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ABSTRACT

Social protection programs are important element for the government’s welfare
policy and their socio-economic implications need to be carefully evaluated. In
this paper, we considered the temporary reform of the Child Tax Credit(CTC)
program in 2021 that transformed it into a nearly universal program. The quasi-
experimental Intent-To-Treat estimator confirms that the change induces no neg-
ative responses. Apart from the baseline result, we use extended monthly data
to show there exists a positive, significant, and delayed labor participation ef-
fect. By doing so we supply supports to the friction hypothesis to the delayed
response. To explain the stark behavioral responses within a household, we es-
timated a structural econometric model of static games between the husband
and the wife in a household. We found there to be a significant evidence for the

presence of strategic interaction in this intra-household labor supply decisions.
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CHAPTER 1
INTRODUCTION

President Biden delivered one of his campaign promises as the Child Tax
Credit(CTC) enacted on 15th July 2021. The CTC provides an unconditional
monthly payments of $250 or $300 per child. Eligible families may now receive
up to $3,600 per child under the age of 6 and $3,000 for those ages 6 to 17. That’s
up from $2,000 per child. The tax credit system works automatically without
the need to signing up at registries had the household filed tax returns for 2019
or 2020, or signed up to receive a stimulus check from the Internal Revenue

Service(IRS).

An important and immediate question to ask is whether the CTC program
improves the poverty conditions of children. Families receive benefits from the
program in form of money and it’s important to know if the money is actually
being spent for the well being of children. The Center on Budget and Policy
Priorities predicts that this policy change under the American Rescue plan will
help reduce child poverty by 40%. There have also been reports that parents will
leave the labor force after the implementation of the policy. That would hamper
the effect of the policy directly on child poverty as parents would lose income
and the benefit would only be sufficient to take them back to the previous level.
Some policymakers claim this policy change should be made permanent, but it
is vital to measure the impact it has on child poverty before taking such a de-
cision. To address these concerns we wish to examine the labor supply impact
of the CTC expansion. In particular, we follow the standard literature of labor
economics, we expect the tax reform to have impact on intensive margins and

extensive margins. The intensive margin is related to the level of work the indi-



vidual decides to supply and the extensive margin is related with whether or not
an individual participates in the labor market. In terms of measurement, exten-
sive margin is typically measured by the number of individuals in paid employ-
ment and the intensive margin is measured by the average number of working
hours [8]. Another takeaway from labor and tax literature is that labor supply is
highly responsive margin on the extensive margin to tax reforms [16], therefore
this will be our key focal of analysis. Our intuition/hypothesis is that the tax
expansion will not change the labor-force participation for those in higher end
of the income distribution, but there will be significant incentives for those on

the lower end of the income distribution.

The preliminary econometric results suggest that the overall treatment effect
support the hypothesis that the temporary reforms of Child Tax Credit in 2021
lays no significant impact on the labor participation decisions and the hours
supplied decisions of married couples. This empirical results lends positive ev-
idence that expansion of transfer programs such as CTC might be a good way
of reducing household poverty and promote childcare and development with-
out inducing the parents from withdrawing labor participation. Our empirical
tindings are consistent with recent studies by Ananat and colleagues [1]. Apart
from confirming the hypothesis and producing further evidence, this paper con-
tributes to the literature of labor supply responses to tax credit program reforms
by addressing some issues that are yet unanswered by existing studies. Relative
to simulation and prediction studies based on program parameters, this paper
employed a quasi-experimental framework with survey data and addressed the
causal relation between the program reform and household labor supply de-
cisions. Beyond confirming the insignificant effect found by Ananat and col-

leagues, this paper also sought to address the concerns of delayed response.



The labor supply responses may not be immediate due to various sources of
frictions such as contracts and knowledge of the program schedule. Compared
to the studies of Ananat and colleagues, this paper uses data in 2022 to study
how the labor supply decisions are delayed. In this analysis, we specified an
Event-Study model with multiple treatment: we consider the implementation
in July 2021 as the first wave and the filing of 2021 taxes in April 2022 as the
second wave of treatment. Our results add to the literature in several ways.
First we confirmed the immediate labor supply response is insignificant be-
cause there are information frictions that prevent timely labor supply adjust-
ment from being made. With extended monthly data in 2022 we showed that
the labor supply adjustment is delayed for about 7 to 8 month: we observed
there is a significant increase in labor force participation rate in the first quarter
of 2022 when individuals started to file their taxes and gain additional informa-
tion about their tax credit eligibility. In addition, we estimated the event study
model with multiple events to decompose the total effect of the policy into a
sequence of partial effects. The partial effect analysis showed that the second
wave of treatment in 2022 induces higher and more significant response than
the first wave of treatment in 2021. This observation raises concerns for policy
makers and the administrators of social protection programs over possible ways
to reduce the information friction. The last piece of result from this analysis is
that we showed the partial effects are additively separable by comparing the
estimates of the total effect and partial effects. Therefore, this paper provides a

more complete anatomy of the dynamics of labor supply responses.

Beyond the standard reduced-form causal study of the impact policy reform,
we are also interested in mechanisms of the decision making process. In partic-

ular, we are interested whether or not the married couple in a household makes



their labor supply decisions jointly or each member of the household make his
or her own labor supply decision strategically. Since the labor supply decisions
are binary, we can suitably model this potential strategic interaction between
married couple using a structural econometric model of static game with dis-
crete choices. Based on the data, model and the estimates of the structural pa-
rameter, it can be suggested that a notable component of strategic interaction is
present when both the wife and husband of a household make the decision of
whether or not to engage in the formal labor market. The coefficients for both
the joint effect and the cross effect interaction terms are positive and significant
indicating that there are positive externalities from the other member’s partici-
pation decision through the resources sharing scheme within the household. As
a part of the estimation result, we also showed that the presence of children and
associated childcare costs are not entirely a negative element to the utility func-
tion of parents: the parameter vectors suggested that the parental altruism has
a positive and dominant impact on the utility function over the negative impact
brought by childcare costs. Subsequently, we can replicate the aforementioned
procedures and conduct the semi-parametric structural estimation separately
on two sets of data pre and post the policy change. Once we obtain the param-
eter vectors for both sets, we can compare the parameters before and after the
reform. This comparison of the temporal changes allows us to assess the influ-

ence of the policy on the strategic interaction between household members.



CHAPTER 2
POLICY AND THEORETICAL BACKGROUND

2.1 Policy Context of Child Tax Credit

Combating poverty has been an essential task for governments across the
world for decades. This dedication to treating poverty is regardless of eco-
nomic systems and ideologies. The origins of social protection programs in the
United States can be traced back to the New Deal era of the 1930s and the so-
cial safety net expanded through the passing of the Economic Opportunity Act
under Johnson’s administration [60]. The social safety net was woven to pro-
vide assistance to those who are elderly, disabled, or living in poverty for their
basic needs such as food, shelter, and healthcare are accessible to all. Amongst
various kinds of social protection programs, tax credit programs remain as an
important pillar. Tax credit programs provide income support to low-income
individuals and families by reducing their tax liability or providing tax refunds.
Earned Income Tax Credit(EITC) is the largest in the class of tax credit programs
with recipient population over 25 million [35]. Other important tax credit pro-
grams include the Child Tax Credit (CTC) program which aim to reduce the
financial burden on families with children and support their overall well-being.
Child and Dependent Care Credit(CDCC) is similar to the purpose of CTC, but

it is smaller in size.

Tax credit programs aimed to families with children are important. It pro-
vides the financial assistance for low-income families to send their children to
school and this forms an investment in the human capital which is immensely

important in the long run [12]. In the meanwhile, tax credit programs are de-



signed to preserve the incentives to work. Therefore, such programs help the
society to strike a good balance between present period payoff(through work
incentives) and future period payoff(through investments in children’s human
capital). Thus, we will focus on the the Child Tax Credit program and its impact

on eligible households and the society as a whole.

2.2 Historic Development of CTC and its Provisions

The Child Tax Credit (CTC) program is a government-sponsored initiative
aimed at supporting families with children. The program provides a tax credit
to eligible families to help offset the cost of raising children. The credit was
intended to provide direct monetary assistance to families with children and to

encourage them to have more children.

The CTC has evolved over time to become a significant component of the
U.S. tax code together with other credit programs such as the Earned Income Tax
Credit(EITC). This section will briefly examine the background and historical
development of the CTC program, its eligibility requirements, and the benefits

it offers.

The CTC was first introduced in 1997 as part of the Taxpayer Relief Act. The
original credit was set at $400 per child, and it was available to families with
children under the age of 17. Since its inception, the CTC program has under-
gone several considerable developments and changes. In 2001, the Economic
Growth and Tax Relief Reconciliation Act (EGTRRA) increased the maximum
credit to $1,000 per qualifying child and made it partially refundable for fami-

lies with little or no federal income tax liability. Further expansions were made



in subsequent years. In 2017, the Tax Cuts and Jobs Act (TCJA) increased the
maximum credit per qualifying child to $2,000. The largest and most significant
expansion of the benefit of CTC is under the American Rescue Plan passed in
the midst of Covid-19. This expansion will be the main subject of our policy
analysis and the details of this expansion will be discussed in the next section.
Before getting into the details of the expansion, we will consider how CTC eli-

gibility has changed over time.

Broadly, there are 6 criteria that underly one’s eligibility to CTC, but only 2
out of these 6 are of our major interests. To be eligible, the child must be of an
age below 17 and this child must either be an U.S national or resident alien. Fur-
thermore, the child must be filed as a dependent. The child must be your son,
daughter, stepchild, foster child, brother, sister, stepbrother, stepsister, or any
descendent of these individuals. Most importantly, there are income require-
ments. In addition to the changes in the benefits of CTC program, its income
eligibility criteria also changed under these acts. Before TCJA in 2017 the credit
began to phase out for taxpayers with income of $75,000 or more for single filers,
$110,000 or more for married filing jointly. The credit was completely phased
out for taxpayers with income of $95,000 or higher for single filers, $130,000
or higher for married filing jointly. TCJA raised the income thresholds for the
phase-out to $200,000 for single filers and $400,000 for joint filers.

Before the CTC expansion in July 2021 under the American Rescue Plan, the
program has a “phase-in rate” about 15 cents per dollar of labor earning [17].
The phase-in mechanism entails that it is possible for families to be denied with
full benefit provisions because their family income is too low. In particular,

researchers have noticed that single parents, ethnic minorities, and families in



rural areas are less likely to receive the full benefits [14].

