual does not affect his/her earning.
5. H05= Work experience of an individual does not affect his/her earning.
6. H06= Remittances in a house does not affect individual earning.
7. H07= Property /landowning by households does not affect an individual's earnings.
8. H08= Number of dependents in the house does not affect an individual's earnings.
9. H09= Province of individual does not affect his/her earning.
10. H10= Job-status of an individual does not affect his/her earning.

[bookmark: _Toc534911888][bookmark: _Toc123124256]1.7 	Significance and Novelty of the Study
Earning inequality is related to the differences in observable characteristics (differences in personal, household, and community characteristics) and the difference in unobservable characteristics (government policies, lack of opportunities, social taboos, global scenarios, labour market deficiencies, and imperfections). Most inequality studies in Pakistan estimated earning functions and earning differences at the conditional mean of earning distributions by using Ordinary Least Square (OLS) (e.g., Abbas and Peck (2008), Aslam (2009), Hyder (2007), Nasir (2000), Nasir and Mehmood (1998), Siddiqui and Siddiqui (1998) and Ashraf and Ashraf (1993)). These studies only estimated inequalities and overlooked inequalities based on distributional implications of earnings and the earning gaps across the whole income distribution. The present study will fill the gap, using the Quantile Regression method to assess earning distribution and earning gaps across the entire income distribution.

Moreover, knowledge about whether earning inequality improved or declined over time is also unavailable. Most studies (e.g., Jamal et al., 2003; Khan and Toor, 2003) evaluated earning functions for the first and second periods and compared findings to demonstrate changes in returns to individual characteristics over time. The present study will fill the gap by estimating the counterfactual distribution over the two data sets across the whole earning distribution using Oaxaca-Blinder decomposition methods.

In light of the limitations, as mentioned above in the literature, the present study will first contribute to the literature by employing the Quantile Regression approach to estimate earning functions. Secondly, the study will decompose the change in earnings into the changes in factor endowments (coefficient effect), changes in factors composition (covariate effect), and changes in residuals (residual effect) across the whole earning distribution. Thirdly, the study will evaluate whether the earning inequality has increased or decreased across the entire earning distribution during 1998-2018 and compare the findings with the Oaxaca-Blinder decomposition method with the conditional mean based earning distributions.



























[bookmark: _Toc123124257]CHAPTER 2
[bookmark: _Toc123124258]LITERATURE REVIEW

Examining the previous literature on Microeconomics of income distribution is divided into two parts; the first part reviews the studies worldwide on Non-Parametric method of household income distribution, while the second part reviews the Parametric method.

[bookmark: _Toc123124259]2.1 	Non- Parametic Method:
This part contains the literature review of Kernel Density function, Gaussian kernel function and Polyserial Principal Component Analysi.

Rembao et al. (2019) examined the impact of income tax on the wage by using the Household Income and Expenditure Survey data of Mexico for the year 2016, based on sex, working hours, and age. The non-parametric, Gaussian kernel function method was used to evaluate the effect of income tax on wage distribution. Findings showed that most of the tax burden was on the salaried employees. Male employees bear a higher tax burden than female employees. Working hours did not affect the tax payments.

 	Clementi et al. (2019) examined the pattern of change in poverty, inequality and economic growth in African countries. The study used the household data of 24 African countries for the two different time periods. The relative distribution method was used to evaluate the distributional pattern in all African countries. Findings showed that 19 countries out of 24 experienced an increase in polarisation. The distributional change mainly occurred in the lower tail of distribution which reduced the pro-poor growth substantially impact. With the rise in polarization, poverty reduced in African countries.

Alam et al. (2019) evaluated the changes in wage inequality by using the Labour Force Survey (LFS) data of Bangladesh for two time periods, 2000 and 2010. Both non-parametric (Kernel density) and parametric (Oaxaca–Blinder’s and Recentered Influence Function (RIF) regression) methods were used to identify and decompose the earing distribution.  Personal characteristics (age, education, marital status, family size, religion, job sector, job industry, and district) were the determinants of wages. Findings showed that wage inequality had increased over time, and the coefficient effect was the main contributor.

Balcilar et al. (2019) examined the relationship between partisan conflict and income inequality by using the aggregate annual frequency data for the United States from 2017 to 2013. Non-parametric causality quantile methods investigated the relationship between partisan conflict and income inequality. Findings showed a causal effect of partisan conflict on income inequality except for the upper and lower quantile of the income distribution. The reduction in Persian conflicts significantly reduced the mild income inequality.

Clementi et al. (2018) examined the distributional income changes in Ghana. The study Used the household data for 1991-2012 from four Ghana Living Standard Survey (GLSS). The Median Relative Polarization (MRP) index was estimated to assess changes in relative income distribution. Findings showed that the distributional changes during the specified period increased the concentration of household income around the lower and upper deciles, indicating the surge in polarization. Household features, educational attainment, and access to basic infrastructure improved over time and were the critical factors of polarization. 

Echevarría et al. (2018) evaluated the trends in the distribution of wealth in Cuba. The study used household data for the years 2006–14. Spatial variables (Area, Region); Demographics of households ( household head Sex, Age of household head, number of people in the house, and number of children below two years in the place);  Acess to essential Services (Source of drinking water, water treatment, sanitary instalments, and shared sanitary); and female variables (education of household head, number of female members, and use of contraceptives) were used to construct wealth index by Polyserial Principal Component Analysis (PCA). Results showed that wealth inequality reduced during the reference era.

Samawi et al. (2017) evaluated the performance of kernel density by using the primary data of 120 newborn babies staying in neonatal intensive care collected through 02 different sampling methods stratified and ranked sampling methods.  The properties of the proposed estimates of different samples were evaluated for bias and variance. Findings showed asymptotically unbiased kernel density estimates for both sampling methods.
Morales (2015) evaluated the low-income distribution mobility in 04 European countries (Italy, Spain, Finland, and Sweden). The study used the panel data of the EU-SILC database for the years 2008 and 2009. The Kernel Density method is used to visualise low-income mobility. Finland and Sweden showed less mobility in income distribution than Italy and Spain. 

Clementi et al. (2015) examined Nigeria’s income distribution pattern.  The research used the household data from 2003-04 and 2012-13 from two Nigerian Living Standard Surveys. The Median Relative Polarization (MRP) index was used to assess polarization based on modifications in the shape of the income distribution. Findings showed that the distribution of income concentrated in the lower and upper deciles and middle deciles thinned, showing that polarization in Nigeria increased during the specified period. The primary cause of polarization was the regional gap and disparities.

Anspal (2015) evaluated the gender wage gap by using the household data of Estonia for the year 2010. Nopo’s non-parametric method and Kernel Density were used to decompose the gender wage gap. Personal characteristics of household (Education, occupation, assets) and firm size were used as the primary determinant of earning. Findings showed that the unexplained gap was more than the explained gender wage gap and was mainly persistent at the lower and higher end of the wage distribution. 

[bookmark: _Toc123124260]2.2.  Parametric Literature Method:
[bookmark: _Hlk107565380][bookmark: _Hlk107909913]This Part Revies the literature of studies using Oxaca Blinder Regression, Quartile Regression, and Recenterd Infuence Function (RIF) methods:

2.2.1. Oxaca Blinder Regression Method Review:
Zdenek et al. (2022) evaluated the income distribution of agricultural households in Czechia. The study used the data of agricultural households from the Statistics on Income and Living Conditions (SILC) survey for the years 2005 to 2016. Foster– Greer–Thorbecke poverty measures were used to evaluate the poverty in households, while the Oaxaca-Blinder method was used to decompose the income gap. Household income was used as a dependent variable in the regression model. In contrast, household characteristics (industry, number of household members, number of children, education of household head, gender and age of household head) and year of data were used as independent variables. Findings showed that education and occupation were the main determinants of earning gap.

Dang and Naguyen (2021) decomposed the gender inequality during the Covid-19 pandemic in 06 countries (USA, UK, China, Italy, South Korea, and Japan). The study used the primary data of 6089 respondents from the Creative-Pioneering Researchers Program. The study used the Oaxaca-Blinder method to evaluate the determinants of the gender wage gap (income, expenditures, savings, job loss) during the pandemic. Findings showed that the decline in income of females was 50% more than the male counterparts. Women’s Participation rate in the economy and infection rate were the significant determinants of the gender wage gap.

Yang and Wang (2021) examined decomposed the changes in China's urban and rural household saving rates. The study used the Chinese Household Income Project Survey (CHIPS) data from 1995 to 2013 (04 data sets). Oaxaca-Blinder method was applied to decompose the effect of Household characteristics (income, health insurance, family size, marital status of household head, age and education of household head) on the saving rate of the household. Findings showed that a permanent increase in household income significantly increases the household saving primarily to bear the unwanted health shocks.

Alcantara and Vogel (2021) evaluated the effect of an increase in housing prices on income inequality in the elderly of Germany. The study used the household data set, the German Socio-Economic Panel (GSOEP) survey from 1996 to 2017. Oaxaca-Blinder method was used to decompose the Old-age income poverty determined by the household characteristics (region, tenure, dwelling, occupancy duration, income, rent of house). Findings showed that housing costs were the major contributor among the other determinants to old-age poverty.

Novignon et al. (2018) evaluated the relationship between poverty and expenditure inequality in Ghana. The study used the Ghana Living Standards Survey (GLSS) for 2012-13. Marginal elasticities and marginal effect were measured within and between components of inequality. Household expenditures were divided into four parts; food, nonfood, education, and health. Findings showed that reduction in within inequalities had a significant effect on reduction in overall inequality, poverty headcount, and poverty gap. The association between poverty and inequality was not consistent.  Expenditures on human capital development (Health & Education) were lower than food and nonfood expenditures.

[bookmark: _Hlk107911881]Tobden (2017) examined the dynamics and sources of expenditure inequality in Bhutan. The study used the Bhutan Living Standard Survey's household data, undertaken by the National Statistics Bureau (NSB) for 2007 & 2012.  Theil decomposition and Oaxaca-Blinder decomposition methods were used to decompose the expenditure inequality based on the location of the household, districts, age of household head, education of household head, household size, and household head gender. The per-capita household expenditure was used as a dependent variable. In contrast, household head characteristics (age, education, gender, marital status) and household size were used as independent variables in the Blinder-Oaxaca decomposition model. Findings showed that the average monthly household expenditure for urban households was more than twice of rural households. Age and level of education of household head had a positive effect on the spending of households. Mean expenditures for the male-headed family were lower than for the female-headed family. Household size had a positive impact on household expenditures. Inequality was the primary factor of overall inequality in Bhutan.

Azam and Bhatt (2018) evaluated the spatial income inequality in India. The study used household survey data for 1993/94 and 2011/12. Inequalities were calculated using different inequality methods (Theil coefficient, Gini coefficient, and the mean log deviation). Theil coefficient and mean log deviation were further decomposed into within and between inequalities. Findings showed that income inequality in rural areas was more than in urban areas and was mainly due to the within-district inequalities. Consumption inequality in urban areas was more than in rural areas, primarily due to the state component of inequality.

Zhu (2016) examined the wage differences in the urban market between urban residents and rural migrants in China. The study used the data of 2 China Household Income Projects (CHIP) for the years 2002 and 2007.  Oaxaca–Blinder decomposition and unconditional quantile regression methods were used to evaluate urban locals' wage distribution and rural migrants. Wage distribution was decomposed into the composition effect (due to the differences in productivity) and the discrimination effect. Hourly wages were used as the dependent variable. In contrast, both OLS and unconditional quantile regression models used labour market characteristics (gender, experience, marital status, occupation, industry, and employer ownership) as independent variables. Findings showed that discrimination intensified against migrant workers with the increase in the percentile of the wage distribution.
Hayashi et al. (2014) evaluated Indonesia's expenditure inequality using the household panel data from 2008 to 2010. Theil decomposition and Blinder-Oaxaca decomposition methods decompose the expenditure inequality based on population, locality, and educational level. Findings showed that inequality increased in Indonesia during the given time due to intra-regional differences. Urban expenditure inequality increased while rural expenditure inequality decreased. Urban expenditure inequality was higher than the rural one. Within the region, inequality was more than between regions inequality. The educational difference was the major contributing factor to overall inequality. 

Gasparini et al. (2014) examined the distributional income changes in Bolivia. The study used the household data of the Encuesta Integrada de Hogares (EIH) survey of six data sets from 1993 to 2002. Ordinary Least Square (OLS) and Quantile regression methods were used to estimate separate wage equations for different data sets, household heads, non-household heads, and other geographical regions. Log of wages was used as a dependent variable while education, age, gender, geographical area, ethnicity, and working sector. Simulation analysis was performed to assess the distributional impact of different growth scenarios. Findings showed that changes in the education structure, sectoral transformations, reduction in labour informality, and reduction in the gender wage gap had a negligible effect on poverty reduction.

[bookmark: _Toc123124261]2.2.1.1 Review of Studies in Pakistan 
Amjad and Akbar (2022) decomposed the effect of socio-economic factors on the consumption of micronutrients in Pakistan. The study used the Household Integrated Economic Survey (HIES) data for 2005-06 and 2015-16. The study used the Oaxaca-Blinder method to decompose the effect of Household characteristics (income, education of household head, gender of household head, family size, locality) and social factors (Urbanization, Province) on the intake of micronutrients (calcium, iron, iodine and zinc). Findings showed that household income, urbanization, and family size were the critical determinants of the decrease in consumption of micronutrients.  

Shams and Kadow (2020) examined the relationship between income inequality, remittances, and economic well being. The study used the primary data of 600 households from 20 villages of 10 districts of Pakistan, collected and administered by the University of Glasgow during 2008. Gini Coefficient method was used to estimate income inequality, which was decomposed by income sources by provinces and districts. The regression model was used to assess the impact of economic well-being on remittances. The findings showed that unidirectional causality extends from economic well-being to remittances and remittances to income inequality.

Khan et al. (2020) assessed the dynamics of uni-dimensional and multidimensional inequality across Pakistan's different professions. The study used the HIES data for the years 1998-99 and 2013-14. The uni-dimensional inequality was calculated by Gini-Coefficient, Atkinson, and Generalized Entropy Index. The hybrid multidimensional inequality index was applied to evaluate the multidimensional inequality using three key dimensions: health, education, and housing services. Findings showed that income inequality declined over time in terms of the uni-dimensional. In the multidimensional context, inequality was high in daily wage workers compared to other relevant categories due to the low income and purchasing power.
Shah 2019 decomposed the earning inequality in Pakistan by using the primary data of 300 individuals collected through a structured questionnaire. Gini-coefficient and Theil Indices were used to compute inequality, which was decomposed accordant with education, work experience, gender, nature of the job, and education expenditures. Findings showed that inequality increased due to higher education, experience, education expenditures, employment, and gender. Education was the main reason for intra-group inequality.

Hasan & Malik (2019) evaluated income inequality in Punjab, Pakistan. The study used the PSLM data of Punjab for the year 2010-11. The study used the ten different measures (Relative Mean Deviation, Coefficient of Variation, Log Standard Deviation, Gini Coefficient, Mehran Index, Piesch Index, Kakwani Index, Theil Entropy Index, Theil Mean Log Deviation Index, and General Entropy measure) to assess income inequality in the divisional headquarters. Findings showed that income inequality in established divisions was more than the less advanced divisions. 

Khalid et al. (2019) evaluated the unidimensional and multidimensional inequality in Pakistan. The study used the PSLM and HIES data for the years 1998-99 and 2013-14. Gini indices were computed to assess unidimensional inequality. In contrast, the multidimensional indexing approach of Araar (2010) was used to evaluate multifaceted inequality. Findings showed, Low unidimensional inequality in urban areas (due to unequal income dimensions) and high multidimensional inequality in rural areas (due to the higher disparities in dimensions). Income inequality was higher in Punjab compared to the other provinces of Pakistan. 

Idrees and khan (2019) evaluated the effect of education on earning inequalities in Pakistan. The study used the HIES data for the years 2010-11 and 2015-16.  Theil entropy measures were used to estimate earning inequalities decomposed using Shorrocks (1980) decomposition method based on 08 education groups. Findings showed that the education of earners does not account for much of the income inequality.

Alam et al. (2019) evaluated the gender-based distribution of income. The study used the PSLM data of Pakistan for the year 2010-11. Sample L-Movement method was used to assess the distribution of income among gender. Findings showed that the monthly income of males is more than the monthly income of females. There exists a large gap between the income of the rich and the poor.

Sial et al. (2018) examined the effect of education on earnings inequality among workers with the same education level. The study used the 06 HIES data sets from 2001-02 to 2013-14. The quantile regression method was used to evaluate earning inequality. The quantile regression method was used to determine the effect of the level of education on income inequality. The findings showed heterogeneity in returns at different levels of education. Inequality gains for highly educated workers were higher than for secondary and primary education.

Naseer and Ahmad (2016) evaluated the determinants of income inequality in Pakistan. The study used the 02 HIES data sets for the years 2005-06 and 2010-11. Gini index was computed to evaluate the income inequality among the earners, and Standard Augmented Mincerian Model was used to assess the determinants of earning.  Changes in income inequality and its determinants were measured using the decomposition methodology developed by Fields (2003). Individuals' annual income was used as the dependent variable. Individuals' characteristics (gender, age, education, occupation, job status, province) were used as independent variables. Findings showed that inequality declined in Pakistan due to the government's Poverty Reduction Strategy Program (PRSP-II). Age and gender were the significant determinants of income inequality in Pakistan.

Qureshi and Sadozai (2016) evaluated the income inequality in rural regions of KPK. The study used the HIES data of KPK for the year 2011-12. Gini coefficient was used to measure both income and expenditure inequality. Findings showed less expenditure inequality (30%) than income inequality (35%) in rural areas of KPK. The lower-income group's contribution to overall income and expenditure inequality was far less than the higher-income group. 

Qazi et al. (2016) examined the effect of development in higher education on Pakistan's income inequality. The study used the time series data for 39 years from 1973-2012. Autoregressive Distributed Lag (ARDL) was used to assess the effect of the unemployed labour force and enrollment in higher education institutes on Income inequality. Findings showed that higher education negatively affects inequality in both the long-run and short-run while the effect was insignificant in the short run. There was a unidirectional causal relationship between development in higher education and inequality. 

Sial et al. (2015) evaluated the multidimensional poverty and inequality in Pakistan. The study used the HIES data sets for the years 2005-06 and 2010-11. Alkire and Foster's (2007) method was used to evaluate multidimensional poverty and inequality based on four dimensions; education, health, living standard, and expenditures. Findings showed that the contribution of education and living standard in multidimensional poverty increased overtime. Inequality of all dimensions (education, health, living standard, and expenditures) declined over time.

Aslam et al. (2014) evaluated the Gender-wise income gaps in Punjab, Pakistan. The study used the Pakistan Labour Survey (PLFS) data for the year 2008-09. The Quantile Regression method was used to evaluate the effect of personal characteristics (gender, age, marital status, area of residence, education) and job nature and quality on individuals' monthly income. Findings showed that males earn more than females and the gap increased with the increase in education level. 
Khan & Idrees (2014) examined the determinants of earning in Pakistan. The study used the Household Integrated Economic Survey (HIES) data for the year 2010-11. Average monthly earnings of individuals were regressed against individual characteristics of household earners (age, education), household characteristics (dependency ratio), and community characteristics (Earning inequality, the distance from the Provincial capital, necessary health facilities, road density, and law and order situation). Findings showed that efficient age group earners and education, dependency ratio, essential health facilities, and road density significantly affected the average monthly income. Female earners and law and order situations had a negative impact on the average monthly income of individuals. 

Nisar et al. (2013) examined the determinants of poverty and household inequality in Pakistan. The study used the PSLM data for the year 2008-09. Multinomial Logit model was applied to assess the effect of individual characteristics (age, occupation), Household characteristics (gender of household head, education of household head, dwelling type, and assets), community characteristics (region) on three dimensions of poverty. Findings showed that assets, the gender of household head, higher education level, employment status, and woman empowerment significantly reduced transient poverty.

Idrees (2012) evaluated the district level earning inequalities in Pakistan. The study used the household microdata of Pakistan for the year 2011-12.  Gini indices were computed for 154 districts of Pakistan based on individuals' earnings. The resulting district level Gini indices were regressed against the district level indicators of household earners, education along with a set of other personal characteristics of household earners, and district attributes. Findings showed that education inequality was the primary cause of income inequality.

Assad and Ahmad (2011) examined the relationship between consumption inequality and economic growth. The study used the 07 HIES data sets from 1990-91 to 2004-05. Consumption inequality was measured using seven different measures (Gini-coefficient, Theil Index, Mean Log Deviation, Atkinson Index, Coefficient of Variation, Deciles Dispersion Ratio, and Quintiles Dispersion Ratio). Findings showed that inequality increased in both rural and urban areas of Pakistan. Consumption inequality negatively affects economic growth.

Idrees and Ahmad (2010) evaluate and decompose the consumption inequalities in Pakistan. The study used the three HIES data sets for 1992-93, 1998-99, and 2004-05. Gini Coefficient was used to evaluate the consumption inequality, and further, the evaluated income inequality was decomposed into food and nonfood consumption components. Findings showed more unequally distributed household expenditures on education than the overall consumption expenditures. Health care expenditures of urban households were more evenly distributed than rural households. 

Ali and Saboor (2010) examined the dynamics and trends in economic inequality. The study used the 03 HIES data sets for 1998-99, 2001-2002, 2004-05. Gini indices were measured for different provinces and localities to evaluate income inequality dynamics and trends. Findings showed that income inequality increased in Pakistan while the increase in urban areas was more than rural. Both consumption and income inequality decreased in Punjab.

Naschold (2009) evaluated the microeconomics determinants of income inequality in rural areas of Pakistan. The study used the panel data of 900 households from 46 villages of 04 districts, collected and administered by the International Food Policy Research Institute (IFPRI) during the years 1986-91. The regression-based inequality decomposition method of Field (2003) was applied to evaluate the effect of personal characteristics (age and education); household characteristics (household size, household members abroad, number of working-age household members, number of children per capita); physical assets (land owned, irrigated, operated per capita); Agric Assets (Tube well, Tractor, shop); other assets (livestock, value of the house); and location (distance from tehsil and district) on monthly income per adult. Findings showed that rural inequality increased in Pakistan due to the owning of physical and land assets. Higher education has led to change, but these changes have not created inequalities.

Ahmad (2001) evaluated the distribution of income among different occupations/professions. Income inequality in different professions was measured by estimating Gini indices for different professions and provinces by Utilizing HIES 1992-93 data. Findings showed the highest income inequality among skilled workers while the lowest level of income inequality among professionals. In the diverse professions/occupations, the highest inequality level was ascertained in the NWFP, while the lowest inequality level was figured in the Baluchistan Province.
Ahmad (2000) estimated the distribution of income in Pakistan. Distribution of income was evaluated by measuring different inequality measures (Gini index, Coefficient of Variation, the standard deviation of logs of incomes, Theil's index, and Atkinson's index) using the HIES data set for the year 1992-93. Findings showed a higher inequality level in Sindh's rural areas while a lower inequality level in Baluchistan's urban areas. Moving from household-based data to people-based data reduced Gini index values in rural areas more than in urban areas.

Adams and Richard (1994) evaluated the effect of non-farm income on inequality in Pakistan's rural areas. The study used the panel data of 727 households residing in rural areas of 04 districts for the three years 1986-87, 1987-88, and 1988-89. Gini Coefficient method was used to estimate income inequality, which was decomposed by five rural income; agriculture, livestock, non-farm, transfer, and rental. Findings showed that non-farm government income increases income inequality while non-farm unskilled labour income has an equalizing effect on income distribution. 

Asad et al. (2020) evaluated uni-dimensional and multidimensional inequality in rural areas of Pakistan. The study used the 06 HIES data sets from 2005-06 to 2015-16. multidimensional inequality was measured using Arar's (2009) method, while uni-dimensional inequality was evaluated by estimating  Gini-coefficient, Atkinson, and Generalized Entropy Indices. According to the uni-dimensional approach, inequality slightly declined in the long-run while showed a fluctuating trend in the short-run. The multidimensional approach showed a decline in inequality in both the short-run and long-run.
2.2.2 Quartile Regression:
Mohanty (2021) analysed the gender wage gap among workers with similar technical or conventional education in urban areas. The study employed the National Sample Survey Organization's household data of India for 2011-12. The Recentered Inﬂuence Function  (RIF) decomposition method was used to identify gender wage differences. The worker's daily wage was used as the dependent variable in the RIF regression method, while socio-demographics (age, number of children, marital status, caste, religion), human capital (field of education, occupation, experience), employment-related variables as independent variables. The study found that women staff with technical diplomas faced a sticky floor effect, whereas women with technical degrees suffered sticky floor and glass ceiling effects. Women's lower attachment to the work market, marriage, and family involvement were the primary reasons for lower labour market incentives than men's.

Mohanty (2021) analysed the gender wage gap in Bangladesh using the Labour Force Survey data for two periods, 2005-06 and 2009-10. The Unconditional Quantile Regression method was used to assess and decompose the determinants of the hourly wage of individuals (education of individuals, training received by individuals, age, sector, occupation, region, location, number of children in the house, and marital status). Findings showed that the gender wage gap in Bangladesh was more significant at the lower end of the wage distribution.

Mishra and Bhardwaj (2020) evaluated wage distribution and wealth inequality in India using the 03 rounds of the All India Debt and Investment Survey (AIDIS). The RIF regression method was used to decompose the effect of household characteristics (size, type, sector of employment), household composition (number of children, share of economically active adults, social group, locality), and household head characteristics (age, education) on household wealth (land, building, livestock, agricultural equipment, financial assets). Findings showed that wealth inequality increased over the given period.

Shahiri et al. 2020 examined the wage differences between local and foreign workers from Malaysia's palm oil plantation sector. The study used the survey data collected by the Plantation Labor Force Unit in 2018. Firpo, Fortin, and Lemieux (FFL) decomposition method was used to decompose the effect of personal characteristics (gender, age, experience, marital status, number of children, and nationality) on the daily wage. Findings showed that wage differential exists between the native and foreign workers due to their observed characteristics.

Lakshmanasamy and Maya (2020) evaluated the life satisfaction inequality by using India's World Value Survey data for two periods, 1990–2001 and 2010–2014. Life satisfaction inequality was measured using the Gini Life Satisfaction Index and the Variance of Life Satisfaction Index. The Recentred Influence Function (RIF) regression method was used to decompose the life satisfaction inequality. Findings showed that life satisfaction inequality had reduced in India over the period.

Kollamparambi and Mathentamo (2020) decomposed the subjective wellbeing (SWB) inequality in South Africa using the quantile regression-based counterfactual decomposition method on National Income Dynamics Study (NIDS) data for 2008 and 2010. Education, age, gender, marital status, health standards, race, religion, employment status, locality, access to credit, and the facility of flushing toilets and electricity were determinants of welfare. Findings showed that subjective wellbeing (SWB) inequality was reduced in the given period, mainly due to good health, returns to relative income, and greater access to public amenities (flushing toilets and electricity).

Abu-Ismail et al. (2020) evaluated the socioeconomic inequalities in child malnutrition in Egypt using the Demographic and Health Surveys (DHS) data for 2000 and 2014. The shortfall index was used to assess socioeconomic disparities. The Oaxaca Blinder and Recentred Influence Function (RIF) regression methods were used to decompose the socioeconomic inequality. Explanatory variables included household characteristics (locality, gender of household head, wealth quantiles), father characteristics (education, duration of stay at home), mother attributes (height, weight, age at first child's birth, and gap between second child's birth), and child characteristics (age, gender). Findings showed that the endowment effect significantly reduced socioeconomic inequality in the given period.

Furno (2020) evaluated the earning distribution and returns to education in Italy using the Survey of Household Income and Wealth (SHIW) for 2014. A two-stage quantile regression-based counterfactual decomposition method was used to decompose the wage inequality. The hourly wage was the function of education, age, experience, family size, and locality. Higher education showed non-linear returns over the entire earning distribution, narrowing the gender wage gap across lower and middle quantiles except the higher ones.

Rahman and Hassan (2019) evaluated the gender wage gap in Bangladesh. The study used the data of the Labour Force Survey (LFS) for 2015-16. Oaxaca—Blinder and Quantile Regression methods decomposed the gender wage gap changes across mean and whole distributions. Determinants of the monthly wage of individuals between the ages of 15 and 60 were individuals' characteristics (education, age, marital status, region, training), workplace characteristics (sector, ownership pattern), and occupational status. Findings showed that the gender wage gap was persistent due to the presence of the informal employment sector. Females were employed in the formal sector and earned higher wages than men at the bottom of the wage distribution. In contrast, males earned much higher salaries than their female counterparts at the top of the distribution.

Yamamoto et al. (2019) evaluated gender inequality in the wage distribution. The RIF Regression assessed the gender wage gap throughout the wage distribution by employing Nepal's Living Standard Survey for 2010–2011. Individual characteristics ( gender, age, education, primary language), household characteristics (number of persons living in the house, ethnic background), and job-related variables were used to determine the workers'  monthly wage (aged between 16 and 65). Findings showed that rural female workers faced wage discrimination and a more significant gender wage gap than urban female workers. 

Azam (2019) gauged the rural-urban welfare gaps by using India's National Sample Survey's household data from 1983 to 2011. The Recentered Influence Function (RIF) decomposition method was used to appraise and decompose the welfare inequalities. Monthly per-capita expenditure was used as a proxy for welfare. Household demographic characteristics (age and gender of household head, household size, the proportion of members below age 14, the proportion of adults (age 15–64) in a family, and social group belonging/cast of households), household human capital measures (education level achieved by the household head), the main occupation of household head, and primary working industry were used as the determinants of welfare. Findings showed that education was the core factor of a gradual increase in urban-rural welfare inequality over time.

Castellano et al. (2019) examined the wage distribution in the big four European countries (France, Germany, Italy, and the United Kingdom) by using the household data of the European Union Survey on Income and Living Conditions (EU-SILC) for two years, 2005 and 2013. The Recentered Influence Function (RIF) regression method was employed to decompose the effect of individual characteristics (marital status, gender, health status, experience, education) and job characteristics (type of contract, economic status, type of occupation) on the hourly wage of employees. Wage inequality decreased in France and Germany while increasing in Italy and the United Kingdom, with the composition effect (change in wage structure) being the primary cause of the increase in inequality.
Alam et al. (2019) evaluated wage inequality changes by using Bangladesh's Labour Force Survey (LFS) data for two time periods, 2000 and 2010. Both non-parametric (Kernel density) and parametric (Oaxaca–Blinder’s and Recentered Influence Function (RIF) regression) methods were used to identify and decompose the earing distribution.  Personal characteristics (age, education, marital status, family size, religion, job sector, job industry, and district) were the determinants of wages. Findings showed that wage inequality had increased over time, and the coefficient effect was the main contributor.

