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ABSTRACT

Employment distribution disparities are preventing the Indian economy from achieving
inclusive growth. The skewed distribution of employment is one of the reasons for
the rising inequalities in the economy. In this regard, the present study analyses the
employment probabilities of Indians working in the manufacturing sector. A binary
logit model has been used on a pooled cross-sectional dataset of the fourth (2013-
14) and fifth (2015-16) Employment and Unemployment Surveys (EUS). The study
analyses four major attributes, namely castes (social categories), gender, location, and
education. We analyze these attributes separately for all the 29 main Indian states,
and find that caste and location are highly important deciding factors of employment
probabilities in the manufacturing sector.
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I. INTRODUCTION

India is one of the fastest growing emerging economy in the world, but its
employment conditions are highly unequal to disadvantaged groups (DFID, 2012;
FICCI, 2014; IHD, 2014). The Seventh Five-Year Plan (1985-1990) of India identified
employment as its key problem and explicitly aimed for productive employment
(Papola, 2008). In this context, an extensive research has been done on the issues
of employment, especially on employment generation, wage determination, and
discriminations in the labour market (Aggarwal, 2016; Agrawal, 2014; Das & Kalita,
2009; Madheswaran & Attewell, 2007; Rani & Unni, 2004). However, the issue of
employment distribution has remained highly unexplored area of research. The
skewed distribution in the employment creates employment inequalities, which
further enhance poverty, social unrest, injustice, and inefficiencies in the economy
(Labour Bureau, 2015). We hypothesize that these employment inequalities are
attributed to the socioeconomic characteristics of individuals. In this regard, our
study aims to explore inequalities in the Indian labour market by specifically
focusing on the manufacturing sector.

We use the major socioeconomic characteristics (hereafter, labour attributes)
of the Indian workforce to analyze employment inequalities. The major labour
attributes of Indian workers are caste, gender, location, religion, language, and
education. Existing studies have identified that firms decide the wage rate of
employees on the basis of these labour attributes (Agrawal, 2014; Banerjee, 2016;
Goldar & Sadhukhan, 2015; Ramaswamy, 2012). However, existing studies ignored
the impact of labour attributes on employment chances of the workers. Moreover,
theissue of wage determination exists only if the people of disadvantaged groups are
at least employed. Considering the nation’s diversity, we hypothesize that people
are discriminated while being hired for jobs. The identification of employment
discrimination requires a detailed analysis of employment probabilities of the
Indian workforce. In the aggregate employment of India, manufacturing sector
employment has the highest potential for increasing inclusive and sustainable
development (Amirapu & Subramanian, 2015; Araujo, 2004; Sharma, 2013), and
this is why we focus on the manufacturing sector. Furthermore, in order to capture
the regional diversity and dynamics of employment inequalities, we analyze the
employment probabilities of individuals for all the major Indian states as well as
the aggregate Indian employment data.

We analyze the employment probabilities by using cross-sectional dataset
of the fourth (2013-14) and fifth (2015-16) round of the EUS conducted by the
Labour Bureau, Government of India. We extracted data of caste, gender, location,
education, domicile state from the EUS. As per the research objective and nature
of the dataset, the study employs binary logit models for empirical analysis. We
check the robustness of our specifications using the Wald and likelihood ratio (LR)
tests. The study finds extensive persistence of employment discrimination in the
manufacturing sector. At the aggregate level, the most dominant labour attributes
are caste and location. The state-level analysis shows variation in employment
probabilities across states. The data shows that Northeast and South Indian states
are more inclusive than North and West Indian states.

The empirical findings of the paper are briefly reported as follows. The overall
manufacturing sector is broadly dominated by urban individuals. The states
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wherein rural individuals dominate are only few, and their contribution to total
manufacturing output is miniscule. It is highly contradictory that India’s 70%
people live in rural areas but their employment chances in the manufacturing
sector are considerably low. The states dominated by rural individuals have higher
employment chances for females and lower caste individuals. The states where
urban individuals are highly preferred to rural ones have higher contribution to
the total manufacturing output. This is because the states wherein manufacturing
concentrates in urban areas are likely to have the industries of higher capital
intensity. Therefore, it is implicit that the industries with higher capital intensity
are more productive than the labour intensive industries.

The study finds that manufacturing sector has higher potential to employ
people with secondary and below secondary education. The share of the workforce
with such level of educational attainment is higher in the lower castes. Despite this
fact, the upper castes dominate the manufacturing sector, indicating that caste is
more important than education as deciding factors of employment chances in the
manufacturing sector. The level of discrimination is higher in the bigger Indian
states, namely Maharashtra, Gujarat, Rajasthan, Tamil Nadu, Andhra Pradesh and
Madhya Pradesh. Focusing on these states to reduce employment inequalities will
have higher outcome, as these states dominate both manufacturing employment
and output.

The next section reviews existing studies. Section III describes the data and
presents the descriptive statistics. Section IV outlines the methodology. Section
V presents the results, while section VI presents the conclusion and policy
implications.

