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Abstract

Workers absorbed in production units are heterogenous by their job characteristics even in a particular job type defined by activity status. Regular salaried workers, for example are dissimilar in terms of their job conditions and social security benefits. Thus, inequality in employment appears in different industries. We define good quality and bad quality jobs in terms of duration of job contract, employment benefits and level of skill. As manufacturing industries are heterogenous in using production technology, the type of labour employment in different industry groups may also be different. This study measures and analyses employment inequality in different manufacturing industries at 2-digit level of industrial classification by using periodic labour force survey (PLFS) 2018-19, 2019-20 and 2020-21. Measuring employment inequality is a challenging task because job type is a qualitative variable. In this study, we use parametric method in measuring employment inequality by applying logit link function in panel data framework which converts the binary dependent variable into a numerical scale range between -[image: image2.png]o to o



. It has been found that inequality in employment exists among workers more in casual employment compared to regular salaried. Significant percentage share of employment in urban area across sectors for male and female highlights the effect of pandemic and nation-wide lockdown which resulted in huge amounts of layoffs and unemployment thus revealing inequality in getting good-quality job, hence, employment inequality.
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1. Introduction

Over the past decades, inequality has become one of the most complex and vexing challenges in the global economy. The term inequality means the state where status, opportunities and rights are not equal- core of social justice theory. There are various ways of looking at economic inequality. Economic inequality is not something new! And it has been into existence for long and it is of great interest in economic literature, since based on this many policies regarding redistribution of resources are concerned which further shapes our economy. There has been a shift in the pattern of employment in recent years with the process of casualisation being stalled and self-employment going up both in rural and urban areas for men as well as women. To an extent, this reflects production units hiring individuals on contract for “jobs” rather than employing them directly on a casual basis and the poor households evolving a strategy for survival by drawing more family members into work. This is helping in creating of a low-cost support system for the organised sector, particularly in urban areas. A large part of women has been absorbed in various low paid services including in domestic help, facilitating the middle class to respond to time requirements of the global activities, resulting in significant rise of regular employment. Unfortunately, this has not helped in pushing up the real wages of the unorganised workers including those employed on a regular basis.
Workers absorbed in production units are heterogenous by their job characteristics. In terms of activity status defined by the National Sample Survey Office (NSSO) workers are categorised broadly into types: self-employed and wage employed. All self-employed or wage employed workers also are not similar in terms of employment amenities. Workers in wage employment are dissimilar in terms of their pay and job conditions. In this way inequality in employment appears.  It has been found that individuals who are engaged in similar job-types of same sector are getting employed at different pay-scales. 

Measurement of inequality of qualitative variable like education, health and employment has been growing in empirical research with the availability of good quality of survey data in many countries. As manufacturing industries are heterogenous in using production technology, the type of labour employment in different industry groups may also be different. In this study, we measure and analyse employment inequality separately in regular employment and casual employment across industries at 2 digit level of NIC using periodic labour force survey (PLFS) 2018-19, 2019-20 and 2020-21 for urban workers. In this study, we intend to capture the employment gap across the three major sectors of Indian economy viz. agriculture, manufacturing, and services, based on the NIC codes of 2008. 
The objective of this study is to look into how employment inequality has been affected during the recent recession because of health shock in the economy. It is well documented that labour force participation rate among women declined during the high growth phase in most o the developing economies. In this study, we hypothesise that women workers affected more badly than men workers in terms of their job quality and gender gap in employment increased during the recent recessionary phase in urban India. We have tested this hypothesis across industry groups by using personal level information. While the literature on estimation of inequality for qualitative variables covers a lot of area in measuring inequality in health and other qualitative factors, there is an ample scope of applying those classes of measures  in capturing employment inequality in Indian labour market. This study is an attempt in this direction. In this study, we use the methodology developed in Lucas (2021). We try to locate the role of major determining factors in explaining the employment gap that persists in a developing country like India.
The rest of the study is structured in following way. Section 2 describes the relevant literature on methodological issues and their application in empirical research in a concise manner. Section 3 deals with the methodological issues in measuring employment inequality using Theil’s and Gini index obtained from the estimated values of the binary dependent variable used in this study. Empirical findings are provided in section 4. Section 5 summarises and concludes.