Kimhi and Taflia (2019) examine the male and female wage differentials in Israel using household data from two population censuses for 1995 and 2008. The Shapley decomposition method was used to evaluate the effect of the personal characteristics (age, experience, schooling, nationality, and occupation) and geographical location on the hourly wage of males and females. Findings showed that earning inequality declined over the given period while the decline in males was more than the female counterparts.

Biewene and Seckler (2019) conducted a decomposition analysis of wage inequality. The four data sets from the German Structure of Earnings Surveys (GSES) for the years 1995, 2001, 2006, and 2010 were used in the study. The Recentered-Influence-Function (RIF) decomposition approach was used to decompose the proportionate effect of unionisation, personal characteristics of employees (age, education, tenure, occupational position), tasks, internationalisation, and company characteristics (sector, area) on wage differences. Personal characteristics and de-unionization significantly affected wage inequality, while tasks, internationalisation, and company characteristics (sector, area) had a moderate effect.

Castagnetti and Giorgetti (2019) evaluated the gender-based wage differentials in Italy’s public and private sectors. The study used the individual data drawn from the four waves of the Italian Institute for Vocational Training for Workers (ISFOL-PLUS) survey for 2005, 2006, 2008, and 2010. The Machado and Mata quartile regression-based decomposition method decomposes the gender-based wage gaps. Education, experience, marital status, number of kids under 10, type of job, type of firm, area, individual ability, and occupation were used as explanatory variables in the Quartile Regression model. Findings showed a decrease in the gender wage gap in the public and private sectors over the given period, mainly due to the glass ceiling effect.
Balcilar et al. (2019) examined the relationship between partisan conflict and income inequality by using the aggregate annual frequency data for the United States from 2017 to 2013. Non-parametric causality quantile methods investigated the relationship between partisan conflict and income inequality. Findings showed a causal effect of partisan conflict on income inequality except for the upper and lower quantile of the income distribution. The reduction in Persian conflicts significantly reduced the mild income inequality.

Rembao et al. (2019) examined the impact of income tax on the wage by using the Household Income and Expenditure Survey data of Mexico for the year 2016, based on sex, working hours, and age. The non-parametric, Gaussian kernel function method was used to evaluate the effect of income tax on wage distribution. Findings showed that most of the tax burden was on the salaried employees. Male employees bear a higher tax burden than female employees. Working hours did not affect the tax payments.

Sologon et al. (2018) evaluated the income inequality differences in the United Kingdom and Ireland. The study used the household data sets for the United Kingdom and Ireland for the year 2007. The micro-econometric method was used to evaluate the effect of tax-benefit systems, employment structures, market returns, and demographic compositions on household disposable income across countries. Micro-simulation methods were used to decompose the household distribution of income. Findings showed that demographic characteristics and the tax benefit system had a significant effect on the distribution of income.

Tettey et al. (2018) measured and decomposed Ghana's welfare inequalities using the two data sets of the Ghana Living Standards Survey for 1998-99 & 2012-13. The study used the Oaxaca Blinder and Unconditional Quantile Regression methods to decompose the urban-rural welfare inequality gap. Household welfare was measured by using household consumption expenditures. Characteristics of a particular household head (age, education, marital status, and employment status) and household characteristics (household size, locality, remittances, and other income) were used as determinants of household welfare. Findings showed a significant difference between rural and urban households' welfare, mainly caused by differences in household endowments returns.

Firpo et al. (2018) assessed and decomposed men's wage distribution in the United States using the Current Population Survey (CPS) data for 1988-90 and 2014-16. The Recentered Influence Function Regression method was applied to evaluate and decompose the proportionate share of changes in explanatory variables (unionisation, education, experience, occupation, and type of industry) in hourly wage changes. The most critical variables that account for observed shifts in wage distribution during the given period were unions, occupations, and education.

Bui and Imai (2018) used the Recentered Influence Function (RIF) decomposition method to examine the determinants of rural-urban inequality in Vietnam. The research used household data from the Vietnam Household Living Standards Survey (VHLSS) from 2008 to 2012. Education, gender, profession, industry, ethnicity, region, and remittances were used to determine a rural-urban household’s monthly wages. Primary education significantly improved the well-being of rural, poor, and ethnic minority populations. Remittances strengthened the welfare of rural families but did not improve between-and within-group inequality.

Amarante (2017) examined the effect of children per household on poverty, mean income, and income distribution in Uruguay. The study used the household microdata from 1996-2013; data was divided into two parts (1996-2007 & 2007-2013) to evaluate the effect on poverty and income distribution before and after the recession. The study used the micro-econometric decomposition approach developed by Bourguignon et al. (2004).  Separate wage equations were measured for both household heads and spouses by using gender, age, locality, educational level, number of children in the house, number of school-going children, and income of the household head as independent variables. Fertility equations were measured using the household head's education level, education level of a spouse, age of the household head, age of spouse, area, sex of household head, and non-labour income of household head and spouse independent variables. Findings showed that fertility played a central role and directly affected poverty and inequality in Uruguay. Labour market operations indirectly affected poverty and inequality, but its magnitude was lower. 

Jmaii et al. (2017) evaluated regional inequality in Tunisia using the National Household Survey data for 2010. The counterfactual Decomposition method was used to assess the Urban-Rural wage gap. Household head characteristics (gender, age, educational status, and employment status); aspects of children under 15 years of age (age, gender, academic level); locality and regional dummy variables were used as explanatory variables in the wage equation model.  There was a significant difference between poor rural and urban households’ earnings due to the lack of education and earning opportunities. The West region of Tunisia had lower welfare than the east region due to the lesser employment opportunities, lower public expenditures, and aged populations.                                                                                       

Limanli (2017) evaluated income inequality in Turkey. The study used the household data of the Income and Living Standard Survey for 2006-2010. A regression-based decomposition method was used to evaluate the effect of microeconomic factors on household income inequality. Disposable household income was used as the dependent variable in the model. The household head's age, region, unemployed household members per capita, health status per capita, and education per capita were used as independent variables. Findings showed that area and education per capita greatly affected household income inequality. Health status per capita, unemployed household members per capita, and household head age significantly impacted household income inequality.

Tetty et al. (2017) analysed the welfare inequality in Ghana. The study used the decomposition method based on unconditional Quartile Regression. The study used the Ghana Living Standards Surveys between 1998-1999 and 2012-2013 to evaluate welfare inequalities. The Quartile Regression model was used to assess the effect of gender, age, age square, marital status, educational status, locality, household size, remittances gender, age, age square, marital status, academic status, locality, household size, and remittances on real per adult household expenditures. Findings showed an enormous difference in expenses based on locality, gender, and household characteristics.
[bookmark: _Hlk108084182]
Zilic (2017) appraised the early childhood environment's effect on earning using the Panel Study of Income Dynamics (PSID) data for 2011. The Oaxaca Blinder and Recentered Influence Function (RIF) decomposition methods were used to decompose the income distribution based on family history and childhood environment. Gender, education, age, job experience, race, marital status, and employment sector were used to determine the hourly wage rate. Findings showed a significant gap between the two groups based on family history and childhood environment.
Jmaii et al. (2017) decomposed the regional inequality in Tunisia using a recentred influence function and quantile regression-based counterfactual decomposition methods. The study used the National Survey data of Tunisia on Households’ Budget, Consumption, and Living Standard for 2010. In both models, percapita household expenditures were used as the dependent variable: age Findings showed that returns to household, environmental, and employment characteristics were responsible for regional inequality.

Huertas et al. (2017) evaluated the gender wage differences using Spain's Survey of Earnings Structure (EES) for 2002, 2006, and 2010. In addition, Oaxaca Blinder and Juhn-Murphy-Pierce decomposition methods were used to decompose the wage inequality. The explanatory variables include characteristics of individuals (education, age) and jobs and workplace characteristics (type of job, workplace environment, type of agreement), wage structure (regional wage inequality index, union density), labour market variables (regional employment rate, share of services sector), and demographic characteristics (population density, fertility rate, and husband-wife age gap at marriage). Findings showed that unexplained factors (wage structure, labour market variables, and demographic characteristics) also caused a significant variation in the gender wage gap besides employees' productive attributes.

Kluge and Weber (2017) evaluated the wage gap in Germany using an Oaxaca–Blinder decomposition and Recentred Influence Functions (RIF) regression method. The study used the panel data of employees collected by the Institute for Employment Research (IAB) Germany from 1993 to 2010. The daily gross wage was used as a dependent variable. In contrast, employee personal characteristics (gender, age, nationality, occupation, job position, experience) and establishment characteristics (size and productivity, agreements, industry, establishment type) were used as independent variables in the Oaxaca–Blinder and RIF models. Findings showed that regional price and establishment differences were the significant factors behind the regional wage differentials.

Samawi et al. (2017) evaluated the performance of kernel density by using the primary data of 120 newborn babies staying in neonatal intensive care collected through 02 different sampling methods stratified and ranked sampling methods. The properties of the proposed estimates of different samples were evaluated for bias and variance. Findings showed asymptotically unbiased kernel density estimates for both sampling methods.
Hassine (2015) evaluated the determinants of inequality in Arab countries. The study used 28 data sets of 12 Arab countries. The unconditional quantile regression method was used to decompose and estimate inequality. Monthly household expenditures were used as the dependent variable. Household demographic and general characteristics (locality, household size, percentage of residents in a house below 14 years and above 65 years of age), household human capital (educational status and working experience of household head), household head attributes (age, gender, occupation), and external factors (means of transportation, schooling, and hospital facilities) were used as independent variables in unconditional quantile regression. Findings showed that human capital and community characteristics were the leading cause of the urban-rural welfare gap. The primary consequence of the disparity in the metropolitan and non-metropolitan cities was their return to human capital.

Azam and Prakash (2010) examined the wage differences among public and private employees in India. The study used the household data of India's National Sample Survey for 2009-10. The study used the OLS and Machado and Mata's quantile regression-based decomposition methods (2005) to evaluate and decompose the effect of employees' characteristics (age, marital status, social group, education, and occupation) on the hourly wages of the public and private employees. Findings showed a positive wage difference between the public and private sectors' wage distribution across urban and rural areas. The quantile regression-based decomposition showed that public-sector workers received a favourable wage premium across the entire wage spectrum in urban and rural areas. The magnitude of the wage premium at the top quantiles of the distribution was smaller.

Ghosh and Lee (2015) assessed and decomposed the changes in wage inequality in Korea. The study used the Korean Labor and Income Survey's household data for 1998 and 2007.  Machado and Mata's quantile regression-based decomposition method (2005) was utilised to evaluate employees' characteristics (gender, age, marital status, education, household size, occupation, and union) on employees' monthly wages. Changes in education distribution had a significant effect on the wage gap between the middle and high-income groups. Changes in labour force composition resulted in substantial shifts in the upper tail of the wage distribution. Labour unions exacerbated wage disparities in a limited way.        

Morales (2015) evaluated the low-income distribution mobility in 04 European countries (Italy, Spain, Finland, and Sweden). The study used the panel data of the EU-SILC database for the years 2008 and 2009. The Kernel Density method is used to visualise low-income mobility. Finland and Sweden showed less mobility in income distribution than Italy and Spain. 

Galego and Pereira (2014) analyzed and decomposed the wage inequality in Portugal using Quadras de Pessoal's household data for 2008. The Recentered Influence Function (RIF) decomposition method was used to decompose the wage inequality. The hourly wage was used as the dependent variable, and independent variables included age, education, gender, occupation, tenure, region, and industry affiliation. Education, firm size, and occupation were the critical factors of the composition effect, while tenure and experience were the prime determinants of the wage structure effect.

Azam (2012) evaluated the welfare inequalities among the different social groups in rural India. The study used the National Sample Survey Organization's household data for 2004-05. The study used Machado and Mata's quantile regression-based decomposition methods (2005) to decompose the impact of household characteristics (household size, the proportion of members below age 14, and proportion of adults (age 21–60) in a family), household human capital measures (education level achieved by the household head), land cultivated by household, household main occupation and dummies for states on the per capita expenditures of rural social groups (scheduled tribes, scheduled castes, other backward castes, and higher castes). Findings showed that Scheduled Tribe households were the most vulnerable, followed by the Scheduled Caste and the Other Backward Caste households compared to Higher Caste households throughout the entire distribution.

Gasparini et al. (2012) evaluated the inequality changes in Argentina. The study used the panel data of Greater Buenos Aires taken from 3 EPH[footnoteRef:3] household surveys for 1986, 1992, and 1998, collected by the Argentina Institute of Statistics and Census. The micro-econometric decomposition[footnoteRef:4] method evaluated the inequality change in Greater Buenos Aires from 1986 to 1998. Education of the household head, gender of the household head, age of the household head, marital status of the household head, number of children in the house, labour force participation, number of school-going children in the house, employment status of spouse, and unobservable factors was used to estimate the household earning equations. Findings showed that changes in return to education, experience, and unobservable factors significantly affected income inequality.  [3:  Encuesta Permanente de Hogares (EPH)]  [4:  Presented by Bourguignon, Ferreira and Lustig (1998)] 


Sakellariou (2012) evaluated wage growth and wage inequality in the Philippines using the Recentred Influence Functions (RIF) regressions method. The study used data from the Philippine Labour Force Survey (LFS) for 2001 and 2006. Education, marital status, experience, occupation, employment sector, industry type, contract type, and region were the explanatory variables of male hourly income. Findings showed a decline in the male wage gap throughout the whole income distribution. Education was the main contributor to the male wage gap declining. 

Chi et al. (2009) evaluated and decomposed the earnings inequality in urban areas of China. The Recentered Influence Function (RIF) decomposition method was used to decompose the earnings inequality using Urban Household Survey data for 1987, 1996, and 2004. Age, gender, education, occupation, and region were used as determinants of earnings. The primary determinants of earnings inequality were returns to education, differences in professions, and area.
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[bookmark: _Toc534911904]The study tried to evaluate the household Income distribution in Pakistan by using the different factors and characteristics of households. The study has used the Pakistan Social and Living Standard Measurement survey data for 1998-99, 2007-08, 2018-19, collected and administrated by the Pakistan Bureau of Statistics (PBS). The questionnaires used for these surveys were more or less identical to compile data regarding the household indicators on income, expenditures,  education, health, population, housing, food security, water and sanitation and information technology etc. The Universe, sampling frame, and sample design for the collection of data from the surveys, as mentioned earlier, are as follows:  
3.1.1 Universe
Pakistan's population living in all four provinces except Military restricted and protected areas of NWFP was the Universe of the used surveys. 
3.1.2 Sampling Frame and Design:
Data was collected from both rural and urban areas. For this purpose, the Federal Bureau of Statistics (FBS) adopted a different sampling framework. A two-stage stratified sample design was adopted to collect the data. In the first stage, the enumeration blocks were from the urban and rural areas as Primary Sampling Units (PSUs). In the second stage, the number of households was selected from the enumeration blocks of PSUs as Secondary Sampling Units (SSUs). Sixteen households were randomly selected from rural PSUs, and twelve households were selected from each urban PSUs. PSUs from urban and rural areas are selected as:
3.1.2.1 Urban Area: 
In Urban areas, all cities/towns are divided into small compact areas known as enumeration blocks. Each enumeration block is comprised of 200-250 households and is categorized into the low, middle and high-income groups based on the socio-economic status of the majority of households.
3.1.2.2 Rural Area: 
The lists of Villages/Mouzas/Dehs according to Population Census, 1998, 2017 were used to select PSUs in the rural areas. In the sampling frame, there were 50,590 Villages/Mouzas/Dehswith identified names, numbers and maps. The detail of primary and secondary sampling units covered in the aforementioned surveys is as below:
[bookmark: _Toc314715422]Table 3.1: Profile of the PIHS 1998-99 
	Province
	PIHS 1998-99

	
	Urban
	Rural
	Total

	Primary Sampling Units

	Punjab
	220
	238
	458

	Sindh
	128
	136
	264

	NWFP
	72
	116
	188

	Balochistan
	52
	88
	140

	Total
	472
	578
	1050

	Secondary Sampling Units/ Households

	Punjab
	2590
	3791
	6381

	Sindh
	1536
	2176
	3712

	NWFP
	859
	1852
	2711

	Balochistan
	612
	1404
	2016

	Overall
	5597
	9223
	15820



Table 3.2: Profile of the PSLM 2007-08 
	Province
	PSLM 2007-08

	
	Urban
	Rural
	Total

	Primary Sampling Units

	Punjab
	240
	244
	484

	Sindh
	140
	131
	271

	NWFP
	88
	118
	206

	Balochistan
	64
	88
	152

	Total
	532
	581
	1113

	Secondary Sampling Units/ Households

	Punjab
	2768
	3868
	6636

	Sindh
	1672
	2193
	3765

	NWFP
	1049
	1888
	2937

	Balochistan
	766
	1408
	2174

	Overall
	6255
	9257
	15512


Table 3.3: Profile of the PSLM 2018-19 
	Province
	PSLM 2018-19

	
	Urban
	Rural
	Total

	Primary Sampling Units

	Punjab
	350 
	500 
	850

	Sindh
	248
	220
	468

	NWFP
	125
	194
	319

	Balochistan
	66
	99
	165

	Total
	789
	1013
	1802

	Secondary Sampling Units/ Households

	Punjab
	3945
	7836
	11781

	Sindh
	2719
	3497
	6216

	NWFP
	1450
	3035
	4485

	Balochistan
	759
	1568
	2327

	Overall
	8873
	15936
	24809



[bookmark: _Toc123124265]3.2 Variables
The main variables with definitions used in the study to evaluate the household income distribution are given below:
Table 3.4: Variables of the Study 
	Dependent Variable
	Explanation

	LNY
	Logarithm of monthaly income of worker 

	Independent Variables
	Explanation

	Gender:
1. Male
2. Female
	Gender of the worker
Base category
A dummy variable (1 if Female, 0 otherwise)

	Age:
Age square:
	Continuous variable
Continuous variable

	Education:
1. No Education
2. Primary Education
3. Secondary Education
4. Tertiary Education
	Education level of worker
Base category
Dummy variable (Primary = 1 if edu > 0 & edu ≤ 5, 0 otherwise)
Dummy variable (Secondary = 1 if edu >5 & edu ≤ 10 , 0 otherwise)
Dummy variable (Tertiary = 1 if edu >10, 0 otherwise)

	Occupation:
0. Army Persons
1. Professionals
2. Managers 
3. Technicians
4. Clerks 
5. Service Workers 
6. Agricultural
7. Craft 
8. Machine Operators
9. Elementary Occupations
	Occupation of the worker
Base Category
A dummy variable (1 if Occupation 1, 0 otherwise)
A dummy variable (1 if Occupation 2, 0 otherwise)
A dummy variable (1 if occupation 3, 0 otherwise)
A dummy variable (1 if occupation 4, 0 otherwise)
A dummy variable (1 if Occupation 5, 0 otherwise)
A dummy variable (1 if Occupation 6, 0 otherwise)
A dummy variable (1 if Occupation 7, 0 otherwise)
A dummy variable (1 if Occupation 8, 0 otherwise)
A dummy variable (1 if Occupation 9, 0 otherwise)

	Work Experience
	Work experience of individual

	Locality
1. Rural
2. Urban 
	Locality of the Worker 
(Base Category
A dummy variable (1 if Urban, 0 otherwise)

	Marital Status
	Marital status of the worker

	Province:
1. Punjab
2. Sindh
3. KPK
4. Baluchistan
	Province of the worker
Base Category
A dummy variable (1 if Sindh, 0 otherwise)
A dummy variable (1 if KPK, 0 otherwise)
A dummy variable (1 if Balouchistan, 0 otherwise)



Table 3.5: Description of Different Occupations of Households
	Occupation
	Description

	1. Professionals

	Legislators and Senior Officials, Corporate Managers and General Managers

	2. Managers/Professionals
	a) Physical and Mathematical
b) Physical, Mathematical and Engineering Science Professionals
c) Life Science and Health Professionals

	3. Technicians, and Associate Professionals
	a) Teaching Professionals
b) Other Professionals
c) Physical and Engineering Science Professionals
d) Live Science and Health Associate Professionals
e) Teaching Associate Professionals
f) Other Associate Professionals

	4. Clerks 
	a) Office Clerks
b) Customers Services Clerk

	5. Service Workers
	a) Personal and Protective Services Workers
b) Models, Sales Persons, and Demonstrators

	6. Skilled Agricultural and Fishery Workers 
	a) Market-Oriented Skilled Agricultural and Fishing Workers
b) Subsistence Agricultural and Fishing Workers

	7. Craft and Related Trades Workers
	a) Extraction and Building Trade Workers
b) Precision, Handicrafts, Painting and Related Trades Workers
c) Other Craft and Related Trades Workers

	8. Plant and Machine Operators and Assemblers
	a) Stationery-Plant Related Operators
b) Machine Operators and Assemblers
c) Drivers and Mobile Plant Operators

	9. Elementary Occupations 
	a) Sales and Services Elementary Occupations
b) Agricultural, Fishing, and Related Labourers
c) Labourers in Mixing, Construction, Manufacturing, and Transport


[bookmark: _Toc123124266]3.3 	Models
In this study, non-parametric and paramzetric methods are used to evaluate income distribution and decompose the changes in income distribution in Pakistan. 
[bookmark: _Toc123124267]3.3.1 	Kernel Density Estimation (KDE)
Kernel density estimation (KDE) is a non-parametric method to evaluate a random variable's probability density function based on a finite data sample was proposed by Ambrampson in 1982. The Concept of KDE of Probability density function (PDF) of continuous variable was introduced by Murray Rosenblatt in 1956 while was first applied by Dinardo et al., 1996, to assess wages' distribution and decompose wages changes to evaluate the changes in counterfactual distributions over time (Bourguignon et al., 2005). KDE is based on local bandwidth factor (λi) at each sample point which have unit mean and multiply a global fixed bandwidth (h) that controls the overall degree of smoothing while the local bandwidth stretch or shrink the sample points bandwidths to adapt to the density of the data.

Y1, Y2, Y3,… , YN is an independent and identically distributed sample of households' household income distribution with an unknown density f. Kernel density estimation calculates the density with the kernel function K as:


Where:

	fk
	=
	Is a non-negative function that has zero mean and integrates into one

	mi
	=
	Weights are given to each frequency of Y

	
	=
	Parameter Bandwidth (shows how many values are included in density estimation at each point). (hi = h × λi)

	Y
	=
	Income of households

	N
	=
	Number of Household earners



Kernel density function ( is nonnegative (also called second order kernel) and satisfies the following:



3.3.1.1 Bandwidth Selection:
The parameter of local Bandwidth  ensures the performance of KDF by minimizing the global measure of the error Mean Square Error. There are four methods to select optimal Bandwidth:
1. Reference Rule of Thumb
2. Plug-in Method
3. Least Square Cross Validation Method
4. Bootstrap Method
3.3.1.1.1 Reference Rule of Thumb
The pointwise mean square error (MSE) method is used to smooth and evaluate the properties of many kernel function by the bias and variance of the estimated kernel function:
                                    MSE 
                                    MSE 
                                    MSE 
Where:
	
	=
	Sample Standard Deviation

	n
	=
	Sample size


3.3.1.1.2 Plug-in Method:
Sheather and Jones (1991) proposed the Plug-in method which, involves the plugging the estimates of variance and bias in to the formula to select the bandwidth.



3.3.1.1.3 Cross Validation Method:
Cross Validation is of two types:
a) Least Square Cross Validation Method
b) Likelihood Cross Validation Method
3.3.1.1.4 Least Square Cross Validation Method:
Bowman (1984) and Rudemo (1982) proposed the Least Square Cross Validation method to select the z measured through the integrated square difference between  and :

The approach is higly sensitive to discretized data and small scale effects in the data.
a)  Likelihood Cross Validation Method
Likelihood Cross Validation Method Proposed by Geisser (1975) and Stone (1974) selects the Optimal Bandwidth  to maximize the (leave-one-out) log likelihood function as:

Where:
             is kernel estimator of fk (Yi) (leave-one-out) which is measured as:


Likelihood Cross Validation Method is oversmooth for cauchy distribution (fat tailed distribution).



b) Bootstrap Methods:
Faraway and Jhun (1990) proposed the bootstrap strap method based on intial density estimate to select the Optimal Bandwidth 
[bookmark: _Toc123124268]3.3.2	Oaxaca and Blinder Approach
Economists widely use the Oaxaca Blinder Decomposition Method to measure the differences and changes in income of groups accounted for exogenous variables. Oaxaca Blinder decomposition refers to the differences in means rather than the whole distribution of income. Oaxaca and Blinder (1973) found the following way for comparing the mean differences in two different populations of time t and t1. Suppose there are two different earning functions based on different populations of two different time t and t1 as:

                                                                                                      

            Where:
	
	The income of Individual i in time t

	
	Observed characteristics of individual i in time t (i.e. Gender, Experience, Experience Square, Education, Occupation, Remitences, etc. of individual i in time t)

	
	The income of Individual k in time t1 

	
	Observed characteristics of individual k in time t1 (i.e. Gender, Experience, Experience Square, Education, Occupation, Remitences, etc. of k in time t1)

	
	Coefficient measure the returns of related factors in time t & t1

	
	Error terms in time t &  t1 (which are the unexplained part and measures the labour market discrimination)



Oaxaca decomposition divides the mean earning gap into two parts. First, a separate earning function for different time periods is estimated with the explanatory variable that indicates sectoral choice.

 
                                                                
The earning gap between two earning equations of different time periods is measured by elementary transformation which leads change in means:
                               
The change in mean earning of population between time period t and t1 is combination of change in mean endowments at constant prices (endowment effect which is also called characteristic effect) and change in mprices at constant endowments (Price effect which is also called change in returns to characteristics). Former part is called explained, that shows earning gap due to difference in endowments between time period t and t1. The latter part is called unexplained, indicating the earning gap is due to market discrimination.
[bookmark: _Toc123124269]3.2.3	Quantile Regression Method
Quantile Regression-based decomposition method proposed by Melly (2005) is used to evaluate the income differences across two time periods. The technique involves the following three steps:
1. In the First step, the conditional quantile of income distributions is estimated using a quantile regression technique for different periods.
2. In the second step, the unconditional quantile of income distributions is measured by integrating the conditional distributions estimated in the first step over the whole range of regressor's distribution.
3. In the third step, differences in the income distributions estimated in the above mentioned two steps are decomposed into three components:
a) Captures the contribution of differences in estimated coefficients
b) Measures the differences in characteristics.
c) Differences in residuals measure the effect of unobserved factors



3.2.3.1 First Step of Quantile Regression:
For the estimation of conditional quantile of earnings distributions in the first step, let 
 is an independent sample drawn from a population where  is a K x 1 vector of regressors. We follow Koenker and Bassett (1978) and assume that:

             Where:
	        
	hth quantile of Yi conditional on Xi.

	              Yi
	Logarithm of household earnings

	              Xi
	Characteristics of households (education, experience, gender, ocuupation, locality etc.)

	
	Rate of return household characteristics




  is estimated as:
                                              

Where:
               is the indicator function. 
 can be estimated, separately for infinite number of quantile regressions. Suppose we want to compute  for J number of quantile regressions at different specific points and the unconditional quantile regression coefficients will be as:   

 3.2.3.2 Second Step of Quantile Regression:
 For the estimation of unconditional coefficients in the second step, for the  earning distributions by replacing conditional estimate in to the following to obtain unconditional estimates of earning distribution:


The above unconditional estimator simulates the counterfactual distributions that are used to decompose differences in distribution by taking the median as a measure of the central tendency of a distribution, we write earnings equation for the two different years (e.g., 1998, 2018) as:

Where:
	
	
	Coefficient Vector of median regression in time period t


3.2.3.3	Third Step of Quantile Regression:
In the third step, we can split the effects of changes in characteristics , coefficients  and residuals .  For the purpose, we first estimate the counterfactual distribution of earnings prevailed in 1998 by taking the individual attributes in 2018 by minimizing (1) over the distribution and using the coefficients estimated in 1998. The  quantile of this counterfactual distribution of earnings is as:

The final decomposition is as followed in Melly (2004) 
 

Where:
	
	is the  quantile of the distribution of earnings that would prevailed if all workers in 2018 would have been paid at the median of their conditional distribution of earnings by ignoring the effect of residuals

	
	The  quantile of the distribution of earnings that would prevailed if all workers in 2018 would have been paid at the median of their conditional distribution of earnings in 1998.

	
	The  quantile of the distribution of earnings that would prevailed if all workers in 2018 would have been paid at the conditional distribution of earnings in 1998.



Alternatively, in Melly (2005) the final decomposition is as:
	
	=
	 +  + 



Where:
	
	Effect of Change in Residuals

	
	Effect of Change in Coefficients

	
	Effect of change in distribution of Covarriates

	
	The quantile of the distribution of earnings would have prevailed if the median return to characteristics had been the same as in 2018 but the residuals had been distributed as in 1998.

	
	The quantile of the distribution of earnings that would prevailed if individual characteristics were at their 2018 level and workers have been paid according to the earnings observed in 1998.



In both of the above expressions, on the right-hand side the first square bracket shows the effect of changes in residuals, the second square bracket shows the effects of changes in coefficients and the third square bracket shows the effects of changes in the distribution of the covariates. The Pay gap may be different at the lower and upper tails of earning distribution. The wider wage gap at the top of distribution is called the Glass Ceiling Effect, suggesting that temporary in the high-income jobs are paid less than their permanent counterparts. In contrast when the gap widens at the bottom of the wage distribution is called Sticky Floor Effect refers to an opposite situation.
Chapter 4: 
Results and Discussion

[bookmark: _Hlk112846092]This section provides the income distribution of workers by using the household data of Pakistan from 1998 to 2018. The income distribution of workers is evaluated subject to the time, gender, locality and province. The findings of the study are divided into 04 sections: section 1, describes the data and sample statistics; section 2, provides the Kernel Density Estimates (KDE) of the log monthly wages of workers; section 3, explains the Oaxaca-Blinder decomposition of the log monthly wages of workers; and section 4, elaborates the Quantile Decomposition of wage differential of workers.
4.1. [bookmark: _Toc123124270]Data and Sample Statistics: 
[bookmark: _Hlk111805537][bookmark: _Hlk112835524]The study uses the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. All the used sets provide a piece of detailed and comprehensive information on individuals’ characteristics. Considering the standard labour force definition, only individuals aged 15 to 65 are kept in the samples. The final sample includes 16197, 23000 and 27488 observations from the above-mentioned data sets respectively. These samples are described in Table 4.1, which documents several changes that occurred over time in Pakistan’s labor market during 20 years period from 1998 to 2018. The average monthly income increased from Rs. 5443 to Rs. 6817, showing about a 25 percent increase in monthly income from 1998 to 2018. The average education of workers increased by 8 percent from 5.38 years of schooling to 5.78. Experience of the labour force is measured through (age of worker – years of schooling – 5), the average experience of the workers remained almost same over the time. The composition of the labor force has changed to some extent; the proportion of females has increased from 9 percent in 1998 to 17 percent in 2018. The majority of the workers in all samples are married 72 percent in 1998 to 74 percent. The proportionate share of workers of Punjab increased by 4 percent, Sindh increased by 2 percent, Baluchistan declined by 6 percent, and KPK remained unchanged over time.