2.3 Child Tax Credit Under the American Rescue Plan

The Child Tax Credit under the American Rescue Plan enacted by the Biden
administration from July 2021, is the largest child tax credit ever. The federal
government is confident that this tax credit will help all working families suc-
ceed. There are some major changes under the ARP. First, the income testing
threshold was made higher: families with a combined income of up to $150,000
or a single parent income of up to $112, 500 would receive a maximum of $3000
per qualifying child of age 6 to 17. The maximum benefits are set to $3600 for
children below 6 years old. Secondly, the tax credit increased the age limit for
children eligible to receive benefits from 16 to 17. Thirdly, ARP made CTC fully
refundable, which means that eligible families can receive the full amount of the
credit even if they don’t have any federal income tax liability. In addition to the
making the CTC refundable, the ARP removed the phase in mechanism with the
aim that more eligible families can receive the full amount of benefits. Finally,
the benefits can be claimed through monthly installments: eligible households
can receive a maximum monthly transfer of $250 per qualifying child and $300
per qualifying child under 6 years old. These features jointly suggest that under

the ARP, the CTC program provides a near universal transfer to eligible families.

The phase-out mechanism follows a two-staged process: Initially, for single
parents earning more than $112,500 and married couples earning more than
$150,000, the credit gradually decreases by 5% of their adjusted gross income

until it returns to the levels seen before 2021. Secondly, the credit’s worth is



additionally lowered by 5% of their adjusted gross income exceeding $200,000
for single parents and $400,000 for married couples. Having these parameters
clarified, we can now visualize the level of benefits and the (adjusted gross)

income.

$4,000
——Credit for children ages 0-5

$3,500 ——Credit for children ages 617

Prior law credit for children ages 0-16

$3,000

s \ Credit for other dependents
2,500

$2,000

$1,500

$1,000

$500

$0
$0 $50,000 $100,000 $150,000 $200,000 $250,000 $300,000

Adjusted gross income

Figure 2.1: The figure gives the relationship between the level of benefits
and the adjusted gross income(AGI) assuming that the single
tiler has exactly 1 eligible child.

Source: Urban Institutes & Brookings Institution Tax Policy
Center

It can be seen that the ARP removes the phase-in mechanism as the benefit-
AGI curve is horizontal from $0 up until the AGI for the first phase-out thresh-
old. In comparison, the grey curve(pre-ARP parameters) slopes positively from
$0 suggesting that the phase-in mechanism does exclude extreme low income
earners from claiming the full benefits. Another observation is that the first
phase-out income threshold occurs at a lower income level relative to the single
phase-out income threshold stipulated by the TCJA, but the benefit reduction

rate is not changed. Combining these observations, we expect that under the



parameters of ARD, eligible householders can better receive payment and thus

adjust their budgets and labor supply decisions accordingly.

Apart from the changes in program parameters, several operational aspects
were also improved. Not only expanding the benefits and eligibility threshold,
but the policy change also streamlined the benefit receiving process as all fami-
lies filing tax returns would receive benefits through direct deposit or mail, and
families not filing tax returns being eligible to enroll into the tax credit through
a nonprofit, Code for America’s campaign using mobile phone application. To-
gether with this new refundable credit, advanced payments were made avail-
able under ARPA. Eligible families can receive advance payments of up to 50%

of their estimated credit.

2.4 Theoretical Intuition of the Labor Supply Response

From the structure of the CTC program, it is obvious that eligible agents
will face a different set of budget constraints. The pre-2021 parameters will
create a "hump-shaped” budget constraint just like the case of EITC, the ARP
changed the CTC by removing the phase-in mechanism. Thus, we would expect
that before the households” income exceeds the first phase-out threshold, the
CTC benefits act like a lump-sum non-labor income for eligible households. The
change in the shape of budget constraints will induce a combination of behavior
responses to changes in the implied incentives. We will graph out three generic
budget constraints: the original budget constraint without any credit programs
at all; the "hump-shaped” budget constraint with the pre-2021 parameters; the

budget constraint with the ARP parameters.
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After tax income

Leisure

Figure 2.2: The slopes and intercepts are generic and for demonstrative
purposes, they do not correspond exactly to the policy; This
budget constrain correspond to the CTC policy before the ARP
parameters and is similar to EITC

The budget constraint is graphed on the after tax income-leisure plane. The
solid line AB represents a typical individual’s budget constraint without any
social protection programs. He will choose how much leisure to consume and
from this he also makes a decision regarding his labor supply since the time
endowment is fixed. The colored line ACDEB represents the simplified budget
constraint that an eligible CTC recipient faces with the pre-2021 parameters.
This budget constraint is drawn for illustrative purposes and the slopes do not
correspond in magnitudes to the program parameters. In addition, we graphed
the budget constraint assuming that the phase-in period follows a one stage

process for graphing conveniences.

The introduction of the CTC program with pre-2021 parameter improves the

well-being of the tax-payer since for every choice of hour supplied, the available

11



leisure-income bundle is higher than the original case. Thus, this observation
suggests that the introduction of CTC provides no negative incentive to drop
labor participation for those who already participate. It is plausible that the
additional income support provided by the program may incentivize those who

do not yet participate to change their decisions.

The impact of the introduction of CTC on intensive margin for those who
already participate should be considered by a case-by-case approach: the sub-
stitution and income effect may vary depending on which part of the budget
constraint the tax-payer is on. The wage subsidy carries both substitution and
income effect for tax-payers on the section under the blue line AC. In this re-
gion, the substitution effect is positive and incentivizes tax-payers to supply
more hours and the income effect is negative. Thus, the net effect on hours sup-
plied for tax-payers in this region is not clear. For the region under the black
line CD, the pre-2021 CTC parameter suggests that only income effect is present
and it has a negative impact on hours supplied. In the region under the red line
DE, the impact on hours supplied is negative: similar to previous two regions,
the income effect is also negative on hours supplies; the benefit reduction and
phase-out mechanism in this region implies that the substitution effect is also
negative on hours supplied. Therefore, the combined behavioral response in
hours supplied to the program on the red region is negative in net. The final
possibility for the intensive margin is that those who original on line EB may

segment switch by reducing their hours supplied and claim the credits.

We can graph the budget constraint of a tax-payer under the ARP parame-
ters. Following the rules of ARP parameters, the program becomes an universal

basic income scheme with two phase-out periods. The first phase-out is to the

12



pre-2021 level and then the second phase-out is the same as pre-2021 phase-out.
The only changes to the budget constraint is on the region from point A to point
C and some parts on the line CD.

After tax income

Leisure

Figure 2.3: The slopes and intercepts are generic and for demonstrative
purposes, they do not correspond exactly to the policy.

The budget constraint under the ARP CTC parameters is the colored line
GFHDEB. It should be noted that the budget constraint to the left of point H is
exactly identical to the budget constraint with the pre-2021 rule, thus we should
not expect any differences in behavioral responses in labor supply decisions to
the left of point H. Compared to the pre-2021 rule, it is obvious that the budget
constraint with the ARP parameters is higher than or equal to budget constraint
with pre-2021 rules, thus we can infer that the removal of the phase-in mecha-
nism and expanded benefits will have a non-negative impact on labor participa-

tion decisions relative to the pre-2021 rules. In particular, the elimination of the

13



phase-in and expanded benefits can address the fixed cost of participation for
more credit-constrained parents [23]. Indeed, the CTC benefits have been used

by recipients to fund childcare expenditures [51].

The conditional hours supplied should also be discussed in a case-by-case
fashion since the behavioral response is dependent on the segments of the bud-
get constraint. Since the region under line HDEB is also the budget constraint
with the pre-2021 rules, the behavioral would be the same: income effect has
a negative impact on hours supplied under the region below HD; the region
under DE has an unambiguous negative impact on hours supplied; there is a
possible segment switching behavior on the region under EB which may also
negatively affect the hours supplied. We would expect a change in the behav-
ioral response to the right of point H. The universal basic income nature of Child
Tax Credit under the ARP regime shifts the original black budget constraint par-
allelly up to line GF before the first phase-out begins. Relative to the pre-2021
and no tax credit budget constraint, the ARP parameters induce a negative in-
come effect on the hours supplied on the region below line GF. The line FH is
the first phase-out back to the constant benefit level of the pre-2021 rule. The
intensive margin effect on this region is unambiguous: both substitution and
income effect is negative on the hours supplied. Therefore, combining these
cases, the overall impact on the hours supplied depends on the income and we

should incorporate this consideration into the reduced-form estimation.
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2.5 Preliminary findings on the labor supply impact of tax

credit programs

Main stream prior research on tax credit program has been concentrated on
the Earned Income Tax Credit since it is amongst one of the largest US social
protection programs. A large branch of empirical studies on EITC focus on the
labor supply decisions of single mothers. Eissa and Liebman found that 1987 ex-
pansion of the EITC produced positive labor participation responses and they
admitted that the estimates on hours supplied are less robust [24]. Meyer and
Rosenbaum confirms the findings of Eissa and Liebman using a more complex
set of models and set up a structural model which confirms that income and
leisure are perfect substitutes [46].Raj Chetty and Emmanuel Saez used an ex-
perimental approach to study why the response in extensive margin is more
salient than the intensive margin responses [13]. Others have also examined the
impact on married couples since they face a different incentive design than sin-
gle parents. Eissa and Hoynes studies the extensive margin responses to EITC
expansions and they found differing behavioral responses between the husband

and wife in the household [22].

Compared with the relevant literature of EITC, the studies of Chilf Tax Credit
program are limited because the program parameters of CTC is similar to EITC
and it is difficult to separately identify the CTC impact from EITC impact [44].
Therefore, the main stream research works on CTC focus on sources of identi-
fication prior to 2021 expansion. A popular candidate for exogenous variation
used in empirical studies of CTC is the loss of CTC when children/dependent

reaches the age of 17 [26]. Feldman and colleagues found that the implied in-
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tensive margin elasticity is about 0.3 and this indicates that the intensive margin
response is not significant. Similarly, the loss of dependent status as children age
has also been used as a source of exogenous variation [41]. They found a higher
intensive margin elasticity of 0.75 compared Feldman et.al’s result. The discon-
tinuities in child age at the end of tax year can also be harnessed to identify the
effect of Child Tax Credit on labor market responses [61]. The authors found
that the discontinuities between December and January and the implied differ-

ences in benefits have a negative effect on the maternal labor supply decisions.
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CHAPTER 3
DATA

This paper will investigate the causal impact of the CTC expansion on child
poverty conditions and labor supply of households. To address the labor-force
participation decision, we need data at the resolution at least at the households
levels. Therefore, a plausible candidate is the Current Population Survey(CPS).
CPS is a monthly survey conducted by the U.S. Census Bureau and the Bureau
of Labor Statistics to collect data on labor force characteristics, such as employ-
ment status, occupation, industry, hours worked, and earnings, as well as de-
mographic characteristics, such as age, sex, race, educational attainment, and
family status. The survey is administered to a nationally representative sample
of households and individuals, and has been conducted since 1940. The CPS
data is also rich in its coverage of socio-economic indicators as well as labor
market indicators. Since the CPS data is recorded at household /individual lev-
els, we believe this is the preferred data source to use for our research design.
Since the CTC expansion act was passed on 15th July 2021, to inspire the Diff-
in-Diff typed identification we would require at least two waves of data before
the policy and one wave of data after the policy to establish the difference pre
and post the policy change. Since the policy change is set to be temporary and
specific for the year of 2021, we decided to use the CPS data from January 2021
to December 2021. We will use an extended monthly data in 2022 in later sec-
tions to discuss the plausibly delayed response and various frictions. This point

is discussed in more details in following sections.