2. Employment inequality: existing literature 

Kroft and Notowidigdo (2016) in their research contributes to the user interface literature in two ways. For starters, it was the first study to look at how the social marginal cost and benefits connected with the user interface benefit level change over time. Furthermore, this research used Tranaes and Lentz employment model, which was further extended by Chetty to investigate how and why the benefits and costs of user interface change over time. We construct a basic method for the marginal welfare benefit from raising the UI benefit level, which exemplifies the traditional trade-off between demand levelling and ethical risk. The demand averaging factor is determined by the flexibility of unemployed persons duration with reference towards the benefit level, and also the coefficient of relative risk tolerance. The relative risk tolerance term is determined by the flexibility of unemployed persons in term with reference to the benefit level. In contrast to previous research, we specifically require those reduced-form characteristics to be affected by the rate of unemployment. Thus, it is sufficient to quantify the marginal welfare increase across the economic cycle by determining the link between such reduction characteristics and the rate of unemployment. Marta Fana, Sergio Torrejón Pérez1, et al. (2020) The impact of the Covid-19 crisis on employment is assessed in this study by categorizing economic sectors according to three European nations’ confinement decrees (Germany, Spain, and Italy). The analysis of these decrees can be used to make a preliminary assessment of the Covid-19 crisis’ effects on labour markets, as well as to speculate on mid-and long-term developments because the most and least infected sectors are likely to operate differently until a vaccine or another long-term solution is found. We apply this classification to employment analysis in Germany, Italy, and Spain, as well as the United Kingdom, Poland, and Sweden using an ad-hoc extraction of EU-LFS data. 
 Dev and Sengupta (2020) described the current of the Indian economy prior to the covid-19 crisis, assess the crisis’s potential impact on various areas of the economy, examine the policies announcement was made so far by the national government and the Reserve Bank of India to mitigate the economic catastrophe, and make policy suggestions for specific industries. This catastrophe strikes at a moment when India’s Growth rate is faltering and unemployment is high as a result of the country’s dismal financial growth in recent times. The country’s economic shaky state before that crisis might exacerbate the effects of the crisis. This would be particularly true since the economic growth, the financial sector, has indeed been malfunctioning, and macroeconomic policy to deal to that same disaster has already been severely constrained. Dagmar Walter (2020) The Covid-19 epidemic has plunged the globe into exceptional danger and uncertainty, highlighting the need to adopt the Centenary Proclamation as soon as possible. Constituents were urged to achieve «the international labour company’s fundamental mission for social justice with uncompromising energy by further advancing its human-centered perspective to the future workforce. It advocated for placing workers’ rights, as well as other people’s interests, ambitions, and rights, at the centre of economic, social, and climate protection. The global community and the ILO’s members have joined forces to combat the pandemic’s catastrophic effect, but more is required. 
Measuring inequality based on ordinal or binomial data—or a mixture of both, portrays a set of methodological challenges. First, certain distributional statistics such as the mean or variance or standard deviation cannot be properly drawn (Cowell & Flachaire, 2017; Zheng, 2008). Proportions and modes will be appropriate tools to analyse this type of data. Second, in many cases, ordinal data depict an arbitrary scale or asymmetric intervals in their response alternatives, which may also bias the analysis. For instance, a 5-point Likert scale question does not necessarily represent the same difference between pairs of options. One could either choose the category to ‘agree’ or ‘strongly agree’—both options are closer in my mind in this case—with an opinion regarding certain policy addressing inequality within schools, although one will never choose the middle-point category—‘neither agree nor disagree’.
One of the consequences of dealing with categorical data is that traditional inequality measures, such as the Gini coefficient and generalised entropy indexes—for example, Theil or Atkinson indexes, which refer to inequality as a deviation from the mean or are mean-normalised, cannot be suitably employed to measure inequality using categorical raw data (Cowell & Flachaire, 2017; Zheng, 2011).

Recent research has been developing alternatives to develop inequality measurements based on categorical data. Allison and Foster (2004) suggest comparing one-variable cumulative distributions of Likert-type questions by ordering the data and identifying the distance from the median as an inequality measure. As they mention, their method only applies when each case’s median coincides among them. Additionally, this method does not meet a desirable characteristic of any inequality index—the normalization axiom, where a distribution of identical observations, where there is total equality, desirably portrays a zero value. Based on that seminal idea, Abul Naga and Yalcin (2008) introduce a family of inequality indices based on the analysis of one variable normalising different questions’ scales. Under their method, different Likert-scale questions— portraying 3, 5 or 7 alternatives—can be compared in terms of inequality. Zheng (2011) extends the approach to measuring inequality based on two variables. However, if the median does not provide an adequate reference for inequality—for example, when there is skewness on data, all previously measures may not capture the extent of the inequality.

A second approach developed to address this limitation is proposed by Cowell and Flachaire (2012, 2017). Instead of using the median as a reference, they compute inequality relative to a reference status. They suggest counting ranking positions of all observations and expressing them as proportions of the population. The measure could be either ‘downwards’ or ‘upwards’ in terms of relative position on a scale. Although very suggestive, this method does not seem adequate for measuring assets inequality due to the multivariate nature of a continuous wealth trait. However, the idea of maintaining the ordinality of the scales and ranking them rather than measuring inequality remains prime concepts in approach of Lucas (2021).