[bookmark: _Toc341513307]Table 4.1: Socio-economic Characteristics of Respondents
	
	1998
	2007
	2018

	Income (in Rupees) 
	5443
	6810
	6817

	Years of schooling
	5.38
	5.66
	5.78

	Experience 
	24.87
	25.60
	25.87

	Gender

	Male 
	91%
	89%
	83%

	Female
	9%
	11%
	17%

	Marital status

	Married 
	72%
	72%
	74%

	Unmarried 
	28%
	28%
	26%

	Region

	Urban
	48%
	43%
	35%

	Rural
	52%
	57%
	65%

	Province

	Punjab
	39%
	42%
	43%

	Sind 
	29%
	26%
	31%

	KPK
	17%
	18%
	17%

	Baluchistan 
	15%
	14%
	9%

	No. of observations
	16197
	23000
	27488



[bookmark: _Toc341513308]Table 4.2: Distribution of Workers by Occupation Overtime
	Occupations
	1998
	2007
	2018

	Elementary 
	27%
	30%
	27%

	Service 
	19%
	16%
	11%

	Craft 
	12%
	9%
	15%

	Agriculture
	10%
	17%
	19%

	Plant and Machine Operators 
	9%
	7%
	7%

	Professionals
	6%
	5%
	6%

	Technician 
	6%
	6%
	3%

	Clerk
	5%
	4%
	3%

	Manager
	1%
	2%
	7%



[bookmark: _Hlk111819290]Table 4.2 shows the distribution of workers by occupation from 1998 to 2018. The proportionate share of workers from various profession categories stayed almost stable during the given period. The majority of works in all three data sets are employed in the elementary category while the least is from the manager’s category. 

Table 4.3 shows the average monthly earnings and proportionate differences by occupation over a given time. The ranking of occupational earnings almost stayed stable while earning differences among workers increased. Managers are at rank first in earnings ranking in all the years while elementary occupations are the lowest. Earnings for all the occupations increased during the period managers showed the highest growth followed by the skilled agriculture and fisheries workers. The lowest growth in earnings is for workers in Plant and machine operators and assemblers.
[bookmark: _Toc341513309]Table 4.3: Average Monthly Income of Workers by Occupations Overtime (In Rupees)
	Category
	Average Income
	Changes (Percent)

	
	1998
	2007
	2018
	1998-07
	2007-18
	1998-18

	Manager
	19374
	26167
	28451
	35%
	9%
	47%

	Professional
	9862
	11814
	12354
	20%
	5%
	25%

	Technician
	8958
	10406
	11262
	16%
	8%
	26%

	Clerk
	7250
	9000
	9240
	24%
	3%
	27%

	Service
	6229
	7636
	7839
	23%
	3%
	26%

	Agriculture
	4877
	6743
	6933
	38%
	3%
	42%

	Craft
	4457
	5144
	5626
	15%
	9%
	26%

	Operator
	5727
	6446
	6527
	13%
	1%
	14%

	Elementary
	3995
	4288
	4877
	7%
	14%
	22%



[bookmark: _Hlk111985488]Table 4.4 shows the average log of monthly income by the level of education and proportionate change in income over time. Educational attainment and average earnings have a positive association; average earnings increased with the level of education over time. The highest mean earnings have been observed for the workers having tertiary education. Income Inequality increased over time for the workers having secondary and tertiary education. Income inequality decreased over time for the workers having no education. Tertiary level education has grown faster than those with lower levels over the.

Table 4.4: Average Monthly log Income of Workers by Level of Education Overtime 
	Education Level
	Mean of Log Wages
	Changes (Percent)

	
	1998
	2007
	2018
	

	
	Obs
	Mean
	Obs
	Mean
	Obs
	Mean
	1998-07
	2007-18
	1998-18

	No Education
	6,205
	7.95
	8,586
	8.07
	11,427
	7.93
	1.51%
	-1.73%
	-0.25%

	Primary
	2,856
	8.15
	3,762
	8.31
	4,422
	8.30
	1.97%
	-0.12%
	1.84%

	Secondary
	5,592
	8.41
	8,271
	8.61
	9,108
	8.68
	2.37%
	0.83%
	3.22%

	Tertiary
	1,544
	9.09
	2,381
	9.25
	2,531
	9.28
	1.69%
	0.42%
	2.12%

	Total
	16,197
	8.40
	23,000
	8.56
	27,488
	8.55
	1.89%
	-0.12%
	1.77%



Table 4.5: Average Monthly log Income of Workers by Gender Overtime 
	Gender
	Mean of Log Wages
	Changes (Percent)

	
	1998
	2007
	2018
	

	
	Obs
	Mean
	Obs
	Mean
	Obs
	Mean
	1998-07
	2007-18
	1998-18

	Female
	1,538
	7.52
	2,611
	7.35
	4,800
	7.02
	-2.20%
	-4.54%
	-6.64%

	Male
	14,659
	8.33
	20,389
	8.56
	22,688
	8.64
	2.79%
	0.99%
	3.81%

	Total
	16,197
	7.92
	23,000
	7.96
	27,488
	7.83
	0.42%
	-1.57%
	-1.15%



Table 4.5 shows the average log of monthly income by gender and proportionate change in income over time. The participation rate of both males and females increased over time. The average income of females decreased over time showing a decrease in income inequality. The average income of males increased over time showing an increase in income inequality. The average earnings are lower for females as compared to males. The growth rate in average income for females declines over time except for tertiary education level. The growth rate in average income for females declines over time except for tertiary education level. The growth rate in average income for males increased over time for all categories of education level. This shows rapid growth in earnings and a sharp improvement in the relative male position in the labour market over time. The average earning gap between male and female workers increased over time.




Figure 4.1: Average Monthly Earnings by Education Levels (Males) (1998-2018)


Figure 4.2: Average Monthly Earnings by Education Levels (Females) (1998-2018)


Figure 4.3: Average Monthly Earnings Gap between Males and Females (1998-2018)

Table 4.6: Average Monthly log Income of Workers by Locality Overtime 
	Locality
	Mean of Log Wages
	Changes (Percent)

	
	1998
	2007
	2018
	

	
	Obs
	Mean
	Obs
	Mean
	Obs
	Mean
	1998-07
	2007-18
	1998-18

	Rural
	8,392
	8.05
	13,118
	8.26
	17,744
	8.17
	2.62%
	-1.12%
	1.47%

	Urban
	7,805
	8.46
	9,882
	8.63
	9,744
	8.70
	2.02%
	0.82%
	2.86%

	Total
	16,197
	8.26
	23,000
	8.45
	27,488
	8.44
	2.31%
	-0.13%
	2.18%



Table 4.6 shows the average log of monthly income by locality and proportionate change in income over time. The participation rate of workers increased over time except for the participation proportion of urban workers. The average income of the urban and rural workers increased over time except for the rural workers between 2007 and 2018. The growth rate in the average income of urban workers is more than the growth rate in the average income of rural workers. The average income gap between rural and urban workers narrowed and widened afterwards. 

Figure 4.3: Average Monthly Earnings Gap between Rural and Urban Workers (1998-2018)


Table 4.7 shows the average log of monthly income by province and proportionate change in income over time. The participation rate of workers increased between 1998 and 2018 for all provinces except for the KPK and Baluchistan between 1998 and 2007. Income inequality in Sindh decreased over time. The average income of the KPK and Baluchistan workers increased over time showing an increase in inequality. The average income of Punjab decreased between 2007 and 2018 and increased in the other two time periods. The growth rate in the average income of the KPK workers is the highest while the growth rate in the average income of the Workers from Sindh is the least throughout the given time. The average income gap between Baluchistan and Punjab workers narrowed between 1998 and 2007 and widened afterwards. The average income gap between KPK and Punjab increased over time. The average income of Sindh was more than Punjab before 2007 and less afterwards.

Table 4.7: Average Monthly log Income of Workers by Province Overtime (1998-2018) 
	Province
	Mean of Log Wages
	Changes (Percent)

	
	1998
	2007
	2018
	

	
	Obs
	Mean
	Obs
	Mean
	Obs
	Mean
	1998-07
	2007-18
	1998-18

	Sindh
	4,646
	8.31
	5,970
	8.40
	8,524
	8.22
	1.08%
	-2.13%
	-1.08%

	KPK
	2,788
	8.15
	4,037
	8.46
	4,690
	8.61
	3.75%
	1.75%
	5.56%

	Baluchistan
	2,426
	8.50
	3,207
	8.52
	2,538
	8.65
	0.28%
	1.51%
	1.79%

	Punjab
	6,337
	8.16
	9,786
	8.39
	11,736
	8.30
	2.87%
	-1.04%
	1.80%

	Total
	16,197
	8.28
	23,000
	8.44
	27,488
	8.44
	1.97%
	0.03%
	2.00%



Figure 4.3: Average Monthly Earnings Gap between Rural and Urban Workers (1998-2018


[bookmark: _Toc123124271]4.2 Kernel Density Estimates:
[bookmark: _Hlk112836288]This section provides the kernel density estimates (KDE) of the log monthly wages of workers subject to the time, gender, locality and province for the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. The income density function shows the concentration of the population at each income level in different periods. The rule of thumb to evaluate income inequality is the concentration of the population around the mean income,  the higher the concentration of the population around mean income shows the lower the inequality and vice versa.
[bookmark: _Hlk112835414]Figure 4.4: Kernel Density of Log Monthly Wages
[image: ]

[bookmark: _Hlk112835744]Figure 4.4 shows the kernel density of the log real monthly wages of employees between 1998 and 2018. The income density function shows the concentration of the population at each income level in different periods. The dotted line shows the income density for the 1998-99 data, the dashed line shows the income density of the population for the 2007-08 data, and the smooth line shows the income density for the 2018-19 data. The rule of thumb is that the higher the concentration of population around the mean income, the lower the inequality will be. The Mountain of the income density for 1998-99 data is higher than 2007-08 and 2018-19 data showing that income inequality increased over time.

[bookmark: _Hlk111641380][bookmark: _Hlk111653063][bookmark: _Hlk111653618]Figure 4.5 shows the kernel density of log real monthly wages of male and female employees between 1998 and 2018. The income density function shows the concentration of the population at each income level in different periods. The dotted line shows the income density for the 1998-99 data, the dashed line shows the income density of the population for the 2007-08 data, and the smooth line shows the income density for the 2018-19 data. Mountain of the income density for 2007-08 and 2018-19 data of males shift right word at lower and higher income groups showing that income inequality increased over time at lower and higher income groups of males. The female income distribution has a multimodal shape in 1998-99 which differed significantly in 2007-08 and 2018-19 and became a unimodal shape and the concentration of the population at each income level around the mean increased which shows that income inequality for female labour force decreased over the time.
 Figure 4.5: Kernel Density of Log Real Monthly Wages of Males and Females 
[image: ]

[bookmark: _Hlk111653434]Figure 4.6 shows the kernel density of log real monthly wages of employees for different education categories between 1998 and 2018. The income density function shows the concentration of the population at each income level in different periods. The dotted line shows the income density for the 1998-99 data, the dashed line shows the income density of the population for the 2007-08 data, and the smooth line shows the income density for the 2018-19 data. The Mountain of the income density of uneducated employees for 2007-08 is higher and concentrated around the mean shows the decline in inequality while in  2018-19 income distribution shifts below and shows an increase in inequality. The concentration of the population in the income distribution of the Primary category increases at each income level around the mean over time showing a decline in income inequality. The concentration of the population in the income distribution of the secondary category decreases at each income level around the mean over time showing an increase in income inequality. The concentration of the population in the income distribution of the tertiary category decreases at each income level around the mean over time and the distribution curves for 2007-08 and 2017-18 shifted rightward showing an increase in income inequality.
[bookmark: _Hlk111641929]Figure 4.6: Kernel Density of Log Real Monthly Wages of Employees Based on Education Level
[image: ]

[bookmark: _Hlk111715144]Figure 4.7 shows the kernel density of log real monthly wages of employees for different provinces of Pakistan between 1998 and 2018. The income density function shows the concentration of the population at each income level in different periods. The dotted line shows the income density for the 1998-99 data, the dashed line shows the income density of the population for the 2007-08 data, and the smooth line shows the income density for the 2018-19 data. The concentration of the population in the income distribution of Sindh increases at each income level around the mean over time showing a decline in income inequality. The concentration of the population in the income distribution of KPK, Balouchistan, and Punjab decreases at each income level around the mean over time showing an increase in income inequality. 
Figure 4.7: Kernel Density of Log Real Monthly Wages of Employees from Provinces
[image: ]

Figure 4.8: Kernel Density of Log Real Monthly Wages of Employees from Rural & Urban Areas
[image: ]


Figure 4.8 shows the kernel density of log real monthly wages of urban and rural employees between 1998 and 2018. The income density function shows the concentration of the population at each income level in different periods. The dotted line shows the income density for the 1998-99 data, the dashed line shows the income density of the population for the 2007-08 data, and the smooth line shows the income density for the 2018-19 data. The concentration of the population in the income distribution of both urban and rural employees decreases at each income level around the mean over time showing an increase in income inequality. But increase in income inequality of urban workers is more than that of rural workers. 

Figure 4.9 shows the kernel density of log real monthly wages of workers in different professions between 1998 and 2018. The income density function shows the concentration of the population at each income level in different periods. The dotted line shows the income density for the 1998-99 data, the dashed line shows the income density of the population for the 2007-08 data, and the smooth line shows the income density for the 2018-19 data. The concentration of the population in the income distribution of employees working in plant and machine operators and assemblers and elementary occupations category increases at each income level around the mean over time showing a decrease in income inequality. Otherwise, all other categories of professions showed an increase in income inequality over time.

Figure 4.9: Kernel Density of Log Real Monthly Wages of Employees Working in Different Professions
[image: ]
[bookmark: _Toc123124272]4.3 Oaxaca-Blinder Decomposition:
This section explains the Oaxaca-Blinder decomposition of the log monthly wages of workers subject to the time, gender, locality and province for the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. The mean earning gaps for the different periods are measured and further decomposed into endowment and coefficient effects. The positive wage gap shows an increase in income inequality and vice versa. The endowment effect shows the effect of workers’ characteristics at constant prices while the endowment effect elaborates the change in returns to the characteristics.
Table 4.8:	 OLS Results between 1998 and 2018
	Variables
	Explanation
	1998-99
	2007-08
	2018-19

	Education
	Education
	0.0602***
	0.066***
	0.0678***

	Experience
	Experience
	0.049***
	0.051***
	0.0581***

	Expsq
	Experience Square
	-0.00658***
	-0.0006***
	-0.000706***

	Gender
	
	
	
	

	Female
	Female
	-0.756***
	-1.148***
	-1.403***

	Province
	
	
	
	

	Sind
	Sind
	0.139***
	-0.052***
	-0.0156

	KPK
	Khyber Pakhtunkhwa
	0.0299*
	-0.0207
	0.0914***

	Bal
	Baluchistan
	0.342***
	0.00151
	0.194***

	Locality
	
	
	
	

	Urban
	Urban
	0.226***
	0.186***
	0.226***

	Marital Status
	
	
	
	

	Married
	Married
	0.171***
	0.166***
	0.0956***

	Profession
	
	
	
	

	leg_sen_man
	Legislators, Senior Officials and Managers
	1.083***
	1.442***
	0.860***

	Professional
	Professionals 
	0.705***
	0.974***
	0.960***

	tech_a_proff
	Technicians and Associate Professionals
	0.647***
	0.859***
	0.682***

	Clerk
	Clerks
	0.514***
	0.654***
	0.560***

	service_sale
	Service, Shop & Market Workers
	0.531***
	0.605***
	0.419***

	agri_fishery
	Agricultural & Fishery Workers
	-0.148***
	0.542***
	0.488***

	Craft
	Craft & Related Trade Workers
	0.363***
	0.452***
	0.300***

	plant_machin
	Plant & Machine Operators
	0.576***
	0.607***
	0.502***

	_cons
	
	6.586***
	6.676***
	6.759***


where * p<0.10, ** p<0.05, & *** p<0.01

Table 4.8 shows the OLS results in all the 03 time periods i.e., 1998, 2007 and 2018. Log of monthly income is a dependent variable while worker’s characteristics (education, experience, gender, locality, province, and Profession) are the independent variable. All the variables are statistically significant at a 0.01 confidence interval except the KPK and Baluchistan in 2007/08 and Sindh in 2018/19. Education and experience significantly increase the average income. the average income of females is lower than their male counterparts. A married person’s income is higher than their unmarried counterparts. Urban people earn higher than rural people.
[bookmark: _Hlk112848252]Table 4.9:	Oaxaca-Blinder Decomposition between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	8.251***
(1245.34)
	8.423***
(1404.57)
	8.423***
(1404.57)
	8.361***
(1315.59)
	8.251***
(1245.34)
	8.361***
(1315.59)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	0.172 ***
(-19.26)
	 ↑ 2.08%
	-0.062***
(7.11)
	  ↓ 0.74%
	0.110***
(11.98)
	 ↑ 1.33%

	Endowments
	-0.008
(-0.28)
	  ↓ 8.74%
	-0.119***
(17.10)
	  ↓ 191.63%
	-0.131***
(-17.46)
	  ↓ 210.95%

	Coefficients
	0.229 ***
(-31.49)
	 ↑ 262.31%
	0.013*
(1.97)
	 ↑ 20.45%
	0.249***
(32.61)
	 ↑ 400.97%

	Interaction
	-0.049 ***
(13.54)
	  ↓ 55.90%
	0.045***
(13.39)
	 ↑ 71.66%
	-0.008
(-1.47)
	  ↓ 12.82%

	Number of Observations
	39197
	50488
	43685


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values

Table 4.9 presents the results of the Oaxaca-Blinder decomposition for the labour force between 1998-2018. The results are divided into two main components: difference and decomposition. The mean of the log wages is 8.251 in 1998/99, 8.423 in 2007/08, and 8.361 in 2018/19. The wage gaps are; 0.172 between 1998-2017, -0.062 between 2017-2018, and 0.110 between 1998-2018; significant at a 1% significance level. The wage gap was positive between 1998-2018 and 1998-2018, implying that the wage inequality increased in that period mainly due to the coefficient component, while the wage gap was negative between 2007-2018, showing the decrease in wage inequality due to the endowment component. The endowment component of decomposition is negative for all years of interest and highly significant except for the wage gap between 1998 and 2007, which implies that if the labour force working in 2007/08 and 2018/19 have characteristics of the labour force of 1998/99, their wages would be lower. The coefficients component is highly significant and positive for all the years, meaning that applying the coefficients of the labour force in 2007/08and 2018/19 to the characteristics of the labour force in 1998/99, their wages would on average increase. The interaction component accounts for both the endowments and the coefficients effect simultaneously between the two groups affects the difference in outcome to a small degree. The interaction component is negative between 1998-2007 and 1998-2018 whereas positive between 2007-2018 and has a high p-value, except for 1998-2019. 
Table 4.10:	Oaxaca-Blinder Decomposition of Males between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	[bookmark: _Hlk110250830]8.328***
(1263.94)
	[bookmark: _Hlk110250852]8.560***
(1571.19)
	8.560***
(1571.19)
	[bookmark: _Hlk110250868]8.645***
(1671.81)
	8.328***
(1263.94)
	8.645***
(1671.81)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	[bookmark: _Hlk110250909]0.232 ***
(27.17)
	 ↑ 2.79%
	0.085***
(11.29)
	 ↑ 0.99%
	[bookmark: _Hlk110251013]0.317***
(37.86)
	 ↑ 3.81%

	Endowments
	0.013 *
(2.36)
	 ↑ 5.47%
	0.011*
(2.25)
	 ↑ 13.21%
	0.024***
(4.33)
	 ↑ 7.51%

	Coefficients
	0.276 ***
(38.71)
	 ↑ 118.97%
	0.041***
(6.40)
	 ↑ 48.70%
	0.360***
(47.49)
	 ↑ 113.56%

	Interaction
	-0.056 ***
(-15.32)
	  ↓ 24.27%
	0.032***
(9.93)
	 ↑ 38.09%
	-0.066***
(-13.37)
	  ↓ 20.95%

	Number of Observations
	35048
	43077
	37347


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values


Table 4.10 presents the results of the Oaxaca-Blinder decomposition for the male labour force between 1998-2018. The mean of the log wages is 8.328 in 1998/99, 8.560 in 2007/08, and 8.645 in 2018/19. The wage gaps are; 0.232 between 1998-2017, 0.085 between 2007-2018, and 0.317 between 1998-2018, which are significant at a 1% significance level. The wage gap was positive between 1998-2018, implying that the male wage inequality increased in that period mainly due to the increase in endowment and coefficient components. The endowment component of decomposition is positive and statistically significant for all years of interest, which implies that if the male labour force working in 2007/08 and 2018/19 have characteristics of the male labour force of 1998/99, their wages would on average increase. The coefficients component is positive and statistically significant for all the years, meaning that applying the coefficients of the male labour force in 2007/08and 2018/19 to the characteristics of the male labour force in 1998/99, their wages would on the average increase. The interaction component accounts for both the endowments and the coefficients effect simultaneously between the two groups and have a small effect on the difference in the outcome. The interaction component has a high p-value and is negative between 1998-2007 and 1998-2018 whereas positive between 2007-2018. 
Table 4.11:	Oaxaca-Blinder Decomposition of Females between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	[bookmark: _Hlk110257881]7.517 ***
(322.79)
	[bookmark: _Hlk110257903]7.352 ***
(333.14)
	7.352 ***
(333.14)
	[bookmark: _Hlk110257931]7.018***
(424.95)
	7.517 ***
(322.79)
	7.018***
(424.95)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	[bookmark: _Hlk110258002]-0.165***
(-5.15)
	  ↓ 2.20%
	[bookmark: _Hlk110258031]-0.334***
(-12.11)
	  ↓ 4.54%
	[bookmark: _Hlk110258051]-0.499***
(-17.48)
	  ↓ 6.64%

	Endowments
	-0.029
(-1.08)
	  ↓ 17.45%
	-0.294***
(-12.57)
	  ↓ 88.02%
	-0.348***
(-12.34)
	  ↓ 69.74%

	Coefficients
	-0.153***
(-6.14)
	  ↓ 92.73%
	-0.067**
(-3.18)
	  ↓ 19.97%
	-0.279***
(-10.30)
	  ↓ 55.91%

	Interaction
	0.017
(1.20)
	 ↑ 10.06%
	0.027*
(1.97)
	 ↑ 8.02%
	0.128***
(5.34)
	 ↑ 25.65%

	Number of Observations
	4149
	7411
	6338


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values

Table 4.11 presents the results of the Oaxaca-Blinder decomposition for the female labour force between 1998-2018. The mean of the log wages is 7.517 in 1998/99, 7.352 in 2007/08, and 7.018 in 2018/19. The wage gaps are; -0.165 between 1998-2017, -0.334 between 2007-2018, and -0.499 between 1998-2018, which are significant at a 1% significance level. The wage gaps are negative between 1998-2018, implying that the female wage inequality decreased in that period mainly due to the decrease in endowment and coefficient components. The endowment component of decomposition is negative for all data sets and statistically significant except for 1998-2007, which implies that if the female labour force working in 2007/08 and 2018/19 have characteristics of the female labour force of 1998/99, their wages would on the average decrease. The coefficients component is also negative and statistically significant for all the years, meaning that applying the coefficients of the female labour force in 2007/08 and 2018/19 to the characteristics of the female labour force in 1998/99, their wages would on the average decrease. The interaction component accounts for both the endowments and the coefficients effect simultaneously between the two groups and have a small effect on the difference in the outcome. The interaction component is positive for all periods and is statistically significant for the difference between 2007-2018 and 1998-2018 while statistically insignificant for the difference between 1998-2007.



Table 4.12:	Oaxaca-Blinder Decomposition of Urban Labour Force between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	8.463 ***
(882.24)
	8.633 ***
(946.34)
	8.633 ***
(946.34)
	8.704***
(889.62)
	8.463 ***
(882.24)
	[bookmark: _Hlk110262458]8.704***
(889.62)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	0.171 ***
(12.89)
	 ↑ 2.02%
	[bookmark: _Hlk110262547]0.071***
(5.31)
	 ↑ 0.82%
	0.242***
(17.63)
	 ↑ 2.86%

	Endowments
	0.053 ***
(5.34)
	 ↑ 30.76%
	0.018
(1.72)
	 ↑ 25.21%
	0.065**
(5.93)
	 ↑ 26.78%

	Coefficients
	0.128 ***
(13.00)
	 ↑ 74.85%
	0.011
(1.07)
	 ↑ 15.21%
	0.181***
(16.59)
	 ↑ 74.79%

	Interaction
	-0.010 **
(-2.99)
	  ↓ 5.75%
	0.042***
(7.74)
	 ↑ 59.58%
	-0.004
(-0.67)
	  ↓ 1.78%

	Number of Observations
	17687
	19626
	17549


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values

[bookmark: _Hlk110264115]Table 4.12 presents the results of the Oaxaca-Blinder decomposition for the urban labour force between 1998-2018. The mean of the log wages is 8.463 in 1998/99, 8.633 in 2007/08, and 8.704 in 2018/19. The wage gaps are; 0.171 between 1998-2017, 0.071 between 2007-2018, and 0.242 between 1998-2018, which are significant at a 1% significance level. The wage gaps are positive between 1998-2018, implying that the wage inequality of the urban labour force increased in that period mainly due to the increase in endowment and coefficient components. The endowment component of decomposition is positive for all data sets and statistically significant except for 2007-2019, which implies that if the urban labour force working in 2007/08 and 2018/19 have characteristics of the urban labour force of 1998/99, their wages would on the average increase. The coefficients component is also positive for all data sets and statistically significant except for 2007-2019, meaning that applying the coefficients of the urban labour force in 2007/08and 2018/19 to the characteristics of the urban labour force in 1998/99, their wages would on the average increase. The interaction component accounts for both the endowments and the coefficients are negative except for the difference between 2007-2018 and is significant for the difference between 1998-2007 and 2007-2018 while insignificant for the difference between 1998-2018.

Table 4.13 presents the results of the Oaxaca-Blinder decomposition for the rural labour force between 1998-2018. The mean of the log wages is 8.053 in 1998/99, 8.264 in 2007/08, and 8.172 in 2018/19. The wage gaps are; 0.211 between 1998-2017, -0.0922 between 2007-2018, and 0.119 between 1998-2018, which are significant at a 1% significance level. The wage gaps are positive between 1998-2007 and 1998-2018, implying that the wage inequality of the rural labour force increased in that period mainly due to the increase in the coefficient component. The wage gap is negative between 2007-2018 due to a decrease in the endowment component. The endowment component of decomposition is negative and statistically significant at a 1% significance level for all data sets, which implies that if the rural labour force working in 2007/08 and 2018/19 have characteristics of the rural labour force of 1998/99, their wages would on the average decrease. The coefficients component is positive and statistically significant for all data sets, meaning that applying the coefficients of the rural labour force in 2007/08 and 2018/19 to the characteristics of the rural labour force in 1998/99, their wages would on the average increase. The interaction component accounts for both the endowments and the coefficients are negative except for the difference between 2007-2018 and is significant for the difference between 1998-2007 and 2007-2018 while insignificant for the difference between 1998-2018. 
Table 4.13:	Oaxaca-Blinder Decomposition of Rural Labour Force between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	[bookmark: _Hlk110266690]8.053 ***
(933.61)
	[bookmark: _Hlk110266709]8.264 ***
(1076.80)
	8.264 ***
(1076.80)
	8.172 ***
(1034.38)
	8.053 ***
(933.61)
	[bookmark: _Hlk110266728]8.172 ***
(1034.38)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	[bookmark: _Hlk110266752]0.211 ***
(18.25)
	 ↑ 2.62%
	-0.0922***
(-8.37)
	  ↓ 1.12%
	[bookmark: _Hlk110266814]0.119***
(10.13)
	 ↑ 1.48%

	Endowments
	-0.031 ***
(-3.68)
	  ↓ 14.45%
	-0.160***
(-18.33)
	  ↓ 173.54%
	-0.192***
(-20.06)
	  ↓ 161.34%

	Coefficients
	0.313 ***
(32.13)
	 ↑ 148.34%
	0.022*
(2.52)
	 ↑ 23.97%
	0.322***
(29.41)
	 ↑ 270.59%

	Interaction
	-0.072 ***
(-11.60)
	  ↓ 34.08%
	0.046**
(8.81)
	 ↑ 49.46%
	-0.012
(-1.30)
	  ↓ 9.66%

	Number of Observations
	21510
	30862
	26136


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values


[bookmark: _Hlk110274569]Table 4.14 presents the results of the Oaxaca-Blinder decomposition for the labour force of Punjab between 1998-2018. The mean of the log wages is 8.158 in 1998/99, 8.392 in 2007/08, and 8.304 in 2018/19. The wage gaps are; 0.234 between 1998-2017, -0.0873 between 2007-2018, and 0.147 between 1998-2018, which are significant at a 1% significance level. The wage gaps are positive between 1998-2007 and 1998-2018, implying that the wage inequality of Punjab’s labour force increased in that period mainly due to the increase in the coefficient component. The wage gap is negative between 2007-2018 due to a decrease in endowment and coefficient components. The endowment component of decomposition is negative and statistically significant at a 1% significance level for all data sets, which implies that if the labour force of Punjab working in 2007/08 and 2018/19 have characteristics of the labour force of Punjab in 1998/99, their wages would on the average decrease. The coefficients component is positive and statistically significant for the difference between 1998-2007 and 1998-2018, meaning that applying the coefficients of the labour force of Punjab in 2007/08 and 2018/19 to the characteristics of the labour force of Punjab in 1998/99, their wages would on the average increase. The coefficients component is negative and statistically significant for the difference between 2007-2018, meaning that applying the coefficients of the labour force of Punjab in 2018/19 to the characteristics of the labour force of Punjab in 2007/08, their wages would on the average decrease.  The interaction component accounts for both the endowments and the coefficients are positive except for the difference between 1998-2007 and is significant for the difference between 1998-2007 and 2007-2018 while insignificant for the difference between 1998-2018. 


