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India’s female labor force participation rates have been steadily declining for
the last decade (Mehrotra and Parida 2017). Low female labor force participation is
often associated with a reduction in GDP per capita and economic growth (Agénor
and Canuto 2015). Thus, as part of a strategy for increasing economic growth, it
is necessary to examine factors that could potentially increase female labor force
participation. One of the aspects that could increase labor force participation is
childcare (Connelly 1992). However, in low-income countries like India, childcare is
often expensive and inaccessible. In my thesis, I examine if relaxing this constraint
by providing free and compulsory education to children as substitute childcare will
encourage higher female labor force participation.

I use tools from classic economic theory to build a household unitary model to
illustrate how compulsory primary education will affect labor market decisions. My
model predicts that households’ labor market decisions are dependent on how the
households budget and time constraints are affected in response to children going to
school. Since my model yields ambiguous results I use data to test my hypothesis
using empirical strategies.

I use data from the Indian National Rural Employment and Unemployment
Surveys conducted by the Government. The Right to Education act was passed by
the Indian Government that made primary education free and compulsory for all
primary students. I explore 3 different empirical strategies that exploit the phased
roll-out nature of this policy to test for a causal effect.

I find that the probability of a woman’s decision to enter the labor market
increases by 1.7% — 1.8% in some states. However, my results remain statistically
insignificant when I include all states in India in my estimation. Thus, other factors
such as gender norms, safety for women in the workplace, and wage disparity should
be explored to encourage higher female labor force participation in countries like
India.
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Introduction

India has one of the world’s lowest female labor force participation rates in
the world with just 29.2% of women employed or actively looking for work. (Verick
2014). Low female labor force participation is associated with a reduction in GDP
per capita and economic growth (Agénor and Canuto 2015). Some of the factors
that could potentially explain the low female labor force participation include lack
of access to employment, wage disparity, gender discrimination, and the burdens of
family responsibilities (Verick 2014). Therefore, it is important to examine policies
that would relax these factors and encourage higher female labor force participation
to increase economic growth and welfare.

There is a large literature that examines the effects of female labor force par-
ticipation on welfare factors. In particular, higher female labor force participation
has been associated with better health for children, and lesser discrimination to-
wards female children (Bose and Das 2017; Brander and Dowrick 1994). Moreover,
higher labor force participation increases women’s bargaining power within house-
holds, giving them autonomy and lowering the risk of domestic violence(Anderson
and Eswaran 2009). Other papers have concentrated on factors that increased labor
force participation. Some factors associated with higher labor force participation are
childcare facilities and higher school enrollments (Compton and Pollak 2014; Heath
2014).

Past literature has also illustrated that childcare bolsters female labor force
participation (Lee and Lee 2014; Connelly 1992). For instance, a study shows that
women in a garment factory were 1.71 times higher to be present at work when
the company sponsored daycare than when they did not have access to childcare
(Ranganathan and Pedulla 2021). However, most of the literature is concentrated

in high-income countries so daycare may not necessarily be a solution for women in
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low-income constraints because of budget constraints. In this thesis, I examine if
relaxing a women’s childcare constraint by providing free and compulsory primary
labor force participation could possibly encourage higher labor force participation.
There are no other papers that examine using primary education as substitute child-
care to my knowledge. Thus, my work will add to the literature that explores ele-
mentary schooling as possible childcare in low-income countries

I examine my hypothesis using the Right to Education Act(RTE) formally
passed by the Indian Central Government on 4th August 2009. The individual
State Governments in India were then responsible for implementing the act in their
respective states making it a phased rollout design from 2010 — 2012. The act en-
couraged better access to education for everyone as it increased school children’s
overall enrollment rates (Shah and Steinberg 2019). My thesis specifically examines
how this increase in children’s enrollment rate would affect mothers’ labor force par-
ticipation decisions.

I first build a simple theoretical model that examines how different household
constraints will affect labor market decisions. Specifically, I construct a unitary
household model where the household chooses between how much market goods,
household production goods, and leisure to consume with respect to budget and
time constraints. My model predicts that a women’s labor force participation de-
pends on how the household’s budget and time constraint change in response to the
policy. Since I have ambiguous results from my theoretical model, I use an empirical
model to test labor market decision predictions.

I use household data from the Indian National Employment and Unemploy-
ment Surveys for the years 2009 - 2012. These repeated cross-section surveys provide
information on each member’s primary activity for the day and other demographic
characteristics of the household. I use this data and 3 different econometric tech-
niques that exploit the phased implementation of this policy to test for causal effects.

As a first step, I implement a differences-in-differences technique that uses the

states where the policy was implemented first as the treatment group and the states
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where the policy was implemented last as the control group. My results from this
model suggest that the probability of a mother entering the labor force increases by
1.7 —1.8%. However, my results may be biased as they suffer from many limitations
as my estimates do not include all states of India. As a next step, I use a two-way
fixed effects regression with staggered timing. My results show a small transient pe-
riod with negative effects and then show statistically insignificant results for the rest
of the time periods. However, recent literature has highlighted that using a two-way
fixed effects regression with staggered timing leads to biased estimates (Goodman-
Bacon 2021).

In response to these estimation technique issues, there are many papers that
propose different econometric methods (Sun and Abraham 2021; Callaway and
SantAnna 2021). For the purpose of my thesis, I use the estimator proposed by
Callaway and SantAnna (2021), to test my hypothesis. My results are statistically
insignificant under this estimator. My overall results suggest there are some encour-
aging signs that the RTE increases female labor force participation, however, this
cannot be generalized to the whole country. Other factors like equal employment
opportunity, changing gender norms, and lesser wage disparity are other potential
factors that should also be explored to increase female labor force participation.

The rest of the thesis is arranged as follows: Chapter 2 provides background
information, policy description, and an overview of the past literature. Chapter
3 presents the theoretical model, Chapter 4 explains my empirical model, and 5

concludes.
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Background

In order to analyze how the Right to Education Act would impact female
labor force participation, it is important to provide some background information.
I first give additional details of the two policies that are relevant to my analysis. I
begin with a detailed description of the Right to Education Act and then discuss
the relevant policy that preceded that. Specifically, the SSA provided infrastructure
that enabled the RTE to be enforced. I then discuss how my research work fits in

with past literature.

2.1 Policy Description

2.1.1 The Right to Education Act

In order to examine the effect of free and compulsory primary education on
the children’s mother labor force participation, I consider the Right to Education
(RTE) Act passed by the Indian Government in August 2009. The law made primary
education a fundamental right for each child and that every child between the ages
of 6 and 14 should attend school. There were five main provisions for the RTE that

were uniform across states. They are listed below:

e Requires 25% of all seats in private schools reserved for children from low-
income communities and socially disadvantaged groups

o Prohibits schools not recognized by the government from practice

« Bans admissions through donations/interviews of the child or parent

o Prohibits children from failing a class or getting expelled from school

» Provides special training for school dropouts

This act encourages equitable access to education for everyone, thus increas-
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ing the overall enrollment rates for school children (Shah and Steinberg 2019). The
Indian government is estimated to have spent approximately USD 38.2 billion for
implementing this act. The act also requires surveys to monitor all neighborhoods
to identify children who require education and provide for it. The law was passed
by the Indian central government, however, the state governments were responsible
for implementing the policy. Each state implemented the law according to its own
timeline, which led to the phased rollout implementation that I will exploit in my
empirical strategy to test for a causal impact.

While the RTE made education a fundamental right for every child in India,
there were policies before that built infrastructure to make education accessible to
everyone, which then enabled the Indian Government to make education a funda-
mental right. The Sarva Shiksha Abhiyan (SSA) is an important policy that enabled
the implementation of the Right to Education Act in 2009. I give a description of

this policy in the next subsection.

2.1.2 Sarva Shiksha Abhiyan

The Sarva Shiksha Abhiyan (SSA) is the Hindi phrase for "Education for all
campaign". This intervention program launched in November 2000 sought to build
and support primary school projects. The major components of the policy are listed

below:

o Implement universal primary education by 2010, the time-frame was subse-
quently changed to indefinite

o Deliver good primary school education to all citizens

« Promote fair educational opportunities to minorities groups

o Improve infrastructure like drinking water, classes, and bathrooms

o Increase the quality of current teachers by providing training and funding

The policy’s expenditures were divided between the states and the central gov-

ernments. The central government however funds the larger share (approx. 85%),
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and they are in turn funded by international organizations like the World Bank
and UNICEF. Past research has indicated that the SSA was successful in attracting
more children to schools (Yadav, Sharma, and Birua 2018).

From the above, the SSA aimed to increase infrastructure and provide greater
accessibility to all children. The RTE on the other hand made it compulsory for
every child to attend school. The policies will force households from different groups
to behave differently. Households that do not have high opportunity costs for their
children’s time through household or agricultural work would send their children to
school immediately after they have access to schools, and they would have been im-
pacted by SSA. On the other hand, we have households that might not prefer their
children to go to school, but rather have them help with household work. These
children would then be forced to go to school as a result of the RTE. It has been
previously documented that the RTE increased school enrollment (Shah and Stein-
berg 2019). My thesis seeks to answer the research question "Does providing free
and compulsory education for children increase their mothers’ labor force partici-
pation?". Since households are impacted by the policy differently, I illustrate these

dynamics using a theoretical model in the next chapter.