A third approach that addresses multiple variables consists of computing inequality based on latent variable methods. For instance, Mckenzie suggests a relative inequality measure towards identifying subpopulations’ disparity based on a polychoric Principal Component Analysis index data (2005). His method computes each subpopulation’s standard deviations divided by the variance explained by the first principal component, which additionally allows the comparisons of subgroups to the overall population inequality. The idea of ratios and comparing to the overall inequality average are employed in proposal of Lucas (2021). In Lucas (2021) case, Item Response Theory (IRT) is chosen over polychoric PCA as a specific approach to model categorical data. The proposed inequality by Lucas measure known as Alpha Inequality builds upon the discrimination parameter from IRT models. IRT is a statistical family of latent construct analysis that focuses on categorical data and is mainly used in educational and psychological fields. Lucas (2021) departs from the usual IRT parameter interpretation to turn into the consideration of inequalities. Since, inequality is an aggregated measure and not an individual condition. Therefore, Lucas (2021) considers the latent trait as a continuum of equality (or inequality) of wealth for all respondents. 
So, a large number of studies available in the literature capturing inequality of qualitative variables like education and health standards. However, there is a lot of scope to look into different interrelated issues of employment gap by applying the measurement techniques for qualitative variables available in the literature. The present study contributes to the literature by measuring and analysing employment inequality with micro panel data constructed from PLFS data for 2018-19, 2019-20 and 2020-21. 
3. Data

For the present analysis of inequality of opportunity in India we have selected data from the National Sample Survey (NSS). This is one of the biggest nationally representative micro level databases for India, it is collected by the National Sample Survey Organization (NSSO), India. This study uses household and personal level information from periodic labour force survey (PLFS) in India for latest round in 2018-19 to 2020-21 that is available in the public domain. It provides annual estimates of the key labour market indicators based on the usual status (US) and current weekly status (CWS) approach and provides quarterly estimates of these indicators in the urban economy based on the CWS approach. A rotational panel sampling design is being used in urban areas to generate quarterly urban estimates. Rotational panel facilitates to use the information contained in earlier occasions for capturing the dynamic behaviour of labour force characteristics over time. 

The workforce participation rates (WPRs) have been computed to show the employment trends in rural and urban India. The National Sample Survey Office (NSSO) uses different methods to measure labour force and workforce participation rates. These are the usual principal status (UPS), usual principle and subsidiary status (UPSS) and current weekly status (CWS). Of these four measures, the CWS is the most widely used measure to discuss employment trends. The CWS status is used to show the gap of employment in both rural and urban areas. The analysis of employment status of individuals is also attempted by classifying them into three categories–self-employed, regular/ salaried workers and casual labourers. Lastly, unemployment rate is also worked out to analyse the trends of unemployment in rural and urban areas over time. Our sample consists of total labour force who are aged between 15 to 65 years and have official information for various categories of employment. Therefore, to obtain estimates of employment inequality for urban sector in India with a nationally representative sample, we consider the young labour force from our sample from the PLFS data. 
4. Measuring employment inequality 
In our study inequality in employment is considered as a situation where all workers even in a particular employment group are not enjoying equal job benefits like social security benefits and security in their existing jobs. We also look into the role of education, experience, and industry fixed effects in explaining employment inequality after controlling for gender, castes and religion. 
We define employment inequality as the differences in the duration of job contract, employment benefits and level of skill. Employment is a qualitative variable and employment inequality cannot be measured properly by using the conventional measure of inequality like Gini index or Theil’s index. Employment quality is defined as “good quality jobs” for wage workers are those which are regular paid, job contact for longer period with social security benefits, and high occupation status.

As job quality [image: image4.png]


is a latent variable which is not observed properly, we define a binary variable [image: image6.png]


based on job conditions which are observed in the data: 
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If a person works in regular paid jobs with high occupational status for longer period, then job quality is defined to be good and[image: image9.png]


. In the dataset used in this study, regular paid jobs are identified by principal activity status, high occupation status is defined by national classification of occupation (NCO) at one digit level, longer period of job is defined in terms of job contract for more than 3 years with social security benefits.  

One possible way of measurement of employment inequality is to use the parametric approach where the binary response variable as defined above is regressed on education, experience, industry specific fixed effects and some control variables like gender and caste dummies by applying logit link function which converts the binary dependent variable into a numerical scale ranges between  -[image: image11.png]o to o



.The Theil’s index or Gini index of the estimated variable (log odds ratio) is a measure of employment inequality. 