17



3.1 Sample Construction

From the CPS monthly household level data, we focus on individuals be-
tween age of 18 to 65 since they remain active in the labor force. The initial
pooled data contains 860,724 observations, we form our sample by selecting
only the married households and households with a detailed record of their
labor-force participation. This preliminary selection leaves us with 439,282 ob-
servations. Each individual is identified by a household id, this is stored as serial
in the CPS data. This forms our baseline sample of analysis, but we also form
two sub-sample by the recorded sex: we call it the husband sub-sample and
the wife sub-sample. We did this because we hypothesize that there are hetero-
geneous reactions to CTC policies based on gender differences and the related

financial incentives.

3.2 Measurement and variable Selection

Given the richness of the CPS data, we are able to analyze the labor market
responses of individuals both on the extensive margin and the intensive mar-
gin. For the analysis on the intensive margin, we are interested in examining
how the weekly hours worked change as the result of the policy change. For the
extensive margin analysis, we are interested in the changes in labor force par-
ticipation decisions. For the labor force participation, we use variable labforce to
measure binary participation. For the weekly hours, we use variable ahrsworkt
to measure the total number of hours the respondent was at work during the
previous week. For employees, this refers to the duration of their work hours.

For family members who are not compensated for their work, this includes the
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amount of time spent doing tasks related to the family business or farm, but not
housework. For employers and self-employed individuals this reflect the time

they spent on managing their businesses.

The labor supply/participation decisions of individuals are made by con-
sidering various socio-economic conditions. To account for this and to get con-
sistent estimators, we wish to control for these demographic variables in the
reduced-form estimations. To be consistent with the literature, we include com-
mon demographic variables such as age, age squared, sex, race, level of edu-
cation, family income. The family income is denoted by a categorical variable
faminc in CPS data. This encompasses all types of monetary earnings received
by an individual, including income from employment, net profits from busi-
nesses or farms, rental income, pension payments, dividends, interest, social
security benefits, and any other sources of money income. The level of edu-
cation is also characterized by a categorical variable educ: this ranges from no
schooling at all to doctoral degrees. Relevant to our policy analytical context,
we include the number of children, the age of youngest children, and the age of
the oldest children. These information, together with the family income, inform
us the household’s eligibility for the CTC program. Other relevant control vari-
ables we include are the wave of the data, the state of the household. Finally,
we also include the variable hwtfinl to capture the household weights which we
later use in the econometric analysis. Due to the complexity of the stratified
sampling technique used by the CPS data, we will not discuss the details of the
algorithm underlie the household weights. Interested readers can refer to the
Current Population Survey Technical Documentation [10] for more elaborated

discussions.
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3.3 Descriptive Statistics and data visualization

We can first produce the summary statistics of our variables by levels of edu-
cation. We will create three groups: those with education attainments less than
high school, those with high school education, and those with education attain-
ments above high school. The following table presents the weighted means and

standard deviations by education levels:

Table 3.1: Weighted Summary Statistics of selected variables for the
pooled sample

(Less than High School) (High School Education) (Education above High School)

mean sd mean sd mean sd

Family Income 53266.85 42249.12 77817.36 51905.81 12224414 61788.92
White 0.82 0.38 0.82 0.39 0.80 0.40
Female 0.47 0.50 0.48 0.50 0.54 0.50
Age 46.86 11.35 47.29 11.95 45.87 11.19
Number of Own Children in Household 1.69 1.52 1.14 1.27 1.19 1.19
Labor Force Participation 0.62 0.49 0.71 0.45 0.81 0.39
Observations 25684 97649 265303

In calculating the mean of family income, we assume the household earns
exactly the median income within the income interval for the reported category.
Female and White can be interpreted as the percentage of Female/White in the
sample. It can be seen that ethnicity and the number of own children are dis-
tributed evenly across different education levels. Similar description applies to
gender, but we observe that females generally are more likely to have educa-
tion attainments above high school. In particular, we note that family income
has a apparent that family income increases with the level of education. Simi-
larly, people with more years of education are more likely to participate in labor

market.
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For the outcome variables of our interests, we need more thorough exami-
nation than means and standard deviations. We can use a two sample test to
determine the differences between groups. Instead of partitioning the pooled

sample by education, we wish to separate the sample by CTC parameters.

Table 3.2: Summary statistics on key socio-economic and demographic
variables by treatment status

(Treated) (Control) (Difference)
mean sd mean sd Difference in Means t-statistics

Family Income 75512.91 37230.34 122506.26 67630.39 44057 .47*** (279.96)
White 0.80 0.40 0.81 0.39 0.01*** (6.99)
Female 0.51 0.50 0.52 0.50 0.02#** 9.82)
Age 40.05 8.55 49.59 11.35 9.98*** (331.31)
Labor Force Participation 0.79 0.41 0.76 0.42 -0.03*** (-26.17)
Weekly Hours Supplied(conditional on participating) ~ 39.82 11.64 40.58 11.88 0.66*** (14.71)
Observations 133698 254938 439282

We define households with children and family income below $150,000 to be
the treated group and the rest of the sample to be the control group. By construc-
tion, the treated group have access to CTC benefits above pre-2021 level and
control group is constituted by householders without access to the expanded
provisions. For the outcome variables of interests, there are significant differ-
ences between two groups: the group eligible to expanded CTC benefits have
higher labor participation rate but lower weekly hours supplied conditional on
participating. From the time series plots, we can confirm that such difference

persists within every wave of data.
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Monthly average of weekly hours supplied:
by number of children and income

41
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Mean weekly hours supplied
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—®—— Has children and family income below $150000
—&—— 0 Child or family income exceed $150000

Figure 3.1: The scatter is the monthly mean of weekly hours supplied and
we simply connect these scatters over all months in 2021

The vertical distance between two lines shows that there exists marked dif-
tferences between two groups” weekly hours supply over the span of our data.
For all waves of the data, the control group has higher weekly hours than the
treated group. This can be attributed to the intrinsic demographic differences
underlie two groups. Despite such differences, it is obvious that two groups’
weekly hours supplied follow very similar trends:both groups experienced a
dip in weekly hours in the first two months of 2021 and the gradually recover
towards the third and fourth quarter of 2021. Consistent with the two sam-
ple test, the treated population has higher binary participation than the control

group for all waves data.
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Monthly average labor force participation rate:
by number of children and income

Mean participation rate

0 5 10 15
Month in 2021

—®—— Has children and family income below $150000
—&—— 0 Child or family income exceed $150000

Figure 3.2: The scatter is the monthly mean of labor participation and we
simply connect these scatters over all months in 2021; the red
vertical line is the month(July) when CTC was expanded

Trends of two groups are not perfectly parallel as the case for weekly hours
supplied. However upon crude visual examination, one can observe that the
trends are grossly similar: binary participation generally was declining prior to

July and the participation after July gradually recover for both groups.
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CHAPTER 4
EMPIRICAL METHODOLOGY

By the particular feature of the transfer program, we can form a natural ex-
periment design to study the causal impact of the CTC expansion of extensive
margins of household labor supply decisions. Since the transfer is made on per
child basis, then we claim that households without any children provides a good
comparison for those families with one or more children. The following figure
gives the distribution of the number of children of the selected households in

our sample.

The validity of this quasi-experimental approach relies on the parallel pre-
trend assumption: for the causal relation to be identified by our strategy, we
need to establish that there is no differing underlying trends in labor-force par-
ticipation between our control group(no children) and treatment group(more
than 1 child). Another requirement for our identification strategy is that there
was no contemporaneous shocks to labor markets other than the CTC expan-
sion [7]. A particular concern we will evaluate in the robustness checks is the
no contemporaneous shocks assumption: the CTC expansion was used as a pol-
icy instrument on the US government side to stimulate the waning economic
activity caused by the coronavirus, there are valid reasons to believe that the la-
bor market condition was subject to multi-dimensional shocks throughout the
period of our study. Standard theory predicts individuals of different socio-
economic characteristics have different incentives and thus different responses
to the tax credit expansion, thus we also aspire to estimate the heterogeneous re-
sponse by estimating the model using sub-sample. The DID approach is based

on strong identification assumptions such as the parallel trend assumption:in
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absence of the treatment, the average outcomes for the treated and control
groups would have followed parallel paths over time. This assumption may
fail to hold in various circumstance and the DID estimation of the treatment ef-
fect can be biased. We should consider how these threats may materialize in the
particular case we study in the robustness checks. Before delving into such dis-
course, we must explicitly define what the theoretical estimand of our empirical

methodology and their interpretation.

4.1 Theoretical Estimands, empirical estimates, and Identifica-

tion

We can use the language of the potential outcomes to explain our empirical
methodology [54]. Let Y; be the outcome variable of interests and let #; be the
binary treatment variable such that r = 1 if the household i is treated 0 if not.
Then in our case ¢ = 1 if the household is deemed to be eligible to the expanded
CTC benefits. This designation is consistent with relevant literature of tax credit
programs [24]. We let Y/, denote the potential outcome of individual i at time ¢
had the household i been treated. Similarly, Y7, denote the potential outcome of
individual i at time # had the household i not been treated. Only one of these two
is observable and the other is called the counter-factual. Then we can define the
individual level treatment effect to be difference between the observed outcome

and the potential counter-factual outcome: Y}, — ¥?,.