Table 4.14:	Oaxaca-Blinder Decomposition of Punjab between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	[bookmark: _Hlk110272737]8.158 ***
(758.10)
	8.392 ***
(814.69)
	8.392 ***
(814.69)
	8.304 ***
(768.98)
	8.158 ***
(758.10)
	[bookmark: _Hlk110272794]8.304 ***
(768.98)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	0.234 ***
(15.71)
	 ↑ 2.87%
	-0.0873***
(-5.85)
	  ↓ 1.04%
	0.147***
(9.62)
	 ↑ 1.80%

	Endowments
	-0.035 **
(-3.00)
	  ↓ 15.13%
	-0.085***
(-7.09)
	  ↓ 97.59%
	-0.122***
(-9.36)
	  ↓ 82.99%

	Coefficients
	0.325 ***
(27.55)
	 ↑ 138.89%
	-0.040***
(-3.80)
	  ↓ 45.36%
	0.253***
(19.80)
	 ↑ 172.11%

	Interaction
	-0.056 ***
(-8.42)
	  ↓ 23.72%
	0.038***
(7.65)
	 ↑ 42.96%
	0.016
(1.72)
	 ↑ 10.88%

	Number of Observations
	16123
	21522
	18073


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values





Table 4.15:	Oaxaca-Blinder Decomposition of KPK between 1998/99, 2007/8, and 2018/19
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	8.153 ***
(502.90)
	8.458***
(645.38)
	8.458***
(645.38)
	8.606 ***
(645.40)
	8.153 ***
(502.90)
	8.606 ***
(645.40)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	0.305***
(14.65)
	 ↑ 3.74%
	[bookmark: _Hlk110336462]0.148***
(7.91)
	 ↑ 1.75%
	[bookmark: _Hlk110336493]0.453 ***
(21.60)
	 ↑ 5.56%

	Endowments
	0.011
(0.82)
	 ↑ 3.54%
	0.033*
(2.56)
	 ↑ 22.09%
	0.045 **
(3.13)
	 ↑ 9.82%

	Coefficients
	0.281***
(16.97)
	 ↑ 92.13%
	0.067**
(3.78)
	 ↑ 45.41%
	0.410 ***
(22.43)
	 ↑ 90.51%

	Interaction
	0.014*
(2.08)
	 ↑ 4.49%
	0.048**
(4.24)
	 ↑ 32.43%
	-0.001
(-0.12)
	  ↓ 0.30%

	Number of Observations
	6825
	8727
	7478


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values

Table 4.15 presents the results of the Oaxaca-Blinder decomposition for the labour force of KPK between 1998-2018. The mean of the log wages is 8.153 in 1998/99, 8.458 in 2007/08, and 8.606 in 2018/19. The wage gaps are; 0.305 between 1998-2017, 0.148 between 2007-2018, and 0.453 between 1998-2018, which are significant at a 1% significance level. The wage gaps are positive between for all data sets, implying that the wage inequality of KPK’s labour force increased in that period mainly due to the increase in the endowment and coefficient components. The endowment component of decomposition is positive for all data sets and statistically significant except for the difference between 1998-2007, which implies that if the labour force of KPK working in 2007/08 and 2018/19 have characteristics of the labour force of KPK in 1998/99, their wages would on the average increase. The coefficients component is also positive and statistically significant for the all-data sets, meaning that applying the coefficients of the labour force of KPK in 2007/08 and 2018/19 to the characteristics of the labour force of KPK in 1998/99, their wages would on the average increase. The interaction component accounts for both the endowments and the coefficients, is positive except for the difference between 1998-2018 and is significant for the difference between 1998-2007 and 2007-2018 while insignificant for the difference between 1998-2018. 



Table 4.16:	Oaxaca-Blinder Decomposition of Sindh between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	8.306***
(679.21)
	8.395***
(744.49)
	8.395***
(744.49)
	8.216***
(765.60)
	8.306***
(679.21)
	8.216***
(765.60)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % 
Share
	Mean Share
	▲ % Share

	Difference
	[bookmark: _Hlk110354573]0.090***
(5.38)
	 ↑ 1.08%
	[bookmark: _Hlk110354593]-0.179***
(-11.51)
	  ↓ 2.13%
	-0.090***
(-5.51)
	  ↓ 1.08%

	Endowments
	-0.033***
(-2.60)
	  ↓ 36.65%
	-0.232***
(-17.44)
	  ↓ 129.61%
	-0.275***
(-19.88)
	  ↓ 306.92%

	Coefficients
	0.143**
(11.21)
	 ↑ 159.78%
	0.009
(0.81)
	 ↑ 4.91%
	0.166***
(12.13)
	 ↑ 185.27%

	Interaction
	-0.021**
(-2.72)
	  ↓ 23.46%
	0.044**
(6.75)
	 ↑ 24.47%
	0.019
(1.72)
	 ↑ 21.21%

	Number of Observations
	10616
	14494
	13170


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values

Table 4.16 presents the results of the Oaxaca-Blinder decomposition for the labour force of Sindh between 1998-2018. The mean of the log wages is 8.306 in 1998/99, 8.395 in 2007/08, and 8.216 in 2018/19. The wage gaps are; 0.090 between 1998-2017, -0.179 between 2007-2018, and -0.090 between 1998-2018, which are significant at a 1% significance level. The wage gap is positive for the difference between 1998-2007, implying that the wage inequality of Sindh’s labour force increased in that period mainly due to the increase in the coefficient component. The wage gaps are negative for the difference between 2007-2018 and 1998-2018, implying that the wage inequality of Sindh’s labour force decreased in that period mainly due to the decrease in the endowment component. The endowment component of decomposition is negative for all data sets and statistically significant for the all-data sets, which implies that if the labour force of Sindh working in 2007/08 and 2018/19 have characteristics of the labour force of Punjab in 1998/99, their wages would on the average decrease. The coefficients component is positive for all data sets and statistically significant except for the difference between 2007-2018, meaning that applying the coefficients of the labour force of Sindh in 2007/08 and 2018/19 to the characteristics of the labour force of Punjab in 1998/99, their wages would on athe verage increase. The interaction component accounts for both the endowments and the coefficients is positive except for the difference between 1998-2018 and is significant for the difference between 1998-2007 and 2007-2018 while insignificant for the difference between 1998-2018.

Table 4.17:	Oaxaca-Blinder Decomposition of Baluchistan between 1998 and 2018
	 
	▲From 1998-2007
	▲ From 2007-2018
	▲ From 1998-2018

	 
	1998/99
	2007/08
	2007/08
	2018/19
	1998/99
	2018/19

	Mean Wage
	8.501***
(557.59)
	8.525***
(705.98)
	8.525***
(705.98)
	8.653***
(570.78)
	8.501***
(557.59)
	8.653***
(570.78)

	 
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Difference
	0.024***
(5.22)
	 ↑ 0.28%
	[bookmark: _Hlk110358986]0.129***
(6.64)
	 ↑ 1.51%
	[bookmark: _Hlk110359014]0.152***
(7.09)
	 ↑ 1.79%

	Endowments
	0.072***
(5.03)
	 ↑ 301.26%
	-0.061***
(-3.97)
	  ↓ 46.98%
	0.007
(0.41)
	 ↑ 4.57%

	Coefficients
	0.003
(0.19)
	 ↑ 13.19%
	0.189***
(11.54)
	 ↑ 146.51%
	0.198***
(10.05)
	 ↑ 130.26%

	Interaction
	-0.051***
(-5.05)
	  ↓ 214.71%
	0.0001
(0.01)
	 ↑ 0.10%
	-0.053***
(-3.65)
	  ↓ 34.74%

	Number of Observations
	5633
	5745
	4964


Where * p<0.10, ** p<0.05, *** p<0.01, & values in the parenthesis are t-values
	 
Table 4.17 presents the results of the Oaxaca-Blinder decomposition for the labour force of Baluchistan between 1998-2018. The mean of the log wages is 8.501 in 1998/99, 8.525 in 2007/08, and 8.653 in 2018/19. The wage gaps are; 0.024 between 1998-2017, 0.129 between 2007-2018, and 0.152 between 1998-2018, which are significant at a 1% significance level. The wage gaps are  positive for the difference of all data sets, implying that the wage inequality of Baluchistan’s labour force increased in that period mainly due to the increase in the endowment and coefficient component. The endowment component of decomposition is positive for the difference between 1998-2007 and 1998-2018 for all data sets and statistically significant except for the difference between 1998-2018, which implies that if the labour force of Baluchistan working in 2007/08 and 2018/19 have characteristics of the labour force of Baluchistan in 1998/99, their wages would on the average increase. The endowment component of decomposition is negative and statistically significant for the difference between 2007-2018, which implies that if the labour force of Baluchistan working in 2018/19 has characteristics of the labour force of Baluchistan in 2007/08, their wages would on the average decrease. The coefficients component is positive for all data ssetsand statistically significant except for the difference between 1998-2007, meaning that applying the coefficients of the labour force of Baluchistan in 2007/08 and 2018/19 to the characteristics of the labour force of Punjab in 1998/99, their wages would on athe verage increase. The interaction component accounts for both the endowments and the coefficiets, is negative and statistically significant except for the difference between 2007-2018.
























[bookmark: _Toc123124273]4.4 Quantile Decomposition:
[bookmark: _Hlk122619172][bookmark: _Hlk123117599][bookmark: _Hlk123117159]So far, the study explained the mean wage gaps, which did not elaborate a clear picture of the whole income distribution between 1998 and 2018. Wage gaps may differ in magnitude and signs at the different parts of the distribution. To obtain detailed income distribution this section explains the Quantile Decomposition of the log monthly wages of workers subject to the time, gender, locality and province for the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. The earning gaps for the different percentiles and periods are measured and further decomposed into the contribution of median coefficients, characteristic and residual effects. The positive wage gap shows an increase in income inequality and vice versa. The median effect evaluates the difference in estimated coefficients at constant characteristics and unobserved factors, the characteristic effect measures the difference in worker’s characteristics at constant coefficients, and unobservable factors and the residual effect shows the effect of unobservable factors. Standard errors of the differences are measured by bootstrapping the results 100 replications. The decomposition estimates are expressed for six points in wage distribution (mean, median, 10th quantile, 25th quantile, 75th quantile, 90th quantile) of all 03 data sets for the time, gender, locality and province.

[bookmark: _Hlk123117297][bookmark: _Hlk123117423]Figure 4.10 plots the quantile decomposition of the wage differential between 1998 and 2018 of the whole distribution of monthly log wages for 99 percentiles. Table 4.18 shows the quantile decomposition of the wage differential between 1998 and 2008 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gaps are positive and increase over the distribution between 1998 and 2018. On average, workers in 2008 earned 17.4% more than those in 1998. At 10th, 25th, 75th, and 90th percentiles, workers in 2007 earned 17.4% and 17.6%, 18.4%, and 24.7%, respectively, more than the workers in 1998. Income inequality increased between 1998 and 2018, although the rise in income inequality for Pakistan's upper 20% of the population was more than the lower 20%. The earning differences between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients. 

The wage gaps vary in size and sign between 2007 and 2018. The Workers in 2018 earned 5.9% less on average than the workers in 2007. The earning gaps are smaller and negative at the lower part of the distribution, which increased gradually over the top of the income distribution and became positive. At the 10th and 25th percentiles, average wage differences are negative, showing a decrease in inequality for the lower class between 2007 and 2018. Similarly, at the 75th and 90th percentile, average wage differences are positive, indicating an increase in income inequality for the upper class of the distribution. The wage differences between 2008 and 2018 are significantly explained by the changes in the distribution of characteristics except for the 50th and 75th percentile, where changes in the distribution of median coefficients are the main contributor.

 The wage gaps are also different in size and sign between 1998 and 2018. On average, workers in 2018 earned 11.4% more than those in 1998. The earning gaps increased gradually over the distribution, negative at the 10th percentile and positive afterwards in the 10th percentile workers in 2018, on average, earned 23.2% less than the workers in 1998, showing that inequality decreased for the lower class of Pakistan between 1998 and 2018. Similarly, at the 25th, 75th, and 90th percentile, workers in 2018, on average, earned 10%, 24.1%, and 31.5% more than the workers in 1998, showing an increase in income inequality for the upper class of Pakistan. The changes in median coefficients are the more prominent contributor to the earning differentials between 1998 and 2018, except for the 10th percentile, where differences in the characteristics of workers explain the immense contribution.

Figure 4.11 plots the quantile decomposition of the wage differential for male and female workers between 1998 and 2018 of the whole distribution of monthly log wages for 99 percentiles. Table 4.19 presents the quantile decomposition of the wage differential of females between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gap is negative and shrinks over the distribution till the 83rd percentile and afterwards started increasing between 1998 and 2007. On average female workers in 2007 earned 16.5% less than those in 1998. At 10th, 25th, and 75th percentiles, female workers in 2007 earned 37.9%, 28.3%, and 11%, respectively, less than the female workers in 1998. Similarly, at the 90th percentile, female workers in 2007 earned 19.4% more than female workers in 1998. Income inequality decreased between 1998 and 2007 except for the higher upper class. The earning differences of female workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients except for the higher 20% of the population, where changes in the distribution of residuals are the significant contributor.


[bookmark: _Hlk113195681]Table 4.18: Quantile Decomposition of Wage Differential Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.174
	0.037
	0.261
	-0.124
	-0.406
	-0.035
	-0.079
	-0.293
	-0.232
	-0.030
	0.086
	-0.287

	
	(0.015)
	(0.01)
	(0.016)
	(0.01)
	(0.025)
	(0.008)
	(0.017)
	(0.022)
	(0.012)
	(0.008)
	(0.022)
	(0.014)

	
	100%
	 ↑ 21%
	 ↑ 150%
	  ↓ 71%
	100%
	 ↑ 9%
	 ↑ 19%
	 ↑ 72%
	100%
	 ↑ 13%
	  ↓ 37%
	 ↑ 124%

	0.25
	0.176
	0.042
	0.226
	-0.092
	-0.076
	0.006
	0.040
	-0.122
	0.100
	0.062
	0.253
	-0.216

	
	(0.01)
	(0.003)
	(0.01)
	(0.006)
	(0.014)
	(0.004)
	(0.009)
	(0.009)
	(0.007)
	(0.011)
	(0.012)
	(0.007)

	
	100%
	 ↑ 24%
	 ↑ 128%
	  ↓ 52%
	100%
	  ↓ 8%
	  ↓ 53%
	 ↑ 161%
	100%
	 ↑ 62%
	 ↑ 254%
	  ↓ 217%

	0.5 
	0.154
	0.001
	0.205
	-0.052
	0.016
	0.001
	0.071
	-0.055
	0.171
	0.008
	0.291
	-0.128

	
	(0.007)
	(0.003)
	(0.007)
	(0.004)
	(0.008)
	(0.004)
	(0.005)
	(0.006)
	(0.006)
	(0.006)
	(0.005)
	(0.005)

	
	100%
	 ↑ 0.81%
	 ↑ 132.61%
	  ↓ 33.43%
	100%
	 ↑ 5%
	 ↑ 432%
	  ↓ 337%
	100%
	 ↑ 5%
	 ↑ 171%
	  ↓ 75%

	0.75
	0.184
	-0.023
	0.233
	-0.025
	0.056
	-0.012
	0.068
	0.000
	0.241
	-0.036
	0.342
	-0.065

	
	(0.006)
	(0.007)
	(0.01)
	(0.004)
	(0.01)
	(0.005)
	(0.009)
	(0.006)
	(0.005)
	(0.006)
	(0.011)
	(0.008)

	
	100%
	  ↓ 13%
	 ↑ 127%
	  ↓ 14%
	100%
	  ↓ 21%
	 ↑ 120%
	 ↑ 0%
	100%
	  ↓ 15%
	 ↑ 142%
	  ↓ 27%

	0.9
	0.247
	-0.018
	0.272
	-0.008
	0.068
	-0.034
	0.027
	0.075
	0.315
	-0.063
	0.383
	-0.006

	
	(0.009)
	(0.012)
	(0.011)
	(0.005)
	(0.016)
	(0.007)
	(0.016)
	(0.0072)
	(0.006)
	(0.011)
	(0.022)
	(0.012)

	
	100%
	  ↓ 7%
	 ↑ 110%
	  ↓ 3%
	100%
	  ↓ 50%
	 ↑ 40%
	 ↑ 110%
	 100%
	  ↓ 20%
	 ↑ 122%
	  ↓ 2%

	Mean
	0.174
	0.003
	0.228
	-0.058
	-0.059
	-0.015
	0.028
	-0.072
	0.114
	-0.011
	0.264
	-0.138

	
	(0.01)
	(0.007)
	(0.011)
	(0.006)
	(0.014)
	(0.006)
	(0.011)
	(0.009)
	(0.008)
	(0.01)
	(0.014)
	(0.009)

	
	100%
	 ↑ 2%
	 ↑ 132%
	  ↓ 33%
	100%
	 ↑ 25%
	  ↓ 47%
	 ↑ 122%
	100%
	  ↓ 10%
	 ↑ 232%
	  ↓ 121%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.

Figure 4.10.  Decomposition of Difference in Log of Monthly Wage of Workers between 1998 and 2018
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Table 4.19: Quantile Decomposition of Wage Differential of Female Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	-0.379
	-0.090
	-0.270
	-0.018
	-0.336
	-0.153
	-0.089
	-0.093
	-0.716
	-0.206
	-0.416
	-0.093

	
	(0.035)
	(0.029)
	(0.044)
	(0.022)
	(0.037)
	(0.035)
	(0.029)
	(0.007)
	(0.018)
	(0.039)
	(0.045)
	(0.013)

	
	100%
	 ↑ 24%
	 ↑ 71%
	 ↑ 5%
	100%
	 ↑ 46%
	 ↑ 26%
	 ↑ 28%
	100%
	 ↑ 29%
	 ↑ 58%
	 ↑ 13%

	0.25
	-0.283
	-0.039
	-0.206
	-0.037
	-0.284
	-0.033
	-0.069
	-0.182
	-0.567
	-0.072
	-0.329
	-0.166

	
	(0.048)
	(0.026)
	(0.04)
	(0.025)
	(0.031)
	(0.024)
	(0.025)
	(0.014)
	(0.024)
	(0.031)
	(0.051)
	(0.029)

	
	100%
	 ↑ 14%
	 ↑ 73%
	 ↑ 13%
	100%
	 ↑ 12%
	 ↑ 24%
	 ↑ 64%
	100%
	 ↑ 13%
	 ↑ 58%
	 ↑ 29%

	0.5 
	-0.224
	-0.007
	-0.182
	-0.035
	-0.337
	-0.003
	-0.046
	-0.286
	-0.562
	-0.012
	-0.277
	-0.272

	
	(0.056)
	(0.038)
	(0.03)
	(0.033)
	(0.028)
	(0.021)
	(0.027)
	(0.022)
	(0.026)
	(0.026)
	(0.044)
	(0.035)

	
	100%
	 ↑ 3%
	 ↑ 81%
	 ↑ 16%
	100%
	 ↑ 1%
	 ↑ 14%
	 ↑ 85%
	100%
	 ↑ 2%
	 ↑ 49%
	 ↑ 48%

	0.75
	-0.110
	0.030
	-0.128
	-0.011
	-0.391
	0.017
	-0.029
	-0.378
	-0.501
	0.049
	-0.234
	-0.316

	
	(0.043)
	(0.033)
	(0.029)
	(0.032)
	(0.051)
	(0.027)
	(0.026)
	(0.035)
	(0.047)
	(0.042)
	(0.039)
	(0.045)

	
	100%
	  ↓ 27%
	 ↑ 116%
	 ↑ 10%
	100%
	  ↓ 4%
	 ↑ 7%
	 ↑ 97%
	100%
	  ↓ 10%
	 ↑ 47%
	 ↑ 63%

	0.9
	0.194
	0.123
	0.025
	0.044
	-0.367
	0.056
	0.012
	-0.436
	-0.173
	0.120
	-0.066
	-0.227

	
	(0.025)
	(0.027)
	(0.032)
	(0.031)
	(0.07)
	(0.039)
	(0.044)
	(0.042)
	(0.05)
	(0.04)
	(0.049)
	(0.045)

	
	100%
	 ↑ 63%
	 ↑ 13%
	 ↑ 23%
	100%
	  ↓ 15%
	  ↓ 3%
	 ↑ 119%
	100%
	  ↓ 69%
	 ↑ 38%
	 ↑ 131%

	Mean
	-0.165
	0.006
	-0.159
	-0.012
	-0.336
	-0.024
	-0.046
	-0.264
	-0.502
	-0.021
	-0.264
	-0.216

	
	(0.044)
	(0.034)
	(0.035)
	(0.028)
	(0.04)
	(0.027)
	(0.031)
	(0.024)
	(0.033)
	(0.035)
	(0.048)
	(0.035)

	
	100%
	  ↓ 4%
	 ↑ 96%
	 ↑ 7%
	100%
	 ↑ 7%
	 ↑ 14%
	 ↑ 79%
	100%
	 ↑ 4%
	 ↑ 53%
	 ↑ 43%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.



The wage gaps between 2007 and 2018 are negative, shrinks at the start till the 25th percentile, widen between 25th and 90th percentile and afterwards again shrinks. The female workers in 2018 earned 33.6% less on average than the female workers in 2007. At the 10th, 25th, 75th, and 90th percentiles, female workers in 2018 earned 33.6%, 28.4%, 39.1%, and 36.7%, respectively, less than the female workers in 2007. A substantially bigger decrease in inequality has been seen among the lower 20% of female employees than among the top 20% of female employees. The wage differences of female workers between 2007 and 2018 are significantly explained by the changes in the distribution of characteristics except for the 10th percentile, where changes in the distribution of residuals are the main contributor.

[bookmark: _Hlk123117540] The wage gaps between 1998 and 2018 are negative, shrink at the start till the 94th percentile afterwards widens and becomes positive. On average, workers in 2018 earned 50.2% more than those in 1998. At the 10th, 25th, 75th, and 90th percentile, female workers in 2018, on average, earned 71.6%, 56.7%, 50.1%, and 17.3% less than female workers in 1998. The lower 20% of female workers have experienced a proportionately greater reduction in inequality than the top 20% of female workers. The changes in median coefficients are the more prominent contributor to the earning differentials of female workers between 1998 and 2018, except for the 90th percentile, where differences in the characteristics of female workers explain the immense contribution.

[bookmark: _Hlk113645979]Table 4.20 presents the quantile decomposition of the wage differential of male workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gap is positive and widens in the start till 7th percentile, shrinks between 7th and 70th percentile, and again widens afterwards between 1998 and 2007. On average, workers in 2007 earned 23.2% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, male workers in 2007 earned 34.5%, 22%, 20%, and 24.2%, respectively, more than those in 1998. The earning differences of male workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients.

 The wage gaps of male workers between 2007 and 2018 are positive, widen almost throughout the distribution till the 85th percentile and afterwards shrink. The male workers in 2018 earned 8.7% more on average than the male workers in 2007. At the 10th, 25th, 75th, and 90th percentiles, male workers in 2018 earned 8.6%, 8.8%, 10.5%, and 9.9%, respectively, more than male workers in 2007. The top 20% of male employees have experienced a far greater rise in inequality than the bottom 20% of male employees. The wage differences of the male workers between 2007 and 2018 are significantly explained by the changes in the distribution of median coefficients except for the 90th percentile, where changes in the distribution of characteristics are the dominant contributor.

[bookmark: _Hlk123117882]The wage gaps are positive between 1998 and 2018, which widen until the 4th percentile, shrink between the 4th and 50th percentile, widen between the 50th and 91st percentile, and afterwards again shrink. On average, male workers in 2018 earned 32% more than those in 1998. At the 10th, 25th, 75th, and 90th percentile, male workers in 2018, on average, earned 43.1%, 30.9%, 30.6%, and 34.5% more than male workers in 1998. The lower 20% of male workers have experienced a proportionately greater increase in inequality than the top 20% of male workers. The changes in median coefficients are the more prominent contributor to the earning differentials of male workers between 1998 and 2018.





Table 4.20: Quantile Decomposition of Wage Differential of Male Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.345
	0.045
	0.409
	-0.108
	0.086
	0.001
	0.078
	0.006
	0.431
	0.046
	0.512
	-0.127

	
	(0.017)
	(0.009)
	(0.011)
	(0.004)
	(0.007)
	(0.006)
	(0.004)
	(0.004)
	(0.013)
	(0.015)
	(0.012)
	(0.009)

	
	100%
	 ↑ 13%
	 ↑ 119%
	  ↓ 31%
	100%
	 ↑ 1%
	 ↑ 91%
	 ↑ 7%
	100%
	 ↑ 11%
	 ↑ 119%
	  ↓ 29%

	0.25
	0.220
	0.023
	0.271
	-0.074
	0.088
	0.009
	0.072
	0.007
	0.309
	0.032
	0.365
	-0.088

	
	(0.012)
	(0.007)
	(0.009)
	(0.004)
	(0.006)
	(0.004)
	(0.004)
	(0.004)
	(0.006)
	(0.007)
	(0.008)
	(0.005)

	
	100%
	 ↑ 10%
	 ↑ 123%
	  ↓ 34%
	100%
	 ↑ 10%
	 ↑ 82%
	 ↑ 8%
	100%
	 ↑ 10%
	 ↑ 118%
	  ↓ 28%

	0.5 
	0.178
	-0.010
	0.227
	-0.038
	0.092
	-0.003
	0.074
	0.020
	0.270
	-0.008
	0.325
	-0.045

	
	(0.006)
	(0.004)
	(0.004)
	(0.002)
	(0.006)
	(0.002)
	(0.003)
	(0.004)
	(0.005)
	(0.006)
	(0.005)
	(0.005)

	
	100%
	  ↓ 6%
	 ↑ 128%
	  ↓ 21%
	100%
	  ↓ 3%
	 ↑ 80%
	 ↑ 22%
	100%
	  ↓ 3%
	 ↑ 120%
	  ↓ 17%

	0.75
	0.200
	-0.031
	0.248
	-0.016
	0.105
	-0.018
	0.062
	0.061
	0.306
	-0.050
	0.362
	-0.005

	
	(0.008)
	(0.008)
	(0.008)
	(0.002)
	(0.008)
	(0.003)
	(0.005)
	(0.005)
	(0.009)
	(0.007)
	(0.007)
	(0.007)

	
	100%
	  ↓ 16%
	 ↑ 124%
	  ↓ 8%
	100%
	  ↓ 17%
	 ↑ 59%
	 ↑ 58%
	100%
	  ↓ 16%
	 ↑ 118%
	  ↓ 2%

	0.9
	0.242
	-0.032
	0.275
	0.000
	0.099
	-0.045
	0.015
	0.129
	0.345
	-0.079
	0.378
	0.046

	
	(0.011)
	(0.014)
	(0.011)
	(0.004)
	(0.016)
	(0.006)
	(0.009)
	(0.006)
	(0.019)
	(0.02)
	(0.016)
	(0.013)

	
	100%
	  ↓ 13%
	 ↑ 114%
	 ↑ 0%
	100%
	  ↓ 45%
	 ↑ 15%
	 ↑ 130%
	100%
	  ↓ 23%
	 ↑ 110%
	 ↑ 13%

	Mean
	0.232
	-0.004
	0.281
	-0.044
	0.087
	-0.016
	0.061
	0.042
	0.320
	-0.019
	0.381
	-0.041

	
	(0.011)
	(0.008)
	(0.009)
	(0.003)
	(0.009)
	(0.006)
	(0.006)
	(0.005)
	(0.011)
	(0.012)
	(0.01)
	(0.008)

	
	100%
	  ↓ 2%
	 ↑ 121%
	  ↓ 19%
	100%
	  ↓ 18%
	 ↑ 70%
	 ↑ 48%
	100%
	  ↓ 6%
	 ↑ 119%
	  ↓ 13%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.

Figure 4.11 	Decomposition of Difference in Log of Monthly Wage of Males & Females Workers between 1998 and 2019
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Figure 4.11 plots the quantile decomposition of the wage differential for rural and urban workers between 1998 and 2018 of the whole distribution of monthly log wages for 99 percentiles. Table 4.21 presents the quantile decomposition of the wage differential of rural workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gap between 1998 and 2007 varies throughout the distribution, shrinks in the start till the 5th percentile, and widens afterwards. On average, workers in 2007 earned 21.1% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, rural workers in 2007 earned 16.5%, 24.3%, 22.6%, and 29.9%, respectively, more than the rural workers in 1998. The lower 20% of rural workers have experienced a proportionately less increase in inequality than the top 20% of rural workers. The earning differences of rural workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients.

The wage gaps between 2007 and 2018 gap diverge throughout the distribution, shrink till the 53rd percentile and afterwards widen. The rural workers in 2018 earned 8.9% less on average than the rural workers in 2007. At the 10th and 25th percentiles, rural workers in 2018 earned 51.4%, less than the rural workers in 2007. At the 75th and 90th percentiles, rural workers in 2018 earned 3.7% and 7.2%, respectively, more than the rural workers in 2007. The top 20% of rural workers have experienced a rise in inequality, while the bottom 20% of rural workers have faced a decline in inequality. The wage differences of the rural workers between 2007 and 2018 are significantly explained by the changes in the distribution of characteristics except for the 75th percentile, where changes in the distribution of median coefficients are the dominant contributor.

[bookmark: _Hlk123117916]The wage gaps differ in sign and magnitude between 1998 and 2018, shrink until the 20th percentile and widen afterwards. On average, rural workers in 2018 earned 12.1% more than those in 1998. At the 10th percentile, rural workers in 2018 earned 34.9%, less than the rural workers in 1998, whereas, at the 25th, 75th, and 90th percentile, rural workers in 2018, on average, earned 9.9%, 26.3%, and 37.1% more than the rural workers in 1998. The lower 20% of rural workers have experienced a decline in inequality, while the top 20% of rural workers faced an increase in inequality between 1998 and 2018. The changes in median coefficients are the more prominent contributor to the earning differentials for the rural workers between 1998 and 2018.

Table 4.22 presents the quantile decomposition of the wage differential of urban workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gaps between 1998 and 2007 are positive throughout the distribution, widen till 18th percentile, shrink between 18th and 36th percentile, and widen again afterwards. On average, workers in 2007 earned 17.1% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, urban workers in 2007 earned 16.7%, 13.9%, 19.1%, and 25.1%, respectively, more than the urban workers in 1998. The lower 20% of urban workers have experienced a proportionately less increase in inequality than the top 20% of urban workers. The earning differences of urban workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients except for the 10th percentile, where changes in residuals are the main contributor.

The wage gaps of urban workers between 2007 and 2018 differ throughout the distribution, shrink till the 12th percentile, widen between 12th and 81st percentile, and afterwards shrink again. The urban workers in 2018 earned 7.5% more on average than the urban workers in 2007. At the 10th percentile, urban workers in 2018 earned 2.5%, less than urban workers in 2007. At the 25th, 75th, and 90th percentiles, urban workers in 2018 earned 8.9%, 13.3% and 10.6%, respectively, more than the urban workers in 2007. The top 20% of urban workers have experienced a rise in inequality, while the bottom 20% of urban workers have faced a decline in inequality. The wage differences of the urban workers between 2007 and 2018 are significantly explained by the changes in the distribution of characteristics except for the 25th percentile, where changes in the distribution of median coefficients are the dominant contributor.