The parametric logit link function:
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The right-hand side of the equations are the explanatory variable considered, where 
exper: experience of the individual

female: is a dummy variable for gender

edu: is a dummy variable for different education level of individual which has been initially divided into 4-subcategories viz. illiterate, education till primary, secondary and education graduate and above.
caste : is a categorical variable for social group 
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 : individual sector specific effects

5. Empirical Findings
5.1 Summary of sample observations
For our empirical analysis of employment inequality among different wage workers we estimate percentage of working population employed in different categories of wage employment viz. regular salaried and casual workers among males and females separately. The percentage shares are given is table 1.
Table 1: Percentage share wage workers employed across different quarters for male and female workers
	Agriculture
	 
	Regular Salaried
	Casual workers

	Males
	Quarter
	Panel 1
	Panel 2
	Panel 3
	Panel 1
	Panel 2
	Panel 3

	 
	Jul-Sept
	26.0
	40.28
	8.16
	25.27
	26.8
	24.27

	 
	Oct-Dec
	27.45
	27.39
	6.26
	24.11
	25.8
	22.61

	 
	Jan-Mar
	23.77
	24.6
	13.95
	26.18
	25.47
	31.31

	 
	Apr-Jun
	22.77
	7.74
	71.64
	24.44
	21.92
	21.81

	Females
	
	
	
	
	
	
	

	 
	Jul-Sept
	28.76
	23.44
	19.48
	28.99
	28.95
	30.37

	 
	Oct-Dec
	20.98
	23.44
	38.47
	28.38
	30.41
	23.13

	 
	Jan-Mar
	24.54
	36.43
	28.42
	22.25
	24.61
	22.32

	 
	Apr-Jun
	25.72
	16.69
	13.63
	20.38
	16.03
	24.18


	Manufacturing
	 
	Regular Salaried
	Casual workers

	Males
	Quarter
	Panel 1
	Panel 2
	Panel 3
	Panel 1
	Panel 2
	Panel 3

	 
	Jul-Sept
	25.39
	29.49
	25.27
	25.05
	32.16
	26.02

	 
	Oct-Dec
	24.66
	29.47
	21.79
	25.37
	31.5
	18.76

	 
	Jan-Mar
	25.11
	27.37
	21.58
	24.62
	26.19
	23.14

	 
	Apr-Jun
	24.83
	13.67
	31.36
	24.96
	10.14
	32.08

	Females
	
	
	
	
	
	
	

	 
	Jul-Sept
	25.56
	34.11
	25.87
	34.81
	34.77
	27.01

	 
	Oct-Dec
	24.18
	33.8
	21.69
	25.11
	34.51
	17.93

	 
	Jan-Mar
	26.2
	23.89
	21.11
	21.66
	23.67
	24.26

	 
	Apr-Jun
	24.06
	8.19
	31.33
	18.42
	7.04
	30.81


	Services
	 
	Regular Salaried
	Casual workers

	Males
	Quarter
	Panel 1
	Panel 2
	Panel 3
	Panel 1
	Panel 2
	Panel 3

	 
	Jul-Sept
	25.21
	28.64
	24.57
	24.14
	29.73
	26.24

	 
	Oct-Dec
	24.73
	28.53
	21.47
	25.23
	30.86
	19.85

	 
	Jan-Mar
	24.95
	26.43
	24.66
	25.31
	28.06
	23.42

	 
	Apr-Jun
	25.12
	16.41
	29.31
	25.32
	11.35
	30.49

	Females
	
	
	
	
	
	
	

	 
	Jul-Sept
	25.15
	28.93
	24.39
	26.46
	35.21
	28.47

	 
	Oct-Dec
	24.96
	28.94
	21.44
	25.14
	31.44
	19.11

	 
	Jan-Mar
	25.28
	26.93
	24.57
	25.1
	23.04
	26.35

	 
	Apr-Jun
	24.61
	15.2
	29.6
	23.3
	10.31
	26.07


Source: Author’s calculation from PLFS data
The PLFS rounds considered in this study are the three consecutive survey rounds to get a better scenario of urban employment across different sectors for few selected households over the four quarters, in other words, with the help of revisits we analyse in a mature way the employment structure in urban India. In our selected survey rounds covid period is also covered (Q4 of 2019-20 and Q2 and Q4 of 2020-21), thus assisting to look behind the pattern of employment over quarters for selected household in first quarter of every round through revisits.