Then what we would like to estimate is the Average Treatment Effect such
that:

ATE = A =E(®Y! - 1) (4.1)
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Therefore, our unit specific quantity is the difference in labor force participa-
tion of individual i if he/she had been eligible for CTC program and the target
population of units is thus married couples in the US. However, recognizing
the inherent differences in socio-economic and demographic traits between the
treatment group and control groups analyzed in previous section, the empirical
estimation using the experimental potential outcomes is biased since the treat-

ment status is not fully randomized.

To get an unbiased estimator of the average treatment effect, we use a quasi-
experimental identification, Difference in Difference(DID) to allow for the in-
herent differences between control and treatment groups. This identification
strategy has a looser requirement: this requires the control group and the treat-
ment group to have the same pre-trend of labor-force participation before the
treatment is imposed. Given our research design and the identification strategy,

we estimate only the Average Treatment Effect of the Treated(ATT) such that:

ATT =EY! - Y |t = 1). (4.2)

4.2 Identification Assumption

We shall focus on the identification assumptions for the proposed DID esti-
mator to have a causal interpretation. The following properties are necessary
for any estimators to have a causal interpretation. The first assumption we
make is the exchangeability assumption. This requires that the distribution of
potential outcomes is independent of the treatment assignment design mech-
anism [34]. The second assumption/requirement is the Stable Unit Treatment

Value Assumption(SUTVA).This assumption is necessary for every estimator to
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have a causal interpretation [53]. First part of this assumption requires the units
to be well defined and the designated treatment status remains stable in our
data. The second part of this assumption requires that treatment effect does not
spillover: we require the treatment status of one unit does not affect the poten-
tial outcome of another unit. The third assumption is the positivity assumption.
This requires that conditional probability of receiving the treatment is strictly

greater than 0 and strictly less than 1 [34].

Pertaining to our Diff-in-Diff and Event Study empirical design, we need the
following assumptions to hold to get consistent estimator. The first and perhaps
most important assumption is the parallel pre-trend. We require that the out-
come variable for the control and treatment group to trend similarly before the
policy shock. In fact, the most ideal situation is to have parallel post trend: con-
trol population and treatment population would have trended similarly had the
treatment not imposed. But this is counter-factual and cannot be tested. Thus,
we can only use the observable parallel pre-trend to approximate the parallel
post trend. In justifying this assumption, we produced visual examinations and
a series of statistical tests. There are several ways in which this assumption may
fail in real world policy evaluation. Consider the Ashenfelter’s Dip for training
programs: the sharp fall in earnings of the treatment population can introduce
a bias in the estimated treatment effect because what we estimate using DID is
essentially a mixed effect of training program and catching up effects [31]. An-
other way this assumption fails is through the anticipation effect. Angrist and
Pischke noted that if individuals can anticipate the policy change, they may ad-
just their behavior before the policy change and this can cause violations to the
common trend assumption [2]. A further issue regarding the pre-trend testing

is that it can be of low statistical power [52]. This implies that failure to reject

27



the parallel pre-trend assumption might occur, but this failure to reject does not
imply the parallel post trend which more rigorously define the counterfactual.
Therefore, there is still a potential possibility of bias in the Diff-In-Diff estimator

even if parallel trends test holds.

The second key identification assumption is the common shock assumption.
This requires that there ought to be no contemporaneous shocks that affect out-
come variables of both groups differentially over the period. This means that
unobserved shocks move the outcome variables of two groups in the same di-
rection. Any violations to the common shock assumption can introduce bias in
the estimates. This assumption is particularly important because over the year
of 2021 there was a number of policies enacted that might affect labor supply
decisions. This assumption is difficult to be justified by statistical tests, a good
practice would be to examine the sensitivity of the results to alternative mod-
els [33]. We shall examines how these assumptions may be violated for our

particular design in the following sections.

4.3 Potential Threats to Identification Assumptions

There are several ways in which the parallel pre-trend assumption fails to
hold in our case. One potential violation can be the presence of the cohort ef-
fect. In the summary and descriptive statistics we can see that the age variable
differs violently between the control and treatment groups. This can raise con-
cerns of the cohort effect where two groups are in different points of their life
and there might be a cohort-specific labor supply decisions that can invalidate

our identification assumption [37]. A second potential threat to the parallel pre-
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trend is heterogeneous response to business cycles and this relates to the ex-
istence of contemporaneous shocks to households [21]. The CTC program is
only one of many items in the collection of policies enacted by Biden’s govern-
ment in the post-Covid era, and it should be suspected that other policies do
affect the labor-force participation thus constituting a contemporaneous shock.
However, we argue that despite the presence of these contemporaneous shocks,
our identification can still be valid and bare a causal interpretation as long as
those contemporaneous shocks affect the labor-force participation of in similar
fashions. That is as long as the contemporaneous shocks do not cause heteroge-
neous response in labor participation between the control and treatment group,
the pre-trends are shifted vertically by these shocks, but they remain parallel.
Beyond a visual scrutiny of the time series plot, we should address this typical

concern with greater details in following sections.
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CHAPTER 5
BASELINE ECONOMETRIC RESULTS

In this section we present the estimation results from our baseline DID esti-
mates using the OLS method. We are concerned about the heterogeneous treat-
ment effect over different sex, thus we estimate the same set of specification
for the pooled population and for the male sub-sample as well as the female
sub-sample. For each (sub)sample, we estimate four specifications and have the

results presented in separate columns.
The first specification we estimate is:
Vi = a + B1Treat; + BrPost, + B3Treat;Post, + €;. (5.1)

This is the simple DID with no additional control variables and the average

treatment effect is captured by parameter £;.

The second specification we estimate is the same as 5.1, but we add a rich set

of control variable:
Vise = a + B1Treat; + B Post, + B3Treat;Post; + Xis + €. (5.2)

where X;, is a vector of co-variates including age, squared age, sex, race, and
number of children. This is the baseline results for our causal analysis for two
reasons. First, controlling for these co-variates can serve to absorb potential con-
founding variations that poses threats to our identification assumptions. Sec-
ond, The within-group variations in co-variates can help to reduce the error
variance of the regression. Thus, the statistical tests and inferences drawn from

the tests will be of higher statistical power.
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Alone the same line of thinking, we further control for state fixed effects and

the impact of education in 5.3 and 5.4 respectively:

Vise = a + 05 + B1Treat; + B Post, + B3Treat;Post, + X + €,

Vi = a+ 0y + B1Treat; + B, Post, + B3Treat;Post, + Educ;, + X5 + €1

(5.3)

(5.4)

The following table shows results for baseline’s pooled sample regression

outputs:
Table 5.1: Estimated results for the pooled sample
) @ ©) ©)]
VARIABLES DID DID: Regression Adjustment DID: State FE  DID: State FE and education adjusted
treat_eff 0.00386 0.00149 0.00129 0.00262
(0.00282) (0.00262) (0.00262) (0.00261)
age 0.0459*** 0.0459*** 0.0376***
(0.000135) (0.000134) (0.000140)
sex -0.0896*** -0.0895*** -0.0956***
(0.000875) (0.000874) (0.000861)
race -3.44e-05*** -2.70e-05*** -4.39e-05***
(2.78e-06) (2.89¢-06) (2.84e-06)
nchild -0.000675 -0.000882 0.00344***
(0.000569) (0.000570) (0.000569)
Constant 0.566*** -0.392%** -0.425%** -0.238***
(0.00120) (0.00420) (0.00495) (0.0103)
Observations 1,116,407 1,116,407 1,116,407 1,116,407
R-squared 0.030 0.303 0.304 0.327
State FE NO NO YES YES
Regression Adjustment No YES YES YES
Education Control No No No Yes

Robust standard errors in parentheses

4 5<0.01, ** p<0.05, * p<0.1



Column 1 displays the result for regressing labor supply without any con-
trol variables. The treatment effect is very small as we can see a 0.03 percentage
points increase in labor force participation as an effect of Child Tax Credit. This
estimated average treatment effect is positive and insignificant. Since the spec-
ification of Column 1 is done without the controls, the treatment’s impact is
likely to be biased. Column 2 introduces control variables for age, sex, race and
number of children. When controlled for those demographics, the statistical sig-
nificance of treatment effect changed, it is insignificant suggesting around 0.15
percentage points increase in labor force participation for the treatment group
as an effect of the Child tax Credit. Adding state-fixed effects (Column 3) and
educational level controls (Column 4), the treatment effect does not change dras-
tically, it is positive and insignificant still. These results suggest that the expan-
sion of the CTC provision causes about from 0.1 to 0.3 percentage point in labor
participation of the pooled population. In all scenarios, we do not see any sig-
nificant negative effect of the Child Tax Credit expansion on the labor supply of
the recipient families. The standard errors for the specifications do not change
across columns, as they remain steady at 0.2 percentage points. The standard
errors are not large enough when compared to the coefficients hence justifying

the insignificance of the results.

These findings are consistent with the observed trends in mean labor-force
participation rate of control and treatment groups displayed in trend plots in
the previous sections as well as findings in the relevant labor supply and CTC

literature [1].

This preliminary result is a weighted averaged of the husband and wife spe-

cific effect. Therefore, it is of our analytical interest to split the pooled sample
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and estimate our reduced form models again for the husband and wife sub-
samples respectively. We estimate the same set of equations for the the husband

of the household and the following table presents the results:

Table 5.2: Estimated results for the male sub-sample

) @ ©) *)
VARIABLES DID DID: Regression Adjustment DID: State FE DID: State FE and education adjusted
treat_eff 0.000427 -0.00171 -0.00190 -0.00112
(0.00326) (0.00305) (0.00305) (0.00305)
age 0.0502*** 0.0503*** 0.0426***
(0.000190) (0.000190) (0.000198)
race -3.77e-05** -3.27e-05*** -5.01e-05***
(3.69e-06) (3.82e-06) (3.76e-06)
nchild 0.0223*** 0.0218*** 0.0241***
(0.000651) (0.000652) (0.000661)
Constant 0.614*** -0.612%* -0.642%* -0.434%*
(0.00168) (0.00552) (0.00656) (0.0144)
Observations 537,075 537,075 537,075 537,075
R-squared 0.053 0.345 0.347 0.368
State FE NO NO YES YES
Regression Adjustment No YES YES YES
Education Control No No No Yes

Robust standard errors in parentheses

4 p<0.01, ** p<0.05, * p<0.1

Table 5.2 above, shows the regression output for the male sub-sample in the
data. This table is striking in a sense that the treatment effect for all regres-
sions(Column 1-4), are small in magnitude and not statistically significantly
different from zero. One should note that depending on the specification, the
estimated effect on participation changes in signs. This should not cause any
concerns since they are not significant at usual levels. One should not interpret

it as the Child Tax credit program has a negative effect in the labor force par-

33



ticipation of the male population, in the families with 1 or more children. The
standard errors in the table are fairly smaller being stable around 0.03 percent-
age points across all columns. The results support the stability of our baseline
estimate in column 2. This result offers an alternative evidence to the negative

work incentive for males found in similar tax credit programs’” expansion such

as Earned Income Tax Credit(EITC) [24].