II. LITERATURE REVIEW
Diversity in employment distribution is an asset for businesses as well as for the
economies. However, employment distribution has been highly exclusive and
discriminatory throughout the world (Oxford, 2011). Developing nations tend
to have most disparities in their total employment. However, the attributes of
discrimination vary across countries. The main attributes affecting employment
probabilities in both developed and developing nations are, among others, gender,
education, health condition, age, ethnicity, family occupation, colour, habitation,
caste or social category, nationality, culture, language, religion, family education
(Agarwal, 2015; Aggarwal et al., 2011; Baah-Boateng, 2016; Bairwa et al., 2019;
Bairwa and Sharma, 2019a, 2019b; Deshpande and Newman, 2007; Marelli and
Vakulenko, 2016; Nilsson and Rubenson, 2014; Schioppa and Lupi, 2002).
Although employment opportunities vary with regards to labour attributes in
each nation, the weaker sections of the society generally face lesser employment
opportunities. The weaker sections of the society are the people of minority
religion, indigenous and tribal people, females and third gender, people from the
lower castes, illiterates, and rural people. For example, Italian youth from affluent
families generally have easier access to matching jobs in the market, whereas their
counterparts from low-income families struggle to even find a job (Schioppa and
Lupi, 2002). This discrimination happens even if youth from both income classes
have same education and skills. In India, poverty is highly correlated with caste
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and employment. The higher the caste level, the lower the level of poverty in
that caste. This means people from lower castes tend to have higher incidences
of multidimensional poverty (Thorat and Madheswaran, 2018). Owing to this,
children from low-income families tend to enter the labour market earlier, which
reduces their chances of attaining education and skills. The lower caste people
have to enter the market early in order to earn their livelihood. Besides, they are
unable to afford the expenses of higher education for their children. Conversely,
children from high-income families tend to have lesser chances of entering the
labour market early. This provides them adequate time to attain higher education
and skills, which in turn increases their chances of getting jobs with higher
remuneration (Kingdon, 1998). Hence, children from high-income families tend
to out-earn their counterparts from low-income families in the long-run (Kingdon,
1998). In equilibrium, people from the lower castes tend to primarily cluster in
underproductive, highly risky, and underpaid employment (Gang et al., 2012;
IHD, 2014; Madheswaran and Attewell, 2007).

In this regard, Marelli and Vakulenko (2016) conclude that coming from a
wealthier family background increases the probability of getting a job for first-time
job seekers. Among the wealthy families, employment probabilities are highest for
family-own businesses. In addition to this, first-time job seekers’ probability of
self-employment is most influenced by the father’s employment status. This could
be due to the argument that “People’s ethnic and racial background may expose
them to a variety of cultural and psychological factors that affect their risk-taking
and management skills” (Hout and Rosen, 1999, p. 2). Similar to wealth status,
the educational status of the family is essential when entering the job market. The
parents with a strong education background educate their children in the best
schools and offer a quality education. That is, family education is an influential
factor determining the quality of education of an individual (Aggarwal et al., 2011;
Kingdon, 1998). The level and quality of education greatly differ from family to
family, wherein the Indian families mainly vary on the basis of castes. The families
of lower caste are generally less educated. This reduces their chances to move out of
menial jobs to highly productive jobs within or outside of the manufacturing sector
(Aggarwal et al., 2011). Aside this, the returns to education is lower for the lower
castes than it is for the upper castes. Even if the lower castes have equal education
and competitive skills as the upper castes, they are paid less. The lower castes still
largely work in less productive, risky, and vulnerable works (Madheswaran and
Attewell, 2007). Discrimination and favouritism also exist on the basis of religion.
Muslims have a greater tendency of being employed in underproductive, petty,
and self-employment works (IHD, 2014). Moreover, the lower representation of
the lower castes in entrepreneurship, non-menial occupations, and private jobs
reduces their capability of using social networking to find matching jobs. This
reduces the chances of employment for their children relative to those of their
bosses (Bairwa and Sharma, 2019a; Cappellari and Tatsiramos, 2015; Deshpande
and Newman, 2007).

The jobs being offered at factories and companies were limited to males
till the 20th century, when India implemented the policies to increase women
empowerment, and decrease sexual harassment and gender violence. In spite of
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this effort, females represented 22% of the total workforce compared to males who
represented 78% of the total workforce in 2015-16 (Labour Bureau, 2016). This
niggling representation of females in the total Labour Force Participation (LFP) is
attributable to numerous factors that affect their probability of employment. The
Planning Commission of India (2012) argues that “women entitlements vary on the
base of location but within various castes, communities, religion, geographies and
development zones”. The gender ‘female’ itself is considered inferior in India when
it comes to education, employment or empowerments. Indian families generally
favour sons over daughters with regards to education because the overall return
to education is lower for daughters than for sons (Kingdon, 1998). This gender
discrimination is also present in African nations, where Baah-Boateng (2016) finds
that females have lesser chances than males in the market. In Italy, the female LFP
is lower owing to the cultural and social stigma prevalent in the society (Schioppa
and Lupi, 2002). Similar to education, gender, and caste, the ‘location’ attribute
also plays a significant role in the probability of employment for the people.

This study broadly classifies location into rural and urban areas, and then
analyses it for the selected Indian states. The distribution of employment in
manufacturing firms varies across rural and urban areas. In most cases, the urban
manufacturing industries are better than rural ones for employment generation
(Ramaswamy, 2014). One of the primary reasons the rural areas perform
worse in employment generation relative to the urban areas is the presence of
comparatively lesser infrastructure and underdeveloped markets. In addition to
the infrastructure endowments, firms decide their factory or business location
by checking the local business regulations, land availability, labour laws, and tax
rates (Agarwal, 2015). These differences in rules and regulations create regional
disparities in employment distribution for the manufacturing sector. The regional
inequalities increase labour migration from poor to rich areas, mainly from
rural to urban areas. This further decreases the probability of employment for
rural individuals (Dholakia, 1994). Situating manufacturing firms in rural areas
increases employment and output, which in turn reduce the overall rural poverty
(Panagariya, 2008). In a counter-argument, Thurik et al. (1999) state that the
location factor will become irrelevant due to the increased usages of information
and communication technologies, and telecommunication revolutions supported
by faster globalization. This is highly relevant for the service sector but has limited
applicability for the manufacturing sector. The manufacturing sector still requires
considerable quality of physical infrastructure to build and operate its operational
units. Therefore, location remains an essential factor when measuring regional
inequalities (Fan and Sun, 2008). The next section briefly discusses the data source.