[bookmark: _Hlk123117936]The wage gaps differ in sign and magnitude between 1998 and 2018, shrink until the 6th percentile and widen afterwards. On average, urban workers in 2018 earned 24.6% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, urban workers in 2018, on average, earned 14.1%, 22.8%, 32.4%, and 35.8% more than the urban workers in 1998. The lower 20% of urban workers have experienced a less increase in inequality than the top 20% of urban. The changes in median coefficients are the more prominent contributor to the earning differentials for the urban workers between 1998 and 2018.



Table 4.21:  Quantile Decomposition of Wage Differential of Rural Workers Between 1998 and 2018.	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.165
	-0.055
	0.384
	-0.163
	-0.514
	-0.019
	-0.062
	-0.433
	-0.349
	-0.082
	0.067
	-0.334

	
	(0.022)
	(0.023)
	(0.028)
	(0.012)
	(0.026)
	(0.009)
	(0.027)
	(0.022)
	(0.032)
	(0.02)
	(0.044)
	(0.01)

	
	100%
	  ↓ 33%
	 ↑ 233%
	  ↓ 99%
	100%
	 ↑ 4%
	 ↑ 12%
	 ↑ 84%
	100%
	 ↑ 23%
	  ↓ 19%
	 ↑ 96%

	0.25
	0.243
	0.026
	0.365
	-0.148
	-0.144
	0.006
	0.042
	-0.192
	0.099
	0.025
	0.378
	-0.304

	
	(0.009)
	(0.013)
	(0.019)
	(0.007)
	(0.014)
	(0.01)
	(0.01)
	(0.008)
	(0.022)
	(0.017)
	(0.017)
	(0.014)

	
	100%
	 ↑ 11%
	 ↑ 150%
	  ↓ 61%
	100%
	  ↓ 4%
	  ↓ 29%
	 ↑ 133%
	100%
	 ↑ 25%
	 ↑ 382%
	  ↓ 307%

	0.5 
	0.198
	-0.006
	0.298
	-0.094
	-0.007
	0.004
	0.066
	-0.078
	0.191
	0.006
	0.370
	-0.185

	
	(0.008)
	(0.006)
	(0.011)
	(0.005)
	(0.006)
	(0.007)
	(0.009)
	(0.005)
	(0.013)
	(0.008)
	(0.013)
	(0.014)

	
	100%
	  ↓ 3%
	 ↑ 151%
	  ↓ 47%
	100%
	  ↓ 57%
	  ↓ 943%
	 ↑ 1114%
	100%
	 ↑ 3%
	 ↑ 194%
	  ↓ 97%

	0.75
	0.226
	-0.029
	0.313
	-0.057
	0.037
	-0.006
	0.074
	-0.030
	0.263
	-0.035
	0.417
	-0.118

	
	(0.009)
	(0.012)
	(0.016)
	(0.005)
	(0.009)
	(0.01)
	(0.011)
	(0.005)
	(0.016)
	(0.009)
	(0.011)
	(0.015)

	
	100%
	  ↓ 13%
	 ↑ 138%
	  ↓ 25%
	100%
	  ↓ 16%
	 ↑ 200%
	  ↓ 81%
	100%
	  ↓ 13%
	 ↑ 159%
	  ↓ 45%

	0.9
	0.299
	-0.032
	0.379
	-0.047
	0.072
	-0.004
	0.034
	0.042
	0.371
	-0.072
	0.529
	-0.085

	
	(0.015)
	(0.021)
	(0.023)
	(0.006)
	(0.013)
	(0.013)
	(0.021)
	(0.013)
	(0.018)
	(0.017)
	(0.015)
	(0.019)

	
	100%
	  ↓ 11%
	 ↑ 127%
	  ↓ 16%
	100%
	  ↓ 6%
	 ↑ 47%
	 ↑ 58%
	100%
	  ↓ 19%
	 ↑ 143%
	  ↓ 23%

	Mean
	0.211
	-0.016
	0.329
	-0.102
	-0.089
	-0.008
	0.035
	-0.116
	0.121
	-0.027
	0.353
	-0.204

	
	(0.013)
	(0.015)
	(0.019)
	(0.007)
	(0.013)
	(0.011)
	(0.015)
	(0.01)
	(0.02)
	(0.015)
	(0.02)
	(0.016)

	
	100%
	  ↓ 8%
	 ↑ 156%
	  ↓ 48%
	100%
	 ↑ 9%
	  ↓ 39%
	 ↑ 130%
	100%
	  ↓ 22%
	 ↑ 292%
	  ↓ 169%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.
Table 4.22: Quantile Decomposition of Wage Differential of Urban Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.167
	0.083
	0.048
	0.035
	-0.025
	-0.008
	0.018
	-0.035
	0.141
	0.081
	0.063
	-0.003

	
	(0.021)
	(0.016)
	(0.017)
	(0.007)
	(0.031)
	(0.02)
	(0.032)
	(0.009)
	(0.029)
	(0.021)
	(0.031)
	(0.014)

	
	100%
	 ↑ 50%
	 ↑ 29%
	 ↑ 21%
	100%
	 ↑ 32%
	  ↓ 72%
	 ↑ 140%
	100%
	 ↑ 57%
	 ↑ 45%
	  ↓ 2%

	0.25
	0.139
	0.037
	0.076
	0.025
	0.089
	0.013
	0.057
	0.018
	0.228
	0.058
	0.154
	0.015

	
	(0.014)
	(0.006)
	(0.012)
	(0.008)
	(0.019)
	(0.01)
	(0.021)
	(0.008)
	(0.012)
	(0.013)
	(0.015)
	(0.009)

	
	100%
	 ↑ 27%
	 ↑ 55%
	 ↑ 18%
	100%
	 ↑ 15%
	 ↑ 64%
	 ↑ 20%
	100%
	 ↑ 25%
	 ↑ 68%
	 ↑ 7%

	0.5 
	0.140
	0.006
	0.103
	0.030
	0.121
	0.000
	0.057
	0.062
	0.261
	0.007
	0.203
	0.051

	
	(0.01)
	(0.004)
	(0.009)
	(0.007)
	(0.014)
	(0.005)
	(0.016)
	(0.011)
	(0.011)
	(0.009)
	(0.015)
	(0.009)

	
	100%
	 ↑ 4%
	 ↑ 74%
	 ↑ 21%
	100%
	 ↑ 0%
	 ↑ 47%
	 ↑ 51%
	100%
	 ↑ 3%
	 ↑ 78%
	 ↑ 20%

	0.75
	0.191
	0.003
	0.140
	0.047
	0.133
	-0.016
	0.024
	0.124
	0.324
	-0.017
	0.235
	0.106

	
	(0.012)
	(0.008)
	(0.01)
	(0.007)
	(0.013)
	(0.008)
	(0.021)
	(0.017)
	(0.014)
	(0.011)
	(0.018)
	(0.012)

	
	100%
	 ↑ 2%
	 ↑ 73%
	 ↑ 25%
	100%
	  ↓ 12%
	 ↑ 18%
	 ↑ 93%
	100%
	  ↓ 5%
	 ↑ 73%
	 ↑ 33%

	0.9
	0.251
	0.003
	0.185
	0.063
	0.106
	-0.042
	-0.029
	0.178
	0.358
	-0.048
	0.259
	0.147

	
	(0.016)
	(0.012)
	(0.012)
	(0.01)
	(0.017)
	(0.021)
	(0.037)
	(0.026)
	(0.021)
	(0.023)
	(0.028)
	(0.022)

	
	100%
	 ↑ 1%
	 ↑ 74%
	 ↑ 25%
	100%
	  ↓ 40%
	  ↓ 27%
	 ↑ 168%
	100%
	  ↓ 13%
	 ↑ 72%
	 ↑ 41%

	Mean
	0.171
	0.021
	0.110
	0.039
	0.075
	-0.014
	0.025
	0.063
	0.246
	0.004
	0.181
	0.061

	
	(0.016)
	(0.01)
	(0.012)
	(0.008)
	(0.019)
	(0.014)
	(0.025)
	(0.014)
	(0.018)
	(0.017)
	(0.021)
	(0.013)

	
	100%
	 ↑ 12%
	 ↑ 64%
	 ↑ 23%
	100%
	  ↓ 19%
	 ↑ 33%
	 ↑ 84%
	100%
	 ↑ 2%
	 ↑ 74%
	 ↑ 25%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.

Figure 4.12. Decomposition of Difference in Log of Monthly Wage of Rural & Urban Workers between 1998 and 2019
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Table 4.23 presents the quantile decomposition of the wage differential of Baluchistan’s workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gaps between 1998 and 2007 vary throughout the distribution, shrink till the 23rd percentile, negative and widen between the 23rd and 44th percentile, shrink between 44th and 66th percentile, widen between 66th and 87th percentile, and shrink again afterwards. On average, workers in 2007 earned 2.2% more than those in 1998. At the 10th, 75th, and 90th percentiles, Baluchistan’s workers in 2007 earned 10.6%, 1.2%, and 2.4%, respectively, more than Baluchistan’s workers in 1998. The lower 20% of Baluchistan’s workers have experienced an increase in inequality, while the top 20% of Baluchistan’s workers have faced a decline in income inequality. The earning differences of workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients except for the 10th percentile, where changes in residuals are the main contributor.

[bookmark: _Hlk114067788][bookmark: _Hlk114051425]The wage gaps of Baluchistan’s workers between 2007 and 2018 differ throughout the distribution, shrink till the 4th percentile, and widen afterwards. The workers in 2018 earned 13.2% more on average than the workers in 2007. At the 10th, 25th, 75th, and 90th percentiles, workers in 2018 earned 9.7%, 14.1%, 15.2% and 16.3%, respectively, more than the workers in 2007. The top 20% of Baluchistan’s workers have experienced a rise in inequality more than the bottom 20% of workers. The wage differences of the workers between 2007 and 2018 are significantly explained by the changes in the distribution of median coefficients.

[bookmark: _Hlk114072146][bookmark: _Hlk123117962][bookmark: _Hlk114072078]The wage gaps of Baluchistan’s workers are positive but vary throughout the distribution between 1998 and 2018. The wage gaps widen until the 5th percentile, shrink between the 5th and 46th percentile, widen again between 46th and 90th percentile, and shrink again after the 90th percentile.  On average, workers in 2018 earned 15.5% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles Baluchistan’s workers in 2018, on average, earned 20.3%, 13.8%, 16.5%, and 18.7% more than the Baluchistan’s workers in 1998. The lower 20% of Baluchistan’s workers have experienced a higher increase in inequality than top 20% of workers between 1998 and 2018. The changes in median coefficients are the more prominent contributor to the earning differentials.

[bookmark: _Hlk114067037]Table 4.24 presents the quantile decomposition of the wage differential of KPK’s workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gaps between 1998 and 2007 are positive throughout the distribution, widen till the 6th percentile, and shrink afterwards. On average, workers in 2007 earned 30.9% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, KPK’s workers in 2007 earned 37.9%, 33.8%, 28.2% and 29.6%, respectively, more than KPK’s workers in 1998. The lower 20% of KPK’s workers have experienced an increase in inequality, more than the top 20% of workers have faced. The earning differences of KPK’s workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients.

The wage gaps of KPK’s workers between 2007 and 2018 differ throughout the distribution, negative and shrinking till the 8th percentile, and became positive and widened afterwards. The workers in 2018 earned 15.3% more on average than the workers in 2007. At the 10th, 25th, 75th, and 90th percentiles, workers in 2018 earned 5.3%, 14.2%, 21.6% and 23.1%, respectively, more than the workers in 2007. The top 20% of KPK’s workers have experienced a rise in inequality more than the bottom 20% of workers. The wage differences of the KPK’s workers between 2007 and 2018 are significantly explained by the changes in the distribution of median coefficients except in the 90th percentile, where changes in the distribution of characteristics played a significant role.

[bookmark: _Hlk123117990]The wage gaps of KPK’s workers are positive and widen almost throughout the distribution. On average, workers in 2018 earned 46.2% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, workers in 2018, on average, earned 43.2%, 48%, 49.9%, and 52.8% more than the workers in 1998. The upper 20% of KPK’s workers have experienced a higher increase in inequality than the lower 20% of workers between 1998 and 2018. The changes in median coefficients are the foremost contributor to the earning differentials.

Table 4.25 presents the quantile decomposition of the wage differential of Sindh’s workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gaps between 1998 and 2007 are almost positive throughout the distribution, negative at the start till 4th percentile, widening between the 4th and 11th percentile, shrinks between the 11th and 52nd percentile, and again widening afterwards till the 99th percentile. On average, workers in 2007 earned 8.9% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, Sindh’s workers in 2007 earned 19.4%, 10.3%, 5.6% and 14.8%, respectively, more than Sindh’s workers in 1998. The lower 20% of Sindh’s workers have experienced an increase in inequality, less than the top 20% of workers. The earning differences of Sindh’s workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients.

[bookmark: _Hlk114133937]The wage gaps of Sindh’s workers between 2007 and 2018 are negative throughout the distribution, widening till the 8th percentile, shrinking between the 8th and 93rd percentile, and widening again afterwards. The workers in 2018 earned 17.5% less on average than the workers in 2007. At the 10th, 25th, 75th, and 90th percentiles, workers in 2018 earned 57.2%, 16.3%, 7.1% and 7.8%, respectively, less than the workers in 2007. The top 20% of Sindh’s workers have experienced a decline in inequality less than the bottom 20% of workers. The wage differences of Sindh’s workers between 2007 and 2018 are significantly explained by the changes in the distribution of characteristics of the workers.

[bookmark: _Hlk123118008]The wage gaps of Sindh’s workers vary throughout the distribution, shrinking till the 79th percentile and widening afterwards. On average, workers in 2018 earned 8.6% less than those in 1998. At the 10th, 25th, and 75th percentiles, workers in 2018, on average, earned 37.8%, 6%, and 1.4% less than the workers in 1998. At the 90th percentile, workers in 2018, on average, earned 6.9% more than the workers in 1998. Between 1998 and 2018, income inequality among the top 20% of Sindh's workers increased, whilst it decreased for the bottom 20% of workers. The changes in workers characteristics have shown a significant contribution to the earning differentials except for the 75th and 90th percentile, where changes in median coefficients played a leading role.

Table 4.26 presents the quantile decomposition of the wage differential of Punjab’s workers between 1998 and 2018 for selected percentiles (0.10, 0.25, 0.5, 0.75, 0.90, and mean). The wage gaps between 1998 and 2007 are almost positive throughout the distribution, negative at the start till the 8th percentile and widening afterwards till the 99th percentile. On average, workers in 2007 earned 23.5% more than those in 1998. At the 10th, 25th, 75th, and 90th percentiles, Punjab’s workers in 2007 earned 3.5%, 20.9%, 31.8% and 39.8%, respectively, more than Punjab’s workers in 1998. The lower 20% of Punjab’s workers have experienced an average decrease in inequality, while the top 20% of workers faced a rise in income inequality. The earning differences of Punjab’s workers between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients.
The wage gaps of Punjab’s workers between 2007 and 2018 vary throughout the distribution, shrink till 46th percentile and afterward became positive and start widening. The workers in 2018 earned 8.4% less on average than the workers in 2007. At the 10th and 25th percentiles, workers in 2018 earned 47.3% and 13.7% less than the workers in 2007. At the 75th and 90th percentiles, workers in 2018 earned 4.7% and 4.7%, respectively, more than the workers in 2007. The top 20% of Punjab’s workers have experienced an increase in inequality while the bottom 20% of workers have faced a decline in earning inequality. The wage differences of Punjab’s workers between 2007 and 2018 are significantly explained by the changes in the distribution of characteristics of the workers.

[bookmark: _Hlk123118042]The wage gaps of Punjab’s workers vary throughout the distribution, shrinking till the 21st percentile and widening afterwards. On average, workers in 2018 earned 15.1% more than those in 1998. At the 10th, workers in 2018, on average, earned 43.8% less than the workers in 1998. At the 25th, 75th and 90th percentiles, workers in 2018, on average, earned 7.1%, 36.5%, and 44.5% more than the workers in 1998. Between 1998 and 2018, income inequality among the top 20% of Punjab’s workers increased, whilst it decreased for the bottom 20% of workers. The changes in workers characteristics have shown a significant contribution to the earning differentials except for the 10th and 25th percentile, where changes in median coefficients played a principal role.












Table 4.23: Quantile Decomposition of Wage Differential of Baluchistan’s Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.106
	0.100
	-0.016
	0.022
	0.097
	0.017
	0.189
	-0.108
	0.203
	0.143
	0.184
	-0.124

	
	(0.036)
	(0.025)
	(0.035)
	(0.029)
	(0.03)
	(0.059)
	(0.039)
	(0.012)
	(0.073)
	(0.026)
	(0.032)
	(0.026)

	
	100%
	 ↑ 94%
	  ↓ 15%
	 ↑ 21%
	100%
	 ↑ 18%
	 ↑ 195%
	  ↓ 111%
	100%
	 ↑ 70%
	 ↑ 91%
	  ↓ 61%

	0.25
	-0.002
	0.040
	-0.042
	0.000
	0.141
	0.004
	0.202
	-0.065
	0.138
	0.078
	0.144
	-0.084

	
	(0.028)
	(0.019)
	(0.019)
	(0.02)
	(0.029)
	(0.021)
	(0.031)
	(0.015)
	(0.042)
	(0.017)
	(0.022)
	(0.017)

	
	100%
	  ↓ 2000%
	 ↑ 2100%
	 ↑ 0%
	100%
	 ↑ 3%
	 ↑ 143%
	  ↓ 46%
	100%
	 ↑ 57%
	 ↑ 104%
	  ↓ 61%

	0.5 
	-0.026
	0.006
	-0.032
	-0.001
	0.151
	-0.016
	0.208
	-0.040
	0.124
	0.012
	0.156
	-0.043

	
	(0.012)
	(0.013)
	(0.023)
	(0.016)
	(0.034)
	(0.009)
	(0.029)
	(0.014)
	(0.021)
	(0.013)
	(0.025)
	(0.012)

	
	100%
	  ↓ 23%
	 ↑ 123%
	 ↑ 4%
	100%
	  ↓ 11%
	 ↑ 138%
	  ↓ 26%
	100%
	 ↑ 10%
	 ↑ 126%
	  ↓ 35%

	0.75
	0.012
	-0.009
	0.015
	0.007
	0.152
	-0.041
	0.213
	-0.019
	0.165
	-0.043
	0.213
	-0.004

	
	(0.015)
	(0.016)
	(0.023)
	(0.011)
	(0.034)
	(0.014)
	(0.034)
	(0.018)
	(0.014)
	(0.025)
	(0.039)
	(0.008)

	
	100%
	  ↓ 75%
	 ↑ 125%
	 ↑ 58%
	100%
	  ↓ 27%
	 ↑ 140%
	  ↓ 13%
	100%
	  ↓ 26%
	 ↑ 129%
	  ↓ 2%

	0.9
	0.024
	-0.053
	0.067
	0.010
	0.163
	-0.066
	0.215
	0.014
	0.187
	-0.101
	0.257
	0.031

	
	(0.028)
	(0.022)
	(0.022)
	(0.016)
	(0.033)
	(0.027)
	(0.036)
	(0.027)
	(0.019)
	(0.036)
	(0.048)
	(0.011)

	
	100%
	  ↓ 221%
	 ↑ 279%
	 ↑ 42%
	100%
	  ↓ 40%
	 ↑ 132%
	 ↑ 9%
	100%
	  ↓ 54%
	 ↑ 137%
	 ↑ 17%

	Mean
	0.022
	0.014
	-0.004
	0.012
	0.132
	-0.019
	0.200
	-0.048
	0.155
	0.008
	0.188
	-0.042

	
	(0.025)
	(0.022)
	(0.026)
	(0.019)
	(0.034)
	(0.026)
	(0.036)
	(0.017)
	(0.034)
	(0.024)
	(0.037)
	(0.016)

	
	100%
	 ↑ 64%
	  ↓ 18%
	 ↑ 55%
	100%
	  ↓ 14%
	 ↑ 152%
	  ↓ 36%
	100%
	 ↑ 5%
	 ↑ 121%
	  ↓ 27%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.
Table 4.24: Quantile Decomposition of Wage Differential of Baluchistan’s Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.106
	0.100
	-0.016
	0.022
	0.097
	0.017
	0.189
	-0.108
	0.203
	0.143
	0.184
	-0.124

	
	(0.036)
	(0.025)
	(0.035)
	(0.029)
	(0.03)
	(0.059)
	(0.039)
	(0.012)
	(0.073)
	(0.026)
	(0.032)
	(0.026)

	
	100%
	 ↑ 94%
	  ↓ 15%
	 ↑ 21%
	100%
	 ↑ 18%
	 ↑ 195%
	  ↓ 111%
	100%
	 ↑ 70%
	 ↑ 91%
	  ↓ 61%

	0.25
	-0.002
	0.040
	-0.042
	0.000
	0.141
	0.004
	0.202
	-0.065
	0.138
	0.078
	0.144
	-0.084

	
	(0.028)
	(0.019)
	(0.019)
	(0.02)
	(0.029)
	(0.021)
	(0.031)
	(0.015)
	(0.042)
	(0.017)
	(0.022)
	(0.017)

	
	100%
	  ↓ 2000%
	 ↑ 2100%
	 ↑ 0%
	100%
	 ↑ 3%
	 ↑ 143%
	  ↓ 46%
	100%
	 ↑ 57%
	 ↑ 104%
	  ↓ 61%

	0.5 
	-0.026
	0.006
	-0.032
	-0.001
	0.151
	-0.016
	0.208
	-0.040
	0.124
	0.012
	0.156
	-0.043

	
	(0.012)
	(0.013)
	(0.023)
	(0.016)
	(0.034)
	(0.009)
	(0.029)
	(0.014)
	(0.021)
	(0.013)
	(0.025)
	(0.012)

	
	100%
	  ↓ 23%
	 ↑ 123%
	 ↑ 4%
	100%
	  ↓ 11%
	 ↑ 138%
	  ↓ 26%
	100%
	 ↑ 10%
	 ↑ 126%
	  ↓ 35%

	0.75
	0.012
	-0.009
	0.015
	0.007
	0.152
	-0.041
	0.213
	-0.019
	0.165
	-0.043
	0.213
	-0.004

	
	(0.015)
	(0.016)
	(0.023)
	(0.011)
	(0.034)
	(0.014)
	(0.034)
	(0.018)
	(0.014)
	(0.025)
	(0.039)
	(0.008)

	
	100%
	  ↓ 75%
	 ↑ 125%
	 ↑ 58%
	100%
	  ↓ 27%
	 ↑ 140%
	  ↓ 13%
	100%
	  ↓ 26%
	 ↑ 129%
	  ↓ 2%

	0.9
	0.024
	-0.053
	0.067
	0.010
	0.163
	-0.066
	0.215
	0.014
	0.187
	-0.101
	0.257
	0.031

	
	(0.028)
	(0.022)
	(0.022)
	(0.016)
	(0.033)
	(0.027)
	(0.036)
	(0.027)
	(0.019)
	(0.036)
	(0.048)
	(0.011)

	
	100%
	  ↓ 221%
	 ↑ 279%
	 ↑ 42%
	100%
	  ↓ 40%
	 ↑ 132%
	 ↑ 9%
	100%
	  ↓ 54%
	 ↑ 137%
	 ↑ 17%

	Mean
	0.022
	0.014
	-0.004
	0.012
	0.132
	-0.019
	0.200
	-0.048
	0.155
	0.008
	0.188
	-0.042

	
	(0.025)
	(0.022)
	(0.026)
	(0.019)
	(0.034)
	(0.026)
	(0.036)
	(0.017)
	(0.034)
	(0.024)
	(0.037)
	(0.016)

	
	100%
	 ↑ 64%
	  ↓ 18%
	 ↑ 55%
	100%
	  ↓ 14%
	 ↑ 152%
	  ↓ 36%
	100%
	 ↑ 5%
	 ↑ 121%
	  ↓ 27%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.
Table 4.25: Quantile Decomposition of Wage Differential of Sindh’s Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.194
	0.060
	0.226
	-0.092
	-0.572
	0.009
	-0.135
	-0.446
	-0.378
	0.017
	-0.014
	-0.380

	
	(0.028)
	(0.031)
	(0.049)
	(0.014)
	(0.009)
	(0.018)
	(0.044)
	(0.025)
	(0.03)
	(0.022)
	(0.043)
	(0.025)

	
	100%
	 ↑ 31%
	 ↑ 116%
	  ↓ 47%
	100%
	  ↓ 2%
	 ↑ 24%
	 ↑ 78%
	100%
	  ↓ 4%
	 ↑ 4%
	 ↑ 101%

	0.25
	0.103
	0.052
	0.143
	-0.092
	-0.163
	0.017
	0.008
	-0.189
	-0.060
	0.087
	0.202
	-0.350

	
	(0.009)
	(0.007)
	(0.017)
	(0.012)
	(0.012)
	(0.003)
	(0.005)
	(0.01)
	(0.021)
	(0.011)
	(0.029)
	(0.017)

	
	100%
	 ↑ 50%
	 ↑ 139%
	  ↓ 89%
	100%
	  ↓ 10%
	  ↓ 5%
	 ↑ 116%
	100%
	  ↓ 145%
	  ↓ 337%
	 ↑ 583%

	0.5 
	0.035
	0.000
	0.100
	-0.064
	-0.081
	0.015
	0.035
	-0.132
	-0.046
	0.020
	0.184
	-0.251

	
	(0.006)
	(0.005)
	(0.011)
	(0.007)
	(0.005)
	(0.003)
	(0.002)
	(0.005)
	(0.012)
	(0.008)
	(0.015)
	(0.008)

	
	100%
	 ↑ 0%
	 ↑ 286%
	  ↓ 183%
	100%
	  ↓ 19%
	  ↓ 43%
	 ↑ 163%
	100%
	  ↓ 43%
	  ↓ 400%
	 ↑ 546%

	0.75
	0.056
	-0.033
	0.123
	-0.033
	-0.071
	0.004
	0.054
	-0.130
	-0.014
	-0.043
	0.228
	-0.199

	
	(0.009)
	(0.008)
	(0.004)
	(0.008)
	(0.007)
	(0.007)
	(0.002)
	(0.003)
	(0.014)
	(0.01)
	(0.009)
	(0.012)

	
	100%
	  ↓ 59%
	 ↑ 220%
	  ↓ 59%
	100%
	  ↓ 6%
	  ↓ 76%
	 ↑ 183%
	100%
	 ↑ 307%
	  ↓ 1629%
	 ↑ 1421%

	0.9
	0.148
	-0.020
	0.180
	-0.011
	-0.078
	-0.031
	0.044
	-0.092
	0.069
	-0.091
	0.315
	-0.154

	
	(0.023)
	(0.018)
	(0.004)
	(0.008)
	(0.007)
	(0.008)
	(0.021)
	(0.022)
	(0.023)
	(0.013)
	(0.023)
	(0.019)

	
	100%
	  ↓ 14%
	 ↑ 122%
	  ↓ 7%
	100%
	 ↑ 40%
	  ↓ 56%
	 ↑ 118%
	100%
	  ↓ 132%
	 ↑ 457%
	  ↓ 223%

	Mean
	0.089
	0.004
	0.141
	-0.056
	-0.175
	0.001
	0.004
	-0.181
	-0.086
	-0.003
	0.176
	-0.258

	
	(0.016)
	(0.013)
	(0.017)
	(0.01)
	(0.01)
	(0.008)
	(0.014)
	(0.012)
	(0.021)
	(0.017)
	(0.027)
	(0.014)

	
	100%
	 ↑ 4%
	 ↑ 158%
	  ↓ 63%
	100%
	  ↓ 1%
	  ↓ 2%
	 ↑ 103%
	100%
	 ↑ 3%
	  ↓ 205%
	 ↑ 300%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.
Table 4.26: Quantile Decomposition of Wage Differential of Punjabs’s Workers Between 1998 and 2018	
	Year / Quantile
	1998- 2007
	2007-2018
	1998- 2018

	
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac
	Total_diffence
	Residual
	Median
	Charac

	0.1
 
	0.035
	0.009
	0.215
	-0.189
	-0.473
	-0.029
	-0.141
	-0.303
	-0.438
	-0.055
	-0.088
	-0.294

	
	(0.029)
	(0.018)
	(0.007)
	(0.017)
	(0.01)
	(0.019)
	(0.015)
	(0.012)
	(0.014)
	(0.017)
	(0.03)
	(0.014)

	
	100%
	 ↑ 26%
	 ↑ 614%
	  ↓ 540%
	100%
	 ↑ 6%
	 ↑ 30%
	 ↑ 64%
	100%
	 ↑ 13%
	 ↑ 20%
	 ↑ 67%

	0.25
	0.209
	0.062
	0.298
	-0.152
	-0.137
	0.005
	-0.008
	-0.135
	0.071
	0.081
	0.212
	-0.222

	
	(0.004)
	(0.007)
	(0.018)
	(0.015)
	(0.019)
	(0.012)
	(0.01)
	(0.01)
	(0.003)
	(0.015)
	(0.016)
	(0.012)

	
	100%
	 ↑ 30%
	 ↑ 143%
	  ↓ 73%
	100%
	  ↓ 4%
	 ↑ 6%
	 ↑ 99%
	100%
	 ↑ 114%
	 ↑ 299%
	  ↓ 313%

	0.5 
	0.251
	0.011
	0.324
	-0.084
	0.008
	0.000
	0.032
	-0.024
	0.260
	0.017
	0.347
	-0.104

	
	(0.008)
	(0.01)
	(0.014)
	(0.011)
	(0.011)
	(0.009)
	(0.007)
	(0.005)
	(0.005)
	(0.007)
	(0.008)
	(0.007)

	
	100%
	 ↑ 4%
	 ↑ 129%
	  ↓ 33%
	100%
	 ↑ 0%
	 ↑ 400%
	  ↓ 300%
	100%
	 ↑ 7%
	 ↑ 133%
	  ↓ 40%

	0.75
	0.318
	0.000
	0.358
	-0.039
	0.047
	-0.014
	0.014
	0.047
	0.365
	-0.020
	0.390
	-0.004

	
	(0.012)
	(0.005)
	(0.009)
	(0.01)
	(0.01)
	(0.009)
	(0.007)
	(0.013)
	(0.007)
	(0.012)
	(0.006)
	(0.005)

	
	100%
	 ↑ 0%
	 ↑ 113%
	  ↓ 12%
	100%
	  ↓ 30%
	 ↑ 30%
	 ↑ 100%
	100%
	  ↓ 5%
	 ↑ 107%
	  ↓ 1%

	0.9
	0.398
	0.015
	0.394
	-0.011
	0.047
	-0.028
	-0.044
	0.120
	0.445
	-0.034
	0.401
	0.078

	
	(0.021)
	(0.011)
	(0.021)
	(0.02)
	(0.023)
	(0.015)
	(0.019)
	(0.036)
	(0.013)
	(0.019)
	(0.009)
	(0.015)

	
	100%
	 ↑ 4%
	 ↑ 99%
	  ↓ 3%
	100%
	  ↓ 60%
	  ↓ 94%
	 ↑ 255%
	100%
	  ↓ 8%
	 ↑ 90%
	 ↑ 18%

	Mean
	0.235
	0.017
	0.309
	-0.091
	-0.084
	-0.014
	-0.022
	-0.047
	0.151
	0.001
	0.255
	-0.105

	
	(0.015)
	(0.012)
	(0.016)
	(0.015)
	(0.016)
	(0.014)
	(0.013)
	(0.017)
	(0.009)
	(0.015)
	(0.014)
	(0.011)

	
	100%
	 ↑ 7%
	 ↑ 131%
	  ↓ 39%
	100%
	 ↑ 17%
	 ↑ 26%
	 ↑ 56%
	100%
	 ↑ 1%
	 ↑ 169%
	  ↓ 70%


* Where values in the parenthesis are standard errors, and percentages show the percentage share of the difference.