2.2 Relevant Literature

In order to understand the need for policies to encourage higher female la-
bor force participation, it is imperative to understand the factors that drive these
trends. India’s low female labor force participation can be traced back to gender
norms. Alesina, Giuliano, and Nunn (2013) find that societies that traditionally
practiced plow agriculture have lesser gender equality. These communities have
historically been known to have lower female labor force participation, women in
leadership, etc. Applying this study to India an agrarian economy, it follows that
such gender norms exist today. This could perhaps establish the connection between
gender norms and low female labor force participation rates. Moreover, Bandura

et al. (2001) conducted a study with 272 children and found that traditional soci-
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etal beliefs directly affect children’s educational aspirations and career trajectories.
These children base their work-life choices mostly on these preconceived ideas rather
than their actual academic achievement. Other work has found that strong gender
norms directly translate to lower female labor force participation (Jayachandran
2015). The author examines data from low-income countries and finds a correla-
tion between economic development and gender inequality. Mishra, Mishra, and
Parasnis (2021) find that when crime rates against women increase, female labor
force participation decreases as a result of safety concerns. Another study finds that
areas with clayey soil textures tend to have lesser tasks for female labor (because
of lower soil fertility and usage) and thus reduce the economic value of women in
these regions relative to areas with other soil types. Thus, we can see how societal
beliefs and gender discrimination in India could be driving the low female labor force
participation rates (Carranza 2014).

I next explore past literature that explores the welfare effects of having low
female labor force participation. (Heath 2014) conduct a study in Bangladesh to
analyze the relationship between labor force participation and domestic violence.
They conclude that it is imperative to increase women’s household bargaining power
along with increasing women’s access to opportunities. Another study conducted in
Brazil finds that fostering gender equality within the household is associated with
long-term economic growth (Agénor and Canuto 2015). Esteve-Volart (2004) report
that discrimination in the labor market against females is associated with a decrease
in GDP per capita. Another study uses an intra-household distribution model and
econometric techniques to find that households with higher expected female labor
force participation have a lesser bias against girls in child mortality (Rosenzweig
and Schultz 1982).

So far I have described the reasons for India’s low female labor force partici-
pation. I then explore past literature that examines the social and economic welfare
impacts that are associated with higher female labor force participation. The above

discussion indicates that when women enter the workforce, it could lead to higher
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economic growth, better health for children, lesser discrimination towards girl chil-
dren, and an overall increase in welfare. Furthermore, we have also seen how higher
female labor force participation is essential for equality and socio-economic growth
in these countries. Thus, it is important to study factors that could contribute to
higher labor force participation in the labor force. In the next paragraph, I explore
past research that has explored different factors that have led to higher female labor
force participation.

Previous studies have outlined the factors that could lead to a higher rep-
resentation of women in economic activities. For example, Beaman et al. (2012)
study the implications of a constitutionally mandated reservation of village council
and council-leader positions for women appeared to narrow the gender gap in aspira-
tions of parents of their children suggesting a role model effect. This again highlights
the importance of having female role models to positively influence women’s eco-
nomic representation. Fernandez, Fogli, and Olivetti (2004) find that the wives of
men whose mothers worked are themselves significantly more likely to work. Other
works like Bandiera et al. (2020) find using a randomized experiment that presenting
employment opportunities to young women dramatically increases their likelihood
of entering the labor market or being self-employed .

Rich literature has explored the particular barriers faced by women. For
instance, a study suggests that in places where female labor opportunities (e.g.,
farming lands) are lower, the number of girl children in that particular area is also
considerably lower than in non-farming lands (Carranza 2014). This happens be-
cause women do not have economic value when doing manual labor in agricultural
lands, so girl children are considered unfavorable. Mathew (2015) use survey data to
illustrate that falling labor force participation in India is caused by educated young
women who are often discouraged by the gender pay differential in senior positions.
Anderson and Eswaran (2009) show that higher labor force participation in places
outside the spouse’s enterprises increases women’s bargaining power within house-

holds, giving them autonomy. Higher school enrollment among women has led to
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higher female labor force participation, fertility delays, and overall welfare improve-
ments in women (Heath 2014).

From the above, we can see that there exists a lot of work that has exten-
sively documented the reasons behind low female labor force participation. However,
childcare could be a potential constraint that keeps women away from the household
that has not been extensively analyzed in low-income countries. My research aims
to fill that gap in the literature. I next analyze past literature that examines the
relationship between childcare and labor force participation.

Childcare is often a major challenge for new parents. Lack of childcare could
create a conflict between women’s work and child-raising duties. This in turn often
forces mothers to choose between motherhood and career, adding an additional time
constraint (Lee and Lee 2014). For instance, Compton and Pollak (2014) find that
the probability of married women entering the workforce increases by 4 — 10% when
childcare is close to them (e.g., daycare centers, mothers, or mothers-in-law living in
close geographical proximity). Bick (2016) finds that providing subsidized childcare
for mothers with children aged between 0 and 2 would lead to higher labor force
participation.

Other studies, like Ranganathan and Pedulla (2021), find that women in a
garment factory were 1.71 times higher to be present at work when the company-
sponsored daycare than when they did not have access to childcare. While past
literature has established that female labor force participation increases with more
child-supportive policies, it is essential to note that these findings are based mostly
on high-income countries where the government can support these policies. This
may not necessarily be the case in developing countries, where gender norms, lack
of funds, etc., would make such policies inaccessible. Children attending school may
serve a similar role as childcare in that it would reduce women’s household and fam-
ily responsibilities, thus decreasing the opportunity cost of working. This, in turn,
could encourage women to seek employment opportunities while their children are

at school.

14 CHAPTER 2. BACKGROUND



My work fills this gap in the literature where I try to establish the link be-
tween primary education and mothers’ labor force participation. I use tools from
classical economic theory and empirical strategies to establish this link. Specifically,
my thesis tests the hypothesis "Did the Right to Education Act increase higher fe-
male labor force participation in India?".

There is one paper that is particularly important to my analysis. Shah and
Steinberg (2019) finds that the Right to Education Act passed in India increased
the number of school-going children by 7%, test scores reduce dramatically and
there is an improvement in school infrastructure. Thus, this policy had an effect on
household behavior. In the next chapter, I introduce the theoretical model that will

capture how the RTE influences household behavior.
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Theoretical Model

3.1 Past Literature on Household Economics

The traditional neoclassical model of labor supply suggests the following max-

imization problem determines a person’s labor force:

max U(z,l) such that

x,l

Tz =wh-+m

t=h+1

According to this theory, people divide their time (¢) between work (h) and
leisure (7). Their consumption (z), is dependent on the wage (w) they earn and any
non-wage income (m). They derive their utility from consumption (c) and leisure (1).
We assume that everybody would maximize their utility. While this model provides
basic intuition about labor supplies, it falls short in many dimensions. For instance,
it does not account for household bargaining powers, time spent in education, the
role of gender in labor force participation, etc.

These shortcomings led to a series of papers in the 1960s that proposed vari-
ous models of labor supply that consider different combinations of models. Becker
(1965) first proposed "The Theory of the Allocation of Time', where he accounts
for time spent in household work aside from work and leisure. While Becker’s the-
ory account for time spent in the household, one of the major shortcomings of his
model was the assumption that households maximize a single utility function. To-
day, this class of models is known as unitary household models. Singh et al. (1986)
then extends this framework to include household production in an agricultural and

non-agricultural context in low-income countries. It has been well established in the
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literature that unitary models fail to explain individual labor choices in households
with more than one individual (Chiappori and Mazzocco 2017). This framework has
since then served as the basis for many modern collective household models that are
commonly used today.

The collective model of labor supply was first proposed by Chiappori (1992).
This model overcomes the shortcoming of Becker’s initial theory by assuming that
households have more than one individual with their own rational preferences. The
model, yet again, had a major shortcoming where it did not account for work in the
household that was not leisure. To overcome this critique, Chiappori (1997) extends
the model to account for household production in addition to time spent in leisure
and labor force participation. This model serves as the skeleton of other modern
collective labor market supplies that extends to account for household bargaining
powers and unobservable preferences (Cherchye, Rock, and Vermeulen 2012; Blun-
dell, Chiappori, and Meghir 2005). Other economists have extended the paper to
include the inter-temporal version of the household labor supply model (Mazzocco
2007). These models account for the household preferences and decisions that may
be time-varying. Intuitively, these models can be used to study joint versus individ-
ual taxation policies for married couples (Mazzocco 2007).

For the sake of this thesis, I start my analysis with a unitary model of house-
hold supply to get a basic intuition of how women may change their behavior in
response to the RTE. My model closely follows the idea of Becker (1965) and Singh

et al. (1986) as I use ideas of household production from these papers.
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3.2 Model Framework

I present a simple theoretical model that represents women’s labor force par-
ticipation decisions. For the sake of simplicity, I assume that my household has one
person (the woman). I model the household’s decisions over the consumption of
goods as well as the allocation of time to leisure [ and total labor supplied by the
household, a, which includes both labor spent in the household production activity
and labor supplied to the outside labor market.