III. DATA AND VARIABLE DESCRIPTION

We use cross-sectional dataset comprising the fourth (2013-14) and fifth (2015-16)
round of the EUS conducted by the Labour Bureau, Government of India. The
questionnaire and the basic properties of the fourth and fifth EUS are similar,
so both datasets have been amalgamated in order to create a pooled cross-
sectional dataset for the econometric estimations. The measurement unit of EUS
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is the sampled households and the individual members of these households.
The EUS provides extensive social, economic and personal information of the
surveyed households. We have extracted the information on individuals’ castes
(social category), gender, education, location (rural/urban), employment, and
domicile state from the EUS dataset (see Tables 1 and 2). The EUS divides the
castes into four broad social categories, namely SC, ST, OBC, and Others. The SC/
STs are marked as lower castes, OBCs denote middle castes, and Others denote
upper castes. Our dataset includes only males and females, and excludes third
gender. The education variable consists of total seven categories: ‘illiterates or not
literates’, ‘below primary literates’, ‘primary literates’, “upper primary literates’,
‘secondary literates’, ‘graduates’, and “postgraduates’. The location variable has
two categories: ‘rural” and ‘urban’.

The sector or industry of employment is provided by the NIC — 2008 codes.
A two-digit NIC code has been provided for each of the employed individuals,
and indicates the sector, industry, and area of employment. All the people who
have a two-digit NIC code, ranging from 10 to 33, are labelled as ‘employed in
the manufacturing sector” (ILO, 2019; MOSPI, 2008). All those for whom the NIC
code is missing are marked as unemployed people in the present analysis, and
are not considered for this analysis. Individuals who have an NIC code are part
of the “total employed workforce’. We perform state-level analysis and include
29 major Indian states in this analysis (see Appendix, Table B). Table 1 shows
detailed descriptive statistics for all the variables used in the binary logit model
estimations. The total sample size, the size of the active labour force, and the
number of individuals working within the manufacturing sector are reported in
Table 2. In an economy, share of ‘total labour force’ is always greater than ‘total
workforce’, and the labour force consists of employed and unemployed people,
whereas total workforce consists of only those who are employed in the economy
(MOSPI, 2008).

Table 1 mirrors the basic descriptive statistics of the logistic regression. Table 2
shows that only 11% of the total workforce is employed in the Indian manufacturing
sector (i.e. NIC 10 to 33), while the remainder of the employed population works
in non-manufacturing sectors. Of the aggregate population, 71% hails from rural
areas, and 56% of the total manufacturing workforce are from rural areas (Table 2).

Similarly, 47% of the Indian population is female, and their representation in
the total Indian labour force is only 21% (Table 2). Caste statistics show that OBCs,
Others, SCs, and STs comprise, respectively, 40%, 28%, 20%, and 12% of the Indian
population (Table 2). In terms of education, the majority of the Indian labour force
is either illiterate (19%) or has secondary-level (70%) education (Table 1 and Table
2). In terms of education, illiterates retain the highest share of the total workforce
at 19%, while the lowest share is held by postgraduates at only 2.4% (Table 2).
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IV.METHODOLOGY

Kong (2011) uses a multinomial probit model to analyse the impact of
college reputation, course specialization, and gender on the employment and
unemployment probabilities for Chinese graduate students. Hout and Rosen
(1999) use a logit model and find that parental occupation plays an important
role in employment of children. Kingdon (1998) employs a binary probit model
to analyse Indian workers and concludes that girls are less motivated than boys to
attain higher education. Schioppa and Lupi (2002) use a standard logit model to
analyse product and labour market conditions among the youth in Italy and find
that personal and family characteristics play an essential role in shaping careers.
Schmidt and Strauss (1975) apply multiple logit models to certain personal
characteristics and find that higher education decreases employment probabilities
within the blue-collar sector. Marelli and Vakulenko (2016) use the Heckman
probit model to analyse the role of individual and family characteristics on the
risk of unemployment in Italy and Russia.

The main emphasis of this paper is to explore the probability of individuals’
working in the manufacturing sector. We do this by using four labour attributes,
namely level of education, caste, gender and location, and then estimating a binary
choice model, wherein individuals employed in the manufacturing sector are
assigned a value of one, and those employed in the non-manufacturing sector are
assigned a value of zero. In what follows, we describe the binary choice model, its
specification, and the precise properties of the dependent variable.

A. Model Specification

The latent variable in our model is dichotomous in nature, whereby individuals
employed in the manufacturing sector are assigned a value of one and those
employed in the non-manufacturing sector are assigned a value of zero. Hence, we
estimate the probabilities of employment in the manufacturing sector by applying
a binary choice model to the aggregate and state-level data. The binary choice
regression model can be written as follows:

k
yi=ao+2anU+si (1)
j=1

In Equation (1), y, is a qualitative response variable which takes the values 1 and
0. It is defined as:

}’i={(1) ifyi>0 (2)

The X is a vector of exogenous variables that influence y.. Following Wooldridge
(2003), the model takes the form:

k k
p; =prob(y; =1) =prob |g > - a0+Zanij =1-F|- a0+ZaJ-XU 3)
=1 =
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In the Equation (3), F is the cumulative distribution function of ¢ . If the distribution
of ¢,is symmetric, and since, 1-F (-Z) =F (Z), we can write the Equation (3) as:

k
pi=F — a0+20{inj (4)
=1

Since y, depends on x,, we can write the likelihood function as:
=] n] Ja-r) ©)
i=1 yi=0

If the cumulative distribution of ¢ is logistic, we have what is known as the logit
model Maddala & Lahiri (2009). In this case,

exp(Z,
=) ) (6)
1+ exp(Zl.)
Hence, the
F(Z))
log——X—=17;
9Ty 4 7)
For the logit model,
P k
i
logl_Pi=a0+ZanU 8)
]:

The left-hand side of Equation (8) is the log-odds ratio, and it is a linear function
of the explanatory variables.