Figure 4.13. Decomposition of Difference in Log of Monthly Wage of Province Wise Workers between 1998 and 2019
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[bookmark: _Toc123124275] CONCLUSION AND POLICY IMPLICATIONS

The study evaluated the changes in income distribution  occurred in Pakistan  during 1998- 2018 using the  three household survey data sets namely; PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. Income distribution is decomposed using parametric (Kernel Density Estimates) and non-parametric (Oaxaca-Blinder Decomposition & Quantile Decomposition) methods based on  workers' characteristics for instance gender, locality, region and time period. Household monthly income is used as a dependent variable, while  workers’characteristics (gender, age, education, locality, work experience, region, marital status, and occupation) are used as independent variables in parametric models.

Over the two decades, the average monthly income increased from Rs. 5443 to Rs. 6817, showing a 25 percent increase in monthly income. Female contribution to the labour force has increased from 9 percent in 1998 to 17 percent in 2018. The majority of the workers in the all-data sets are from rural areas. Punjab and Sindh are the highly populated provinces of Pakistan, and a significant portion of the workers in all surveys are from these provinces. Most of the workers are employed in the elementary category, while the least occupied category is  the manager's category. All occupations' earnings increased; managers showed the highest growth, followed by skilled agriculture and fisheries workers. The lowest growth in earnings is found for workers in Plant and machine operators and assemblers.

The highest mean earnings have been observed for the workers having higher education. Income inequality increased over time for workers having secondary and tertiary education, while income inequality decreased over time for workers having no education. The average income of females decreased over time except for  having tertiary education , showing a decrease in income inequality. The average income of males increased over time, showing an increase in income inequality. The average income of the urban and rural workers increased over time except for the rural workers between 2007 and 2018, but the growth in the average income of urban workers is more than that of rural workers. Income inequality in KPK, Baluchistan, and Punjab increased while it decreased in Sindh over time.
[bookmark: _Hlk122513985][bookmark: _Hlk122520538]Kernel Density Estimates (KDE) of the log monthly wages of workers subject to the time, gender, locality and province for the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. The income density function shows the concentration of the population at each income level in different periods. KDE of log monthly wages of workers over time showed the increase in income inequality. For the male workers, it showed an increase in income inequality while for female’s workers it showed a decline in income inequality over time. KDE of log monthly wages of workers for the different level of education showed an increase in income inequality for the workers having higher level of education (secondary and tertiary category). KDE of log monthly wages of workers KPK, Baluchistan, and Punjab showed an increase in income inequality over the  period. KDE of log monthly wages of workers from both rural and urban areas showed an increase in income inequality over the time but increase in income inequality of urban workers is more than that of rural workers. KDE of log monthly wages of workers employed in plant and machine operators and assemblers and elementary occupations category showed a decrease in income inequality. However, all other categories of professions showed an increase in income inequality over time.

Oaxaca-Blinder decomposition of the log monthly wages of workers subject to the time, gender, locality and province is calculated for the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018-19. The mean earning gaps for the different periods are measured and  decomposed into endowment and coefficient effects. Education and experience significantly increase the average income. The average income of females is lower than their male counterparts. A married person’s income is higher than their unmarried counterparts. Urban people earn higher than rural people. The wage gap is positive between 1998-2007 and 1998-2018, implying that the wage inequality increased in that period mainly due to the coefficient component, while the wage gap is negative between 2007-2018, showing the decrease in wage inequality is due to the endowment component. The wage gaps of male workers are positive between 1998-2018, implying that the male wage inequality increased in that period mainly due to the increase in endowment and coefficient components. The female wage gaps are negative between 1998-2018, implying that the female wage inequality decreased in that period mainly due to the decrease in endowment and coefficient components. 
[bookmark: _Hlk122602358][bookmark: _Hlk122602635]The wage gaps of urban workers are positive between 1998-2018, implying that the wage inequality of the urban labour force increased in that period mainly due to the increase in endowment and coefficient components. The wage gaps of rural workers are positive between 1998-2007 and 1998-2018, implying that the wage inequality of the rural labour force increased in that period mainly due to the increase in the coefficient component. The wage gap of rural workers is negative between 2007-2018 due to a decrease in the endowment component. The wage gaps of workers from Punjab are positive between 1998-2007 and 1998-2018, implying that the wage inequality of Punjab’s labour force increased in that period mainly due to the increase in the coefficient component. The wage gap of workers from Punjab is negative between 2007-2018 due to a decrease in endowment and coefficient components. The wage gap of workers from KPK are positive  for all data sets, implying that the wage inequality of KPK’s labour force increased in that period mainly due to the increase in the endowment and coefficient components. The wage gap of workers from Sindh is positive for the difference between 1998-2007, implying that the wage inequality of Sindh’s labour force increased in that period mainly due to the increase in the coefficient component. The wage gaps of workers from Sindh are negative for the difference between 2007-2018 and 1998-2018, implying that the wage inequality of Sindh’s labour force decreased in that period mainly due to the decrease in the endowment component. The wage gaps of workers from Baluchistan are positive for the difference of all data sets, implying that the wage inequality of Baluchistan’s labour force increased in that period due to the increase in the endowment and coefficient component.

To obtain detailed income distribution  the Quantile Decomposition of the log monthly wages of workers is measured. The decomposition estimates are expressed for six points in wage distribution (mean, median, 10th quantile, 25th quantile, 75th quantile, 90th quantile) for the 03 household survey data sets PIHS 1998-99, PSLM 2007-08 and PSLM 2018 subject to the time, gender, locality and province. The earning gaps for the different percentiles and periods are measured and further decomposed into the contribution of median coefficients, characteristic and residual effects. 

Income inequality increased between 1998 and 2018, although the rise in income inequality for Pakistan's upper 20% of the population was more than the lower 20%. The earning differences between 1998 and 2007 are mainly explained by the changes in the distribution of median coefficients. The lower 20% of female workers have experienced a proportionately greater reduction in inequality than the top 20% of female workers. The changes in median coefficients are the more prominent contributor to the earning differentials of female workers between 1998 and 2018, except for the 90th percentile, where differences in the characteristics of female workers explain the immense contribution. The lower 20% of male workers have experienced a proportionately greater increase in inequality than the top 20% of male workers. The changes in median coefficients are the more prominent contributor to the earning differentials of male workers between 1998 and 2018.

The lower 20% of rural workers have experienced a decline in inequality, while the top 20% of rural workers faced an increase in inequality between 1998 and 2018. The changes in median coefficients are the more prominent contributor to the earning differentials for the rural workers between 1998 and 2018. The lower 20% of urban workers have experienced a less increase in inequality than the top 20% of urban. The changes in median coefficients are the more prominent contributor to the earning differentials for the urban workers between 1998 and 2018. The lower 20% of Baluchistan’s workers have experienced a higher increase in inequality than top 20% of workers between 1998 and 2018. The changes in median coefficients are the more prominent contributor to the earning differentials. The upper 20% of KPK’s workers have experienced a higher increase in inequality than the lower 20% of workers between 1998 and 2018. The changes in median coefficients are the foremost contributor to the earning differentials. Between 1998 and 2018, income inequality among the top 20% of Sindh's workers increased, whilst it decreased for the bottom 20% of workers. The changes in workers characteristics have shown a significant contribution to the earning differentials except for the 75th and 90th percentile, where changes in median coefficients played a leading role. Between 1998 and 2018, income inequality among the top 20% of Punjab’s workers increased, whilst it decreased for the bottom 20% of workers. The changes in workers characteristics have shown a significant contribution to the earning differentials except for the 10th and 25th percentile, where changes in median coefficients played a principal role.







5.1 Policy Imoplications:
The analysis above highlights potential policy options to address the growing income inequality. Based on the results, expanding education alone may not be sufficient to decrease inequality in Pakistan. Instead, focusing on improving the quality of education for workers with higher levels of  education may be more effective. Additionally, the different impacts of education expansion on males and females incomes highlight the importance of addressing gender issues in the labor market. Specifically, for low-educated female workers, additional education can lead to significant earning increases.

Our findings indicate that increasing income inequality is caused by a combination of factors. One major force is technological progress, which has led to changes in the job market. A closer examination of these changes shows that technology has replaced jobs that involve routine tasks while creating demand for jobs that involve non-routine tasks. This has a significant policy implication, as it highlights the importance of emphasizing creative thinking and personal skills in education and training programs in the information age to avoid losing the middle class.

In the light of above findings following policy implications are recommended:


1. Income inequality increased over the time period under study in Pakistan, hence to remove income inequalities a progressive tax system may be adopted in the country.
2. 
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Annexture 1: Share of Variables in Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00281
	  ↓ 36.83%
	0.00764
	 ↑ 3.34%
	0.000596
	 ↑ 1.22%

	Secondary
	0.00746
	 ↑ 97.77%
	0.0246
	 ↑ 10.74%
	-0.000981
	 ↓ 2.01%

	Tertiary
	0.00831
	 ↑ 108.91%
	0.00766
	 ↑ 3.34%
	-0.000607
	 ↓ 1.24%

	Experience
	0.0364
	 ↑ 477.06%
	0.0932
	 ↑ 40.70%
	-0.00268
	 ↓ 5.49%

	Experience-sq
	-0.0264
	  ↓ 346.00%
	-0.000689
	  ↓ 0.30%
	0.0000337
	 ↑ 0.07%

	Gender
	Male is the base category

	Female
	-0.0217
	  ↓ 284.40%
	-0.0456
	  ↓ 19.91%
	0.00746
	 ↑ 15.29%

	Province
	Punjab is the base category

	Sindh
	0.00133
	 ↑ 17.43%
	-0.0492
	  ↓ 21.48%
	-0.00517
	 ↓ 10.59%

	NWFP
	-0.0000826
	  ↓ 1.08%
	-0.00786
	  ↓ 3.43%
	0.000152
	 ↑ 0.31%

	Balouchistan
	0.0000127
	 ↑ 0.17%
	-0.0469
	  ↓ 20.48%
	-0.00348
	 ↓ 7.13%

	Locality
	Rural is the base category

	Urban
	-0.01
	  ↓ 131.06%
	-0.0166
	  ↓ 7.25%
	-0.00202
	 ↓ 4.14%

	Marital Status
	Un-married is the base category

	Married
	0.0000609
	 ↑ 0.80%
	-0.00507
	  ↓ 2.21%
	0.00000229
	 ↑ 0.00%

	Profession
	

	leg_sen_man
	0.00273
	 ↑ 35.78%
	0.00599
	 ↑ 2.62%
	-0.000732
	 ↓ 1.50%

	Professional
	-0.00971
	  ↓ 127.26%
	0.0147
	 ↑ 6.42%
	0.00272
	 ↑ 5.57%

	Tech_a_Proff
	-0.000428
	  ↓ 5.61%
	0.0123
	 ↑ 5.37%
	0.000105
	 ↑ 0.22%

	Clerk
	-0.00351
	  ↓ 46.00%
	0.00522
	 ↑ 2.28%
	0.000693
	 ↑ 1.42%

	Service_Sale
	-0.0178
	  ↓ 233.29%
	0.0123
	 ↑ 5.37%
	0.00233
	 ↑ 4.77%

	Agri_Fishery
	0.036
	 ↑ 471.82%
	0.117
	 ↑ 51.09%
	-0.0485
	 ↓ 99.39%

	Craft
	-0.0116
	  ↓ 152.03%
	0.00879
	 ↑ 3.84%
	0.00251
	 ↑ 5.14%

	Plant_Machin
	-0.00703
	  ↓ 92.14%
	0.00238
	 ↑ 1.04%
	0.000389
	 ↑ 0.80%

	Eementary
	0.0111
	 ↑ 145.48%
	0.0175
	 ↑ 7.64%
	-0.00168
	 ↓ 3.44%

	Total
	0.00763
	 ↑ 100.00%
	0.229
	 ↑ 100.00%
	0.0488
	 ↑ 100.00%


Annexture 2:	Share of Variables in Male Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.000623
	  ↓ 0.52%
	0.00174
	 ↑ 13.70%
	0.0000291
	 ↑ 0.07%

	Secondary
	-0.015
	  ↓ 12.61%
	0.00322
	 ↑ 25.35%
	0.000274
	 ↑ 0.62%

	Tertiary
	-0.0125
	  ↓ 10.50%
	0.0069
	 ↑ 54.33%
	0.000858
	 ↑ 1.93%

	Experience
	0.000245
	 ↑ 0.21%
	0.17
	 ↑ 1338.58%
	-0.000029
	 ↓ 0.07%

	Experience-sq
	0.0031
	 ↑ 2.61%
	-0.0596
	  ↓ 469.29%
	-0.00031
	 ↓ 0.70%

	Gender
	Male is the base category

	Female
	-0.0869
	  ↓ 73.03%
	-0.0446
	  ↓ 351.18%
	0.0156
	 ↑ 35.06%

	Province
	Punjab is the base category

	Sindh
	-0.000531
	  ↓ 0.45%
	0.0119
	 ↑ 93.70%
	-0.00194
	 ↓ 4.36%

	NWFP
	-0.000419
	  ↓ 0.35%
	0.0188
	 ↑ 148.03%
	0.000539
	 ↑ 1.21%

	Balouchistan
	-0.00878
	  ↓ 7.38%
	0.0173
	 ↑ 136.22%
	0.00884
	 ↑ 19.87%

	Locality
	Rural is the base category

	Urban
	-0.0173
	  ↓ 14.54%
	0.0136
	 ↑ 107.09%
	0.00287
	 ↑ 6.45%

	Marital Status
	Un-married is the base category

	Married
	0.00208
	 ↑ 1.75%
	-0.0553
	  ↓ 435.43%
	0.00139
	 ↑ 3.12%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0429
	 ↑ 36.05%
	-0.0371
	  ↓ 292.13%
	0.0282
	 ↑ 63.37%

	Professional
	0.00489
	 ↑ 4.11%
	-0.00311
	  ↓ 24.49%
	0.000278
	 ↑ 0.62%

	Tech_a_Proff
	-0.0188
	  ↓ 15.80%
	-0.00587
	  ↓ 46.22%
	-0.0055
	 ↓ 12.36%

	Clerk
	-0.00718
	  ↓ 6.03%
	-0.00278
	  ↓ 21.89%
	-0.00131
	 ↓ 2.94%

	Service_Sale
	-0.0185
	  ↓ 15.55%
	-0.0211
	  ↓ 166.14%
	-0.00843
	 ↓ 18.94%

	Agri_Fishery
	0.00941
	 ↑ 7.91%
	-0.0109
	  ↓ 85.83%
	0.00119
	 ↑ 2.67%

	Craft
	0.0146
	 ↑ 12.27%
	-0.0224
	  ↓ 176.38%
	0.00806
	 ↑ 18.11%

	Plant_Machin
	-0.00278
	  ↓ 2.34%
	-0.00724
	  ↓ 57.01%
	-0.000624
	 ↓ 1.40%

	Eementary
	-0.00727
	  ↓ 6.11%
	-0.0441
	  ↓ 347.24%
	-0.00544
	 ↓ 12.22%

	Total
	0.119
	 ↑ 100.00%
	0.0127
	 ↑ 100.00%
	0.0445
	 ↑ 100.00%



Annexture 3:	Share of Variables in Male Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00358
	  ↓ 2.73%
	0.00925
	 ↑ 3.71%
	0.000889
	 ↑ 11.17%

	Secondary
	-0.000906
	  ↓ 0.69%
	-0.0285
	  ↓ 11.45%
	-0.000438
	 ↓ 5.50%

	Tertiary
	-0.00736
	  ↓ 5.62%
	0.0259
	 ↑ 10.40%
	0.00108
	 ↑ 13.57%

	Experience
	-0.00354
	  ↓ 2.70%
	0.0137
	 ↑ 5.50%
	0.000484
	 ↑ 6.08%

	Experience-sq
	0.0416
	 ↑ 31.76%
	0.263
	 ↑ 105.62%
	-0.0076
	 ↓ 95.48%

	Gender
	Male is the base category

	Female
	-0.113
	  ↓ 86.26%
	-0.115
	  ↓ 46.18%
	0.0523
	 ↑ 657.04%

	Province
	Punjab is the base category

	Sindh
	-0.000244
	  ↓ 0.19%
	-0.0468
	  ↓ 18.80%
	0.00351
	 ↑ 44.10%

	NWFP
	-0.000129
	  ↓ 0.10%
	0.0111
	 ↑ 4.46%
	0.0000984
	 ↑ 1.24%

	Balouchistan
	-0.0107
	  ↓ 8.17%
	-0.0137
	  ↓ 5.50%
	-0.00854
	 ↓ 107.29%

	Locality
	Rural is the base category

	Urban
	-0.0293
	  ↓ 22.37%
	-0.000123
	  ↓ 0.05%
	-0.0000443
	 ↓ 0.56%

	Marital Status
	Un-married is the base category

	Married
	0.00212
	 ↑ 1.62%
	-0.0605
	  ↓ 24.30%
	0.00154
	 ↑ 19.35%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0445
	 ↑ 33.97%
	-0.012
	  ↓ 4.82%
	0.00951
	 ↑ 119.47%

	Professional
	-0.0043
	  ↓ 3.28%
	0.0131
	 ↑ 5.26%
	0.00103
	 ↑ 12.94%

	Tech_a_Proff
	-0.0192
	  ↓ 14.66%
	0.000488
	 ↑ 0.20%
	0.000465
	 ↑ 5.84%

	Clerk
	-0.0102
	  ↓ 7.79%
	0.000766
	 ↑ 0.31%
	0.000511
	 ↑ 6.42%

	Service_Sale
	-0.0307
	  ↓ 23.44%
	-0.0123
	  ↓ 4.94%
	-0.00819
	 ↓ 102.89%

	Agri_Fishery
	0.0414
	 ↑ 31.60%
	0.12
	 ↑ 48.19%
	-0.0575
	 ↓ 722.36%

	Craft
	0.00717
	 ↑ 5.47%
	-0.00872
	  ↓ 3.50%
	0.00153
	 ↑ 19.22%

	Plant_Machin
	-0.00853
	  ↓ 6.51%
	-0.00506
	  ↓ 2.03%
	-0.00133
	 ↓ 16.71%

	Eementary
	-0.000906
	  ↓ 0.69%
	-0.0285
	  ↓ 11.45%
	-0.000438
	 ↓ 5.50%

	Total
	0.131
	 ↑ 100.00%
	0.249
	 ↑ 100.00%
	0.00796
	 ↑ 100.00%


Annexture 4:	Share of Variables in Male Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00268
	  ↓ 21.10%
	0.0051
	 ↑ 1.85%
	0.000435
	 ↑ 0.77%

	Secondary
	0.0107
	 ↑ 84.25%
	0.0141
	 ↑ 5.11%
	-0.00086
	  ↓ 1.53%

	Tertiary
	0.00446
	 ↑ 35.12%
	0.00117
	 ↑ 0.42%
	-0.0000588
	  ↓ 0.10%

	Experience
	0.0427
	 ↑ 336.22%
	0.0688
	 ↑ 24.93%
	-0.00233
	  ↓ 4.14%

	Experience-sq
	-0.0331
	  ↓ 260.63%
	-0.00516
	  ↓ 1.87%
	0.000307
	 ↑ 0.55%

	Province
	Punjab is the base category

	Sindh
	0.00141
	 ↑ 11.10%
	-0.0551
	  ↓ 19.96%
	-0.00604
	  ↓ 10.73%

	NWFP
	-0.000479
	  ↓ 3.77%
	-0.0181
	  ↓ 6.56%
	0.000585
	 ↑ 1.04%

	Balouchistan
	0.0000603
	 ↑ 0.47%
	-0.0584
	  ↓ 21.16%
	-0.000866
	  ↓ 1.54%

	Locality
	Rural is the base category

	Urban
	-0.00704
	  ↓ 55.43%
	-0.0293
	  ↓ 10.62%
	-0.00316
	  ↓ 5.61%

	Marital Status
	Un-married is the base category

	Married
	-0.00067
	  ↓ 5.28%
	0.0194
	 ↑ 7.03%
	0.0000679
	 ↑ 0.12%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00281
	 ↑ 22.13%
	0.00561
	 ↑ 2.03%
	-0.000657
	  ↓ 1.17%

	Professional
	-0.0093
	  ↓ 73.23%
	0.00556
	 ↑ 2.01%
	0.00163
	 ↑ 2.90%

	Tech_a_Proff
	-0.000876
	  ↓ 6.90%
	0.00621
	 ↑ 2.25%
	0.000133
	 ↑ 0.24%

	Clerk
	-0.00363
	  ↓ 28.58%
	0.00285
	 ↑ 1.03%
	0.000365
	 ↑ 0.65%

	Service_Sale
	-0.0168
	  ↓ 132.28%
	0.00183
	 ↑ 0.66%
	0.000313
	 ↑ 0.56%

	Agri_Fishery
	0.0362
	 ↑ 285.04%
	0.115
	 ↑ 41.67%
	-0.0474
	  ↓ 84.19%

	Craft
	-0.0149
	  ↓ 117.32%
	0.00428
	 ↑ 1.55%
	0.00148
	 ↑ 2.63%

	Plant_Machin
	-0.0063
	  ↓ 49.61%
	-0.00256
	  ↓ 0.93%
	-0.00034
	  ↓ 0.60%

	Eementary
	0.0101
	 ↑ 79.53%
	-0.000932
	  ↓ 0.34%
	0.0000801
	 ↑ 0.14%

	Total
	0.0127
	 ↑ 100.00%
	0.276
	 ↑ 100.00%
	0.0563
	 ↑ 100.00%






Annexture 5:	Share of Variables in Male Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.000115
	 ↑ 1.03%
	-0.00294
	  ↓ 7.12%
	0.0000118
	 ↑ 0.04%

	Secondary
	-0.002
	  ↓ 17.86%
	-0.00702
	  ↓ 17.00%
	-0.0000852
	  ↓ 0.26%

	Tertiary
	-0.00679
	  ↓ 60.63%
	0.00314
	 ↑ 7.60%
	0.000249
	 ↑ 0.77%

	Experience
	-0.0167
	  ↓ 149.11%
	0.095
	 ↑ 230.02%
	0.00118
	 ↑ 3.65%

	Experience-sq
	0.0138
	 ↑ 123.21%
	-0.0383
	  ↓ 92.74%
	-0.000913
	  ↓ 2.83%

	Province
	Punjab is the base category

	Sindh
	-0.00199
	  ↓ 17.77%
	0.0022
	 ↑ 5.33%
	-0.000337
	  ↓ 1.04%

	NWFP
	-0.0000149
	  ↓ 0.13%
	0.0129
	 ↑ 31.23%
	-0.0000927
	  ↓ 0.29%

	Balouchistan
	-0.00661
	  ↓ 59.02%
	0.0178
	 ↑ 43.10%
	0.00785
	 ↑ 24.30%

	Locality
	Rural is the base category

	Urban
	-0.0104
	  ↓ 92.86%
	0.0109
	 ↑ 26.39%
	0.00169
	 ↑ 5.23%

	Marital Status
	Un-married is the base category

	Married
	0.00429
	 ↑ 38.30%
	-0.017
	  ↓ 41.16%
	0.000408
	 ↑ 1.26%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0501
	 ↑ 447.32%
	-0.0473
	  ↓ 114.53%
	0.0371
	 ↑ 114.86%

	Professional
	0.0041
	 ↑ 36.61%
	-0.00563
	  ↓ 13.63%
	0.000746
	 ↑ 2.31%

	Tech_a_Proff
	-0.0117
	  ↓ 104.46%
	-0.00644
	  ↓ 15.59%
	-0.00399
	  ↓ 12.35%

	Clerk
	-0.00611
	  ↓ 54.55%
	-0.00406
	  ↓ 9.83%
	-0.00149
	  ↓ 4.61%

	Service_Sale
	-0.0121
	  ↓ 108.04%
	-0.0316
	  ↓ 76.51%
	-0.00811
	  ↓ 25.11%

	Agri_Fishery
	0.0066
	 ↑ 58.93%
	-0.0217
	  ↓ 52.54%
	0.00192
	 ↑ 5.94%

	Craft
	0.0161
	 ↑ 143.75%
	-0.0206
	  ↓ 49.88%
	0.00722
	 ↑ 22.35%

	Plant_Machin
	-0.000641
	  ↓ 5.72%
	-0.012
	  ↓ 29.06%
	-0.000223
	  ↓ 0.69%

	Eementary
	-0.00878
	  ↓ 78.39%
	-0.0541
	  ↓ 130.99%
	-0.0108
	  ↓ 33.44%

	Total
	0.0112
	 ↑ 100.00%
	0.0413
	 ↑ 100.00%
	0.0323
	 ↑ 100.00%






Annexture 6:	Share of Variables in Male Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00232
	  ↓ 9.75%
	0.00219
	 ↑ 0.61%
	0.000177
	 ↑ 0.27%

	Secondary
	0.00822
	 ↑ 34.54%
	0.00686
	 ↑ 1.91%
	-0.000342
	  ↓ 0.52%

	Tertiary
	-0.00216
	  ↓ 9.08%
	0.00423
	 ↑ 1.18%
	0.000107
	 ↑ 0.16%

	Experience
	0.0293
	 ↑ 123.11%
	0.163
	 ↑ 45.28%
	-0.00355
	  ↓ 5.35%

	Experience-sq
	-0.0216
	  ↓ 90.76%
	-0.0434
	  ↓ 12.06%
	0.00161
	 ↑ 2.42%

	Province
	Punjab is the base category

	Sindh
	-0.000783
	  ↓ 3.29%
	-0.0629
	  ↓ 17.47%
	0.00379
	 ↑ 5.71%

	NWFP
	-0.0000811
	  ↓ 0.34%
	-0.00539
	  ↓ 1.50%
	0.000212
	 ↑ 0.32%

	Balouchistan
	-0.00693
	  ↓ 29.12%
	-0.0227
	  ↓ 6.31%
	-0.0105
	  ↓ 15.81%

	Locality
	Rural is the base category

	Urban
	-0.0188
	  ↓ 78.99%
	-0.0145
	  ↓ 4.03%
	-0.00403
	  ↓ 6.07%

	Marital Status
	Un-married is the base category

	Married
	0.00368
	 ↑ 15.46%
	0.00287
	 ↑ 0.80%
	-0.000059
	  ↓ 0.09%

	Profession
	0.0517
	 ↑ 217.23%
	-0.0213
	  ↓ 5.92%
	0.0173
	 ↑ 26.05%

	leg_sen_man
	-0.00377
	  ↓ 15.84%
	0.000775
	 ↑ 0.22%
	0.0000942
	 ↑ 0.14%

	Professional
	-0.0124
	  ↓ 52.10%
	-0.0026
	  ↓ 0.72%
	-0.00171
	  ↓ 2.58%

	Tech_a_Proff
	-0.00903
	  ↓ 37.94%
	-0.00197
	  ↓ 0.55%
	-0.00107
	  ↓ 1.61%

	Clerk
	-0.0222
	  ↓ 93.28%
	-0.0301
	  ↓ 8.36%
	-0.0142
	  ↓ 21.39%

	Service_Sale
	0.0347
	 ↑ 145.80%
	0.104
	 ↑ 28.89%
	-0.0484
	  ↓ 72.89%

	Agri_Fishery
	0.00583
	 ↑ 24.50%
	-0.014
	  ↓ 3.89%
	0.00177
	 ↑ 2.67%

	Craft
	-0.00532
	  ↓ 22.35%
	-0.0145
	  ↓ 4.03%
	-0.00223
	  ↓ 3.36%

	Plant_Machin
	-0.00426
	  ↓ 17.90%
	-0.0548
	  ↓ 15.22%
	-0.00533
	  ↓ 8.03%

	Eementary
	0.0238
	 ↑ 100.00%
	0.36
	 ↑ 100.00%
	0.0664
	 ↑ 100.00%

	Total
	0.00368
	 ↑ 15.46%
	0.00287
	 ↑ 0.80%
	-0.000059
	  ↓ 0.09%






Annexture 7:	Share of Variables in Female Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00667
	 ↑ 23.16%
	0.00952
	 ↑ 6.22%
	-0.00209
	 ↓ 12.59%

	Secondary
	-0.0326
	  ↓ 113.19%
	0.0572
	 ↑ 37.39%
	0.01
	 ↑ 60.24%

	Tertiary
	0.0454
	 ↑ 157.64%
	0.0543
	 ↑ 35.49%
	-0.00991
	 ↓ 59.70%

	Experience
	-0.0237
	  ↓ 82.29%
	0.567
	 ↑ 370.59%
	0.00732
	 ↑ 44.10%

	Experience-sq
	0.0354
	 ↑ 122.92%
	-0.184
	  ↓ 120.26%
	-0.00824
	 ↓ 49.64%

	Province
	Punjab is the base category

	Sindh
	-0.000491
	  ↓ 1.70%
	0.00587
	 ↑ 3.84%
	0.000271
	 ↑ 1.63%

	NWFP
	-0.00386
	  ↓ 13.40%
	0.0405
	 ↑ 26.47%
	0.00322
	 ↑ 19.40%

	Balouchistan
	-0.0212
	  ↓ 73.61%
	0.00488
	 ↑ 3.19%
	0.00737
	 ↑ 44.40%

	Locality
	Rural is the base category

	Urban
	-0.0358
	  ↓ 124.31%
	0.0524
	 ↑ 34.25%
	0.0136
	 ↑ 81.93%

	Marital Status
	Un-married is the base category

	Married
	-0.00523
	  ↓ 18.16%
	-0.0403
	  ↓ 26.34%
	0.00294
	 ↑ 17.71%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00531
	 ↑ 18.44%
	0.00465
	 ↑ 3.04%
	-0.00216
	 ↓ 13.01%