I further assume that the household does not save, meaning consumption
equals expenditure, and that there is only 1 time period. The member earns wage
w in the labor market, and their non-labor income (including spouse’s income) is
denoted by m. The member works in the labor market when all their household
work demand is met and there is an additional surplus. The household is also able
to hire b labor from outside the household when the household is not able to meet
its labor demands internally. I next assume that the member produces goods, r,
through a household production function. Some of the household-produced goods,
denoted by z, are sold outside the household at price p. The rest of the household
goods, denoted, y, are consumed by the households so that » = y + z. The house
also consumes a market good x. I assume that the price of the market good z is 1.

Household production can intuitively be thought of in an agricultural and
non-agricultural context. In the case of the agricultural context, the intuition is
fairly simple, some of the agricultural produce is sold in the market at price p, and
the rest is consumed by the household y. In the case of non-agricultural households,
it can be thought of as all the household goods that are marketable (e.g. cooking,
cleaning) where the household can produce the goods by themselves or purchase the
same services from outside. I make the assumption that all my household produc-
tion goods are marketable.

With all the model elements now defined, I present the basic framework of
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my household model:

max U(x,y,l) such that
"'E7y7

r=wa+m+pz—wA
Yy=r—=z

=T —a

Intuitively the member maximizes the consumption of domestic good x, house-
hold production good y and leisure [. Their consumption of goods x equals the sum
of income earned from the labor market, any non-labor income, and earnings from
selling domestic goods minus the wages paid to household production labor. In the
constraint above, A is the total labor from the household side, and any labor hired
from outside the household, b. An assumption here that follows is that the house-
hold charges itself a wage w for its’ household production. Consumption of good y
is dependent on the difference between the quantity produced within the household
and the quantity sold outside the household. Leisure is determined after the hours

spent in the labor force and household production is deducted from the total time

T.
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3.3 Effect of RTE

As discussed in section 2.1, the SSA increased accessibility to schools by in-
vesting heavily in infrastructure and teachers. As a result, households who did not
previously send their children to school because of accessibility had the opportunity
to do so after the implementation of SSA. On the other hand, the RTE forced fam-
ilies who were not keen to send their children to school despite its accessibility are
now forced into doing so.

I extend the household labor supply model presented in the previous subsec-
tion to illustrate how households will respond to these exogenous changes from the
policy. The RTE will primarily have an effect on three aspects and they can have

opposing effects on mothers’ labor force participation rates:

o household production - there could be a negative effect as the household loses
valuable children’s labor and could potentially increase the burdens on the
mother for household production

« time constraint - the effect could be positive since there is no longer a need for
childcare and mothers would have more time to participate in the workforce

e budget constraint - these could be positive effects like free lunches and free

uniforms, or they could be negative costs like additional transportation costs

[ represent the household production effect with e which stand’s for the child’s
labor input. My total household production output is a function of adult labor A
and the child’s labor e. The budget constraint effect is affected by ¢ and the time

constraint is affected by d. With that, the new decision-makers problem is:

max U(z,y,l) such that
$7y7

r=wa+m+pz—wA+c
y:T(A7€)_Z

=T —-a—-d
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where ¢ affects the household budget constraint, e affects the households’ production

function and d affects the household time constraint.

Model Separability and Optimal Household Production

From the above, we can see that all the markets (like the labor and commodity
markets) are complete. Singh et al. (1986) show that when markets are complete,
household production decisions are separable. In other words, the household’s pro-
duction decisions can be made independent of the consumption and labor supply
decisions. However, the households’ labor supply and consumption decisions are
dependent on household production. Thus, my model framework allows me to solve
profit maximization independently and then substitute the solutions into the utility
maximization problem.

As previously stated my household production output is . I define r to be
a function of the total adult labor input and the child’s labor input. I define total
adult labor supply as A where A = a+ b. This is simply the sum of the household’s
adult labor supply to household production a and the hired labor b.

I assume that the functional form of the production function is r(A,e) =
(A+eq)” where 0 <n < 1and 0 < ¢ <1. This function also assumes that adult
household labor is perfectly substitutable by hired labor. I also account for the fact
that in some households’ the child may not be contributing to household production
work. Thus, the additive nature of this function allows for that flexibility. I include
¢ in my function to establish that 1 hour of a children’s labor is less productive than
adults. The marginal productivity of the entire labor function is affected by n.

With that, we have the profit function:

T=p-r(Ae) —wA

The household revenue is p - r(A, e) and the cost is the market wage w times

the number of hours devoted to household work A. It follows that the profit maxi-
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mization problem is:

max p - (A+eq)" —wA
The first order condition would then be:

dm

- A n—1 —
T pn(A+ eq) w=0

From the above, we get that the optimal level of inputs A* as

1
* Win—1_
A (pn) eq (3.1)

Substituting this into our function r(A,e), we get our optimal production output

point:

r*=(—)n—1 (3.2)

We can then define the household’s optimal profit function to be 7* = r*—pA*.
In the next subsection, I will use these solutions to solve the decision-makers problem

to see how the RTE would have an impact on the household’s labor supply decisions.

Utility Maximization Problem

With my model elements defined and the optimal production function solved,
I next present the solution to the household utility maximization problem. For
the sake of simplicity, I assume that my utility function takes the form of a Cobb-
Douglas Production function where U(z,y,1) = ® y® [7 such that a + 3+~ = 1. 1

also rearrange my constraints.

max U(z,y,l) such that
l.7y7

r+py+wl=wl —d) +m+c+p[r(Ae)] —wA
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Note that we have established 7* = p[r*(A4,e)] — wA* and we have solved for 7*

because of model separability. So, the constraint can be rewritten as:

max U(z,y,l) such that
:I:7y1

r+py+wl=wT —-d) +m+c+7"
I next solve the optimization problem by taking the Lagrange:
L(z,y,0) =2 y? 1" 4 Nw(T = d) + m + ¢+ 7" — x — py — wl]

So, our first order conditions would be:

gE = ax®! yﬁ [A=B=c) _ ) =0
x

oL

oy =P P e py =0
oL

Ez(l—ﬁ—a) 2 P ) =0
oL X

a:[w(T—d)—irm%—c—l—ﬂ —z —py — wl] =0

With these first-order conditions, I find the optimal conditions for the con-

sumption of goods z, y, and leisure [ and they are as follows:

" =afw(T —d)+m+c+ 7"

*—éw — m+c+7"
Yy —p[ (T'—d)+m+c+ "
l*:w[w(T—d)+m+c+n*}

w

Hours Worked by the Household:

I use the constraint [ =71 — a — d and [* to solve for ¢* which in turn would

give me a* which is the optimal level of the household’s total labor input.
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a*:—wﬂ[w(T—d)+m+c+w*]—d+T

My research question examines if the RTE would lead to an increase in off-
household employment opportunities. I previously defined A* to be the total labor
input towards household production that includes both labor that is hired and the

household’s own labor input. So, there are 3 cases:

o If A* > a*, then the woman works only within the household and hires some
labor from outside

o If A* = a*, then the woman works only within the household and there is no
need to hire labor or work outside the household

o If A* < a*, then there is labor surplus, and that labor is supplied outside the
household

I define formal labor force to be any employment activities that are performed

outside the individual household. I represent such employment activities as h* where:

0 it A* > a*

h*

0 if A* =a*

at*— A" if A* <a”

We have previously solved for A* and a*. I next substitute these solutions to the h*

function to get

0 if A* > a*

=10 if A" = a”

S B y(T —d) +m+ e+ 7% —d+T — A" if A* < a*
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3.4 Comparative Statics

Comparative Statics is the study of how the optimal solutions to the model
introduced in Section 3.3 would change given small exogenous changes in parame-
ter values. My primary aim of the theoretical model is to illustrate how a change
in either ¢, e, or d would have an effect on the consumption of good x, household
production good y, and time spent in the labor force h to evaluate the effect of the

household on welfare. Note that we had previously solved that:

=y —1 _ (P yn—1 _¢
p(pn) [(pn) q]

Outside Household Labor Supply:

I find the change in ¢, e and d with respect to h*.

0 if A* > a*
0 if A* =a*
U= B ) b mt et (=T — (=1 — g
w pn e if A* < ¢
w
—d+T—((=)yn—1_
+ ((pn) €q)

When A* > a* or A* = a*, a change in ¢ or e would have no impact on the

outside household employment.

I first take the derivative of h* with respect to c:

0 it A* > g
on*
ac = 0 lfA*:CL*
i el ) BT
w
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With respect to e:

0 if A* > a*

oh*
86 = O lf A* =a*
gla+p) if A*<a*

With respect to d:

0 if A* > a*

oh*
—(a+p8) f A" <a*

When A* < a* they translate to the following:

e an increase in ¢ will lead to a decrease in h* and a decrease in ¢ will lead to
an increase in h*

e an increase in e will lead to an increase in h* and a decrease in e will lead to
a decrease in h*

e an increase in d will lead to a decrease in h* and a decrease in d will lead to

an increase in h*

An increase in ¢ will discourage women to enter the labor force since the
budget constraint relaxes, however a decrease in ¢ will encourage her to enter the
labor force because of the additional need for income.