B. Empirical Approach

In order to obtain the probability of employment in the manufacturing sector in
India, we estimate two binary choice models, which are similar to the studies of
Schmidt and Strauss (1975) and Marelli and Vakulenko (2016). That is, we estimate
the following models:

k
Vi =a, +Zanij+€i )
=
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In Equation (9), a, represents the coefficients of the independent variables x_in the
model. Speciﬁcaliy, we estimate two forms of Equation (9) as follows:

Yl(Yl = 1|0) =y + 0(1X1 + a2X2 + a3X3 + 0(4X4 + C(5X5 + a6X6 + a7X7 +

10
agXg + agXg + a19X10 + a11X11 + @12Xq2 (19)

YL(YI. = 1|0) = Qg + 0(1X1 + a2X2 + a3X3 + a4x4 + aSXS + uij (]-]-)

In Equation (10), Y, represents ‘manufacturing employment’, a, is a constant,
X, is ‘female gender’, X, is ‘rural location’, X is ‘scheduled caste’, X, is “scheduled
tribes’, X, is ‘other backward castes’. The variables X, , X , X, , X, , X, , X, ,and
X, represent ‘not literate’, ‘below primary education’, “‘primary education’, ‘upper
primary education’, ‘secondary education’, ‘higher secondary education’, and
‘graduate education’, respectively (see Appendix, Table A), u, and is the error
term. The main independent variables in Equation (10) are ‘other castes’, “urban
location’, ‘male gender’, and “postgraduate education’.
In Equation 11, Y, represents ‘manufacturing employment’, a, is a constant, X,
denotes “castes’, X,denotes ‘rural location’, X, denotes ‘female gender’, X, denotes
‘education’, u, and is the error term. X, and X, are, respectively, the caste and
education and are ordinal variables in Equation (11)."! The benchmark categories
are males for gender and rural areas for location.

V. ECONOMETRIC ESTIMATION AND DISCUSSION

Estimates of Equations (10) and (11) are reported in Tables 3 and 4, respectively.
In total, we estimate 30 regressions: 29 for the major Indian states? and one for the
entire India. The last rows of Tables 3 and 4 show the regressions for the aggregate
Indian data, excluding the union territories. The sample size of the EUS data

! Caste and education are considered as ordinal variables in Equation (11). Here, education is already
an ordinal variable as it varies from ‘not literate’ to ‘postgraduate’. Illiterates are assigned a value
of 0, below primary literates are assigned 1, and this process goes on till 7, where 7 represents
postgraduate education. This is not the case for the caste categories. From both a theoretical and
ethical perspective, an individual should never be considered inferior or superior on the basis of
their caste. Numerous science and social science studies have demonstrated this, and the Indian
Constitution strongly discourages measuring capabilities on the basis of caste categorization.
However, in practice, the Indian society is vastly different from these idealistic suppositions. The
majority of Indians (mainly Hindus) have a particular social category, caste, and sub-caste (Ilaiah,
1996). Each caste is placed both above and below another castes (Ambedkar, 1944). In brief, the
highest caste is the Brahmin caste (Others category) and the lowest caste is Shudra (Scheduled
Castes) (Dom, 1999). In between are the OBCs which come below the upper castes, but are above
the SC, (Ilaiah, 1996). STs are castes which are not part of Hindu society (but are still listed within
the Hindu castes) (Agrawal, 2014); they are economically and socially vulnerable as is the case of the
SCs. Comparatively, the SCs are slightly ahead of the STs in social and economic progression due
to their living in mainstream society, whereas the STs still predominantly live in forests and tribal
areas. Therefore, the descending order of the castes as per social and economic parameters is: Others,
OBCs, SCs, and then STs (Walters, 2019, p. 3). We assign one to STs, two to SCs, three to OBCs, and
four to Others in this study.

In this study, the “major Indian states’” of India are the states which are among the top ten states in
terms of total employment, output, geographical area, and population. See Figure 6.
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varies in proportion to the population of the states—therefore, small states are
represented by a smaller proportion within the total EUS sample (Tables 3 and
4). Total observations for each state are reported in Tables 3 and 4. Full names of
the states are reported in Appendix Table B, and the remaining tables use only
abbreviations. The regression coefficients are interpreted with interactions and
descriptive statistics derived from the fourth and fifth EUS data compilations.
However, all descriptive statistics used for the discussion, other than Tables 1 and
2, are not provided here due to space constraints. The descriptive statistics used
throughout the study might vary by +2% from the official reports of Government
of India as we have pooled two rounds of datasets. All the logistic estimations and
descriptive statistics have been generated using Stata 14 software.

A. Model Robustness

Tables 3 and 4 are compiled after checking regression robustness, and results of the
robustness tests are reported in both the tables. We first checked for multicollinearity
among the predictors—i.e., the labour attributes (caste, gender, location, and
education). We found no predictor to be highly correlated with another predictor,
and the maximum collinearity among predictors was -0.53 between OBCs and
Other castes. Further, we used the LR and Wald tests to test the null hypothesis
that the coefficients of all the predictors are equal to zero (Cameron and Trivedi,
2010), and rejected the null hypothesis for all the regressions. The statistics of both
the LR and Wald tests are reported in Tables 3 and 4. The inferences derived from
the logistic regressions are discussed in the next section.

B. Discussion

Both models (i.e. Tables 3 and 4) indicate that labour attributes play a major role
in determining the employment probabilities of the workforce employed in the
Indian manufacturing sector. One of the major contributions of this study is that
our results indicate that all the selected Indian states highly vary from one another
with respect to the labour attributes. The overall analysis shows that bigger states
have lesser diversity in their total manufacturing employment. Conversely, the
smaller states (especially the Northeastern states) are more inclusive than bigger
states in terms of employing females, lower castes, and rural workers.

Review of existing literature shows that, in comparison to agriculture and
service sector, females have least employment probabilities in the manufacturing
sector (Bairwa and Sharma, 2019a), and that the largest share of female workforce
is concentrated in the agriculture and service sectors. Further, the industries
in which females have highest employment probabilities are the industries of
“tobacco products’?, ‘textiles’, ‘wearing apparel’, ‘computer, electronics and optical

> The workers of tobacco industry are involved in a wide range of activities associated with tobacco,
such as planting, weeding and maintaining beds and picking of tobacco leaves, and removing the
leaves after drying.
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products’, and ‘other transport equipment* (Bairwa et al., 2019). All the other 23
manufacturing industries, except the above-listed six, have higher dominance of
males. Among all the remaining 17 manufacturing industries, females have least
employment chances in the industries of ‘repair and installation of machinery and
equipment’, ‘furniture’, ‘machinery and equipment’, ‘basic metals’, and ‘coke and
refined petroleum products’ (Bairwa et al., 2019).