Regular salaried employment for panel 1 of table1 represents higher percentage of female workers into employment over the over consecutive quarters for service sectors with a slight fall of female employment for second quarter for agriculture and manufacturing. The plausible reason explaining this pattern since, in urban areas there are various types of jobs available which are regular pay, for instance, in construction sites there are various low skilled jobs for which majorly female workers are employed. A large part of women has been absorbed in various low paid services including in domestic help, facilitating the middle class to respond to time requirements of the global activities, resulting in significant rise of regular employment. Unfortunately, this has not helped in pushing up the real wages of the unorganised workers including those employed on a regular basis. As for current study we constraint ourselves to employment and not capturing income earned by the respective workers therefore, the employment share is noted. From panel 2 for female regular salaried shows a significant highest share of employment compared to male until last quarter exhibiting the impact of outbreak of coronavirus. On the contrary, in the last quarter of panel 3 the employment share among both male and female increases either to what it was or has surpassed the percentage share seen especially for agriculture sector. During the outbreak of covid-19 the government announced complete lockdown across the country. Corresponding to which many offices and institutions started laying off workers both in regular paying as well as casual jobs as observed for casual employment share for last quarter of panel 2. For regular salaried who are into service sector, percentage share of male-female workers is almost same. In this sector, women have become concentrated in professions such as teaching and nursing, which offer only limited scope for career progression unlike men.
There has been a shift in the pattern of employment in recent years with the process of casualisation being stalled and self-employment going up both in rural and urban areas for men as well as women. To an extent, this reflects production units hiring individuals on contract for “jobs” rather than employing them directly on a casual basis and the poor households evolving a strategy for survival by drawing more family members into work. This is helping in creating of a low-cost support system for the organised sector, particularly in urban areas. Post first lockdown sharp increment in casual employment especially for females of manufacturing and service sectors could be perceived representing, to some extent, switching of jobs among labour from regular pay due to uncertainty in the latter. Casual employment is mostly one that is without any job-contract and the pay is on daily basis work, therefore, when during pandemic lockdown multinational companies were shutting down or laying workers of the pattern of casual employment changed. In other words, composition of casual employment started to change as during and post covid effect. Huge number of migrant labourers were forced to return their native places due to absence of daily basis works, another plausible cause of sharp fall in employment percentage share. Again, in panel 3 for second quarter (October- December) percentage employment falls as a result of second-wave of covid. Followed by in third and fourth quarter of panel3 percentage share of employment increases and interestingly the share is almost as equal to regular paid jobs for manufacturing and service sectors (approx. 30%). In agriculture sector we observe casual employment falls in fourth quarter of panel3 among males than compared to female workers plausibly because many males shifted to other forms of employment in different sectors of the country also may have shifted to rural areas.
The increase in the number of covid-19-induced direct labour measures causes the employment rate to decline among male workers, whereas it is insignificant for female workers. The direct labour policies provide income support and thereby discourage male workers from working during the pandemic. The insignificant impact of direct labour policies on female employment suggests that these workers may not have received significant welfare gain.

The absence of a linkage between growth in income and employment has been responsible for unemployment rate not shooting up in the periods of crisis. Considering the heterogenous economic activity and variation in labor force composition across India, the state governments, under the federal framework, have initiated several labor policies in response to the covid-19 pandemic (Kujur and Goswami, 2020). These policies disproportionately impact the employment of different groups in terms of gender, caste, and religion in India (Desai et al., 2021; Kesar et al., 2021). Therefore, the next segment of study analyses the impact of the heterogeneity factors along with other possible factors explaining employment inequality across different sectors in India.
5.2  Logit model estimates for employment inequality
We define employment inequality as the differences in the duration of job contract, employment benefits and level of skill. In this study inequality in employment is considered as a situation where all workers even in a particular employment group are not enjoying equal job benefits like social security benefits and security in their existing jobs. Employment quality is defined as “good quality jobs” for wage workers are those which are regular paid, job contact for longer period with social security benefits, and high occupation status.  Since employment status of ‘good job’ is a binary variable, a natural first approach in estimating is Chamberlain's "fixed-effects logit” model. Table 2 provides the logit model estimates of binary dependent variable, good job, for three panels.
Table 2: Logit model estimates for three different panels 

	Good Job
	Panel 1
	Panel 2
	Panel 3

	Age
	0.377***
	0.322***
	0.378***

	 
	(-18.13)
	(-16.21)
	(-17.49)

	Age2
	-0.00403***
	-0.00340***
	-0.00406***

	 
	(-16.38)   
	(-14.29)   
	(-15.73)   

	female_dummy
	-0.846***
	-0.711***
	-0.621***

	 
	(-12.05)   
	(-10.42)   
	(-9.08)   

	Primary_edu
	0.229
	0.667
	1.231

	 
	(-0.35)
	(-1.11)
	(-1.53)

	Secondary_edu
	2.818***
	2.858***
	3.519***

	 
	(-5.58)
	(-5.66)
	(-4.95)

	Grad & above_edu
	4.893***
	4.915***
	5.821***

	 
	(-9.73)
	(-9.77)
	(-8.21)

	Scheduled_tribe
	1.077***
	0.922***
	0.733***

	 
	(-11.41)
	(-10.08)
	(-7.49)

	Scheduled_caste
	0.0245
	-0.112
	-0.0794

	 
	(-0.21)
	(-1.00)   
	(-0.68)   

	Other_Backward_caste
	-0.292***
	-0.429***
	-0.146

	 
	(-3.80)   
	(-5.52)   
	(-1.95)   

	manufacturing
	0.847** 
	1.133** 
	0.933** 

	 
	(-2.74)
	(-2.95)
	(-3.28)

	services
	1.195***
	1.656***
	1.101***

	 
	(-4.13)
	(-4.55)
	-4.18

	Constant
	-48.66***
	-50.30***
	-50.99***

	 
	(-7.04)   
	(-7.42)   
	(-7.39)   