An increase in e will increase the household’s production activities which
in turn may lead to more goods being sold. This, in turn, may lead to increased
adult labor supply as the household’s production responsibilities are substituted
by children’s labor input. However, a decrease in e will reduce the input towards
household production output and this in turn would force the mother to perform
household activities and reduce outside employment opportunities.

An increase in d will increase childcare constraints and this in turn would
reduce off-household labor supply. A decrease in d will decrease childcare constraints

and this in turn would incentivize the mother to enter the labor force.
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Consumption of Market Goods:

The optimal function of x* is:

n 1

n—1_u(®yn—-1_,
pn) [(pn) q]

x*:a[w(T—d)+m+c+p(B

We take the partial derivative of x* with respect to c:

or*
=«
oc
With respect to e:
oxr*
= aqw
Oe 1
And with respect to d:
ox*
= —aw
od

These partial derivatives imply that:

e an increase in ¢ will lead to a increase in £* and a decrease in ¢ will lead to an
decrease in x*

e an increase in e will lead to an increase in x* and a decrease in e will lead to
a decrease in z*

e an increase in d will lead to a decrease in x* and a decrease in d will lead to

a increase in x*

An increase in ¢ has a positive effect on the household’s consumption of mar-
ket good x and a negative ¢ will decrease the household’s consumption of market
good .

A decrease in e will lead to lesser household production which could reduce
the quantity sold outside the household which would reduce the ability to consume
x. An increase in e will lead to higher household production and increase the ability
to increase more .

An increase in d will increase childcare responsibilities which in turn will re-
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duce the ability to allocate time to work and as a consequence will reduce their
inability to consume market good x. When there is a decrease in d, it will increase

the ability to consume more goods .

Consumption of Household Production Goods:
The optimal function function y* in Section 3.3 is:

n 1
g = ﬁ[w(T—d>+m+c+p<;>n—1 ~ul(yn =T - o

I first take the derivative with respect to c:

dy B
dc p

I next the derivative with respect to e:

dy* _ Bug

Oe P
And finally with respect to d:

dy*  —pBw

ad — p

The interpretations are:

e an increase in ¢ will lead to an increase in y* and a decrease in ¢ will lead to
a decrease in y*

e an increase in e will lead to an increase in y* and a decrease in e will lead to
a decrease in y*

e an increase in d will lead to a decrease in y* and a decrease in d will lead to

an increase in y*

An increase in children’s labor input e will increase the household’s production,

so it allows for more consumption of y*. A decrease will have the opposite effect
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and reduce the consumption of y*.

An increase in ¢ will increase the consumption of household goods as it will
allow for more household production goods to be consumed by the household rather
than sold outside for additional income. A negative ¢ will however have the opposite

effect on the budget constraint and this in turn would reduce the consumption of

*

y*.
An increase in d increases childcare constraints and this would reduce the
household’s time allocation to labor activities and thus reduce the consumption of

y*. On the other hand, a decrease in d will increase the household’s ability to

produce more goods and thus will increase y*.

3.5 Discussion

Summary:

From the above, we can see that mother’s labor supply increases when child-
care constraint d decreases, children’s labor input e increases and the budget con-
straint effect ¢ is negative. An opposite effect on these variables would decrease
female labor force participation. It is important to note that while some of the
effects are positive for the overall household welfare like decreasing childcare con-
straints, other effects like increasing children’s labor input may in turn reduce overall
household welfare. Thus, it is important to check for overall welfare implications
when implementing policies.

This policy affects other aspects of the household as illustrated in Section 3.4.
A positive ¢ would increase consumption of marketable goods x and household pro-
duction good y since it relaxes the budget constraint. A negative ¢ however would
have the opposite effect. A positive e would increase the households’ consumption
of x and y as it would allow the mother more time for other activities like house-
hold production and entering the labor force because of additional input from the

children’s labor. A negative e would however have the opposite effect. A positive
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d, increases childcare constraints and reduce the consumption of goods z and v,
since the mother may not have time for off-farm employment anymore. A negative
d relaxes childcare constraints and would have the opposite effect and increase the

consumption of goods x and y.

Limitations:

It is important to note that my model suffers from some serious limitations.
For instance, my model assumes that there is only one person in the household,
past literature has shown that this could at times lead to misleading predictions
(Chiappori and Mazzocco 2017).

Moreover, my model assumes that the household’s markets are complete and
can therefore apply the concept of separability. This may be different in the real
world as some markets like the labor market could be incomplete in low-income
communities. This could potentially lead to biased production output.

Another limitation of my model is the way my formal labor supply function is
set up. My current model assumes that a household would always meet its internal
labor demands first and only the surplus would work in the formal labor surplus.
In reality, this may not be true and the household can choose to work in outside
employment opportunities even when their internal labor demands are not met.

Other limitations include the fact that my model assumes that households do
not save and that there is only one time period. Moreover, my model does not solve
corner solutions. In other words, it does not tell us if a woman would enter/exit the
labor force but rather if her overall hours increased or decreased. This is a major
limitation since my research question aims to identify if women would enter/exit the
labor force. My model currently gives us if the time she spends in the labor force
increases or decreases (interior solutions), but not the corner solutions.

My research question primarily looks at the effect of RTE on female labor force
participation. My theoretical model predicts that the effect of RTE is dependent on

how the household is affected by the RTE (through variables ¢, d e) and if there is a
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need for off-farm employment opportunities for the household. In the next chapter,

I test my hypothesis using data and an empirical strategy.
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Empirical Model

4.1 Data

I use data from the Employment and Unemployment Surveys, which is acces-
sible from the Indian National Data Archive. This archive is managed by the Indian
Ministry of Statistics and Programme Implementation. The primary purpose of
the Employment and Unemployment Surveys, part of the National Sample Surveys
(NSS), was to collect more information on various aspects of the labor force at both
the national and the state levels.

These surveys provide information such as the region, age, education, gender,
the standard of living, industry and occupational categories, informal sector versus
formal sector labor, etc., The surveys are divided into 4 further sub-rounds where
each sub-round lasts for 3 months. Random households are sampled in each sub-
round across all states. This makes my data set a repeated cross-section survey.
The unemployment/employment status in these households is determined by the
primary activity status asked using three different reference periods: one year, one
month, and one week.

The sampling strategy uses a stratified multi-stage design. The stratified
sampling technique is when researchers divide the population into homogenous sub-
populations and a multi-stage design is when these sub-populations are divided into
clusters for drawing samples. The survey was collected using questionnaires at the
household level.

The more extensive National Sample Survey (NSS) happens every five years,
but employment and unemployment surveys occur every two years, and around
50,000 households are surveyed nationwide. Since the act was first treated in April

2010 and was implemented in 3 phases until 2012, I use the surveys for the following

32



periods:

o July 2009 - June 2010,

o July 2011 - June 2012.

The phased rollout nature of the policy creates a quasi-experimental research
design that enables the implementation of an event study model. The graph below
illustrates the timing of the survey years versus the actual dates a particular state
was treated. It also shows the different sub-rounds in each survey, so, we have data
to check for the parallel-trends assumption and have sufficient periods that would

serve as counterfactual.
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Figure 4.1: Survey Data versus Policy Implementation

Figure 4.1 depicts the graph of my survey data versus the policy implemen-
tation date. Each survey round is divided into four sub-rounds. Since we have
household survey data throughout the year, it would give us the post-treatment
data, even for the states that were treated at the start of 2012. So, there is one

survey round to check for pre-trend data and two more survey rounds during the
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phased rollout implementation.

There were some months outside my survey periods that had very few dat-
apoints. This could be because some survey rounds ended in August 2010 instead
of July 2010. I drop the observations from such time periods as they have very few

data points.
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4.2 Descriptive Statistics

My thesis aims to answer the research question "Does providing free and com-
pulsory elementary education increase mothers labor force participation in India?"
Our variable of interest is the proportion of mothers in the labor force. My data
sample includes women between the age of 20 and 50, who have at least one child
in the household. I limit my sample to represent the mothers who most likely have
children aged between 6 and 14.

Table 4.1 gives a detailed description of the number of women in my sample
who belong to different demographics. The numbers below represent the sample

data from 2009 - 2012:

Table 4.1: Demographic Groups

’ Category Number Percentage
Geographic Area
Urban 26,518 34.09%
Rural 51,270 65.90%
Education
Literate 50, 964 65.34%
Not Literate 26,824 34.60%
College Graduate 6, 498 9.06%
Not a College Graduate 65,216 90.93%
High School Graduate 12,570 83.25%
Not a High School Graduate 65,216 16.72%
Social Group*
Disadvantaged Groups 23,870 30.68%
Not Disadvantaged Groups 53,917 69.31%
Marital Status
Currently Married 72,304 92.95%
Currently Not Married 5,478 7.04%
No. of People 77,788
No. of Households 59, 882

* I define Social Groups based on the caste system in India. Disadvantaged groups are those who belong to the
Scheduled Caste/Scheduled Tribe Caste

Table 4.1 we can see that women tend to live in rural areas, without a

high school or college education, and are mostly married in my data sample. I next
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define if a woman is in the labor force or not. The survey asks each member of the
household about their "Usual Principal Activity Status" in the last week. I label
anybody who performs domestic duties only, as unpaid family workers, looking for
employment as not in the labor force.