Table 5.3 lists the regression outputs for the female sub-sample in the data:

Table 5.3: Estimated results for the female sub-sample

@ @ ®) *)

VARIABLES DID DID: Regression Adjustment DID: State FE  DID: State FE and education adjusted
treat_eff 0.00660 0.00416 0.00395 0.00550
(0.00416) (0.00396) (0.00395) (0.00390)
age 0.0417*** 0.0417*** 0.0327%***
(0.000189) (0.000189) (0.000198)
race -2.96e-05*** -1.98e-05*** -3.34e-05%**
(4.07e-06) (4.23e-06) (4.16e-06)
nchild -0.0204*** -0.0202*** -0.0135%**
(0.000865) (0.000866) (0.000860)
Constant 0.519%** -0.434*** -0.472%** -0.325%**
(0.00170) (0.00551) (0.00667) (0.0139)
Observations 579,332 579,332 579,332 579,332
R-squared 0.019 0.262 0.264 0.291
State FE NO NO YES YES
Regression Adjustment No YES YES YES
Education Control No No No Yes

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

This table is different from the ones above. Without the demographic and
educational controls and state fixed effects, the treatment effect of the Child Tax

credit is positive, insignificant but small in magnitude. The signs of the average
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treatment effect are the same over different specifications. The coefficient for the
treatment effect is stable about 0.1 across four specifications, suggesting an in-
crease in labor force participation by 0.1 percentage points as the effect of Child
Tax Credit. The standard errors are similar around 0.3 percentage points across
all 4 specifications, but the magnitude of the effect in Column 1, makes the co-
efficient significant. This suggests that the causal impact of Child Tax Credit
for the female sub-sample was positive small, but significant. The direction of
effect is different from what is expected theoretically, but the results speak to
the empirical findings of some tax credit expansions of similar kind. Eissa and
Liebman found a positive impact of EITC on labor-force participation for eli-
gible female(with children) relative to ineligible female(childless) [24]. Similar

findings were found by Meyer and Rosenbaum [46].

The practical implication of the above results is encouraging: the expansion
of CTC successfully reduce the poverty rate without incurring negative behav-

ioral response of reducing labor-force participation.

5.1 Hours Supplied

The primary focus of this study is on the more robust participation re-
sponse [13], but we will also present the estimated impact on hours supplied

for the completeness of the theme of analysis.

Previous results are suggestive of the fact that expansion in CTC provision
does not induce a reduction in labor force participation. To have a complete im-
age of the behavioural response of married couples to this expansion, we need

to examine the responses along the intensive margin. To do this, we can esti-
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mate the same specifications with another dependent variable: hours supplied.
Unlike the previous part where the dependent variable is binary, we have con-
ducted the winsorization at 1 percent level of the hours supplied to check the
impact of extreme values on the casual impact of expansion on hours supplied.
Furthermore, for the analysis of the intensive margin, we focus on the responses
in hours of those who are already employed. This is because we suspect the
unemployed population may be subject to different shocks than the employed
population and may be of different un-observable characteristics. The quasi-
experimental estimator we specified will likely to be biased and inconsistent if
we fail to account for these threats to identification. Thus, we will consider the

responses in hours supplied conditional on those who are employed.
The following table presents the estimates using the pooled sample:

Table 5.4: Estimated results for hours supplied using the pooled sample

) @ ®3) ]
VARIABLES DID  DID: Regression Adjustment DID: State FE  DID: State FE and education adjusted
treat_eff 2.984 2.787 2.546 2.340
(2.372) (2.336) (2.334) (2.332)
age -6.158*** -6.208*** -5.179***
(0.188) (0.188) (0.192)
sex -11.22% -11.54%% -9.469***
(0.817) (0.816) (0.822)
race 0.0110** 0.00687*+* 0.0117*+*
(0.00252) (0.00261) (0.00262)
nchild -2.744%% -2.336%** -2.322%**
(0.460) (0.461) (0.463)
Constant 155.8*** 533.8*** 509.2%*+ 478.6*
(1.028) (5.353) (5.759) (13.03)
Observations 663,419 663,419 663,419 663,419
R-squared 0.001 0.023 0.026 0.028
State FE NO NO YES YES
Regression Adjustment No YES YES YES
Education Control No No No Yes

Robust standard errors in parentheses

4 p<0.01, * p<0.05, * p<0.1
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Column 1 of table 5.4 displays the result for regressing hours supply without
any control variables. Contrary to the results in participation, the estimated av-
erage treatment effect of hours supplied is negative and we can see the increase
in hours supplied ranges from 2 to 3 hours as an effect of Child Tax Credit.
This estimated average treatment effect is statistically insignificant for all of the
specifications at even 1% level. These results suggest that the expansion of the
CTC provision does not cause statistically significant increase in hours supplied
in the pooled population. The statistical significance should not be confused
with the practical significance, the increase in hours supplied is economically
important: an increase of 2 hours is almost a 5% increase relative to the legal
weekly hours of 40. In all scenarios, we see positive effect on hours supplied
of the Child Tax Credit expansion of the recipient families. The standard errors
for the specifications do not change across columns. The standard errors are not
large when compared to the coefficients hence justifying the insignificance of

the results.

Similar to the previous analysis in participation, we can the estimate the
same set of equations for the the husband of the household to account for the

gender differences. The following table presents the results:
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Table 5.5: Estimated results for hours supplied using the male sub-sample

M (3] ®) @

VARIABLES DID  DID: Regression Adjustment DID: State FE  DID: State FE and education adjusted
treat_eff 2.112 2.132 1.882 1.828
(3.300) (3.253) (3.250) (3.247)
age -5.909*** -5.952%* -5.022%*
(0.258) (0.258) (0.261)
race 0.00573 0.00267 0.00958***
(0.00349) (0.00359) (0.00363)
nchild -4.951%* -4.498** -3.939***
(0.617) (0.619) (0.623)
Constant 163.9%** 533.4%+* 505.1%** 465.1*
(1.443) (7.317) (7.894) (16.07)
Observations 348,120 348,120 348,120 348,120
R-squared 0.001 0.023 0.027 0.029
State FE NO NO YES YES
Regression Adjustment No YES YES YES
Education Control No No No Yes

Robust standard errors in parentheses

4 p<0.01, * p<0.05, * p<0.1

The results for the male sample is consistent with the estimates obtained us-
ing the pooled sample. The results suggest that apart from the small reduction
in labor participation the expansion of CTC provision induces a positive change
in hours supplied of male sub-sample. Over our the specifications, we see an in-
crease in hours supplied about 2 hours. However, these results are statistically
insignificant at usual levels. Again, we argue that the practical significance of
these results are not to be overlooked. The U.S. Bureau of Labor Statistics esti-
mated that the average weekly hours worked in 2020 is about 34 hours. Then
our results indicate that there is about a 5% to 6% change in weekly hours sup-

plied relative to the baseline hour of 34.
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We can the estimate the same set of equations for female sub-sample and the

following table presents the results:

Table 5.6: Estimated results for hours supplied using the female sub-
sample
§) ® 3 @
VARIABLES DID  DID: Regression Adjustment DID: State FE  DID: State FE and education adjusted
treat_eff 3.580 3.076 2.915 2.523
(3.406) (3.352) (3.349) (3.345)
age -6.503*** -6.560*** -5.437%**
(0.276) (0.276) (0.284)
race 0.0165*** 0.0111%** 0.0137***
(0.00364) (0.00378) (0.00379)
nchild -0.00838 0.365 -0.176
(0.689) (0.690) (0.693)
Constant 146.6%* 500.3*** 478.7%* 477 5%
(1.459) (7.410) (8.023) (22.59)
Observations 315,299 315,299 315,299 315,299
R-squared 0.001 0.022 0.026 0.027
State FE NO NO YES YES
Regression Adjustment No YES YES YES
Education Control No No No Yes

Over our

Robust standard errors in parentheses

4 p<0.01, * p<0.05, * p<0.1

the specifications, we see an increase in hours supplied from 2 to 3

hours. However, these results are not statistically significant at any usual levels.

The magnitude of this change in . The U.S. Bureau of Labor Statistics estimated

that the average weekly hours worked in 2020 is about 34 hours. Then our

results indicate that there is about a 5% to 6% change in weekly hours supplied

relative to the baseline hour of 34.
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5.2 Event Study(ES) Models: the dynamic treatment effect

A natural extension to the baseline Diff-in-Diff analysis is the class of ES
models. There are several reasons why we wish to estimate an ES model in
addition to the baseline Diff-in-Diff analysis. First, ES models can capture the
dynamics of treatment effect before and after the event data that offers much
more details. Together with the dynamic treatment effect, the ES models can
also provide a convenient graphical illustration of the dynamic treatment ef-
fect. This characteristic can be greatly helpful in testing the identification as-
sumptions of the baseline Diff-in-Diff model. That is, we can easily test and
graphically demonstrate whether the parallel (pre)trend assumption holds. The
flexible structure of ES models allows for the model to incorporate more re-
alistic features such as variable intensity of treatment [28] and multiple treat-
ments [56]. In these section, we will first formulate the set of ES models that
we estimate and compare the results to the Diff-in-Diff models. Then we will
discuss the graphical results and validate the identification assumption. Finally,
we wish to incorporate the varying level of treatment intensity and address the
heterogeneous treatment effect between male and female following the strate-

gies suggested by [36], [58], and [19].
The standard ES Model can be estimated by the following equation:

Vit = Z YiDisj +BXi; + @i + 6, + €. (5.5)

Here, the dependent variable on the left hand side is y;, can still be the
weekly hours supplied and labor participation as before. Instead of the inter-
action of treatment status and post status in the baseline model, here we gen-

erated the event dummy variable D;,_; for each observation. A distinction has
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been made between the event time j and the calendar time ¢ by: j = r— E;, where
E; is the calendar date where the event happens. Thus, the event time j can be
interpreted as the periods since treatment. By design j = 0 at the event date.
The event window {-m,...,n} is designated in ad hoc fashion and this choice
depends both on the available data and theory, it will be discussed in more de-
tails. @; and ¢, are standard two-way fixed effect controls and ¢, is the error
term. We wish to control for fixed effects because we want these terms to cap-
ture confounds brought up by omitted variables. The event dummy variable
D;,_; is set to be 1 if at calendar time ¢ the individual i experienced the event
Jj periods ago. Thus, depending on the event time, the coefficient on the event
dummies bares the interpretation of dynamic treatment effect. For all j > 0, y;
captures the dynamics of the treatment effect, in particular, it shows how the
treatment effect dissipates over time. y; such that j < 0 provides a good test for
the identification assumption: if the identification assumption does not, then
we should not to expect there to be any trends in these pre-event terms y ;.. The
coefficient plot of y; over all event time provides a graphical illustration of the
validity of experiment. Finally, similar to the previous Diff-in-Diff analysis, we

wish to directly control for co-variates in the vector X;;.