In the total workforce of India, females represent only 22% share against the
78% share of males (Table 1). This figures highly vary across the Indian states,
as indicated by the logistic estimates. The estimates in Tables 3 and 4 show that
females have higher likelihood of getting employed in the manufacturing sector;
however, this is subject to further analysis. The odd ratios of females are higher
because their share is higher in the manufacturing workforce, but lower in the
total workforce. The proportion of females in the total workforce is only 29%,
but their share in total manufacturing workforce is 73% in the state of Manipur.
The lower labour force participation rate of females in almost all the states is the
main reason behind this problem. In order to overcome this issue, the coefficients
of each labour attributes (especially gender) are interpreted with respect to the
descriptive statistics. The coefficient of females in Table 3 shows higher chances
of female employment if higher share of ‘total employed workforce’ is engaged
in ‘manufacturing employment’. In other words, females will have higher
employment probabilities (in comparison to males) if larger part of the ‘total
employed workforce” is employed in the manufacturing sector.

Accordingly, Table 3 shows that females have highest probabilities of
manufacturing employment in Manipur, Jammu Kashmir, West Bengal, Telangana,
and Kerala. The share of females in the total manufacturing employment of
these states is 73% (Manipur), 24% (Jammu Kashmir), 26% (West Bengal), 50%
(Telangana), and 40% (Kerala). When compared with all the states, females of
Manipur have the highest employment chances relative to their male counterparts.
Here, females are just 29% of the total employed workforce; but their share in
total manufacturing workforce is 73%. This state is highly favorable for females
to get manufacturing sector jobs. Conversely, the males consist of 71% of total
workforce of Manipur, but their share is only 27% in the total manufacturing
workforce. Manipur has the higher share of females in manufacturing because it
has better developed textile industries. Out of the total employed workforce of the
textile industry, only 1% are males compared with 99% females. From the total
manufacturing employment of Manipur, 54% are employed in the textile industry.
This affirms the finding of Bairwa et al. (2019) that the textile industry has higher
employment chances for females over males. Other industries, such as apparel
(17%) and food products (9%) also generate higher employment for females in
manufacturing in Manipur. At the aggregate level, the apparel industry inclusively
employs both males and females, whereas the furniture industry mainly employs
males (Bairwa et al., 2019).

¢ Manufacturing of ‘other transport equipment’ consists of ‘building of ships and boats’, ‘railway
locomotives and rolling stocks’, “air and spacecraft and related machinery’, and ‘military fighting
vehicles’.



68 Bulletin of Monetary Economics and Banking, Volume 23, Number 1, 2020

Similarly, females consist of 12% share in the total workforce of Jammu
Kashmir, but their share is 24% in the total manufacturing workforce. The number
of observations for Jammu Kashmir are miniscule, so further investigation could
not be done for this state. In West Bengal, 16% of the workforce are females, but
females’ share in total manufacturing workforce is 26%. Females have larger share
than males in in three industries of West Bengal, namely textiles, apparels, and
paper and paper products. Another important state for better female employment
is Telangana (Table 3). It has 38% share of females in its total employed workforce,
but the share of females in total manufacturing employment is 51%. Conversely,
males retain 62% share in total employed workforce, but consists only of 50%
share in total manufacturing employment. This implies that, though females have
lesser share in the total employed workforce, a higher share of them in the total
employed labour force is employed in the manufacturing sector. Bairwa et al.
(2019) found that females have higher employment probabilities in industries of
“tobacco products’5 and ‘wearing apparels’ in Telangana. Overall, the maximum
share of total employment in Telangana is in the industries of tobacco products
(35%), wearing apparels (17%), and food products (7%). These are also the
industries that highly favor females over males for manufacturing employment
(Bairwa et al., 2019). We found that Tripura, Assam, Kerala, and Karnataka also
have higher employment chances for females (Table 3), and these states have a
significant share of ‘tobacco products’, ‘textiles’, and ‘apparel” industries in their
total manufacturing employment. In the case of Assam, the industries dominated
by females retain higher share in the total manufacturing employment. Thus, the
probability of finding manufacturing employment is higher for females in Assam.
The maximum employment in Assam is in furniture (18%), textiles (16%), and
apparels (13%) industries.

The states in which females have higher employment probabilities contribute
less to output and employment. Most of the manufacturing employment
and output are retained by the states that mainly prefer males to females for
employment. The major states among them are Meghalaya, Gujarat, Punjab,
Uttarakhand, Himachal Pradesh, Maharashtra, Haryana, and Chattisgarh (Tables
3 and 4). The share of females in their total manufacturing employment is only
28% (Meghalaya), 12% (Gujarat), 9% (Punjab), 13% (Uttarakhand), 15% (Himachal
Pradesh) 19% (Maharashtra) 7% (Haryana), and 21% (Chhattisgarh). The possible
reason behind this could be attributable to the dominance of certain industries and
their strong preference for males in these states. Specifically, the industries with
the highest employment chances for males at the country level are ‘repair and
installation of machinery and equipment’, ‘furniture’, “‘machinery and equipment’,
and ‘basic metals’ (Bairwa et al., 2019). If a state has higher share of these industries
in its manufacturing sector, then it is highly likely for that state to prefer males
to females for manufacturing employment. The reverse is true for states that
have higher share of industries with strong preference for females. For instance,
Meghalaya has the least employment probabilities for females (Table 3) because
this state has considerably lesser share of industries that mainly employ females.
Extensive industry-level details of the workforce dynamics cannot be provided for
this state due to insufficient sample size.
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After Meghalaya, Gujarat provides females the least chance in manufacturing
employment (Table 3). Note that Gujarat is one of the leading states in terms of
manufacturing output and employment. However, industries that usually prefer
females are dominated by males in this state. For example, the overall textile
manufacturing sector of Gujarat employs 89% males compared with 11% females.
The other industries in which males are highly preferred to females in Gujarat
are ‘machinery and equipment’, ‘electrical equipment’, ‘chemical and chemical
products’, “pharmaceuticals, medicinal chemical and botanical products’, and
‘other manufacturing”®. Also, Gujarat’'s maximum manufacturing employment
is generated in other manufacturing (23%), textiles (16%), and apparels (15%)
industries. Additionally, there is a trend that manufacturing industries that
require higher manual and heavy work are dominated by males (Bairwa and
Sharma, 2019a). Broadly, there are only few states that prefer females to males for
employment in the manufacturing sector. Even among females, the lower caste
females face worse conditions in the labour market. The lower caste females face
double discrimination —the first is on the basis of gender and the second is on the
basis of caste (Bairwa et al., 2019). The caste discrimination widely exists among
males as well.