Table 4.2 provides information on the percentage of women in the labor force

in each of the demographic categories:

Table 4.2: Labor Force Participation by Demographic Groups

Category In Labor Force Not in Labor
Force
Geographic Area
Urban 13.65% 86.34%
Rural 15.14% 84.58%
Education
Literate 12.58% 85.83%
Not Literate 19.05% 80.94%
College Graduate 21.86% 78.13%
Not a College Graduate 14.16% 85.83%
High School Graduate 14.61% 85.38%
Not a High School Graduate  15.84% 84.15%
Social Group
Disadvantaged Groups 21.08% 78.91%
Not Disadvantaged Groups 12.03% 87.96%
Marital Status
Currently Married 14.09% 86.90%
Currently Not Married 37.42% 62.57%
No. of People 77,788
No. of Households 59, 882

From Table 4.2, we can see that women who live in disadvantaged groups,
are not literate, and are not currently married tend to participate in the labor
force more than their counterparts. Households that belong to disadvantaged social
groups or where the members are not educated are probably correlated to low-income
households. These households may have a greater need for income, which in turn

reflects in the higher female labor force participation rates. Similarly, single mothers
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will likely have to enter the labor force themselves to support their families which
again reflects in the table above.

In this section, I present summary statistics from my data sample which
consists of mothers between the age of 20 and 50 to see how different factors could
influence mothers’ labor force participation. As a first step, I compare mothers’
labor force participation before and after the policy was implemented. Since the
policy has a phased rollout nature I treat the time of treatment for each state as
time 0. The figure below shows the trends of mothers’ labor force participation
relative to the months prior to and after the treatment occurred, hereafter referred

to as relative months.

0.304
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0.201

0.151

Proportion of Women in the Labor Force

0.101

20 0 20
Time to Treatment (in months)

Figure 4.2: Mothers’ Labor Force Participation in Relative Months

The trends in female labor force participation seems to be slowly declining
as time progresses as seen in Figure 4.2. This is consistent with past research that
has found a decline in female labor force participation. So, the policy does not
seem to increase female labor force participation overall. This can be explained by
the fact that some households may benefit more from this policy than others and
hence may not reflect when examining all women. Some of the factors that could
potentially influence female labor force participation in India besides childcare are
education levels, marital status, the safety of women, social group (for example

schedule caste), and access to employment opportunities (rural/urban) as shown in
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Table 4.1. Thus, I check for trends within these subgroups next and examine this

using multiple subsets of data.

Education Level

I first look at how this policy would affect women based on literacy status.
I define literate as anyone who can read and write simple sentences in at least 1
language (as defined by the Indian Government). I check for trends in the labor

force participation in the relative months of treatment below:

0.34

—e— Not Literate

0.2+ Literate

ik

20 0 20
Relative Months

0.14

Proportion of Women in Labor Force by Literacy level

Figure 4.3: Female Labor Force Participation among Literacy Groups

In Figure 4.3 we can see that women who are not literate tend to partic-
ipate in the labor force at higher rates than women who can read and write. This
trend could potentially be explained by the fact that women who are not literate
are also the ones who live in low-income households.

Literary rates, however, are not an indicator of education levels since they are
loosely defined as anybody who can read and write. I next look at women who have

completed college versus those who did not.
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Figure 4.4: Female Labor Force Participation among College Graduates

Figure 4.4 shows that college-educated women tend to enter the labor
force at higher rates leading up to the time the policy was implemented. As seen
in the sample statistics table, the number of college-educated women is very low.
This trend is potentially driven by women who are easily able to find work when the
time constraint is relaxed because of free child care given their additional education

qualifications

Marital Status

Marital status of Women could be another factor influencing mothers’ labor
force participation. Single mothers could face additional constraints in the household
(like time and income) compared to married mothers. This could incentivize them

to enter the labor force at higher rates as reflected in the graph below.

CHAPTER 4. EMPIRICAL MODEL 39



=4
o

o
IS

—e— Not Currently Married

Currently Married

Proportion of Women in Labor Force by Martial Status
)
o

20 0 20
Relative Months

Figure 4.5: Female Labor Force Participation based on Marital Status

This shows that female labor force participation is influenced by women’s
marital status as on average single women tend to enter the labor force more than

married women, regardless of the policy change.

Social Group

India has a long history of its caste system. Women who belonged to disad-
vantaged caste groups tended to have less access to education or other opportunities,
restricting the scope for upward social mobility. Moreover, these groups are, more
often than not, governed by stricter gender norms and thus perform certain kinds of

jobs for income (for example household work). This is reflected in the graph below.
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Figure 4.6: Female Labor Force Participation among Social Groups

40 CHAPTER 4. EMPIRICAL MODEL



Women in disadvantaged castes would tend to work in unskilled jobs and
so these jobs are accessible to women thus, women from these social groups tend to

work in these groups at higher rates.

Geographic Area

Another factor that could influence female labor force participation is the
geographical area. For instance, women who live in rural areas may find it harder
to find higher-paying job opportunities and this may discourage them from entering
the labor force or they may all be performing other work like household work for

example.
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Figure 4.7: Female Labor Force Participation among College Graduates
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From Figure 4.7 we can see that on average, labor force participation
between the two groups does not differ much. So, geographic regions may not be a

significant factor influencing female labor force participation.

State

There are 28 States in India each with its own culture, language, traditions,
etc. This translates to different gender norms and preferences for women’s choice
to enter the workforce. Thus, it is important to check for trends in different states

when trying to measure the causal effect. The following graph examines this trend:
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Figure 4.8: Female Labor Force Participation among States

As evident from the graph above, we can see that each state is different
in the labor force trends and participation rates. The sharp fluctuations in data can
be attributed to the fact that the number of sample data points for those particular
states at a particular relative month is low. Therefore, it is imperative to account

for this in the identification strategy in the next section.

42 CHAPTER 4. EMPIRICAL MODEL



4.3 Identification Strategy

To answer my research question, "Did the Right to Education Act encourage
higher female labor force participation 7". I need to compare the effects of the
policy to a counterfactual (a scenario where the policy is not yet implemented) to
measure the impact of the policy. However, my policy was implemented in all states
in India, making it difficult to have a counterfactual. The phased implementation of
the policy, however, gives us the "not yet treated" states as potential counterfactual
units. I intend to explore this variation in policy timing to draw a causal inference.
I explore different empirical strategies in this section. I first use a simple difference-
in-differences technique with one treatment and control group. I then extend that
model to a two-way fixed effect regression model with staggered timing. In order
to overcome the limitation of that model, I then implement a method proposed by

Santanna and Callaway (2021).

4.3.1 Difference-in-Differences

A differences-in-differences method is a quasi-experimental approach that
compares the outcome variable of the treatment group (the policy is implemented)
to the control group (the units where the policy is not yet implemented). Impor-
tant assumptions of this approach are the parallel trends assumption and the stable
unit treatment value assumption where there are no other time-varying factors that
could be influencing trends between the control and treatment groups and no control
group contamination.

The canonical differences-in-differences model is as follows:
ys = BRTE, + ypost, + 6(RTE - post,) + o + €g

where yg is a dummy variable that indicates if a woman is in the labor force in a

particular state s in month ¢. The independent variables attempt to capture the
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effect of the RTE on female labor force participation. RTEy; is a dummy variable
that indicates if state s has implemented the policy within our estimation time
frame. post; is a dummy variable that indicates if the time period is after the policy
is implemented in that state. The interaction term (RTEj - post;) estimates the
impact of the policy on women’s labor force participation. « is the vector of the
control variables I include in my model. In particular, they are college education, and
marital status as labor force participation differs within these groups as previously

discussed.

Model Assumptions:

A differences-in-differences model requires all states to be treated at the same
time and a few other states to not be treated at once which is different from the
phased implementation design of my data. This makes it difficult to implement a
standard framework to measure the causal impact in all the states.

Therefore, to address this issue, I restrict my dataset as follows. I take the
states that were treated in April 2010 and denote these as the treated group. I
use the states that were treated after January 2012 as my control group. I limit
data to surveys from July 2009 to December 2011. Table 4.3 further illustrates my

treatment and control groups along with their date of treatment:

Table 4.3: Differences-in-Differences: Treatment and Control Groups

Treatment Group Treatment Date | Control Group Treatment Date

Andhra Pradesh ~ 04/01/2010 Gujarat 02/08/2012
Bihar 04/01/2010 West Bengal ~ 03/16/2012
Uttar Pradesh 04/01/2010 Karnataka 04/28/2012
Uttaranchal 04/01/2010 Goa 08/02/2012

(1)Parallel Trends Assumption:

An important assumption of this framework is the parallel trends assumption.
It requires the treatment and control groups to follow parallel trends in the absence of
treatment. Since I do not have data to assess this validity, I compare the treatment

group to the control group (treatment was not yet implemented). I present the
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parallel trends from the pre-treatment periods in Figure 4.9:
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Figure 4.9: Female Labor Force Participation Rates before and after treatment

The time of treatment is highlighted by the red vertical lines. We can see
that in general, the treatment and control groups seem to follow similar labor force
participation rates. Thus, our assumptions hold for the differences-in-differences
specification.