There are several ad hoc choices to make before estimating the event study
model of this kind. The first choice is the selection of the event window
{-m,...,n}, in this case we will simply take the span of our data to be the event
window. We will also following the convention in the literature over the choice
of counter-factual reference period. That is, when estimating the event study
model we will impose the restriction that y_; = 0 and all other y;._; are inter-
preted relative to the normalized reference period. Then the estimated coeffi-

cient of event dummy variables can be interpreted as compared to one period

41



before the event, what is the impact. We will alter these choices and examine
how sensitive the event study results are to these choices. In particular, another
candidate for normalization is to choose a reference period {—ki, ..., —k,} before
be interpreted as the impact of the event relative to the average of reference
period before the event. Having discussed the rudimentary regression restric-
tions, we can now estimate the model using our data with two candidates for
normalization. Instead of presenting the table, we have the coefficient plot of
the event dummies presented to summarize the results of the ES model and in

the meanwhile to test our identification assumption.

With the popular normalization y_; = 0, we can see that the dynamics of the
treatment effects of the expansion are not different from the baseline Diff-in-Diff
result: for all y,|j > 0, we see that the estimated coefficients are not statistically
different from at 5%. From the view of point estimates, we see that in the period
of event, there was a positive response in labor participation and there were dips
in two periods after the implementation of the CTC expansion and a gradual
recovery in subsequent periods. However, since these point estimates are not
statically significant, we cannot conclude that there were meaningful changes

in labor force participation induced by the event.

We can thus focus on the pre-coefficients to test the validity of the quasi-
experimental approach. The parallel pre-trend assumption requires the pre-
treatment coefficients to be trend-less and any deviation from this pattern may
suggest that the identification assumption is questionable. It is manifest that
with the y_; = 0 normalization, the estimated coefficients have been largely

trend-less, but there was a “dip” at j = -3 and j = —2. This result is indicative of
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the presence of the ”Ashenfelter Dip” in labor participation. There are several
plausible reasons that explain this dip: partly this is driven by the normaliza-
tion choice and this can also be contributed to the presence of contemporaneous

shocks that affect labor participation decisions prior to event.

Event study, base specification
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Figure 5.1: Coefficient plot for the y; of the base event study using the
pooled sample and with normalization of y_; = 0

Instead of mechanically setting y_; = 0, we can choose a reference period be-
fore the event date and letting the average of coefficients in this reference period
to be 0. We have chosen the reference period to be {-3, -2, -1} and impose the
restriction that y_; + y_; + y_3 = 0. The following figure shows the coefficient

plots for the initial and the alternative normalization specifications.
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Event study, alternative specification
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Figure 5.2: Coefficient plot for the y; of event study using the pooled sam-
ple and with normalization of y_; + y_, + y_3 = 0 is presented
in red and the coefficient plot using y_; = 0 is plotted in blue;
the event coefficient for —1 is only visualized for the alternative
normalization since it is mechanically set to 0 under the base
normalization.

There are several observations from this figure. First, by imposing the al-
ternative normalization assumption, the entire stream of event coefficients is
shifted up since the counter-factual is different. For our case, the dynamic treat-
ment effect is larger when the reference period is j € {-3, -2, -1} compared to
setting merely y_; = 0. In addition, by extending the counter-factual pre-event
reference period to more periods before the event, the confidence interval of the

point estimates shrinks relative to the base normalization. Thus, we may con-
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clude that regardless of the counter-factuals, the estimated impact of the event
on labor participation is not statistically significant. This result is consistent
with theoretical prediction of conditional cash transfer programs. Furthermore,
the alternative normalization further corroborates the robustness of the results.
The alternative normalization shifts the point estimates up and shrinks the con-
tidence interval of the point estimates. The post event coefficients under this
restriction is more likely to be significantly greater than 0 relative to the base
specification. Our estimates, however, suggest that there are no significant in-

crease in labor participation even with this alternative normalization.

Apart from the visualization of the dynamics of treatment effect, the final
step is to quantitatively test the identification assumption that the pre-event
coefficients are trend-less. This can be easily carried out by a T-test. We first
perform the test to the base normalization. The p-value for the t-statistic is 0.79.
Thus we fail to reject the null hypothesis that the pre-event treatment effect is
trend-less. Similarly, we can do the same for the alternative normalization. With
a p-value of 0.25, we again fail to reject the null hypothesis that the estimated
pre-event coefficient is trend-less. Therefore, the results we have from the event
study models further lend support to the conclusions we obtain from the Diff-
in-Diff analysis and provide a richer dynamic effect of the impact of the event

on labor participation.

5.3 Implications and Analysis of the Reduced-Form Results

Having obtained the initial estimates of the reduced-form models, it is possi-

ble to consider its policy implications. Over the span of 2021, we do not observe
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a significant response on both the extensive and the intensive margin of labor
supply. From a policy-making perspective, the results suggest that the trans-
tfer from CTC kept and encouraged the parents participating in labor market
through the credits provided to childcare. Depending on the specifications, it
is possible to have a non-significant minor reduction in participation and hours
supplied. A reduction in labor supplies may not be construed entirely nega-
tively: if a parent decides to leave the labor force as the result of Child Tax
Credit reform so that he/she may better take care of the children, the the overall
long-run welfare consequence of such a policy may still have a positive impact
on these household and the society as a whole despite such impact may not

manifest in immediately obvious economic indicators.

Apart from the normative pondering on the welfare implications of the as-
sociated labor supply responses, it is also of our analytical interests to consider
reasons why significant behavioral responses are absent from our data and anal-
ysis. There are two majors explanations to the observed responses: the first is

the sticky responses and the second is heterogeneous responses.

5.3.1 Stick Labor Supply Response and Frictions

The sticky labor supply response explanation is based on the idea that due
to various sources of frictions, individuals are unlikely and often times unable
to make immediate adjustments in their labor supply decisions [32]. For this
particular case, we suspect that the tax understanding frictions and the contrac-
tual frictions prevent the timely responses to be made. If the adjustments to

the parameters of the Child Tax Credit (CTC) were implemented in July 2021,
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it is conceivable that households may not have been aware of these modifica-
tions until they file their 2021 taxes in April 2022. Consequently, any potential
changes in labor supply resulting from the CTC may not be immediately ap-
parent in the monthly data for 2021. The lagged responses have also been seen
in several tax reforms in developed countries and we believe this is also one of
the major reasons why immediate significant responses are not present in the
2021 monthly data [38]. The time lag between the implementation of the policy
change and its reflection in the data can be attributed to the delay in households’

awareness and reporting of the new CTC parameters.

The time lag between policy implementation and the observed responses can
also be explained by contractual frictions. For instance, individuals bound by
annual employment contracts may not have the ability to leave their job imme-
diately following the month in which the CTC parameters changed. That is, the
employment contract structures can separately provide a financial dis-incentive
to individuals to adjust labor supply decisions. This concept is captured more
generally by the presence of quasi-fixed costs in hiring. Quasi-fixed costs are of-
ten associated with hiring, training, and other investments in human capital that
are not easily reversible or adjusted in the short term. They represent a form of
adjustment frictions that firms face when making labor-related decisions. These
costs can create barriers to labor market flexibility and affect firms’ responsive-
ness to changes in demand or productivity [59].From a firm’s perspective, it is
costly to replace existing workers due to the presence of quasi-fixed costs and
the firms will try to be less responsive and prevent employment changes on the

extensive margin.

To address the delayed labor supply response and capture the dynamics of

47



the policy impact, it is important to consider including multiple periods of data
into 2022. This approach allows for a more comprehensive understanding of
the long-term effects of policy interventions on labor supply decisions relative
to some of the previous studies by Ananat and colleagues. By incorporating
additional periods of data, we can capture the full dynamics of labor market
adjustments, account for any time delays or frictions in response, and provide a

more accurate assessment of the overall impact of the policy change.

By the particular nature of the policy and stylized facts in labor supply deci-
sions, we argue that a more robust analysis can be achieved using more periods
of data and a Quasi-Experimental analytical framework with more than one
event per unit. That is, the initial policy enactment constitutes the first wave of
treatment and tax filing on 15th April 2022 constitutes a second wave of treat-
ment those who have incomplete knowledge of the CTC program. We shall

discuss this in more details in the next section.

5.3.2 Heterogeneous Response and weighting

We discussed in the background section that the expected labor supply
changes depend crucially on the segments on the budget constraints. This sug-
gests that the treatment effect may depend on the observable socio-economic
characteristics. That is, we suspect the policy to have a heterogeneous treat-
ment effect on individuals. The estimated overall treatment effect from the
quasi-experimental identification is a weighted average of the collection of het-
erogeneous treatment effects for each unit type [58]. One possible explana-

tion for the insignificant overall treatment effect is that the weighting process
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diminishes some significant treatment effects for some unit-types. Two main
streams of strategies are used when heterogeneous treatment effect is present:
Sun and Abraham proposed an algorithm to find the weights; de Chaisemartin
and D’Haultfoeuille suggested a two step procedure that first calculates the het-
erogeneous treatment effect and then recover the weighted overall treatment ef-
tect [18]. For the purpose of our study, we are only interested in identifying the
heterogeneous treatment effect based on observable variables such as family in-
come and education. We shall present the estimation results in the next section

in more details.
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CHAPTER 6
ROBUSTNESS CHECKS AND EXTENDED ANALYSIS

6.1 Non-Linear Response

Given that labor participation in labor statistics is coded as a binary vari-
able, there are both economic and statistical reasons why we wish to estimate a
non-linear model. Following the previous notations, we let y; be the binary par-
ticipation variable. To incorporate non-linearities, we can estimate the following

models numerically using Maximum Likelihood Estimation(MLE):

P(y; = 1) = ®(a + B Treat; + BrPost, + B3Treat;Post, + 0 X ). (6.1)

The following table presents the estimates:
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Table 6.1: Non-Linear Labor force particimation