	Professional
	-0.018
	  ↓ 62.50%
	0.0651
	 ↑ 42.55%
	0.00756
	 ↑ 45.54%

	Tech_a_Proff
	-0.00356
	  ↓ 12.36%
	0.0383
	 ↑ 25.03%
	0.0015
	 ↑ 9.04%

	Clerk
	0.00476
	 ↑ 16.53%
	0.00554
	 ↑ 3.62%
	-0.00178
	 ↓ 10.72%

	Service_Sale
	-0.0192
	  ↓ 66.67%
	0.0453
	 ↑ 29.61%
	0.0154
	 ↑ 92.77%

	Agri_Fishery
	0.0215
	 ↑ 74.65%
	0.0517
	 ↑ 33.79%
	-0.026
	 ↓ 156.63%

	Craft
	-0.00341
	  ↓ 11.84%
	0.0618
	 ↑ 40.39%
	0.0124
	 ↑ 74.70%

	Plant_Machin
	-0.00362
	  ↓ 12.57%
	0.00162
	 ↑ 1.06%
	0.00354
	 ↑ 21.33%

	Eementary
	0.0229
	 ↑ 79.51%
	0.0579
	 ↑ 37.84%
	-0.0185
	 ↓ 111.45%

	Total
	0.0288
	100%
	0.153
	100%
	0.0166
	100%






Annexture 8:	Share of Variables in Female Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00338
	 ↑ 1.15%
	0.00884
	 ↑ 13.25%
	-0.000714
	 ↓ 2.66%

	Secondary
	-0.0724
	  ↓ 24.63%
	0.000638
	 ↑ 0.96%
	0.000404
	 ↑ 1.51%

	Tertiary
	-0.0889
	  ↓ 30.24%
	0.00989
	 ↑ 14.83%
	0.00503
	 ↑ 18.77%

	Experience
	0.153
	 ↑ 52.04%
	0.072
	 ↑ 107.95%
	-0.00535
	 ↓ 19.96%

	Experience-sq
	-0.0884
	  ↓ 30.07%
	0.0263
	 ↑ 39.43%
	-0.00273
	 ↓ 10.19%

	Province
	Punjab is the base category

	Sindh
	0.0159
	 ↑ 5.41%
	0.0567
	 ↑ 85.01%
	-0.0128
	 ↓ 47.76%

	NWFP
	-0.0119
	  ↓ 4.05%
	0.037
	 ↑ 55.47%
	0.00556
	 ↑ 20.75%

	Balouchistan
	-0.00646
	  ↓ 2.20%
	0.00584
	 ↑ 8.76%
	0.00239
	 ↑ 8.92%

	Locality
	Rural is the base category

	Urban
	-0.0515
	  ↓ 17.52%
	-0.00055
	  ↓ 0.82%
	-0.000334
	 ↓ 1.25%

	Marital Status
	Un-married is the base category

	Married
	-0.0119
	  ↓ 4.05%
	-0.0727
	  ↓ 109.00%
	0.00575
	 ↑ 21.46%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00206
	 ↑ 0.70%
	-0.00313
	  ↓ 4.69%
	0.000587
	 ↑ 2.19%

	Professional
	-0.041
	  ↓ 13.95%
	0.0038
	 ↑ 5.70%
	0.00131
	 ↑ 4.89%

	Tech_a_Proff
	-0.0816
	  ↓ 27.76%
	0.00164
	 ↑ 2.46%
	0.00739
	 ↑ 27.57%

	Clerk
	-0.00913
	  ↓ 3.11%
	0.000142
	 ↑ 0.21%
	0.000214
	 ↑ 0.80%

	Service_Sale
	-0.0585
	  ↓ 19.90%
	0.00603
	 ↑ 9.04%
	0.0169
	 ↑ 63.06%

	Agri_Fishery
	0.0267
	 ↑ 9.08%
	0.0179
	 ↑ 26.84%
	-0.00587
	 ↓ 21.90%

	Craft
	-0.000626
	  ↓ 0.21%
	-0.0245
	  ↓ 36.73%
	0.00531
	 ↑ 19.81%

	Plant_Machin
	0.00136
	 ↑ 0.46%
	0.00163
	 ↑ 2.44%
	-0.000542
	 ↓ 2.02%

	Eementary
	0.0262
	 ↑ 8.91%
	-0.0145
	  ↓ 21.74%
	0.00433
	 ↑ 16.16%

	Total
	0.294
	100%
	0.0667
	100%
	0.0268
	100%






Annexture 9:	Share of Variables in Female Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.0118
	 ↑ 3.39%
	0.0192
	 ↑ 6.88%
	-0.00543
	 ↓ 4.24%

	Secondary
	-0.105
	  ↓ 30.17%
	0.0357
	 ↑ 12.80%
	0.0328
	 ↑ 25.63%

	Tertiary
	-0.0408
	  ↓ 11.72%
	0.0459
	 ↑ 16.45%
	0.0107
	 ↑ 8.36%

	Experience
	0.128
	 ↑ 36.78%
	0.685
	 ↑ 245.52%
	-0.0427
	 ↓ 33.36%

	Experience-sq
	-0.0541
	  ↓ 15.55%
	-0.178
	  ↓ 63.80%
	0.0113
	 ↑ 8.83%

	Province
	Punjab is the base category

	Sindh
	0.0134
	 ↑ 3.85%
	0.0642
	 ↑ 23.01%
	-0.0122
	 ↓ 9.53%

	NWFP
	-0.0191
	  ↓ 5.49%
	0.0722
	 ↑ 25.88%
	0.0175
	 ↑ 13.67%

	Balouchistan
	-0.0401
	  ↓ 11.52%
	0.0093
	 ↑ 3.33%
	0.0236
	 ↑ 18.44%

	Locality
	Rural is the base category

	Urban
	-0.0871
	  ↓ 25.03%
	0.032
	 ↑ 11.47%
	0.0328
	 ↑ 25.63%

	Marital Status
	Un-married is the base category

	Married
	-0.022
	  ↓ 6.32%
	-0.116
	  ↓ 41.58%
	0.017
	 ↑ 13.28%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00618
	 ↑ 1.78%
	0.0026
	 ↑ 0.93%
	-0.00147
	 ↓ 1.15%

	Professional
	-0.0597
	  ↓ 17.16%
	0.0522
	 ↑ 18.71%
	0.0261
	 ↑ 20.39%

	Tech_a_Proff
	-0.0855
	  ↓ 24.57%
	0.00862
	 ↑ 3.09%
	0.0406
	 ↑ 31.72%

	Clerk
	-0.00425
	  ↓ 1.22%
	0.00235
	 ↑ 0.84%
	0.00165
	 ↑ 1.29%

	Service_Sale
	-0.0855
	  ↓ 24.57%
	0.018
	 ↑ 6.45%
	0.0735
	 ↑ 57.42%

	Agri_Fishery
	0.0543
	 ↑ 15.60%
	0.0948
	 ↑ 33.98%
	-0.0631
	 ↓ 49.30%

	Craft
	-0.00017
	  ↓ 0.05%
	0.0544
	 ↑ 19.50%
	-0.00321
	 ↓ 2.51%

	Plant_Machin
	-0.00464
	  ↓ 1.33%
	0.00406
	 ↑ 1.46%
	0.00458
	 ↑ 3.58%

	Eementary
	0.0459
	 ↑ 13.19%
	0.068
	 ↑ 24.37%
	-0.0356
	 ↓ 27.81%

	Total
	0.348
	100%
	0.279
	100%
	0.128
	100%






Annexture 10: Share of Variables in Urban Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00173
	  ↓ 3.29%
	0.00275
	 ↑ 2.15%
	0.000168
	 ↑ 1.71%

	Secondary
	0.0104
	 ↑ 19.77%
	0.0193
	 ↑ 15.08%
	-0.000899
	 ↓ 9.15%

	Tertiary
	0.0342
	 ↑ 65.02%
	0.00861
	 ↑ 6.73%
	-0.00156
	 ↓ 15.87%

	Experience
	-0.0243
	  ↓ 46.20%
	0.0441
	 ↑ 34.45%
	0.000892
	 ↑ 9.07%

	Experience-sq
	0.0247
	 ↑ 46.96%
	-0.00931
	  ↓ 7.27%
	-0.000468
	 ↓ 4.76%

	Gender
	Male is the base category

	Female
	-0.00719
	  ↓ 13.67%
	-0.0287
	  ↓ 22.42%
	0.00172
	 ↑ 17.50%

	Province
	Punjab is the base category

	Sindh
	0.00242
	 ↑ 4.60%
	-0.0612
	  ↓ 47.81%
	-0.00612
	 ↓ 62.26%

	NWFP
	-0.000718
	  ↓ 1.37%
	-0.00179
	  ↓ 1.40%
	0.000158
	 ↑ 1.61%

	Balouchistan
	0.000437
	 ↑ 0.83%
	-0.0397
	  ↓ 31.02%
	-0.00124
	 ↓ 12.61%

	Marital Status
	Un-married is the base category

	Married
	-0.000227
	  ↓ 0.43%
	-0.0145
	  ↓ 11.33%
	-0.000023
	 ↓ 0.23%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00967
	 ↑ 18.38%
	0.00562
	 ↑ 4.39%
	-0.00123
	 ↓ 12.51%

	Professional
	-0.00195
	  ↓ 3.71%
	0.00959
	 ↑ 7.49%
	0.000246
	 ↑ 2.50%

	Tech_a_Proff
	0.00707
	 ↑ 13.44%
	0.00483
	 ↑ 3.77%
	-0.000484
	 ↓ 4.92%

	Clerk
	0.00436
	 ↑ 8.29%
	0.00229
	 ↑ 1.79%
	-0.000226
	 ↓ 2.30%

	Service_Sale
	-0.00614
	  ↓ 11.67%
	-0.0125
	  ↓ 9.77%
	-0.000575
	 ↓ 5.85%

	Agri_Fishery
	0.0046
	 ↑ 8.75%
	0.000109
	 ↑ 0.09%
	-0.0000337
	 ↓ 0.34%

	Craft
	-0.012
	  ↓ 22.81%
	-0.00792
	  ↓ 6.19%
	-0.00165
	 ↓ 16.79%

	Plant_Machin
	-0.0022
	  ↓ 4.18%
	-0.00488
	  ↓ 3.81%
	-0.000233
	 ↓ 2.37%

	Eementary
	0.0112
	 ↑ 21.29%
	-0.0165
	  ↓ 12.89%
	0.00172
	 ↑ 17.50%

	Total
	0.0526
	 ↑ 100.00%
	0.128
	 ↑ 100.00%
	0.00983
	 ↑ 100.00%






Annexture 11: Share of Variables in Urban Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00021
	 ↑ 1.17%
	-0.00335
	  ↓ 31.02%
	0.0000279
	 ↑ 0.07%

	Secondary
	0.0064
	 ↑ 35.75%
	-0.0069
	  ↓ 63.89%
	0.000198
	 ↑ 0.47%

	Tertiary
	-0.00525
	  ↓ 29.33%
	0.00496
	 ↑ 45.93%
	0.000138
	 ↑ 0.33%

	Experience
	-0.00387
	  ↓ 21.62%
	0.189
	 ↑ 1750.00%
	0.000527
	 ↑ 1.25%

	Experience-sq
	-0.000875
	  ↓ 4.89%
	-0.0675
	  ↓ 625.00%
	0.000106
	 ↑ 0.25%

	Gender
	Male is the base category

	Female
	-0.0233
	  ↓ 130.17%
	-0.0291
	  ↓ 269.44%
	0.00403
	 ↑ 9.53%

	Province
	Punjab is the base category

	Sindh
	0.000168
	 ↑ 0.94%
	0.0184
	 ↑ 170.37%
	0.00495
	 ↑ 11.70%

	NWFP
	0.00237
	 ↑ 13.24%
	0.0211
	 ↑ 195.37%
	-0.00468
	 ↓ 11.06%

	Balouchistan
	-0.00527
	  ↓ 29.44%
	0.0155
	 ↑ 143.52%
	0.0111
	 ↑ 26.24%

	Marital Status
	Un-married is the base category

	Married
	0.00139
	 ↑ 7.77%
	-0.0506
	  ↓ 468.52%
	0.000744
	 ↑ 1.76%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0646
	 ↑ 360.89%
	-0.0592
	  ↓ 548.15%
	0.0419
	 ↑ 99.05%

	Professional
	0.0225
	 ↑ 125.70%
	-0.0183
	  ↓ 169.44%
	0.00484
	 ↑ 11.44%

	Tech_a_Proff
	-0.0184
	  ↓ 102.79%
	-0.0113
	  ↓ 104.63%
	-0.006
	 ↓ 14.18%

	Clerk
	-0.00822
	  ↓ 45.92%
	-0.0067
	  ↓ 62.04%
	-0.00203
	 ↓ 4.80%

	Service_Sale
	-0.0131
	  ↓ 73.18%
	-0.0451
	  ↓ 417.59%
	-0.00897
	 ↓ 21.21%

	Agri_Fishery
	-0.00324
	  ↓ 18.10%
	0.000782
	 ↑ 7.24%
	0.0002
	 ↑ 0.47%

	Craft
	0.0164
	 ↑ 91.62%
	-0.0449
	  ↓ 415.74%
	0.0162
	 ↑ 38.30%

	Plant_Machin
	0.00239
	 ↑ 13.35%
	-0.017
	  ↓ 157.41%
	0.00124
	 ↑ 2.93%

	Eementary
	-0.0169
	  ↓ 94.41%
	-0.0383
	  ↓ 354.63%
	-0.0222
	 ↓ 52.48%

	Total
	0.0179
	 ↑ 100.00%
	0.0108
	 ↑ 100.00%
	0.0423
	 ↑ 100.00%






Annexture 12: Share of Variables in Urban Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00132
	  ↓ 2.04%
	-0.000575
	  ↓ 0.32%
	-0.0000301
	 ↓ 0.70%

	Secondary
	0.0165
	 ↑ 25.46%
	0.013
	 ↑ 7.18%
	-0.000958
	 ↓ 22.28%

	Tertiary
	0.0298
	 ↑ 45.99%
	0.0133
	 ↑ 7.35%
	-0.00211
	 ↓ 49.07%

	Experience
	-0.032
	  ↓ 49.38%
	0.233
	 ↑ 128.73%
	0.00538
	 ↑ 125.12%

	Experience-sq
	0.0272
	 ↑ 41.98%
	-0.0768
	  ↓ 42.43%
	-0.00373
	 ↓ 86.74%

	Gender
	Male is the base category

	Female
	-0.032
	  ↓ 49.38%
	-0.0624
	  ↓ 34.48%
	0.0119
	 ↑ 276.74%

	Province
	Punjab is the base category

	Sindh
	0.000248
	 ↑ 0.38%
	-0.0298
	  ↓ 16.46%
	-0.0118
	 ↓ 274.42%

	NWFP
	0.00311
	 ↑ 4.80%
	0.0188
	 ↑ 10.39%
	-0.00547
	 ↓ 127.21%

	Balouchistan
	-0.00567
	  ↓ 8.75%
	-0.00763
	  ↓ 4.22%
	-0.00584
	 ↓ 135.81%

	Marital Status
	Un-married is the base category

	Married
	0.00124
	 ↑ 1.91%
	-0.0654
	  ↓ 36.13%
	0.000858
	 ↑ 19.95%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0705
	 ↑ 108.80%
	-0.0401
	  ↓ 22.15%
	0.0309
	 ↑ 718.60%

	Professional
	0.0209
	 ↑ 32.25%
	-0.00521
	  ↓ 2.88%
	0.00128
	 ↑ 29.77%

	Tech_a_Proff
	-0.0131
	  ↓ 20.22%
	-0.00817
	  ↓ 4.51%
	-0.00308
	 ↓ 71.63%

	Clerk
	-0.00472
	  ↓ 7.28%
	-0.00494
	  ↓ 2.73%
	-0.000861
	 ↓ 20.02%

	Service_Sale
	-0.0168
	  ↓ 25.93%
	-0.0555
	  ↓ 30.66%
	-0.0141
	 ↓ 327.91%

	Agri_Fishery
	0.00167
	 ↑ 2.58%
	0.000868
	 ↑ 0.48%
	-0.000115
	 ↓ 2.67%

	Craft
	0.0103
	 ↑ 15.90%
	-0.0573
	  ↓ 31.66%
	0.013
	 ↑ 302.33%

	Plant_Machin
	0.00094
	 ↑ 1.45%
	-0.0222
	  ↓ 12.27%
	0.000641
	 ↑ 14.91%

	Eementary
	-0.0121
	  ↓ 18.67%
	-0.0488
	  ↓ 26.96%
	-0.0202
	 ↓ 469.77%

	Total
	0.0648
	 ↑ 100.00%
	0.181
	 ↑ 100.00%
	0.0043
	 ↑ 100.00%






Annexture 13: Share of Variables in Rural Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00454
	  ↓ 14.89%
	0.00947
	 ↑ 3.03%
	0.00107
	 ↑ 1.49%

	Secondary
	0.0109
	 ↑ 35.74%
	0.0268
	 ↑ 8.56%
	-0.00187
	 ↓ 2.60%

	Tertiary
	-0.00078
	  ↓ 2.55%
	0.0036
	 ↑ 1.15%
	0.0000685
	 ↑ 0.10%

	Experience
	0.0728
	 ↑ 238.69%
	0.201
	 ↑ 64.22%
	-0.0112
	 ↓ 15.58%

	Experience-sq
	-0.058
	  ↓ 190.16%
	-0.0375
	  ↓ 11.98%
	0.00377
	 ↑ 5.24%

	Gender
	Male is the base category

	Female
	-0.0411
	  ↓ 134.75%
	-0.0578
	  ↓ 18.47%
	0.0167
	 ↑ 23.23%

	Province
	Punjab is the base category

	Sindh
	0.000478
	 ↑ 1.57%
	-0.0434
	  ↓ 13.87%
	-0.00408
	 ↓ 5.67%

	NWFP
	8.49E-05
	 ↑ 0.28%
	-0.0157
	  ↓ 5.02%
	-0.000803
	 ↓ 1.12%

	Balouchistan
	-0.00113
	  ↓ 3.70%
	-0.0562
	  ↓ 17.96%
	-0.00713
	 ↓ 9.92%

	Marital Status
	Un-married is the base category

	Married
	-0.00088
	  ↓ 2.90%
	0.0202
	 ↑ 6.45%
	0.000128
	 ↑ 0.18%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.000138
	 ↑ 0.45%
	0.00435
	 ↑ 1.39%
	-0.0001
	 ↓ 0.14%

	Professional
	-0.0119
	  ↓ 39.02%
	0.0134
	 ↑ 4.28%
	0.0048
	 ↑ 6.68%

	Tech_a_Proff
	-0.0037
	  ↓ 12.13%
	0.0139
	 ↑ 4.44%
	0.00152
	 ↑ 2.11%

	Clerk
	-0.00785
	  ↓ 25.74%
	0.00431
	 ↑ 1.38%
	0.00245
	 ↑ 3.41%

	Service_Sale
	-0.0214
	  ↓ 70.16%
	0.0222
	 ↑ 7.09%
	0.00743
	 ↑ 10.33%

	Agri_Fishery
	0.0479
	 ↑ 157.05%
	0.233
	 ↑ 74.44%
	-0.0877
	 ↓ 121.97%

	Craft
	-0.00839
	  ↓ 27.51%
	0.0155
	 ↑ 4.95%
	0.00474
	 ↑ 6.59%

	Plant_Machin
	-0.0105
	  ↓ 34.43%
	0.00767
	 ↑ 2.45%
	0.00207
	 ↑ 2.88%

	Eementary
	0.00734
	 ↑ 24.07%
	0.0575
	 ↑ 18.37%
	-0.00377
	 ↓ 5.24%

	Total
	0.0305
	 ↑ 100.00%
	0.313
	 ↑ 100.00%
	0.0719
	 ↑ 100.00%






Annexture 14: Share of Variables in Rural Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00216
	  ↓ 1.35%
	0.00221
	 ↑ 10.00%
	0.000119
	 ↑ 0.26%

	Secondary
	-0.019
	  ↓ 11.88%
	0.00238
	 ↑ 10.77%
	0.000321
	 ↑ 0.70%

	Tertiary
	-0.000106
	  ↓ 0.07%
	0.00755
	 ↑ 34.16%
	0.0000166
	 ↑ 0.04%

	Experience
	-0.02
	  ↓ 12.50%
	0.163
	 ↑ 737.56%
	0.00224
	 ↑ 4.91%

	Experience-sq
	0.0211
	 ↑ 13.19%
	-0.0588
	  ↓ 266.06%
	-0.00202
	 ↓ 4.43%

	Gender
	Male is the base category

	Female
	-0.131
	  ↓ 81.88%
	-0.0357
	  ↓ 161.54%
	0.0159
	 ↑ 34.87%

	Province
	Punjab is the base category

	Sindh
	-0.00167
	  ↓ 1.04%
	0.00225
	 ↑ 10.18%
	-0.000722
	 ↓ 1.58%

	NWFP
	-0.00381
	  ↓ 2.38%
	0.0177
	 ↑ 80.09%
	0.00413
	 ↑ 9.06%

	Balouchistan
	-0.00995
	  ↓ 6.22%
	0.0154
	 ↑ 69.68%
	0.00713
	 ↑ 15.64%

	Marital Status
	Un-married is the base category

	Married
	0.00178
	 ↑ 1.11%
	-0.0566
	  ↓ 256.11%
	0.00117
	 ↑ 2.57%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0328
	 ↑ 20.50%
	-0.0255
	  ↓ 115.38%
	0.0231
	 ↑ 50.66%

	Professional
	-0.00218
	  ↓ 1.36%
	0.00253
	 ↑ 11.45%
	0.000163
	 ↑ 0.36%

	Tech_a_Proff
	-0.0152
	  ↓ 9.50%
	-0.00317
	  ↓ 14.34%
	-0.00425
	 ↓ 9.32%

	Clerk
	-0.00362
	  ↓ 2.26%
	-0.00125
	  ↓ 5.66%
	-0.00054
	 ↓ 1.18%

	Service_Sale
	-0.0172
	  ↓ 10.75%
	-0.00842
	  ↓ 38.10%
	-0.00426
	 ↓ 9.34%

	Agri_Fishery
	0.00376
	 ↑ 2.35%
	-0.000305
	  ↓ 1.38%
	0.00000877
	 ↑ 0.02%

	Craft
	0.0156
	 ↑ 9.75%
	-0.0104
	  ↓ 47.06%
	0.00436
	 ↑ 9.56%

	Plant_Machin
	-0.00617
	  ↓ 3.86%
	-0.000896
	  ↓ 4.05%
	-0.000175
	 ↓ 0.38%

	Eementary
	-0.00291
	  ↓ 1.82%
	-0.029
	  ↓ 131.22%
	-0.00107
	 ↓ 2.35%

	Total
	0.16
	 ↑ 100.00%
	0.0221
	 ↑ 100.00%
	0.0456
	 ↑ 100.00%






Annexture 15: Share of Variables in Rural Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00696
	  ↓ 3.63%
	0.0112
	 ↑ 3.48%
	0.00193
	 ↑ 16.78%

	Secondary
	-0.00791
	  ↓ 4.12%
	0.026
	 ↑ 8.07%
	0.00146
	 ↑ 12.70%

	Tertiary
	-0.00103
	  ↓ 0.54%
	0.0111
	 ↑ 3.45%
	0.000237
	 ↑ 2.06%

	Experience
	0.0619
	 ↑ 32.24%
	0.362
	 ↑ 112.42%
	-0.0154
	 ↓ 133.91%

	Experience-sq
	-0.043
	  ↓ 22.40%
	-0.095
	  ↓ 29.50%
	0.00663
	 ↑ 57.65%

	Gender
	Male is the base category

	Female
	-0.178
	  ↓ 92.71%
	-0.14
	  ↓ 43.48%
	0.0851
	 ↑ 740.00%

	Province
	Punjab is the base category

	Sindh
	-0.00134
	  ↓ 0.70%
	-0.0615
	  ↓ 19.10%
	0.0158
	 ↑ 137.39%

	NWFP
	-0.00484
	  ↓ 2.52%
	0.00492
	 ↑ 1.53%
	0.00146
	 ↑ 12.70%

	Balouchistan
	-0.0139
	  ↓ 7.24%
	-0.023
	  ↓ 7.14%
	-0.015
	 ↓ 130.43%

	Marital Status
	Un-married is the base category

	Married
	0.00124
	 ↑ 0.65%
	-0.0359
	  ↓ 11.15%
	0.000519
	 ↑ 4.51%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0329
	 ↑ 17.14%
	0.0194
	 ↑ 6.02%
	-0.0175
	 ↓ 152.17%

	Professional
	-0.015
	  ↓ 7.81%
	0.0151
	 ↑ 4.69%
	0.00674
	 ↑ 58.61%

	Tech_a_Proff
	-0.0181
	  ↓ 9.43%
	0.00277
	 ↑ 0.86%
	0.00443
	 ↑ 38.52%

	Clerk
	-0.0105
	  ↓ 5.47%
	0.00176
	 ↑ 0.55%
	0.00219
	 ↑ 19.04%

	Service_Sale
	-0.0344
	  ↓ 17.92%
	0.00634
	 ↑ 1.97%
	0.00639
	 ↑ 55.57%

	Agri_Fishery
	0.0516
	 ↑ 26.88%
	0.24
	 ↑ 74.53%
	-0.0945
	 ↓ 821.74%

	Craft
	0.00901
	 ↑ 4.69%
	0.0164
	 ↑ 5.09%
	-0.004
	 ↓ 34.78%

	Plant_Machin
	-0.0164
	  ↓ 8.54%
	0.00552
	 ↑ 1.71%
	0.00286
	 ↑ 24.87%

	Eementary
	0.00246
	 ↑ 1.28%
	0.0265
	 ↑ 8.23%
	-0.000823
	 ↓ 7.16%

	Total
	0.192
	 ↑ 100.00%
	0.322
	 ↑ 100.00%
	0.0115
	 ↑ 100.00%






Annexture 16: Share of Variables in Punjab’s Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00555
	  ↓ 15.68%
	0.0103
	 ↑ 3.17%
	0.00129
	 ↑ 2.32%

	Secondary
	-0.0176
	  ↓ 49.72%
	0.0383
	 ↑ 11.78%
	0.00493
	 ↑ 8.88%

	Tertiary
	0.00689
	 ↑ 19.46%
	0.0583
	 ↑ 17.94%
	-0.0017
	 ↓ 3.06%

	Experience
	0.018
	 ↑ 50.85%
	0.0106
	 ↑ 3.26%
	-0.00188
	 ↓ 3.39%

	Experience-sq
	0.0205
	 ↑ 57.91%
	0.173
	 ↑ 53.23%
	-0.00251
	 ↓ 4.52%

	Gender
	Male is the base category

	Female
	-0.0444
	  ↓ 125.42%
	-0.0808
	  ↓ 24.86%
	0.0185
	 ↑ 33.33%

	Locality
	Rural is the base category

	Urban
	-0.0174
	  ↓ 49.15%
	-0.0214
	  ↓ 6.58%
	-0.00364
	 ↓ 6.56%

	Marital Status
	Un-married is the base category

	Married
	-0.00131
	  ↓ 3.70%
	-0.0114
	  ↓ 3.51%
	-0.000114
	 ↓ 0.21%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00943
	 ↑ 26.64%
	0.00793
	 ↑ 2.44%
	-0.00229
	 ↓ 4.13%

	Professional
	-0.0162
	  ↓ 45.76%
	0.0168
	 ↑ 5.17%
	0.00516
	 ↑ 9.30%

	Tech_a_Proff
	0.00808
	 ↑ 22.82%
	0.0124
	 ↑ 3.82%
	-0.00207
	 ↓ 3.73%

	Clerk
	-0.00837
	  ↓ 23.64%
	0.00872
	 ↑ 2.68%
	0.00278
	 ↑ 5.01%

	Service_Sale
	-0.00999
	  ↓ 28.22%
	0.0416
	 ↑ 12.80%
	0.00322
	 ↑ 5.80%

	Agri_Fishery
	0.0741
	 ↑ 209.32%
	0.152
	 ↑ 46.77%
	-0.0876
	 ↓ 157.84%

	Craft
	-0.018
	  ↓ 50.85%
	0.0201
	 ↑ 6.18%
	0.00601
	 ↑ 10.83%

	Plant_Machin
	-0.012
	  ↓ 33.90%
	0.0133
	 ↑ 4.09%
	0.00332
	 ↑ 5.98%

	Eementary
	-0.0176
	  ↓ 49.72%
	0.0383
	 ↑ 11.78%
	0.00493
	 ↑ 8.88%

	Total
	0.0354
	 ↑ 100.00%
	0.325
	 ↑ 100.00%
	0.0555
	 ↑ 100.00%









Annexture 17: Share of Variables in Punjab’s Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00143
	 ↑ 1.68%
	0.00199
	 ↑ 5.03%
	-0.0000599
	 ↓ 0.16%

	Secondary
	-0.0066
	  ↓ 7.75%
	-0.00476
	  ↓ 12.02%
	-0.00014
	 ↓ 0.37%

	Tertiary
	-0.0042
	  ↓ 4.93%
	0.0136
	 ↑ 34.34%
	0.000512
	 ↑ 1.37%

	Experience
	0.0122
	 ↑ 14.32%
	0.0898
	 ↑ 226.77%
	-0.000723
	 ↓ 1.93%

	Experience-sq
	-0.00578
	  ↓ 6.78%
	0.0151
	 ↑ 38.13%
	-0.000143
	 ↓ 0.38%

	Gender
	Male is the base category

	Female
	-0.0995
	  ↓ 116.78%
	-0.0598
	  ↓ 151.01%
	0.0178
	 ↑ 47.47%

	Locality
	Rural is the base category

	Urban
	-0.00522
	  ↓ 6.13%
	-0.0068
	  ↓ 17.17%
	-0.000393
	 ↓ 1.05%

	Marital Status
	Un-married is the base category

	Married
	0.00156
	 ↑ 1.83%
	-0.0763
	  ↓ 192.68%
	0.00205
	 ↑ 5.47%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0555
	 ↑ 65.14%
	-0.0441
	  ↓ 111.36%
	0.0321
	 ↑ 85.60%

	Professional
	0.0109
	 ↑ 12.79%
	-0.00491
	  ↓ 12.40%
	0.000894
	 ↑ 2.38%

	Tech_a_Proff
	-0.0143
	  ↓ 16.78%
	-0.00552
	  ↓ 13.94%
	-0.00311
	 ↓ 8.29%

	Clerk
	-0.00659
	  ↓ 7.73%
	-0.0023
	  ↓ 5.81%
	-0.000919
	 ↓ 2.45%

	Service_Sale
	-0.0385
	  ↓ 45.19%
	-0.0176
	  ↓ 44.44%
	-0.0109
	 ↓ 29.07%

	Agri_Fishery
	-0.00609
	  ↓ 7.15%
	-0.012
	  ↓ 30.30%
	-0.000666
	 ↓ 1.78%

	Craft
	0.0247
	 ↑ 28.99%
	-0.0112
	  ↓ 28.28%
	0.0036
	 ↑ 9.60%

	Plant_Machin
	0.000915
	 ↑ 1.07%
	-0.0081
	  ↓ 20.45%
	0.00018
	 ↑ 0.48%

	Eementary
	-0.00558
	  ↓ 6.55%
	-0.0403
	  ↓ 101.77%
	-0.00254
	 ↓ 6.77%

	Total
	0.0852
	 ↑ 100.00%
	0.0396
	 ↑ 100.00%
	0.0375
	 ↑ 100.00%









Annexture 18: Share of Variables in Punjab’s Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00435
	  ↓ 3.57%
	0.0126
	 ↑ 4.98%
	0.00115
	 ↑ 7.19%