(2) Stable Unit Treatment Value Assumption (SUTVA):

This assumption requires that the treatment assigned to one group does not
affect the potential outcome of other groups. This assumption is likely to hold in
the case of my study as each state is required to draft its own RTE rules. Moreover,
increase female labor force participation is not a direct effect of the RTE but rather
a consequence of the effect within the household. Thus, since the fact that one state

is treated does not alter the behavior of mothers in other groups.

Results:

In this subsection, I first calculate the average mean to check for differences
pre and post-treatment in my treatment and control groups. The table shows the
proportion of women in the labor force in each of these categories. Table 4.4 illus-

trated my results:
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Pre-Treatment Post-Treatment Difference

Treated Group 0.1385194 0.1156150 0.0229044
Control Group 0.1557281 0.1146146 0.0411135
Difference —0.0172087 0.0010004

Table 4.4: Average Mean Pre and Post-Treatment

From the above table, we can see that mothers’ labor force participation
dropped for both the treatment and control groups over time which is in accordance
with past literature. However, it is important to note that the drop was smaller
among the treated group than the control group, suggesting the policy could have
encouraged some women to enter the labor force in the treated states. I next check
for an effect using an Ordinary Least squares Regression.

I present the regression results from the difference-in-differences model speci-
fied previously. I use a linear probability model for my estimates to check if the policy
had an impact on female labor force participation in the treated states. My data
sample after restricting my sample to the states mentioned in Table 4.3 and from
June 2009 to December 2011 has 24,422 women and represents 18, 798 households in
the 8 states used for this model. Table 4.5 presents classic differences-in-differences

model and a second model with additional control variables:
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Table 4.5: Estimates from the Differences-in-Differences Model

Dependent variable:

Female Labor Force Participation

(1) (2)

States Treated —0.041*** —0.037***
(0.006) (0.006)

Post Period —0.017** —0.017**
(0.007) (0.007)
States Treated*Post Period 0.018* 0.017*
(0.009) (0.009)

College Educated 0.050***
(0.008)

Marital Status —0.233***
(0.008)

Constant 0.156*** 0.367***
(0.005) (0.009)
Observations 24,422 24,421
R? 0.002 0.035
Adjusted R? 0.002 0.035

Residual Std. Error
F Statistic

0.331 (df = 24418)
19.139** (df = 3; 24418)

0.326 (df = 24415)
176.869"* (df = 5; 24415)

Note:

*p<0.1; **p<0.05; **p<0.01
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The interaction term RTE.*Post; is our coefficient of interest and is
statistically significant at the 0.05% level. The coefficient suggests that the RTE
increased female labor force participation by 1.8%. This implies that it is possible
to conclude that the Right to Education Act had an impact on female labor force
participation decisions in India. The negative coefficients on RTE; indicate female
labor force participation rates in the pre-treatment period in the treatment group
were lower than in the control group. Post; tells us that female labor force partici-
pation decreased after the policy was implemented within the control group.

The model with additional control variables also yields similar results where
our coefficient of interest is positive and statistically significant but only at 0.1%
level. However, it is worth noting that the t-stats for both the models is similar.
The results from the theoretical model suggest ambiguous results, however, my first
empirical strategy suggests that female labor force participation increased after the

RTE in certain states.

Limitations of the Differences-in-Differences Model:

Though a good first step, this model has limitations that could potentially
lead to biased estimates. For instance, I did not consider all the states in India but
rather chose 8 states for my treatment and the control group is fully random. For
instance, the states that passed the law first would have different political influences
than the states that passed the law last. So, it may not be telling us the whole story.
Another limitation is that the results of my policy could have changed long-term
and I do not account for that in my model. As a next step, I implement a more
advanced event-study framework also known as Two-Way Fixed Effects Regression
with Staggered Timing that helps me overcome some of the limitations mentioned

above.
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4.3.2 Two-Way Fixed Effects with Staggered Treatment

A two-way fixed effects regression is a generalized version of the canonical
difference-in-differences described in Section 4.3.1. It allows researchers to have
multiple groups and treatment periods. The model relies on time and state-fixed ef-
fects to control for the time in varying factors between multiple groups and periods.
In the context of my thesis the Right to Education Act is a staggered adoption as my
states are treated at different times across 3 years and one state is not treated within
my data sample. I drop this state (Goa) from my data sample to avoid using that
as the sole counterfactual. The generalized version allows me to test my hypothesis
across all states in India. Thus, this model allows me to overcome one of the major
limitations of the differences-in-differences model. I next present the mathematical

exposition of a two-way fixed effects regression:

Yst = oy + B + yTime to Treatment; + dTreated States,

+ A(Time to Treatment, - Treated States,) + €5 (4.1)

where ~ indicates if the household is treated at time ¢, § represents if the state s
received treatment and A\ captures the impact of the RTE on female labor force
participation in relative period t at state s. I then have «; which represents the
time-fixed effect and s which captures state-fixed effects. This model measures the
impact of the RTE across different treatment timings by adding states and time
effects to control for time-invariant factors between these groups. Equation 4.1 is
estimated using OLS and can be unbiased only if 3 assumptions hold which I discuss

below.

Model Assumptions:

I next discuss the model assumptions required for Equation 4.1 to give unbi-

ased results.
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1)Parallel trends in baseline outcomes

Similar to the classic differences-in-differences discussed in Section 4.3.1, the
two-way fixed effects regression also requires that treatment and control groups
should share similar baseline outcomes. The units that violate this assumption
should be dropped from the estimation. In the case of my model, the state of
Jammu and Kashmir is never-treated but the political and economic disturbances
could potentially lead to different baseline outcomes between the treatment and
control groups. I also drop the state of Goa from my data sample as it was not
treated within my data time frame and could lead to biased estimates if it serves as
the only counterfactual. Thus, I drop tgese state from my data sample.

I check my parallel trends assumption using the pre-trend data in my model.
For this assumption to hold, none of my estimates before treatment (time 0), should
be different from zero. In other words, I expect that none of my coefficients be-
fore treatment will be statistically significant when I run the event study version
of equation 4.1. When they are not statistically significant it implies that there
are no obvious trends in the data between the treatment and control groups in the
data sample. I present my coefficient plot in Figure 4.10 and for the sake of this

assumption we will concentrate only on time periods before ¢ = 0:
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Figure 4.10: Coefficient Estimates from an Event-Study Fixed Effects

From the above, none of the coefficients are statistically significant. Thus,
the pre-tends assumption is now satisfied. I also present the corresponding coefficient
estimates in Appendix A.1 to show the exact estimates and statistical significance
at the 5% level.

2) No anticipatory behavior prior to treatment:

The next assumption is that the treated units should not know about the
treatment when they could potentially alter their behavior in the relative periods
before the treatment. In the context of my study, it is important to note the differ-
ences between the Right to Education Act and the Sarva Shiksha Abhiyan (SSA).

As discussed in Chapter 2, the SSA improved accessibility to primary school,
and the RTE mandated that every child must attend elementary school. My study
specifically looks only at the RTE. Even though there was some kind of anticipation
or trends prior to the RTE, the RTE by itself increased school enrollment (Shah and
Steinberg 2019). Thus, my empirical analysis focuses on these households and the
causal impact of mandating primary education on female labor force participation.

So, the second assumption also holds.
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3) Treatment effect homogeneity:

This assumption requires that the treatment effects remain the same across
every time period. Intuitively, this would require the policy to have the same effect
on female labor force participation both 1 month after the policy and 12 months
after the policy. This assumption may not hold in the context of the RTE. For
instance, women may not immediately enter the labor force as soon as the children
leave for school (1 month after the policy), but would rather take some time adjust-
ing, prepping for school, etc., and would then consider entering the labor force. The
effect in the later months would be different from month 1, and thus, this assump-
tion could potentially not hold in the context of my study. Despite its limitations,

I use this model to gain a preliminary intuition of the results.

Results:

[ next run the Two-Way Fixed Effect Regression Model with staggered timing
for all States (except Jammu and Kashmir and Goa) from June 2009 to July 2012.
My treatment is staggered with the first treatment occurring in 04/01/2010 in 4
States. My final results include 77,788 individuals and 59, 882 across the 2 survey
rounds mentioned. I run the regression specified in Equation 4.1.