	No. of Observations
	130431
	128932
	125608


t statistics in parentheses 

* p<0.05, **p<0.01, *** p<0.001
Source: Author’s calculation from PLFS survey rounds
For our study we employ logistic model and consider several independent variables including education level of the labours, experience of the workers, gender, caste of respective individuals and industrial sectors viz. manufacturing and services to highlight sector specific fixed effects on binary dependent variable. 
Fixed effect explores the relationship between predictor and outcome variables within an entity (country, person, company, etc.). Each entity has its own individual characteristics that may or may not influence the predictor variables (for example, being a male or female could influence the opinion toward certain issue; or the business practices of a company may influence its stock price). When using fixed effect, we assume that something within the individual may impact or bias the predictor or outcome variables and we need to control for this. This is the rationale behind the assumption of the correlation between entity’s error term and predictor variables. Fixed effect removes the effect of those time-invariant characteristics so we can assess the net effect of the predictors on the outcome variable. Another important assumption of the fixed effect model is that those time-invariant characteristics are unique to the individual and should not be correlated with other individual characteristics. Each entity is different therefore the entity’s error term and the constant (which captures individual characteristics) should not be correlated with the others.
From table 2 it is noticed that age of the labour is positively impacting the probability of that individual to have good-quality job. Again, this pattern is seen for education level of labours, as education level increases by one unit the chance for the individual to have good-quality job increases for all three panels. The economic reforms in India have created more diversified jobs, which are mostly concentrated in urban areas, and require better education and skills, and in turn, yield higher returns (Karan & Selvaraj, 2008). Social groups to which individuals are born into is beyond the control of individuals is having mixed effect on binary dependent variable, good quality job. For our study we take general caste of individual as reference group and it is perceived Scheduled Tribe to have significant positive effect on good-quality job and Scheduled caste and Other Backward Caste negate the probability of having good quality job. Implying that factors which are beyond any individual’s control affect his/her chance of getting a job which qualifies as a good quality job.
When sector specific fixed effects were analysed separately for three panel with agricultural sector as reference group the rest sectors of economy viz. manufacturing and services are showing positive effect on dependent variable. Inferring that every sector of industry is having a positive chance for the workers to get into good quality job with longer job-contract, social security benefits etc. The dummy variable for females in table2 is having a negative impact for women labour to have a good quality job. Limited access to labour market due to family obligations has worked against the liberal notion of feminine role in the labour market (Mincer and Polachek, 1974). Reskin (1993) argued that practice of childrearing has forced women to accept such jobs which do not penalize any skill depreciation from paid leave and have possibilities of re-entering in the labour market. 
5.3 Employment Inequality across different sectors for different employment categories
‘Good-job’ is a qualitative variable and hence inequality measurement using standard inequality indices are not feasible. Therefore, in the previous segment we estimate logit model in panel framework for three different panels. From the predicted values of ‘good job’ for three panels we have calculated employment inequality for regular salaried, and casual/daily wage earners distinctly for agriculture and allied activities, manufacturing and services using Gini index and General Entropy index at α = 1 that provide Theil’s T index (GE (1)) by using the national sample. We also decompose overall inequality into between group and within group components by taking circumstances as the groups of workers. Table 3 presents the calculated values of the Gini and Entropy indices for the whole sample in panel framework. The inequality measures in terms of Theil’s L index and Theil’s T index are not similar because different weights are used at locations of the earning distribution. Theil’s T index is more sensitive than Theil’s L index to what happens in the upper tail of the distribution.
Table 3: Employment inequality measured using Theil’s Index and Gini Index across different sectors
	 