The results show that the states with the highest levels of caste discrimination
regarding employment choices are Manipur, Meghalaya, Chhattisgarh, West
Bengal, and Telangana (Tables 3 and 4). The utmost discrimination is in the state of
Manipur. In Manipur, the Other/OBC® and SC/ST” category consists 62% and 38%
of the total workforce. From this total employed workforce of Other/OBCs, 88% are
employed in the manufacturing sector. Despite having significant share in the total
employed workforce, the SC/STs retain only 12% share in the total manufacturing
employment. One of the reasons could be the high dominance of Other/OBCs
in the textile industry. The OBC/Others retain 86% of all the textiles industry
jobs, whereas the SC/STs retain only 14% jobs. However, this textile industry of
Manipur makes this state the most favorable for female employment. From all
the textile sector jobs of Manipur, 99% are retained by female workers. Since the
highest share of textiles jobs is retained by OBC/Other category, it is obvious that
most of the females working in the textile industry of Manipur belong to the OBC/
Other category. Aside Manipur, Meghalaya is another state that strongly prefers
upper castes to lower castes for manufacturing employment. The SC/STs retain
83% share in the total manufacturing in this state, despite having 87% share in
the total population and 89% share in the total employed workforce. Conversely,
the OBC/Others consists of only 11% share in the total employed workforce, but
retain 17% of the jobs in the manufacturing sector. The STs are the least dominant
of the castes in the manufacturing employment of Meghalaya. Broadly, the STs
dominate the ‘food products’, “‘wood and products of wood and cork’, ‘chemical

> NIC-2008 classifies ‘other manufacturing’ in the Division 32. The three-digit NIC code for this
industry is 321. It mainly deals with the manufacturing of ‘jewelry and related articles’, ‘musical
instruments’, ‘sports goods’, ‘games and toys’, ‘medical and dental instruments’, etc.

¢ ‘Other/OBC’ represents the combination of the Other and OBC categories. These are higher/upper
castes.

7 'SC/ST represents the combination of the Scheduled Castes and Scheduled Tribes categories.
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and chemical products’, and ‘rubber and plastic products” industries (Bairwa et
al., 2019).

Chattisgarh, West Bengal, and Telangana also show high preference for the
upper castes (Tables 3 and 4). The reason behind this is that these states have high
share of the OBC/Other category in their total population. The OBC has 45% and
52% share in the total population of Chattisgarh and Telangana, respectively,
while, in West Bengal, Others has 53% share in the total population. Out of the 23
major manufacturing industries at the country level, the Other category dominates
10 manufacturing industries, and these are the industries with highest capital- and
skill-intensity requirements (Bairwa et al., 2019). Therefore, except for Kerala and
Goa, all states with higher share of OBC/Other in their total population have higher
dominance of upper castes in their total manufacturing sector. However, the same
is not true for states in which SC/STs have higher share in the total population.
Except for Arunachal Pradesh, the states in which lower castes have higher share
in total population are also dominated by higher castes. This shows that higher
castes still dominate lower castes in manufacturing sector employment.

The interesting finding from our study is that out of the 29 states, Arunachal
Pradesh has the least employment discrimination for the lower castes. However,
the estimates of this state are not very robust and significant due to lower sample
size. Apart from Arunachal Pradesh, Table 4 shows that Assam and Kerala also have
low caste discrimination. These states have slightly better conditions compared to
other states with regards to inclusive employment in the manufacturing sector
of all the castes. Assam has better employment opportunities for SCs and OBCs,
whereas Kerala has better employment opportunities for STs and OBCs. Compared
to the Others caste, OBCs have high employment opportunities in almost all the
states, SCs have moderate employment opportunities in most of all the states,
and STs do not have high employment opportunities in all the states but Goa,
Karnataka, and Uttar Pradesh.

The caste and gender attributes work simultaneously with the location factor.
The possible reason is that the lower caste and the female gender population mostly
reside in rural areas. At the aggregate level, the manufacturing workforce in rural
areas has better sex ratio than that of urban areas (Bairwa and Sharma, 2019a).
Similarly, when location is studied alongside caste, we found that employment
distribution of overall rural manufacturing jobs is highly inclusive for lower castes.
This means the employment chances of lower castes are higher if a particular
manufacturing industry prefers to employ rural individuals. However, at the
aggregate level, the manufacturing sector prefers to employ urban people (Bairwa
and Sharma, 2019a). Of the 23 major manufacturing industries, 15 prefer urban to
rural individuals (Bairwa et al., 2019). Therefore, most of the Indian manufacturing
industries prefer urban individuals, and industries preferring urban individuals
tend to have higher bias toward lower castes, except for industries in Arunachal
Pradesh state.