Similar to the differences-in-differences without staggered treatment (Section
4.3.1), I run two sets of model. My first model uses Treated States as the indepen-
dent variable which represents all the individuals that were surveyed in a state s
that was treated at time t of the survey. I then run the same model with additional
control variables for college-educated and marital status. Figure 4.11 illustrated my

coefficients for the model without any control variables:
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Figure 4.11: Coefficient Estimates without Control Variables

Figure 4.12 shows the coefficients for the model with control variables. The

coefficient estimates are not very different from Figure 4.11.
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Figure 4.12: Coefficient Estimates with Control Variables

From Figure 4.11 and Figure 4.12, we can see that most of the coeffi-
cients of interest are not statistically significant. However, relative months 5 — 7 are
negative and statistically significant at the 0.05% level. This indicates that female
labor force participation could perhaps have had a transient pattern. For instance,

as soon as the policy was introduced it could have caused short-term shocks and
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the effect could have then worn off. However, in the longer term, the statistically
insignificant results indicate that I do not have sufficient evidence to conclude that
the RTE had an impact on mothers’ labor force participation. On one hand, it
could have reduced labor force participation by adding to the time constraint or by
relaxing the household budget constraint. On the other hand, it could have had the
opposite effect by relaxing the time constraint (free childcare).

However, these results should again be treated cautiously. There are a number
of serious limitations this model suffers which have been documented extensively in
recent literature (Goodman-Bacon 2021). My next subsection discusses this aspect

of the model in detail.

Limitations of the Two-Way Fixed Effects Model:

Economists have traditionally used a two-way fixed effects regression model
when the treatment timing is staggered. However, recent literature has highlighted
the potential biases that could arise from this estimator. I briefly describe this in
Assumption (3). One of the strong assumptions required for Equation 4.1 to be
an unbiased estimator is that treatment effects should be homogeneous. When this
assumption fails to hold as is likely the case with my model it can lead to mislead-
ing coefficients (Goodman-Bacon 2021). When there is a heterogeneous treatment
effect, the decomposition includes information not only about that particular time
period ¢ but also from other time periods preceding and succeeding it (Sun and
Abraham 2021).

In response to these limitations, there have been different papers that pro-
pose alternative estimators when assumption 3 is violated (Sun and Abraham 2021;
Callaway and SantAnna 2021; Borusyak, Jaravel, and Spiess 2021). They each have
their unique solution to the problem and suit different experimental designs. Roth
et al. (2022) provides a synthesis of the pros and cons of the various different esti-
mators. I use the Callaway and SantAnna (2021) estimator since it allows me to use

"not-yet-treated" units as controls. This is an advantage since estimators like Sun
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and Abraham (2021) use "last to be treated" as control units. This is important for
my research design since Sun and Abraham (2021) would only use the States of Goa
and Karnataka as counterfactuals for all states. On the other hand, Callaway and
SantAnna (2021) use information from all not-yet-treated states at time ¢, to draw
an estimate which is a more realistic counterfactual. Thus, I next use the Callaway
and SantAnna (2021) estimator to overcome some of the limitations that a general
two-way fixed effects model with staggered timing poses and would enable me to

better answer my research question.
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4.3.3 The Santanna and Callaway Estimator

In this subsection, I discuss in greater detail the estimator proposed by Call-
away and SantAnna (2021). I first introduce notation that is commonly used by
economists when discussing these models.

An event study requires a random sample of N units observed over T'+ 1 time
periods. I define the outcome variable as Y;; for each 7 in N and ¢ in set 7. I next
define the treatment variable D;; as a dummy variable that is 1 to indicate treat-
ment for unit ¢ at time ¢t and 0 otherwise. Based on the time of the first treatment
t, we categorize the units into disjoint cohorts (g) where g € {0,1,..7,}. So, g is
determined based on when the state first received treatment. The treatment effect
is then the difference between the counterfactual and the treatment variable Y.
Thus, our coefficient of interest here would be the average of unit-level treatments
at a given relative period across units first treated at time e. A relative period can be
defined as the difference between the date of the survey and the date of treatment.

The mathematical exposition of an event-study model can be written as follows:

) L
Yo =as+v+ Z /”Dé,t + Z/v‘lDi,t T €st
I=—K 1=0

Here, Déi is an indicator variable for state s, being [ periods away from initial
treatment at time ¢. «g stands for state-fixed effects and ~, stands for month-fixed
effects. Thus, y; is the coefficient of interest here that captures the treatment effects

for a given relative period I.

Estimation Procedure:
The paper proposes calculating the parameter of interest using 3 steps:

o Calculating the policy-relevant disaggregated causal parameters for each group

g at time ¢

o Summarize the disaggregated parameters to get the event study estimates
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o Estimation and inference

I next discuss how I calculate these causal parameters for my thesis. To
estimate the coefficient of interest, the authors use the concept of the group-time
average total effect on the treated (ATT). Intuitively, the ATT can be thought of as
the difference between the expected value of the treatment group and the expected
value of the counterfactual at a particular time period ¢. The comparison group in
my context would be "not-yet-treated". If I am looking at measuring the ATT of
State A and State A is treated at time ¢, but State B and C are only treated at time
t + 1 units then conditional on the parallel trends assumption I use State B and C
as my counterfactual for State A to measure the coefficient of interest for time .
This also implies that my estimates are only possible for months where at least 1
state is not treated.

The ATT is calculated by the following formula:

ATT(g,t) = E[Yi(g9) — Y1(0)|G, = 1] for t > ¢

The ATT(g,t) is the difference between the average of mothers’ labor force
participation in the treated group ¢ and the average of the not-yet-treated units at
time ¢. This model fixes group g and calculates the average treated effects for an
evolving time ¢, allowing us to see how average treatment effects vary across differ-
ent times. I calculate this for every group g. I also focus only on post-treatment
variable ¢ > g, since as per the no-anticipation effect assumption all pre-treatment
variables are 0.

My model uses the "Event Study/dynamic treatment effects" method of ag-
gregation. This method accounts for the fact that the effect of a policy intervention
may depend on the length of exposure it has, which best suits my experiment design.
In the next subsection, I discuss different model assumptions that need to hold to

make this estimator precise.

CHAPTER 4. EMPIRICAL MODEL o7



Model Assumptions

The model assumptions for the Santanna and Callaway Estimator are very
similar to the standard two-way fixed effects regression with staggered timing as-
sumptions. I use the same data set as used in subsection 4.3.1.

(1) Parallel Trends Assumption:

As discussed in Section 4.3.2, this estimator also requires parallel trends be-
tween the treatment and control groups in the absence of treatment. One way to
check the validity of this is to look at the pre-treatment periods of the results. As
seen in 4.13 the pre-treatment periods do not have statistically significant results.
Thus, we can conclude that our parallel treatments assumption holds.

(2) No Anticipatory prior to treatment:

Again, as discussed in Section 4.3.2, this assumption holds since women would not
change their behavior in anticipation of the RTE, but rather because of a change in
household dynamics as a result of the child now going to school.

(3) Treatment Effect Homogeneity:

I briefly mention that assumption 3 (treatment effect homogeneity), does not
hold in the context of my policy. However, the new estimator is robust to this as-
sumption. Thus, my research design satisfies all the assumptions required for using

the Callaway and SantAnna (2021) model.

Results

I next run the estimation using the package that accompanies Callaway and
SantAnna (2021). My sample is the same as Section 4.3.1 where I have 77,788
individuals and 59,882 households across 3 different survey periods. Figure 4.13

shows us the coefficient plot of my estimation.
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Figure 4.13: Coefficient Estimates without Control Variables

The graph above does not have a clear trend where I can measure a
causal impact on the effects of the Right to Education Act on Female Labor Force
Participation Rates. We again mostly see results that are not statistically significant.
Moreover, there is no clear pattern that indicates a decline or increase in female labor
force participation. Thus, we can conclude that the RTE’s effect on mothers’ labor
force participation is mostly inconclusive when measured using the Santanna and

Callaway Estimator.

Limitations of the Santanna and Callaway Estimator

As mentioned above, the results do not show statistically significant results.
However, the model has many limitations and thus, may not be giving us the most
accurate estimates. As mentioned earlier in Section 4.2, there are many other factors
that govern womens decision to enter the labor force and these are not accounted
for in the current model.

I was also unable to incorporate control variables in the Santanna and Call-
away estimator because it involved statistics that are not user-friendly. The lack of

control variables like education levels, and social groups could potentially be driving
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the trends behind the data which in turn could be leading to statistically insignifi-
cant results.

Moreover, the phased implementation nature of the policy makes it difficult to
measure the causal impact in the long term because of the lack of a good counterfac-
tual. Since all states get treated by 2012, it is not possible to draw a causal inference
for time periods after that. Moreover, my theoretical model predicts that households
may behave in completely different ways in response to the RTE, depending on how
they are affected. My data, however, do not look only at households affected by the
RTE, there are households who were probably affected by the SSA that I do not
account for in my model. These effects could potentially be driving the statistically
insignificant results.

There are also limitations in how my coefficient estimates are calculated. I
rely on the replication package that may not be suited for the nature of my data.
This in turn could be causing some sort of estimation bias. In future work, it is
important to code these estimators that best suit the nature of the data to avoid

such situations.
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Discussion and Conclusion

5.1 Summary

My thesis seeks to answer the research question "Did the Right to Education
Act encourage female labor force participation?’. 1 first use concepts from classical
economic theory to develop a model that could explain different ways households
could potentially behave. I build a unitary household model, and my predictions
show that labor supply decisions could rise or fall depending on the household.
Households whose time constraint relaxes because of free childcare will have a greater
incentive to enter the labor force. On the other hand, households, where previously
children did some household work, would have a negative effect on the time con-
straint. These households would in turn decrease their labor supply. On the other
hand, the RTE can also be thought of as a conditional cash transfer because of
free lunches, etc. On the other hand, the RTE could also induce additional costs
(transportation, school bags, etc) for the household. If the policy relaxes the budget
constraint, these households would reduce their labor supply, if instead, it increases
costs it would increase their labor supply. Since my theoretical model, produces
ambiguous results, I next use household survey data and econometrics techniques
to empirically assess the effect of the RTE.