(1) (2) 3) (4)

VARIABLES  Probit: Female Logit: Female Probit: Male Logit: Male

treat_eff 0.0121 0.0232 0.00476 0.0171
(0.0124) (0.0211) (0.0189) (0.0368)
age 0.130%* 0.230*** 0.149%+* 0.265***
(0.000842) (0.00145) (0.000880)  (0.00157)
race -0.000139***  -0.000230***  -0.000209*** -0.000374***
(1.39¢-05) (2.38-05) (1.54e-05)  (2.68e-05)
nchild -0.0713*** -0.129%* 0.138*** 0.268**
(0.00284) (0.00492) (0.00441)  (0.00836)
Constant -3.319% -5.815%+* -3.420%** -6.105%+*
(0.0534) (0.0923) (0.0540) (0.0946)
Observations 579,332 579,332 537,075 537,075

Robust standard errors in parentheses

% 5<0.01, ** p<0.05, * p<0.1

The dependent variable is the binary labor force participation, and the right
hand side co-variates are the same as the previous linear models. The vector
of demographic characteristic control co-variates are included to account for
observable differences between the treated group and the control group. The
variable Treat; is included to control for the unobservables that distinguish the
treated population and the untreated population. The variable Post, captures

over-time changes in labor participation. Under the probit specification, the
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conditional error distribution is assumed to follow a standard normal distribu-
tion. We also estimate the same specification with a different error distribution
assumption. The set of logit models is estimated with the assumption that the
conditional error follows a logistic distribution with 4 = 0 and o = 1. Similar
to our previous case, the directions of demographic controls are all as expected
and these are highly significant at 1%: older individuals are more likely to par-
ticipate and there exists a significant racial differences. An interesting observa-
tion in this estimation is that within a household, the female are less likely to
reduce participation with more children of schooling ages whereas the male in
the household are more likely to increase labor force participation. Again we
are interested in the coefficients of the interaction term. Unlike the linear prob-
ability model, the non-linear model has partial (treatment) effects be individual
specific and depend on the entire vector of demographic controls. The magni-
tudes of partial (treatment)effect are complicated, but the signs of the parame-
ters indicate the directions of the partial effect. To compute the treatment effects,
we can follow the following steps. First we predict two predicted probabilities
for each observation using all co-variates, but we compute the first probability
setting the interaction term equal to 1 and we compute the second probability
setting the interaction term equal to 0. Then for each observation, we calculate
the difference between these two predicted probabilities. Finally, we can define
the treatment effect of the treated to be the averaged differences over all eligible
households. For the female sub-sample, we find that with probit model, the wife
in the household with children had a 0.27 percentage point higher probability
of labor participation as a result of the policy change. The estimated impact for
the male of the household is much lower: the wife in the household with chil-

dren had a 0.06 percentage point higher probability of labor participation as a
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result of the policy change. The results from logit models are consistent with
the probit results. This suggests that estimated policy labor supply impact are
robust. Thus, over all our estimated models, we do not see a negative impact
on labor force participation decisions. The estimated coefficient on the inter-
action terms are all positive and insignificant at usual significance levels. The
predicted probabilities are also relatively small in its magnitudes. These results

are consistent with our linear probability models.

Particularly, this model enables us to examine how the treatment effect
varies with demographic features. Two important demographic factors we are
interested here are the level of education and age. Here we are only considering
the labor force participation response of the household wife since we know from
the non-linear models that the magnitude of response of the males is limited. c
Furthermore, as far as the labor force participation response is concerned, there
is a pronounced gap in education. Education plays an important role. Over the
span of working age, we see that regarding the effect of expanded CTC provi-
sions, the sub-group with less than high school education are more responsive

then the sub-group with more than high school education.
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Figure 6.1: For the female sub-sample, the Predicted Treatment Effect
varies as a non-linear function as demographic variables

Again, we can replicate this exercise to study how other demographic vari-
ables determine the response to CTC expansion. In this study, we consider the
number of children of eligible age and the family income levels. Ruhm found
that mothers with young children have lower labor force participation rates
than those without children [55]. This can be attributed to the childcare cost
considerations. Mothers with young children are likely to face a higher cost of
childcare and thus this creates a quasi-fixed cost of participating in the labor
force [43]. In principle, we should expect that families with more children are
more responsive to the financial incentives offered by the changes in the CTC

program.
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Figure 6.2: For the female sub-sample, we estimate the Predicted Treat-
ment as a non-linear function of age and number of children.

Thus, the estimated treatment effect is consistent with our expectation. We
observe that mothers with more children are more responsive to the policy
changes in general. This is natural since the expanded size of transfer can help
mothers to reduce childcare costs and thus the fixed costs of labor participa-
tion [51]. In addition, we assume that the childcare cost is a non-linear function
of the the age of the children and thus indirectly affect the labor participation
decisions of mothers. We will focus on the age of the youngest child in the
household. The impact of children’s age on participation probability follows an
”U-Shaped” curve: we found that for all households(of different number of chil-

dren), the labor participation responses are higher when the age of the youngest
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child are lower and when the youngest child approaches adulthood. Some plau-
sible explanations apply: infants below 5 years old require more personalized
care and attention whereas children approaching adulthood may require more
structured and specialized activities and the level of activities may increase as

they approach the age of 18 [29].

6.2 Delayed Response Analysis

To capture the dynamic effects of policy interventions on labor supply deci-
sions and overcome some limitations of previous studies conducted by Ananat
and colleagues, it is crucial to incorporate multiple periods of data into the
analysis for the year 2022. This approach enables a more comprehensive un-
derstanding of the long-term consequences of the policy and provides a more
accurate assessment of its overall impact. By including additional periods of
data, we can capture the complete dynamics of labor market adjustments, con-
sider any delays or obstacles in response, and enhance the robustness of the

analysis.

Given the specific nature of the policy and the characteristic patterns ob-
served in labor supply decisions, we argue that a more rigorous analysis can be
achieved by utilizing an analytical framework that incorporates multiple events
per unit, alongside an extended period of observation. This method has been
used extensively used in the studies of labor market responses. Typical exam-
ples include multiple waves of layoff [40], and the continual hikes in EITC offer-
ing [21]. In this case, the initial implementation of the policy serves as the first

wave of treatment, while the tax filing deadline on April 15, 2022, represents
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a second wave of treatment for those who have incomplete knowledge of the

Child Tax Credit (CTC) program.

There are three main approaches to deal with plausible delayed responses:
the first approach is to only consider the effect of the first event and suppress
the impact of subsequent events; the second approach to incorporate multiple
waves of treatments and delayed responses is to redefine the event dummy vari-
ables such that more than one event dummy variable can be non-zero at a time;
the last approach is to duplicate the observation so that the data has observa-
tions by individual, event, and time [56]. For this section we will apply the
tirst two approaches to analyze the labor supply responses because the first ap-
proach provide straightforward interpretations of the effect of the policy and
the second approach is more robust to violations of the identification assump-
tion. The first approach might introduce the selection issue as the never treated
units’ characteristics may change dynamically over time in unobserved ways

and thus attach bias in the estimates of the first approach.

6.2.1 Analysis and Results

We estimate the first approach without considering the plausible subsequent

event.

The coefficient plot of the event dummies is consistent with previous find-
ings that there exists no immediate responses from the enactment of the policy
in July 2021. With the extended monthly data, we can examine the overall dy-
namics of the treatment effect: from the policy period onwards a gradual recov-

ery was seen despite the effects are not significant. The significant coefficients
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for event time 8 and 9 correspond to the treatment effect manifested in March

and April in 2022.
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Figure 6.3: Delayed response using extended monthly data from 2021 to
2022

The direction is as expected: from the income and substitution effect analy-
sis we would expect the participation to general increase following the program.
Furthermore, the significant treatment effect in March and April 2022 confirms
the hypothesis that there are frictions in the labor supply adjustment process.
From the results, we claim further that the information/knowledge friction is
the dominant explanation for the delayed labor supply response because the
event dummy variables reverts to 0 beyond April. The positive response from

March to April attests the presence of information friction: when the members
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of the household file the tax around March and April in the subsequent year
they gain more information through the filing process and then adjust their
labor supply decisions accordingly. If the contractual friction is an important
cause for the delayed response, we would expect that the delayed treatment ef-
fect to remain significant beyond April as individuals are less constrained by

the contract when they are further away from the event.

The first approach to delayed response confirms its existence, now we wish
to utilize the second approach with multiple events since they are more robust
to violations of the identification assumption and add the partial effect. To “turn
on” multiple event dummy variable, this implies that D;,_; is allowed to be one
in whichever period when the event occurs for the same unit i. Thus we esti-
mate the same set of equations as the base Event-Study case but with a set of
re-defined event dummy variables and extended periods of data. Re-defining
the event dummy variables changes the interpretation of the coefficients. The
estimated coefficients now represent the partial effects of the event. Present
event can have a potential impact on the likelihood of future events, thus the
partial effect of present event should be interpreted as holding constant the im-
pact of future events [39]. The partial effect has been given other names such as
the Y-Channel-Only(YCO) effects indicating that spillovers through X-Covariate

channels are not accounted [5].

The second model and the partial effects can thus be estimated.
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Figure 6.4: Partial Effects of the delayed response using extended monthly
data from 2021 to 2022

In estimating the partial effects using the second approach with multiple
events, we imposed additional restrictions. In particular, we pooled the coef-
ficients after the first event so that we can obtain higher statistical power and
narrower confidence intervals [47]. In this case we specified that the partial ef-
fect for j = 2 to be the same as j = 3 and the partial effect for j = 4 to be the
same as j = 5 as suggested by Goodman-Bacon [27]. In addition, we modify the
time of the second event. Instead of using the deadline of 15th April, we argue
that it is more plausible that the second wave of treatment comes as earlier as
February when individuals start to file their tax. The partial effect interpreta-

tion has an implicit assumption: the partial effect of the first and subsequent
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events are additively separable [56]. This assumption is unlikely to be violated
for public programs such as tax hikes and transfer expansions, but if the dynam-
ics of effects interact in non-linear ways, then the partial effect interpretation is
no longer valid. By comparing the estimates of first approach, we can obtain an

intuitive diagnostic for the additivity assumption.