The manufacturing sector of Meghalaya, Chhattisgarh, Haryana, Maharashtra,
and Punjab Gujarat have the least preference for rural individuals to urban
individuals (Tables 3 and 4). The share of rural workers in the manufacturing
sector of these states is 52% (Meghalaya), 49% (Chattisgarh), 51% (Haryana), 33%
(Maharashtra) and 41% (Punjab). The logit model shows that Meghalaya ranks
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highest in terms of discrimination against rural individuals. However, further
analysis shows that 82% share of the total employed workforce of Bihar are based
in rural areas, but the share of rural people in the total manufacturing workforce
is only 52%. Conversely, urban individuals are only 18% of the total employed
workforce, but consists 48% share in the total manufacturing workforce. In the
total manufacturing workforce of Meghalaya, the majority of the people are
employed in the furniture (45%), apparel (26%), and “wood and products of wood’
(13%) industries. These statistics are similar to those recorded for Chhattisgarh,
Haryana, Maharashtra, Punjab, and Gujarat, and to a lesser extent Meghalaya.
Chhattisgarh is an industrial state and its rural workforce mainly engaged only
in the traditional industries requiring less capital. The Chhattisgarh industries
that employ more rural workers than urban workers are two, namely ‘other non-
metallic mineral products’” and ‘textiles’. This Indian state is different compared
with others because a larger part of its urban manufacturing workforce is employed
in the manufacturing industries of ‘basic metals’, ‘other manufacturing’, and
“fabricated metal products, except machinery and equipment”. The characteristics
of industrial concentration of Chattisgarh are similar to those of Jharkhand.

The overall the manufacturing sector prefers urban to rural workers (Bairwa et
al., 2019; Bairwa and Sharma, 2019a), so the states where rural people have higher
employment chances are only few in number. The results from the binary logit
models show that Kerala, Orissa, Uttarakhand, Punjab, and Manipur states have
slightly better opportunities for rural people; although, they also prefer urban
individuals for manufacturing employment (Tables 3 and 4). The share of rural
workforce in the total manufacturing workforce of these states is 58% (Kerala), 81%
(Orissa), 64% (Uttarakhand), (41%) Punjab, and 62% (Manipur). These states have
inclusive employment opportunities for females and the lower castes. However,
the total population of these states represent minimal share of the total population
of India. The major states of India have higher employment chances for only
urban people in manufacturing. Further, we found that the industries that employ
more rural individuals are those that mainly employ the lower castes, females,
and less-educated people. In addition to caste, gender, and location, education is
an important determinant of the employment probabilities of workers across the
Indian states.

Bairwa & Sharma (2019a) shows that education is least important for the
agriculture sector, moderately® important for the manufacturing sector, and
highly important for the service sector employment. Similarly, Bairwa et al., (2019)
found that education is highly important for employment in capital-intensive
manufacturing industries, whereas it is least or moderately important for labour-
intensive manufacturing industries. The industries with strong preference towards
the highly educated or skilled workers are ‘pharmaceuticals, medicinal, chemical,
and botanical products’, ‘computer, electronic, and optical products’, ‘machinery
and equipment’, ‘printing and reproduction of recorded media’, and ‘electrical
equipment’ industries (Bairwa et al., 2019, p. 11). However, the share of capital-

8 Moderately important means neither totally illiterate nor highly qualified. People with primary and
secondary level of education are considered here.
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intensive manufacturing industries in the Indian economy is minuscule, so the
demand for skilled workers is lower than that of unskilled workers. The logit
regression shows that the chances of getting employed in the manufacturing sector
decreases with increases in the level of education. Specifically, the employment
chances in manufacturing increases until the level of education increases from ‘not
literate” to ‘secondary school’ literate, and after that employment chances starts
declining (Bairwa and Sharma, 2019b).

The chances of entering into manufacturing employment is positively related
with increases in education level for only few states: Goa, Karnataka, Orissa,
Maharashtra, and Andhra Pradesh (Table 4). We found these states, along with
other states, to have higher employment chances for the less-educated people,
when compared with postgraduates. Maharashtra and Andhra Pradesh have
low preference for educated individuals, yet they have a remarkably higher
share of graduates and postgraduates in their total manufacturing employment.
There are only few states where postgraduates have more than 2% share in the
total manufacturing workforce; such states are Goa (5.2%), Uttaranchal (5.1%),
Nagaland (2.9%), Maharashtra (2.5%), and Haryana (2.3%). Except for Maharashtra
and Haryana, all of these Indian states are minuscule in both total workforce and
manufacturing workforce. The states where ‘not literates’” have highest share
in the total manufacturing employment are Jammu Kashmir (25%), Telangana
(24%), Arunachal Pradesh (20%), Bihar (19%), Madhya Pradesh (16%), Andhra
Pradesh (16%), and Uttar Pradesh (16%). These states represent 31% of the Indian
total manufacturing workforce, and they are the major states of India in terms
of geographical area, population, and contribution to total output. This indicates
that the Indian manufacturing sector is almost fully labour-intensive. In the total
manufacturing employment of India, Uttar Pradesh (14%) provides the highest
employment, followed by Tamil Nadu (12%), West Bengal (12%), Maharashtra
(8%), Gujarat (8%), and Karnataka (6%). Among these states, Uttar Pradesh, West
Bengal, and Tamil Nadu provide the highest employment chances for educated
people, whereas Karnataka and Maharashtra prefer employing people with
secondary level education. This further affirms that the Indian manufacturing
sector is labour-intensive.

VI. CONCLUSION AND POLICY IMPLICATIONS

This study used binary logit models to analyze the determinants of employment
probabilities in the Indian manufacturing sector. Considering the high diversity
of the Indian subcontinent, we used 29 major Indian states for the analysis,
aside analyzing the aggregate data. The study focused on four major attributes
of workers in the manufacturing sector, namely castes, gender, education
and location. We found high level of diversity across Indian states in terms of
employment probabilities.