	Secondary
	0.000142
	 ↑ 0.12%
	0.0518
	 ↑ 20.47%
	-0.0000328
	 ↓ 0.21%

	Tertiary
	0.0163
	 ↑ 13.36%
	0.0238
	 ↑ 9.41%
	-0.00348
	 ↓ 21.75%

	Experience
	0.0339
	 ↑ 27.79%
	0.264
	 ↑ 104.35%
	-0.00592
	 ↓ 37.00%

	Experience-sq
	-0.0267
	  ↓ 21.89%
	-0.0146
	  ↓ 5.77%
	0.000637
	 ↑ 3.98%

	Gender
	Male is the base category

	Female
	-0.154
	  ↓ 126.23%
	-0.175
	  ↓ 69.17%
	0.0801
	 ↑ 500.63%

	Locality
	Rural is the base category

	Urban
	-0.0214
	  ↓ 17.54%
	-0.0271
	  ↓ 10.71%
	-0.00643
	 ↓ 40.19%

	Marital Status
	Un-married is the base category

	Married
	0.000997
	 ↑ 0.82%
	-0.088
	  ↓ 34.78%
	0.00151
	 ↑ 9.44%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0615
	 ↑ 50.41%
	-0.0149
	  ↓ 5.89%
	0.012
	 ↑ 75.00%

	Professional
	-0.00413
	  ↓ 3.39%
	0.0157
	 ↑ 6.21%
	0.00108
	 ↑ 6.75%

	Tech_a_Proff
	-0.00764
	  ↓ 6.26%
	0.00239
	 ↑ 0.94%
	0.000719
	 ↑ 4.49%

	Clerk
	-0.0139
	  ↓ 11.39%
	0.00393
	 ↑ 1.55%
	0.00332
	 ↑ 20.75%

	Service_Sale
	-0.0463
	  ↓ 37.95%
	0.0081
	 ↑ 3.20%
	0.00605
	 ↑ 37.81%

	Agri_Fishery
	0.0607
	 ↑ 49.75%
	0.132
	 ↑ 52.17%
	-0.0729
	 ↓ 455.63%

	Craft
	0.00902
	 ↑ 7.39%
	0.0183
	 ↑ 7.23%
	-0.00214
	 ↓ 13.38%

	Plant_Machin
	-0.00914
	  ↓ 7.49%
	0.00549
	 ↑ 2.17%
	0.00122
	 ↑ 7.63%

	Eementary
	-0.0177
	  ↓ 14.51%
	-0.00428
	  ↓ 1.69%
	-0.000855
	 ↓ 5.34%

	Total
	0.122
	 ↑ 100.00%
	0.253
	 ↑ 100.00%
	0.016
	 ↑ 100.00%









Annexture 19: Share of Variables in Sindh’s Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.0018
	  ↓ 5.49%
	0.0027
	 ↑ 1.89%
	0.000131
	 ↑ 0.62%

	Secondary
	0.00132
	 ↑ 4.02%
	-0.00108
	  ↓ 0.76%
	0.00001
	 ↑ 0.05%

	Tertiary
	-0.00449
	  ↓ 13.69%
	0.00614
	 ↑ 4.29%
	0.000242
	 ↑ 1.15%

	Experience
	0.0421
	 ↑ 128.35%
	-0.226
	  ↓ 158.04%
	0.00993
	 ↑ 47.29%

	Experience-sq
	-0.023
	  ↓ 70.12%
	0.121
	 ↑ 84.62%
	-0.00703
	 ↓ 33.48%

	Gender
	Male is the base category

	Female
	-0.0275
	  ↓ 83.84%
	-0.0375
	  ↓ 26.22%
	0.00781
	 ↑ 37.19%

	Locality
	Rural is the base category

	Urban
	-0.0121
	  ↓ 36.89%
	-0.016
	  ↓ 11.19%
	-0.00186
	 ↓ 8.86%

	Marital Status
	Un-married is the base category

	Married
	0.0042
	 ↑ 12.80%
	0.0466
	 ↑ 32.59%
	-0.00119
	 ↓ 5.67%

	Profession
	
	
	
	
	
	

	leg_sen_man
	5.59E-05
	 ↑ 0.17%
	0.00136
	 ↑ 0.95%
	-5.16E-06
	 ↓ 0.02%

	Professional
	-0.00385
	  ↓ 11.74%
	-0.00824
	  ↓ 5.76%
	-0.00129
	 ↓ 6.14%

	Tech_a_Proff
	0.00182
	 ↑ 5.55%
	-0.00813
	  ↓ 5.69%
	0.000577
	 ↑ 2.75%

	Clerk
	-0.00092
	  ↓ 2.80%
	-0.0113
	  ↓ 7.90%
	-0.000816
	 ↓ 3.89%

	Service_Sale
	-0.0106
	  ↓ 32.32%
	-0.0446
	  ↓ 31.19%
	-0.0264
	 ↓ 125.71%

	Agri_Fishery
	0.00833
	 ↑ 25.40%
	0.0745
	 ↑ 52.10%
	-0.0222
	 ↓ 105.71%

	Craft
	0.00103
	 ↑ 3.14%
	-0.0387
	  ↓ 27.06%
	-0.00545
	 ↓ 25.95%

	Plant_Machin
	-0.00277
	  ↓ 8.45%
	-0.0214
	  ↓ 14.97%
	-0.0061
	 ↓ 29.05%

	Eementary
	-0.00459
	  ↓ 13.99%
	-0.119
	  ↓ 83.22%
	0.0327
	 ↑ 155.71%

	Total
	0.0328
	 ↑ 100.00%
	0.143
	 ↑ 100.00%
	0.021
	 ↑ 100.00%









Annexture 20: Share of Variables in Sindh’s Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00613
	  ↓ 2.64%
	-0.00125
	  ↓ 14.22%
	-0.000258
	 ↓ 0.59%

	Secondary
	-0.0263
	  ↓ 11.34%
	0.00736
	 ↑ 83.73%
	0.00155
	 ↑ 3.54%

	Tertiary
	-0.0409
	  ↓ 17.63%
	0.000117
	 ↑ 1.33%
	0.0000656
	 ↑ 0.15%

	Experience
	0.0248
	 ↑ 10.69%
	0.288
	 ↑ 3276.45%
	-0.00564
	 ↓ 12.88%

	Experience-sq
	-0.0125
	  ↓ 5.39%
	-0.129
	  ↓ 1467.58%
	0.003
	 ↑ 6.85%

	Gender
	Male is the base category

	Female
	-0.103
	  ↓ 44.40%
	-0.0372
	  ↓ 423.21%
	0.0149
	 ↑ 34.02%

	Locality
	Rural is the base category

	Urban
	-0.0649
	  ↓ 27.97%
	0.0208
	 ↑ 236.63%
	0.0174
	 ↑ 39.73%

	Marital Status
	Un-married is the base category

	Married
	0.00425
	 ↑ 1.83%
	-0.0668
	  ↓ 759.95%
	0.00271
	 ↑ 6.19%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00647
	 ↑ 2.79%
	-0.0267
	  ↓ 303.75%
	0.0162
	 ↑ 36.99%

	Professional
	-0.00234
	  ↓ 1.01%
	-0.00567
	  ↓ 64.51%
	-0.000846
	 ↓ 1.93%

	Tech_a_Proff
	-0.00296
	  ↓ 1.28%
	-0.00834
	  ↓ 94.88%
	-0.0124
	 ↓ 28.31%

	Clerk
	-0.00106
	  ↓ 0.46%
	-0.006
	  ↓ 68.26%
	-0.00405
	 ↓ 9.25%

	Service_Sale
	0.00348
	 ↑ 1.50%
	-0.0343
	  ↓ 390.22%
	-0.00625
	 ↓ 14.27%

	Agri_Fishery
	-0.00182
	  ↓ 0.78%
	-0.0442
	  ↓ 502.84%
	0.0102
	 ↑ 23.29%

	Craft
	-0.0192
	  ↓ 8.28%
	-0.0496
	  ↓ 564.28%
	0.0157
	 ↑ 35.84%

	Plant_Machin
	-.00000764
	  ↓ 0.00%
	-0.0132
	  ↓ 150.17%
	0.0000293
	 ↑ 0.07%

	Eementary
	0.00995
	 ↑ 4.29%
	-0.0912
	  ↓ 1037.54%
	-0.00852
	 ↓ 19.45%

	Total
	0.232
	 ↑ 100.00%
	0.00879
	 ↑ 100.00%
	0.0438
	 ↑ 100.00%









Annexture 21: Share of Variables in Sindh’s Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00785
	  ↓ 2.85%
	0.000993
	 ↑ 0.60%
	0.000264
	 ↑ 1.39%

	Secondary
	-0.0249
	  ↓ 9.05%
	0.00647
	 ↑ 3.90%
	0.00129
	 ↑ 6.79%

	Tertiary
	-0.0454
	  ↓ 16.51%
	0.00405
	 ↑ 2.44%
	0.00252
	 ↑ 13.26%

	Experience
	0.0793
	 ↑ 28.84%
	0.0579
	 ↑ 34.88%
	-0.00363
	 ↓ 19.11%

	Experience-sq
	-0.0427
	  ↓ 15.53%
	-0.0046
	  ↓ 2.77%
	0.000368
	 ↑ 1.94%

	Gender
	Male is the base category

	Female
	-0.135
	  ↓ 49.09%
	-0.0997
	  ↓ 60.06%
	0.0522
	 ↑ 274.74%

	Locality
	Rural is the base category

	Urban
	-0.0815
	  ↓ 29.64%
	0.0121
	 ↑ 7.29%
	0.0127
	 ↑ 66.84%

	Marital Status
	Un-married is the base category

	Married
	0.00681
	 ↑ 2.48%
	-0.0182
	  ↓ 10.96%
	0.00119
	 ↑ 6.26%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00649
	 ↑ 2.36%
	-0.0233
	  ↓ 14.04%
	0.0141
	 ↑ 74.21%

	Professional
	-0.00516
	  ↓ 1.88%
	-0.0128
	  ↓ 7.71%
	-0.00423
	 ↓ 22.26%

	Tech_a_Proff
	-0.00261
	  ↓ 0.95%
	-0.0116
	  ↓ 6.99%
	-0.0152
	 ↓ 80.00%

	Clerk
	-0.00125
	  ↓ 0.45%
	-0.0127
	  ↓ 7.65%
	-0.0101
	 ↓ 53.16%

	Service_Sale
	0.0169
	 ↑ 6.15%
	-0.0721
	  ↓ 43.43%
	-0.0636
	 ↓ 334.74%

	Agri_Fishery
	-0.00362
	  ↓ 1.32%
	0.0527
	 ↑ 31.75%
	-0.0243
	 ↓ 127.89%

	Craft
	-0.0134
	  ↓ 4.87%
	-0.106
	  ↓ 63.86%
	0.0236
	 ↑ 124.21%

	Plant_Machin
	0.000969
	 ↑ 0.35%
	-0.0346
	  ↓ 20.84%
	-0.00977
	 ↓ 51.42%

	Eementary
	-0.0221
	  ↓ 8.04%
	-0.2
	  ↓ 120.48%
	0.0415
	 ↑ 218.42%

	Total
	0.275
	 ↑ 100.00%
	0.166
	 ↑ 100.00%
	0.019
	 ↑ 100.00%









[bookmark: _Hlk122343396]Annexture 22: Share of Variables in KPK’s Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00306
	  ↓ 28.33%
	0.00167
	 ↑ 0.59%
	0.000325
	 ↑ 2.37%

	Secondary
	0.0185
	 ↑ 171.30%
	-0.0331
	  ↓ 11.78%
	0.00423
	 ↑ 30.88%

	Tertiary
	0.0214
	 ↑ 198.15%
	-0.026
	  ↓ 9.25%
	0.00566
	 ↑ 41.31%

	Experience
	-0.0213
	  ↓ 197.22%
	0.327
	 ↑ 116.37%
	0.00499
	 ↑ 36.42%

	Experience-sq
	0.0017
	 ↑ 15.74%
	-0.135
	  ↓ 48.04%
	-0.00037
	 ↓ 2.67%

	Gender
	Male is the base category

	Female
	-0.0043
	  ↓ 39.81%
	-0.0042
	  ↓ 1.49%
	0.000333
	 ↑ 2.43%

	Locality
	Rural is the base category

	Urban
	-0.0021
	  ↓ 19.44%
	-0.00061
	  ↓ 0.22%
	-2.6E-05
	 ↓ 0.19%

	Marital Status
	Un-married is the base category

	Married
	-0.00706
	  ↓ 65.37%
	-0.0219
	  ↓ 7.79%
	-0.00094
	 ↓ 6.88%

	Profession
	
	
	
	
	
	

	leg_sen_man
	-0.00965
	  ↓ 89.35%
	0.00449
	 ↑ 1.60%
	0.00363
	 ↑ 26.50%

	Professional
	0.0099
	 ↑ 91.67%
	0.00836
	 ↑ 2.98%
	-0.0011
	 ↓ 8.03%

	Tech_a_Proff
	-0.00792
	  ↓ 73.33%
	0.00372
	 ↑ 1.32%
	0.000688
	 ↑ 5.02%

	Clerk
	0.00362
	 ↑ 33.52%
	0.00148
	 ↑ 0.53%
	-0.00021
	 ↓ 1.53%

	Service_Sale
	0.0128
	 ↑ 118.52%
	-0.00772
	  ↓ 2.75%
	0.000898
	 ↑ 6.55%

	Agri_Fishery
	0.00209
	 ↑ 19.35%
	0.0549
	 ↑ 19.54%
	-0.0041
	 ↓ 29.93%

	Craft
	-0.00172
	  ↓ 15.93%
	0.00483
	 ↑ 1.72%
	0.000154
	 ↑ 1.12%

	Plant_Machin
	-0.00053
	  ↓ 4.92%
	-0.0118
	  ↓ 4.20%
	-0.00012
	 ↓ 0.91%

	Eementary
	-0.00147
	  ↓ 13.61%
	-0.0173
	  ↓ 6.16%
	-0.00033
	 ↓ 2.37%

	Total
	0.0108
	 ↑ 100.00%
	0.281
	 ↑ 100.00%
	0.0137
	 ↑ 100.00%









Annexture 23: Share of Variables in KPK’s Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00235
	 ↑ 7.19%
	0.00527
	 ↑ 7.84%
	-0.000545
	 ↓ 1.14%

	Secondary
	-0.0093
	  ↓ 28.44%
	0.00809
	 ↑ 12.04%
	0.000522
	 ↑ 1.09%

	Tertiary
	0.0188
	 ↑ 57.49%
	0.00741
	 ↑ 11.03%
	-0.00113
	 ↓ 2.35%

	Experience
	-0.00333
	  ↓ 10.18%
	0.193
	 ↑ 287.20%
	0.000405
	 ↑ 0.84%

	Experience-sq
	0.0115
	 ↑ 35.17%
	-0.0975
	  ↓ 145.09%
	-0.00157
	 ↓ 3.27%

	Gender
	Male is the base category

	Female
	-0.0223
	  ↓ 68.20%
	-0.00697
	  ↓ 10.37%
	0.0019
	 ↑ 3.96%

	Locality
	Rural is the base category

	Urban
	0.00482
	 ↑ 14.74%
	0.00403
	 ↑ 6.00%
	-0.000335
	 ↓ 0.70%

	Marital Status
	Un-married is the base category

	Married
	0.00609
	 ↑ 18.62%
	-0.0385
	  ↓ 57.29%
	0.00176
	 ↑ 3.67%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0712
	 ↑ 217.74%
	-0.0569
	  ↓ 84.67%
	0.0519
	 ↑ 108.13%

	Professional
	0.000218
	 ↑ 0.67%
	-0.00292
	  ↓ 4.35%
	0.00000881
	 ↑ 0.02%

	Tech_a_Proff
	-0.00877
	  ↓ 26.82%
	-0.00586
	  ↓ 8.72%
	-0.00196
	 ↓ 4.08%

	Clerk
	-0.00723
	  ↓ 22.11%
	-0.000848
	  ↓ 1.26%
	-0.000361
	 ↓ 0.75%

	Service_Sale
	-0.0295
	  ↓ 90.21%
	-0.0194
	  ↓ 28.87%
	-0.0114
	 ↓ 23.75%

	Agri_Fishery
	0.00214
	 ↑ 6.54%
	-0.022
	  ↓ 32.74%
	0.00391
	 ↑ 8.15%

	Craft
	0.0127
	 ↑ 38.84%
	-0.0273
	  ↓ 40.63%
	0.00741
	 ↑ 15.44%

	Plant_Machin
	-0.0107
	  ↓ 32.72%
	-0.00106
	  ↓ 1.58%
	-0.000295
	 ↓ 0.61%

	Eementary
	-0.00584
	  ↓ 17.86%
	-0.019
	  ↓ 28.27%
	-0.00216
	 ↓ 4.50%

	Total
	0.0327
	 ↑ 100.00%
	0.0672
	 ↑ 100.00%
	0.048
	 ↑ 100.00%









Annexture 24: Share of Variables in KPK’s Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	-0.00163
	  ↓ 3.66%
	0.00713
	 ↑ 1.74%
	0.000511
	 ↑ 37.85%

	Secondary
	0.0103
	 ↑ 23.15%
	-0.023
	  ↓ 5.61%
	0.00164
	 ↑ 121.48%

	Tertiary
	0.0415
	 ↑ 93.26%
	-0.0232
	  ↓ 5.66%
	0.00783
	 ↑ 580.00%

	Experience
	-0.0276
	  ↓ 62.02%
	0.519
	 ↑ 126.59%
	0.00904
	 ↑ 669.63%

	Experience-sq
	0.0134
	 ↑ 30.11%
	-0.23
	  ↓ 56.10%
	-0.00433
	 ↓ 320.74%

	Gender
	Male is the base category

	Female
	-0.027
	  ↓ 60.67%
	-0.0128
	  ↓ 3.12%
	0.00422
	 ↑ 312.59%

	Locality
	Rural is the base category

	Urban
	0.00257
	 ↑ 5.78%
	0.00337
	 ↑ 0.82%
	-0.000149
	 ↓ 11.04%

	Marital Status
	Un-married is the base category

	Married
	0.000619
	 ↑ 1.39%
	-0.0615
	  ↓ 15.00%
	0.000285
	 ↑ 21.11%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0656
	 ↑ 147.42%
	-0.00607
	  ↓ 1.48%
	0.0051
	 ↑ 377.78%

	Professional
	0.00973
	 ↑ 21.87%
	0.00546
	 ↑ 1.33%
	-0.000735
	 ↓ 54.44%

	Tech_a_Proff
	-0.0152
	  ↓ 34.16%
	-0.00307
	  ↓ 0.75%
	-0.00178
	 ↓ 131.85%

	Clerk
	-0.00378
	  ↓ 8.49%
	0.000188
	 ↑ 0.05%
	0.0000417
	 ↑ 3.09%

	Service_Sale
	-0.0203
	  ↓ 45.62%
	-0.0242
	  ↓ 5.90%
	-0.0098
	 ↓ 725.93%

	Agri_Fishery
	0.00288
	 ↑ 6.47%
	0.0447
	 ↑ 10.90%
	-0.0107
	 ↓ 792.59%

	Craft
	0.0116
	 ↑ 26.07%
	-0.0207
	  ↓ 5.05%
	0.00514
	 ↑ 380.74%

	Plant_Machin
	-0.0112
	  ↓ 25.17%
	-0.0103
	  ↓ 2.51%
	-0.003
	 ↓ 222.22%

	Eementary
	-0.00691
	  ↓ 15.53%
	-0.0345
	  ↓ 8.41%
	-0.00465
	 ↓ 344.44%

	Total
	0.0445
	 ↑ 100.00%
	0.41
	 ↑ 100.00%
	0.00135
	 ↑ 100.00%









Annexture 25: Share of Variables in Balouchistan’s Wage Inequality between 1998-2007
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00457
	 ↑ 6.37%
	0.013
	 ↑ 414.01%
	-0.00161
	 ↑ 3.15%

	Secondary
	-0.00771
	  ↓ 10.75%
	0.0266
	 ↑ 847.13%
	0.00129
	 ↓ 2.52%

	Tertiary
	0.00126
	 ↑ 1.76%
	0.0205
	 ↑ 652.87%
	-0.000262
	 ↑ 0.51%

	Experience
	0.0981
	 ↑ 136.82%
	0.166
	 ↑ 5286.62%
	-0.0136
	 ↑ 26.61%

	Experience-sq
	-0.0531
	  ↓ 74.06%
	0.0123
	 ↑ 391.72%
	-0.00145
	 ↑ 2.84%

	Gender
	Male is the base category

	Female
	0.0257
	 ↑ 35.84%
	0.00299
	 ↑ 95.22%
	0.00285
	 ↓ 5.58%

	Locality
	Rural is the base category

	Urban
	-0.00213
	  ↓ 2.97%
	-0.00732
	  ↓ 233.12%
	-0.000563
	 ↑ 1.10%

	Marital Status
	Un-married is the base category

	Married
	0.00305
	 ↑ 4.25%
	-0.0748
	  ↓ 2382.17%
	0.00277
	 ↓ 5.42%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.00338
	 ↑ 4.71%
	0.00372
	 ↑ 118.47%
	-0.000946
	 ↑ 1.85%

	Professional
	-0.0306
	  ↓ 42.68%
	0.0255
	 ↑ 812.10%
	0.0179
	 ↓ 35.03%

	Tech_a_Proff
	-0.0135
	  ↓ 18.83%
	0.041
	 ↑ 1305.73%
	0.00626
	 ↓ 12.25%

	Clerk
	-0.00314
	  ↓ 4.38%
	0.0132
	 ↑ 420.38%
	0.00116
	 ↓ 2.27%

	Service_Sale
	-0.0416
	  ↓ 58.02%
	0.0243
	 ↑ 773.89%
	0.0125
	 ↓ 24.46%

	Agri_Fishery
	0.0485
	 ↑ 67.64%
	0.108
	 ↑ 3439.49%
	-0.0508
	 ↑ 99.41%

	Craft
	-0.0255
	  ↓ 35.56%
	0.00728
	 ↑ 231.85%
	0.0186
	 ↓ 36.40%

	Plant_Machin
	-0.00188
	  ↓ 2.62%
	0.0183
	 ↑ 582.80%
	0.000524
	 ↓ 1.03%

	Eementary
	0.0664
	 ↑ 92.61%
	0.143
	 ↑ 4554.14%
	-0.0457
	 ↑ 89.43%

	Total
	0.0717
	 ↑ 100.00%
	0.00314
	 ↑ 100.00%
	-0.0511
	 ↑ 100.00%









Annexture 26: Share of Variables in Balouchistan’s Wage Inequality between 2007-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.000403
	 ↑ 0.67%
	0.00444
	 ↑ 2.35%
	-.0000429
	 ↓ 34.88%

	Secondary
	-0.0148
	  ↓ 24.42%
	-0.000996
	  ↓ 0.53%
	-0.000103
	 ↓ 83.74%

	Tertiary
	-0.0108
	  ↓ 17.82%
	-0.00787
	  ↓ 4.16%
	-0.00109
	 ↓ 886.18%

	Experience
	-0.0565
	  ↓ 93.23%
	-0.0268
	  ↓ 14.18%
	-0.00136
	 ↓ 1105.69%

	Experience-sq
	0.0283
	 ↑ 46.70%
	0.0381
	 ↑ 20.16%
	0.00283
	 ↑ 2300.81%

	Gender
	Male is the base category

	Female
	-0.0287
	  ↓ 47.36%
	-0.0287
	  ↓ 15.19%
	0.0113
	 ↑ 9186.99%

	Locality
	Rural is the base category

	Urban
	-0.0134
	  ↓ 22.11%
	0.0156
	 ↑ 8.25%
	0.00584
	 ↑ 4747.97%

	Marital Status
	Un-married is the base category

	Married
	-0.00178
	  ↓ 2.94%
	-0.0207
	  ↓ 10.95%
	-0.000623
	 ↓ 506.50%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.0189
	 ↑ 31.19%
	-0.0524
	  ↓ 27.72%
	0.0432
	 ↑ 35121.95%

	Professional
	0.0133
	 ↑ 21.95%
	-0.0416
	  ↓ 22.01%
	0.0171
	 ↑ 13902.44%

	Tech_a_Proff
	-0.00234
	  ↓ 3.86%
	-0.0301
	  ↓ 15.93%
	-0.0546
	 ↓ 44390.24%

	Clerk
	0.000211
	 ↑ 0.35%
	-0.0302
	  ↓ 15.98%
	-0.00681
	 ↓ 5536.59%

	Service_Sale
	-0.001
	  ↓ 1.65%
	-0.102
	  ↓ 53.97%
	0.0143
	 ↑ 11626.02%

	Agri_Fishery
	-0.00185
	  ↓ 3.05%
	-0.145
	  ↓ 76.72%
	0.0367
	 ↑ 29837.40%

	Craft
	-0.0213
	  ↓ 35.15%
	-0.0644
	  ↓ 34.07%
	0.0457
	 ↑ 37154.47%

	Plant_Machin
	0.000323
	 ↑ 0.53%
	-0.0545
	  ↓ 28.84%
	-0.0128
	 ↓ 10406.50%

	Eementary
	0.0305
	 ↑ 50.33%
	-0.2
	  ↓ 105.82%
	-0.0993
	 ↓ 80731.71%

	Total
	0.0606
	 ↑ 100.00%
	0.189
	 ↑ 100.00%
	0.000123
	 ↑ 100.00%









Annexture 27: Share of Variables in Balouchistan’s Wage Inequality between 1998-2018
	 
	Endowments
	Coefficients
	Interaction

	 Variable
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share
	Mean Share
	▲ % Share

	Education
	No-Education is the base category

	Primary
	0.00552
	 ↑ 79.42%
	0.0176
	 ↑ 8.89%
	-0.00232
	 ↓ 4.39%

	Secondary
	-0.0225
	  ↓ 323.74%
	0.0231
	 ↑ 11.67%
	0.00363
	 ↑ 6.88%

	Tertiary
	-0.00967
	  ↓ 139.14%
	0.0101
	 ↑ 5.10%
	0.00125
	 ↑ 2.37%

	Experience
	0.0393
	 ↑ 565.47%
	0.131
	 ↑ 66.16%
	-0.00462
	 ↓ 8.75%

	Experience-sq
	-0.02
	  ↓ 287.77%
	0.0495
	 ↑ 25.00%
	-0.0026
	 ↓ 4.92%

	Gender
	Male is the base category

	Female
	0.0136
	 ↑ 195.68%
	-0.0237
	  ↓ 11.97%
	-0.0044
	 ↓ 8.33%

	Locality
	Rural is the base category

	Urban
	-0.0172
	  ↓ 247.48%
	0.0103
	 ↑ 5.20%
	0.00493
	 ↑ 9.34%

	Marital Status
	Un-married is the base category

	Married
	0.000478
	 ↑ 6.88%
	-0.0933
	  ↓ 47.12%
	0.000752
	 ↑ 1.42%

	Profession
	
	
	
	
	
	

	leg_sen_man
	0.02
	 ↑ 287.77%
	-0.0313
	  ↓ 15.81%
	0.0272
	 ↑ 51.52%

	Professional
	-0.000124
	  ↓ 1.78%
	0.00153
	 ↑ 0.77%
	0.00000588
	 ↑ 0.01%

	Tech_a_Proff
	-0.0029
	  ↓ 41.73%
	-0.0155
	  ↓ 7.83%
	-0.0348
	 ↓ 65.91%

	Clerk
	0.000311
	 ↑ 4.47%
	-0.0194
	  ↓ 9.80%
	-0.00646
	 ↓ 12.23%

	Service_Sale
	0.00214
	 ↑ 30.79%
	-0.0733
	  ↓ 37.02%
	-0.022
	 ↓ 41.67%

	Agri_Fishery
	-0.00442
	  ↓ 63.60%
	-0.000883
	  ↓ 0.45%
	0.000534
	 ↑ 1.01%

	Craft
	0.000995
	 ↑ 14.32%
	-0.0394
	  ↓ 19.90%
	-0.00131
	 ↓ 2.48%

	Plant_Machin
	0.000372
	 ↑ 5.35%
	-0.0397
	  ↓ 20.05%
	-0.0107
	 ↓ 20.27%

	Eementary
	0.00108
	 ↑ 15.54%
	-0.105
	  ↓ 53.03%
	-0.00184
	 ↓ 3.48%

	Total
	0.00695
	 ↑ 100.00%
	0.198
	 ↑ 100.00%
	0.0528
	 ↑ 100.00%



No Education	1998	2007	2018	8.0759419999999995	8.3035820000000005	8.3992199999999997	Primary	1998	2007	2018	8.1875210000000003	8.4076509999999995	8.4893520000000002	Secondary	1998	2007	2018	8.4445920000000001	8.6619469999999996	8.7637119999999999	Tertiary	1998	2007	2018	9.1588100000000008	9.3622700000000005	9.4397900000000003	
Mean of Log Income




No Education	1998	2007	2018	7.1268409999999998	6.8549639999999998	6.7050869999999998	Primary	1998	2007	2018	7.262213	6.9432559999999999	6.8083520000000002	Secondary	1998	2007	2018	7.8963640000000002	7.8326650000000004	7.4999140000000004	Tertiary	1998	2007	2018	8.6283130000000003	8.6788030000000003	8.6462660000000007	
Mean of Log Income




Female	1998	2007	2018	7.5173480000000001	7.3521000000000001	7.0181829999999996	Male	1998	2007	2018	8.3275140000000007	8.5597940000000001	8.6445939999999997	
Mean of Log Income




Rural	1998	2007	2018	8.0533049999999999	8.2640049999999992	8.1718220000000006	Urban	1998	2007	2018	8.4627009999999991	8.6333500000000001	8.7043330000000001	
Mean of Log Income




Sindh	1998	2007	2018	8.3055479999999999	8.3950390000000006	8.215935	KPK	1998	2007	2018	8.1525079999999992	8.457948	8.6058249999999994	Balochistan	1998	2007	2018	8.5007830000000002	8.5245409999999993	8.6532789999999995	Punjab	1998	2007	2018	8.1576529999999998	8.391648	8.3043510000000005	
Mean of Log Income
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