	 
	Regular Salaried
	Casual workers

	 
	Industry
	GE(1)
	Gini
	GE(1)
	Gini

	Panel 1
	1
	0.1
	2.5
	0.1
	1.7

	 
	2
	0.1
	3.0
	0.1
	2.4

	 
	3
	0.2
	3.1
	0.1
	2.5

	 
	Within-group
	0.1
	 
	0.1
	 

	 
	Between-group
	0.0
	 
	0.0
	 

	 
	Total
	0.2
	3.2
	0.1
	2.5

	Panel 2
	1
	0.1
	2.7
	0.1
	1.7

	 
	2
	0.1
	2.6
	0.1
	2.1

	 
	3
	0.1
	2.7
	0.1
	2.1

	 
	Within-group
	0.1
	 
	0.1
	 

	 
	Between-group
	0.0
	 
	0.0
	

	 
	Total
	0.1
	2.8
	0.1
	2.3

	Panel 3
	1
	0.1
	2.4
	0.1
	2.1

	 
	2
	0.1
	3.1
	0.1
	2.2

	 
	3
	0.1
	3.1
	0.1
	2.4

	 
	Within-group
	0.1
	 
	0.1
	 

	 
	Between-group
	0.0
	 
	0.0
	

	 
	Total
	0.2
	3.1
	0.1
	2.5


Source: Author’s calculations using PLFS survey rounds

Table 3 provides us with the employment inequality that has been obtained for all individuals aged 15 to 65 years by considering the workers to be homogenous in terms of their activity status for survey rounds 2018-19, 2019-20 and 2020-21 and forming three panels of PLFS. Table 3 delivers all-India along with decomposition of urban employment inequality using two different measures of inequality (Gini index and Theil Index). In our study inequality in employment is considered as a situation where all workers even in a particular employment group are not enjoying equal job benefits like social security benefits and security in their existing jobs. 
The results of the Gini indices and Theil’s indices (i.e., GE(1)) show different values of inequality for the same groups of individuals with rest similar properties. The decomposition of earning inequality into within-group inequality and between groups provides a better picture to capture the challenges faced by young workers labour market.
Theil’s T index for all India level across all three sectors over the quarters of panel setup for regular salaried and for casual employment shows variation over a small range across urban areas but the value in employment inequality is positive. The decomposition of overall inequality as shown in the lower panel of Table3 suggests that within group component has been the major part of overall inequality for both type of wage employment for urban areas. For male and female workers since the type of employment varies for low-paying jobs thus resulting into inequality in access to good-quality jobs especially in urban areas for all sectors this pattern is true, for instance, in case of agricultural and allied activities depend highly on seasonal changes, therefore, very few jobs are regular paid especially in rural areas compared to urban. 
Gini Index gives an estimate for a country’s distribution of good-quality job from a totally equal distributed. The coefficient allows direct comparison of two populations’ employment distribution, regardless of their sizes. Among the total workforce highest employment inequality observed for those who are classified as regular salaried workers in sectors of urban India respectively for three panels and casual workers encounters inequality respectively for three panels with inequality less than that for regular salaried in the economy. 

Among concerned three different sectors of the economy considered in this study, employment gap among regular salaried is significantly higher for the sector agricultural and allied-activities, since, from table1 it is noticed highest share of regular pay workers are mostly employed in agriculture over the different quarters with some variations. As agriculture is the source of income for significant majority of the population, thus, getting into agriculture sector might be easier but getting into good-quality job in this sector might be challenging for both men and women labours. Table3 reveals that inequality or gap in employment for casual workers is relatively less in urban areas for the entire workforce over the three panels. The magnitude of employment inequality, i.e., access to good quality job is higher among casual works who generally does not require much skill and experience and hence, significant women casual employment is found in urban areas observed from table1 for all three sectors.  Existing literatures suggests there is no major occupational diversification in women’s employment despite structural shift of the economy from primary to tertiary sector. Agriculture is still the leading sector in women’s employment (Sundari, 2020). Sundari also highlights that women’s entry or exit of labour market is influenced by many non-economic factors. Therefore, emphasizing no major occupational diversification in women’s employment despite structural shift of the economy from primary to tertiary sector. Employment inequality is highest for all three panels for service sector when measured using Gini index as well as Theil’s for the two categories of wage employment. 

For regular paid and casual urban workers in manufacturing sectors employment gap when measured using inequality indices in urban areas is representing major percentage share in getting into good-quality job especially in panel 3, hence, representing employment inequality highlighting the post effect of covid in the economy. Post covid casualisation in labour market shoots up hence reducing the probability for many to get a job with social security benefits and being employed for longer periods. Although here we focus the sectoral employment differences in urban areas only, since revisit for rural areas are not covered, among regular workers can be explained by the fact that urban regular workers are better educated and possess better skills in comparison to their rural counterparts and, therefore, receive higher wages as compared to rural workers. The economic reforms in India have created more diversified jobs, which are mostly concentrated in urban areas, and require better education and skills, and in turn, yield higher returns (Karan & Selvaraj, 2008). 
Our study shows a detailed structure of employment gap in the economy that exists among different categories wage of employment- regular salaried, and casual/daily wage earners- across different sectors of India for urban areas. This instigates us to further pursue our study to understand the causes behind the existence of such employment gap hence, explaining earnings gaps. 