Overall, we found that location and castes are the most important attributes
influencing employment probabilities in the Indian manufacturing sector. Rural
workers dominate manufacturing employment only in states that contribute less
to the total manufacturing output of India. Coincidently, the states with strong
preference for rural workers provide higher chances of employment for the lower
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castes and females, and this is attributable to the lower castes being mainly rural
dwellers. Females have higher manufacturing employment share in these states
mainly because the industries prefer rural female workers. In most of the Indian
states, the manufacturing sector highly prefers urban to rural people, and these
states generate most of the manufacturing employment and output. This confirms
that manufacturing sector is biased towards rural individuals. This is unfortunate
given that the manufacturing sector has a great potential relative to the primary
and tertiary sectors to generate employment for rural individuals.

We found that the Indian manufacturing sector is discriminatory towards the
lower castes (SC/STs) for employment. Few states, Arunachal Pradesh, Assam,
and Kerala, provide better employment chances for the lower castes. Even in the
states in which the share of SC/STs is higher than that of OBC/Other, the upper
castes have higher employment probabilities in manufacturing sector. The states
in which the lower castes have lower chances in manufacturing employment,
manufacturing industries contribute negligibly to the aggregate output and
employment. Conversely, the highly capital and skill intensive industries mostly
employ the upper caste individuals. The location and caste factors are highly
related with the gender attribute. We found that females from the lower castes and
rural areas are the most discriminated in manufacturing employment.

Our logistic estimates for gender showed that males and females have equal
employment chances in the Indian manufacturing sector. However, additional
analysis showed that the manufacturing sector highly prefers males to females.
The industry-level analysis of employment distribution of males and females
showed that females are limited only in few of the manufacturing industries,
and this trend is constant across the states. This is consistent with the traditional
and conservative beliefs of the Indian society regarding female employment in
manufacturing sector. Classifying industries by the nature of work, we found that
males dominate high heavy-manual, skill-intensive, and outdoor industries, while
females dominate textiles, tobacco, and apparels industries. Females are generally
discriminated in across states, but they tend to have higher employment chances
in the labour-intensive industries with low educational requirement.

Employment chances in labour and capital-intensive manufacturing industries
are highly correlated with the level of education. More educated workers tend to
be employed in the capital-intensive manufacturing sectors. Given that the Indian
manufacturing sector is labour-intensive, low educated or illiterates dominate
the manufacturing employment. We found that education is the least important
compared with the caste, location, and gender of an individual. People with primary
(including upper and lower primary) and secondary (including higher secondary
and diploma) have highest employment chances in the Indian manufacturing
sector. As the level of education increases, the chances of employment in the
manufacturing sector declines.

The employment distribution in the Indian manufacturing sector is highly
biased in all the states. The negligence of rural people, females and lower castes
poses a serious threat to India’s aim of achieving inclusive growth. To level the
playing field the states should provide employment quotas/reservations in the
manufacturing sector for these excluded members of the society (or weaker
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sections).” The governments should focus on the bigger Indian states because we
found these states to practice higher discrimination towards the weaker sections.
Also, these states generally have high potential to than the smaller states to
generate additional manufacturing employment for the weaker sections.

Skill enhancement training and apprenticeship programmes should mainly
target the weaker sections of the society, and these programmes should be
linked to the manufacturing industries. As part of corporate social responsibility,
companies in the manufacturing industries should be encouraged by the
government to promote rural startups, particularly those engineered by the
disadvantaged. The people of weaker sections of the society mainly engage in the
unorganised manufacturing industries. The states should implement additional
labour and industrial reforms to transform these industries into organised
manufacturing industries. This will certainly motivate the disadvantaged sections
to move to the better-paid, capital and skill intensive manufacturing sector jobs.
Additionally, a Labour Socials Diversity Index (LSDI) should be developed to
measure the representation of the disadvantaged groups in the manufacturing
sector. The LSDI index should be published for all the Indian states and all the
major manufacturing industries. Based on the performance of industries on the
LSDI index, the government should incentivize the firms with tax credit and wage
subsidies.
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Appendix A

Table A.
Variable Description for the Logit Estimation.

This table reports variable names and their detailed description employed in the logit estimation. The data is taken
from fourth (2013-14) and fifth (2015-16) round of the EUS (Employment and Unemployment Survey), Government
of India. Panel A provides the details of dependent variable: Manufacturing employment. It is a dichotomous variable
in nature, whereby individuals employed in the manufacturing sector are assigned a value of one, otherwise zero. In
panel B, we report independent variables employed in logit estimation, namely, sex, location, caste, and education.

Variable Name Dummies Definition
Panel A: Dependent variable
Employment Manufacturing employment 1 if person is employed in manufacturing sector, 0

otherwise (unemployed people are excluded)
Panel B: Independent variables

Sex Male 1if male, 0 female
Female 1 if female, 0 male
Location Rural 1if rural, 0 urban
Urban 1 if urban, 0 rural
Caste SC 1if SC, 0 otherwise
ST 1if ST, 0 otherwise
OBC 1 if OBC, 0 otherwise
Other 1 if Other, 0 otherwise
Education Illiterate 1 if illiterate, 0 otherwise
Below primary 1 if below primary, 0 otherwise
Primary 1 if primary, 0 otherwise
Upper primary 1 if upper primary, 0 otherwise
Secondary 1 if secondary, 0 otherwise

Senior secondary
Graduation
Above graduation

1 if senior secondary, 0 otherwise
1if graduation, 0 otherwise
1 if above graduation, 0 otherwise
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Table B.
Abbreviation of the Selected States.

This table reports the names of the states and abbreviation thereof. This table provides the sample states used in the

regression analysis.

Name Abbreviation
Andhra Pradesh AP
Arunachal Pradesh AR
Assam AS
Bihar BH
Chattisgarh CH
Gujarat GJ
Goa GO
Himachal Pradesh HP
Haryana HR
Jharkhand JH
Jammu & Kashmir JK
Karnataka KA
Kerala KL
Meghalaya MG
Maharastra MH
Manipur MN
Madhya Pradesh MP
Mizoram Mz
Nagaland NG
Orissa OR
Punjab PB
Rajasthan RJ
Sikkim SK
Telangana TL
Tamil Nadu TN
Tripura TR
Uttar Pradesh 8)%
Uttaranchal uT
West Bengal WB
India IND