I use data from the Indian National Employment and Unemployment Surveys,
for my analysis. I explore three different empirical techniques to test for causal in-
ference. I first implement a simple canonical differences-in-differences model. My
results indicate that my female labor force participation increases by 1.8% in states
that were treated. While I get encouraging results, these results do not cover all
states. This in turn could lead to misleading conclusions.

To overcome this constraint, I next implement a two-way fixed effects regres-
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sion model with Staggered Timing. My results estimate no effect, but the model
requires strong assumptions that I do not have in my experiment design. I overcome
this limitation, by using an estimator that is robust to these assumptions. Thus,
I use the estimator proposed by Callaway and SantAnna (2021) and conclude that
the RTE did not have an effect on women’s labor force participation across all states
in India.

While I explore multiple techniques to test for the effect of the RTE on fe-
male labor force participation and find some encouraging signs, it is important to
interpret the implications of my policy with great caution. My methods suffer from

a lot of data and methodology constraints that I discuss in the next section.

5.2 Data and Methodology Constraints

In this section, I discuss some of the limitations my modeling techniques suf-
fer from. One of the main constraints is the data. I do not have data beyond June
2012, which makes it hard to measure the long-term effect on female labor force
participation. A woman could change her female labor force decisions in the long
term in response to the RTE. The response may not be immediate as indicated in
my model.

Moreover, the phased implementation nature of my policy roll-out can be
thought of as an advantage and disadvantage. On one hand, it gives me not-yet-
treated states to serve as counterfactual during the policy roll-out. On the other
hand, the econometric techniques that could be used to overcome this have their
limitations. Though new methods have been proposed for this kind of staggered
implementation, not much is known about these methods. Thus, it is impossible to
determine the accuracy of my results.

I use my theoretical model to guide my empirical model. However, my the-
oretical model provides a simple framework to think through mothers’ labor force
participation and has its’ limitations in giving an accurate representation of the real

world. For instance, my model uses a unitary household framework where I assume
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that a woman’s labor force decisions are not influenced by other members of the
household. This is an assumption that past literature argues could lead to mislead-
ing conclusions (Chiappori and Mazzocco 2017). Moreover, my theoretical model
does not predict if a woman would enter the labor force but rather her aggregate
labor supply which may not be answering my research question directly. Therefore,

it is important to interpret the results of my study in context with these limitations.

5.3 Future Research:

I next discuss the implications of my results for policy-makers. Though my
study does not find any effect of the RTE on female labor force participation through-
out the country, it is important to note that there are some encouraging signs. Future
research is required to estimate the impact across all states in India.

My study also sheds light that it is important to study factors that would
increase female labor force participation rates in India. Specifically, it is important
to examine ways to relax other constraints such as d gender norms, safety for women
in the workplace, wage disparity, etc., which could be holding women back. Thus,
it is important to examine different factors and policies that could encourage higher
female labor force participation.

It is also important to perform robustness checks for my model. For instance,
as mentioned in Section 2.1, the RTE closed schools that did not have proper doc-
umentation. Thus, it is important to check if this reduced accessibility to schools
in turn could be resulting in statistically insignificant results. Another important
robustness check could potentially be comparing how the RTE impacts mothers in
treated states with non-mothers in those states. This will help overcome some of
the limitations I face with defining my counterfactual for this study.

Another possible area of research is examining the effect of free childcare
in different contexts rather than just primary school education. Other factors like

preschool education system could perhaps encourage more young women to enter
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the labor force. Other empirical techniques like RCTs, etc may also perhaps be
able to give us a better idea of the effect of free childcare on mothers’ labor force

participation decisions.
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Appendix

A.1 Coefficient Table from the Two-Way Fixed

Effects Regression

Dependent Variable:

Female Labor Force Participation
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treated states x relative months = -32
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(0.0130)
treated states x relative months = 17 0.0017
(0.0221)
treated states x relative months = 18 0.0206
(0.0218)
treated states x relative months = 19 0.0159
(0.0216)
treated states x relative months = 20 0.0159
(0.0249)
treated states x relative months = 21 -0.0086
(0.0178)
treated states x relative months = 22 0.0124
(0.0174)
treated states x relative months = 23 0.0257
(0.0290)
treated states x relative months = 24 0.0191
(0.0187)
treated states x relative months = 25 0.0052
(0.0156)
college education 0.0659***
(0.0160)
married -0.2331***
(0.0163)
Fixed-effects
State Yes
Month Yes
Fit statistics
Observations 77,780
R? 0.07569
Within R? 0.03323

Clustered (State) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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A.2 Coefficient Table from the Santanna and Call-
away Estimator:

Time Estimate Std.Error Conf.Low Conf.High Point.Conf.Low Point.Conf.High

-31 0.04 0.02 -0.02 0.10 -0.00 0.08
-30 -0.01 0.01 -0.05 0.03 -0.04 0.02
-29 0.00 0.01 -0.02 0.02 -0.01 0.01
-28 -0.02 0.02 -0.06 0.02 -0.05 0.01
-27 -0.04 0.05 -0.16 0.09 -0.13 0.05
-26 0.02 0.02 -0.03 0.08 -0.02 0.06
-25 0.01 0.02 -0.04 0.05 -0.03 0.04
-24 -0.02 0.04 -0.14 0.10 -0.11 0.06
-23 0.02 0.02 -0.05 0.09 -0.03 0.07
-22 -0.00 0.03 -0.08 0.07 -0.06 0.05
-21 -0.01 0.02 -0.05 0.04 -0.04 0.03
-20 -0.01 0.03 -0.08 0.06 -0.06 0.04
-19 0.01 0.02 -0.04 0.06 -0.03 0.04
-18 -0.00 0.02 -0.06 0.06 -0.05 0.04
-17 0.02 0.02 -0.05 0.08 -0.03 0.06
-16 0.01 0.03 -0.06 0.08 -0.04 0.06
-15 -0.01 0.02 -0.06 0.04 -0.05 0.03
-14 0.00 0.05 -0.12 0.13 -0.08 0.09
-13 -0.01 0.05 -0.14 0.13 -0.11 0.09
-12 -0.01 0.01 -0.05 0.03 -0.04 0.02
-11 0.02 0.04 -0.08 0.12 -0.06 0.09
-10 -0.01 0.05 -0.16 0.14 -0.12 0.09
-9 -0.01 0.04 -0.13 0.10 -0.10 0.07
-8 0.03 0.03 -0.05 0.11 -0.03 0.09
-7 -0.05 0.02 -0.11 0.00 -0.09 -0.01
-6 0.03 0.03 -0.06 0.12 -0.03 0.09
- -0.02 0.02 -0.08 0.05 -0.06 0.03
-4 0.01 0.03 -0.07 0.09 -0.05 0.06
-3 -0.02 0.03 -0.10 0.06 -0.08 0.04
-2 0.01 0.03 -0.07 0.08 -0.05 0.06
-1 0.01 0.02 -0.05 0.08 -0.03 0.06
0 -0.02 0.03 -0.11 0.07 -0.08 0.05
1 0.02 0.02 -0.05 0.08 -0.03 0.06
2 0.01 0.03 -0.07 0.09 -0.05 0.06
3 -0.03 0.04 -0.13 0.07 -0.10 0.04
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12
13
14
15
16
17
18
19
20
21
22
23

-0.01
-0.02
-0.03
-0.03
-0.03
-0.03
-0.06
-0.06
-0.03
-0.03
-0.04
-0.04
-0.05
-0.03

0.02

0.04

0.03
-0.05
-0.04

0.02

0.03
0.04
0.05
0.04
0.05
0.03
0.04
0.05
0.04
0.24
0.17
0.04
0.03
0.03
0.05
0.04
0.02
0.03
0.04
0.01

-0.08
-0.12
-0.17
-0.14
-0.17
-0.13
-0.17
-0.19
-0.14
-0.67
-0.49
-0.16
-0.13
-0.11
-0.11
-0.07
-0.01
-0.14
-0.14
-0.02

0.06
0.07
0.10
0.07
0.11
0.06
0.04
0.07
0.09
0.62
0.42
0.07
0.03
0.04
0.14
0.14
0.08
0.05
0.06
0.06

-0.06
-0.09
-0.14
-0.11
-0.13
-0.10
-0.14
-0.15
-0.11
-0.49
-0.37
-0.13
-0.11
-0.09
-0.07
-0.04

0.00
-0.11
-0.11
-0.01

0.04
0.05
0.07
0.04
0.08
0.03
0.01
0.03
0.05
0.44
0.29
0.04
0.00
0.02
0.11
0.11
0.06
0.02
0.03
0.05
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