Pre-covid-19 trends suggest that the female unemployment rate has generally been higher than the male unemployment rate in the country (7.3% vs 9.8% during the October-December quarter of 2019, respectively).  Since the onset of the covid-19 pandemic, this gap seems to have widened.   During the October-December quarter of 2020, the unemployment rate for females was 13.1%, as compared to 9.5% for males. The Standing Committee on Labour (April 2021) also noted that the pandemic led to large-scale unemployment for female workers, in both organised and unorganised sectors.  It recommended: (i) increasing government procurement from women-led enterprises, (ii) training women in new technologies, (iii) providing women with access to capital, and (iv) investing in childcare and linked infrastructure.
6. Conclusions
Development cannot be discussed without talking about inequality. Theories of income distribution have been in the literature of economics from before Adam Smith to the present day. Ricardo characterises income distribution as the principal problem of economics (Sandimo, 2015). Several philosophers and economists have discussed about inequality. Inequality with respect to income or earnings and consumption have often been discussed and studied. Recently, literatures are exploring inequality concerning inequality in qualitative variables like education attainment, health status and employment.
Inequality in the labour market is a significant determinant of disparities in living standards. This study is essentially an empirical exercise in exploring inequality in the Indian labour market. It comprehensively examines the structure of the gap in employment inequality across different sectors (agricultural and allied activities, manufacturing, and services) among total workforce (15-65 years) workers engaged different wage employment (viz. regular salaried, and casual earners) in the urban economy in India by using the household level information PLFS survey rounds (2018-19, 2019-20 and 2020-21). The different sectors are broadly classified using the NIC codes of 2008 and employment categories are obtained from activity status. A substantial employment gap exists between workers engaged in different sectors, it our novel attempt to analyse the gap across sectors for different employment categories for entire workforce. We define employment inequality as the differences in the duration of job contract, employment benefits and level of skill. Employment is a qualitative variable and employment inequality cannot be measured properly by using the conventional measure of inequality like Gini index or Theil’s index. Employment quality is defined as “good quality jobs” for wage workers are those which are regular paid, job contact for longer period with social security benefits, and high occupation status.
Initially, we begin our study with the descriptive statistics of employment share of entire labour employed in different type of employment across various sectors and have found some interesting results. Highest percentage share in urban area for casual employment among workers who are employed across different quarters of panel is observed in female labours contrary to male workers, this highest share of employment for regular paid jobs also follows the similar pattern. In case of manufacturing sector majority of workers are regular paid workers, whereas in service sector workers are employed with highest percentage share in casual employment type in urban areas. This analysis reinforces the presence of employment gap among various sectors. Further we move to analyse the overall scenario of inequality to capture employment gap for various sectors of economy (viz. agriculture and allied activities, manufacturing and services) for urban areas for all three employment categories. The earning inequality is measured using Theil’s T-index and using Gini index, additional to this, Theil’s indices are further decomposed into within and between group inequality for both rural and urban areas. Employment inequality is found to be highest for regular salaried for in agricultural sector followed by service sector and lowest is for regular paid workers from manufacturing sector. Majorly for all different earning inequality, the within group share of total inequality is more.

The method employed in measurement of employment inequality is to use the parametric approach where the binary response variable as defined above is regressed on education, experience, industry specific fixed effects and some control variables like gender and caste dummies by applying logit link function which converts the binary dependent variable into a numerical scale ranges between  -∞ to ∞.The Theil’s index or Gini index of the estimated variable (log odds ratio) is a measure of employment inequality. The panel framework logit estimates suggest presence of inequality among different types of workers for different sectors of economy in urban areas. Since our data covers the covid period thus, our finding also highlights the impact of covid on employment in urban India.
During last quarter of 2019-20 PLFS rounds, India was affected by the Covid-19 crisis. To contain the spread of COVID-19, a nationwide lockdown was imposed from late March till May 2020. During the lockdown, severe restrictions were placed on the movement of individuals and economic activities were significantly halted barring the activities related to essential goods and services.  Unemployment rate in urban areas rose to 20.9% during the April-June quarter of 2019-20, more than double the unemployment rate in the same quarter the previous year (8.9%).  Unemployment rate refers to the percentage of unemployed persons in the labour force.  Labour force includes persons who are either employed or unemployed but seeking work.  The lockdown restrictions were gradually relaxed during the subsequent months.   Unemployment rate also saw a decrease as compared to the levels seen in the April-June quarter of 2020.  During the October-December quarter of 2020 (latest data available), unemployment rate had reduced to 10.3%.  However, it was notably higher than the unemployment rate in the same quarter last year (7.9%). 

The Covid-19 lockdown restrictions have significantly unequal impacts among different classes of employees in India, according to the prior studies. The covid-19-induced direct and indirect labour policies supported male laborers in providing income and other welfare support, whereas, for female laborers, these policies are ineffective. It is logical to conclude also that employees more concerned about losing their employment as a result of such lockdown inside this near run, and who suffer relatively high insecurity as in mid-term, are almost the same groups highlighted in our research as being one of the most adversely impacted by Covid-19 confinement methods. To sum it up, the prospects for improving economy are bleak, and they are highly necessary for economic policies implemented mostly at the national and state levels. As with every profound crisis, we shall confront significant economic transformation in India as earnings growth, revenue, and consumption fall precipitously in the previous weeks and months. 

We clearly know that a restricted concentration on structural reforms and exporters as the principal exit strategy resulted in disproportionate flaws and vulnerabilities that have resurfaced in recent months, decade after the crisis. It indicates, particularly, that even the most detrimental consequences disproportionately affect the most marginalized and marginalized employees in limited services. Intensive training schemes and state funded vocational training for new workers, Food and cash, job guarantees, wage subsidies presumably aimed directly at female workers, and heavy investment in infrastructural development that can facilitate female employees to enter the work force could all be part of such a curriculum.
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