The partial effects estimated by the second approach also support the de-
layed labor supply response caused by incomplete information about the pro-
gram: the partial effects of the second wave of treatment appears to be positive
and significant at 5% and reverts to 0 as time goes. This observation serves as
further corroboration to our hypothesis of the delayed response since the dy-
namics of the estimated partial effects are consistent with that of the total effects
estimated by the first approach. The separation of partial effects from the total
effects offers a clearly defined impact of the subsequent information shock on
the labor supply response. The analysis and conclusions drawn from both ap-
proaches are consistent with our hypothesis and produce statistically consistent
dynamic causal estimates of the treatment effect of the policy reform. The obser-
vation that the total effect estimates are consistent with the more robust partial
effect estimates adds another robustness check to the identification assumption
of the quasi-experimental specification: the selection and the feature dynamics
of the never treated control units are stable over time and the consistency of the
our causal estimator can be further supported. The last piece of result is that the

partial effects are additively separable indeed.
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6.2.2 Policy implications

The analysis suggests that there exists a significant evidence for information
frictions and these frictions set obstacles for timely labor supply adjustments.
From a policy making perspective, it is important to address imperfect infor-
mation. By addressing the issue of imperfect knowledge, policymakers can
enhance the program’s effectiveness and promote greater participation by re-
ducing the exclusion errors. Obviously the ARP reform of CTC program did
show effort in reducing the information friction by simplifying the program’s
structure and reducing administrative complexities to make it more compre-
hensible for the general public. It can be argued that further attempts to reduce
the information friction might further promote the efficacy of the program. The
information dissemination process can be improved by expanding the chan-
nels of information through various streams such as websites, helplines, and
community outreach. It should be highlighted that the policy attempt to pro-
mote information access and knowledge should only be made after a thorough
cost-benefit analysis. The implementation of various schemes to facilitate in-
formation circulation implies there are significant investment in installing these
instruments. The policy maker should always balance the economic gains from
diminished information frictions and the cost of reducing the degrees of imper-

fect information on the household side.

6.3 Do parents interact strategically?

The stark differences in the behavioral response left a number of questions to

be asked. The first and perhaps the most important question we wish to ask is
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why is that the case. Therefore, a structural model is required to capture the re-
sponse to incentives and the strategic interactions within the household. A hus-
band and wife might engage in a strategic decision-making process when de-
ciding their labor market participation, due to factors such as shared resources,
household bargaining power, and complementarity or substitutability of their
labor [62]. According to the economic theory of household decision-making, a
family unit makes joint decisions regarding the allocation of resources, includ-
ing labor market participation, based on their preferences and constraints [9].
This implies that the decision to work or not by one partner may be influenced
by the other partner’s decision, as it may affect the allocation of resources within
the household. This strategic decision-making process can also be influenced by
factors such as taxation policies and childcare costs, which can create incentives
or disincentives for one partner to work or not. Therefore, a strategic decision-
making approach can help to better understand the labor market participation
decisions of couples and the corresponding responses to changes in relevant

government policies.

The motivation to model this decision making process as a game is there
exists externalities. We claim that childcare costs create an negative externaltiy
for the labor participating decision in the household. If the cost of childcare is
high, it may be more difficult for both player to work, as the cost of child care
can offset the benefits of additional income [15]. Another source of externality is
resources sharing. This is particularly relevant when the many of the variables
in the CPS data is collected on household basis. For instance: the family income
in the CPS data set represents the household total income and it is the same for

both partners in the household.
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The subject of our interests aligns with two areas of game theory: voluntary
contribution to public goods and the common-pool resources. In many circum-
stances, the family income can be viewed as the shared resources within the
household and the major contributor to this shared resources is the household-
ers’ labor wage. Therefore, the labor supply decision of each member can be
viewed as a contribution decision to this shared resource [42]. However, it is
not possible to model this purely as a public good model because this shared
resource rivalrous and partially non-excludable. The shared resources depletes
for one member if the other player overly consumes the available resources [50].
The shared resources are partially non-excludable, which means that it is diffi-
cult to exclude one member from accessing the resource. Despite various bar-
gaining mechanisms that governs the access to the shared resources. strict ex-
clusion is challenging, individuals may have open access to the resource. Such
properties of the shared resources suggest that a common-pool resources game
might be a more suitable modelling approach [30]. Compared with the tradi-
tional studies of common-pool resources that focus on the exploitation deci-
sions, we are also interested in the contribution decisions via participation in

formal labor market.

6.3.1 Data Construction

The data sample we constructed in the previous sections is of lesser utility
for analysis because by the survey mechanism of the CPS, it is often times the
case that there are more than two members in a household surveyed. Apart
from including more periods of data, we wish to conduct our analysis with

households composed of a (uniquely)married couple with or without children.
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This allows us to eliminate the noises and biases in our estimates from other
members in some big households where the married couples are not the only

members.

To construct the date sample for the static game, we first trim the data in
the previous section to obtain a sub-sample containing the decision and state
variables of two unique partners in the household. We start with the female
sub-sample from the previous section. First we keep the following variables:
family income, age, sex, race, number of children, labor participation, educa-
tion. Let the binary labor participation be the decision variable and others be
relevant state variables. Each household is identified by an unique serial num-
ber. That is every individuals in a surveyed household share the same serial
number. We only keep the observations without any repetitions in serial num-
ber. Finally, we denote the wife population as player j and rename the variables
as var; for all variables. Then we do the same for the husband population. We
denote the husband population as player i and rename the variables as var; for
all variables. Then we can merge the wife data-set with the husband data-set
to construct the sub-sample to estimate the static game. We use serial num-
ber as the unique identifier to merge two data-sets since the husband and wife
share the same serial number and keep only exactly matched observations. This
leaves us with 12,736 observations. In the language of strategic interactions, we
as the econometrician observe the decision and state variables for 7 = 12,736

static games.

The next step in data preparation is to discretize variables in the sub-sample.
The labor participation, age, sex, race, number of children is already discrete.

State variables family income and education need more discretion since they
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are categorical. We will create a new discrete variable highschool that cap-
tures three groups: those with education attainments less than high school have
highschool = 0, those with high school education have highschool = 1, and those
with education attainments above high school highschool = 2. To discretize the
family income, we need to consider relevant program parameters of the Child
Tax Credit program. We can generate a discrete family income faminc,s such
that it separate the households into three groups: families with famincy, = 0
have collective family income less than $150,000 and thus entitled to the maxi-
mum amount of CTC benefits; families with faminc,; = 1 have collective family
income above $150,000 and thus entitled to the partial or non CTC benefits. It
should be noted that in the future steps of this study, it might be of our interest
to have a more finely discretized family income levels and examine the impact

on the structural estimates.

6.3.2 Identification and modelling

In this simple model, we assume the existence of a representative household
consisting of a husband and a wife. Following the utility function defined by
Shapiro and Stiglitz [57], we consider the payoff function to be a linear function
of parameters drawn from the parameter space. The decision variables players
make here is the binary labor participation decision. The state variables we
include in the structural model include: age, sex, race, education, geographical
information, family income, number of children. These variables are discrete
or can be be discretized. We address the discretization procedures in the next
section. These variables are recognized as public information: these information

is observable to the other player.
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We shall assume that each observation in the data set represents a static game
being played by both partners. Due to the survey technique of the CPS data, it is
difficult to extract a panel data set of large enough observations to conduct the
structural modelling while ensuring the power of our statistical analysis. There-
fore we chose to model this intra-household labor participation game as a static
game. It should be noted that there are significant dynamic components and a
dynamic game theoretical modelling is more suitable if relevant panel data can
be gathered. We will apply and build on the structural econometric model of
a static game that was developed by Bajari and colleagues to the subject of our

interest [4].

We follow the standard notations stipulated by Bajari and colleagues: let g;
denote the action of player i and a_; be the action of all the other players. We let
s; € S be the state variable. In vector notations, we let a; be the vector containing
the decisions of all players in the game and s; be the vector containing the state

variables of all players in the game t.

The first assumption we make is that the utility function is linear in param-
eters. The linearity in parameters assumptions implies that the utility functions
can be expressed in forms of inner products. In particular, we let ®(a;, a_;, s) to

be the vector of basis functions.

Apart from the linearity in parameters assumption, we also assume that the
utility function is additatively separable. This implies that then we can write

the utility function U; as a sum of deterministic component and a private infor-

67



mation shock which is a stochastic disturbance. In particular we have:

Ui = Uai,a_;, s;;6) (Deterministic utility) (6.2)

+€(a;) (private information shock) (6.3)

Another implicit assumption is that player i’s deterministic utility is only
affected by his own state s;, not others. In this generic specification, 6 is the pa-
rameter vector of the coefficients of arguments of the utility function we wish to
estimate. These two assumptions combined allow us to use a compact notation
for the deterministic utility as a linear combination of basis vectors ®(a;, a_;, s):

Ul(')(ai9 a_;, S, 9) = (D(al" a_i, S),H‘

The term €(a;) is the private information shock. This can be viewed as yet
another type of state variable that is only observable to player i and not observ-
able to all other players and us the econometrician. In addition, we think of
these shocks as dependent on the actions taken by player i and thus the action
variable g; enters as an argument. Since these state variables are only observable
to the decision makers, we can model these as error terms in the utility func-
tion. In addition, we shall impose a distributional assumption such that each
private information shock is independently and identically distributed with the

extreme value distribution such that:

ea) ™ fle(ay) (6.4)

We can define the deterministic utility function. Suppose that player i choose
leisure(not to participate) over work, then the utility function consists of the
state variables and a_;. To account for the asymmetries in payoff of this game,

we should include individual specific state variables such as gender, education,
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and race so that we can identify the 3 parameter. Therefore, we can specify the

deterministic utility function such that:

Ul(-)(a,-,a_,-, Sis 9) = ﬁ]’inChild ca_; +ﬂ2,i 'fﬂ?””linc -a_; + Q’Xi, ifa,» =0 (65)

For the husband of the household, the deterministic utility function is a func-
tion of the number of children, the family income as well as the other partner’s
participation decision. Suppose that the other partner participates in labor mar-
ket, we would expect that the childcare cost to fall more on the non-participating
side and we expect that the parameter 3, ; to be negative in signs. This interac-
tion term captures the negative externality in labor participation decisions. Sim-
ilarly, we would expect the parameter 5, to be positive in signs since this inter-
action term captures the positive externality from the resources sharing schemes
within this household. In addition, we expect the parameters to differ between

players.

Suppose that player i choose work over leisure, then the deterministic utility
function consists of the state variables and a_; and a;. We will follow the litera-
ture to allow for the interaction effect that captures the the impact of joint labor
participation on the deterministic utility [3]. Then similar to the previous case
with a; = 0, we allow for the presence of cross effect through interacting deci-
sion variables with state variables [11]. Then we can specify the deterministic

utility when a; = 1:

Ulo = ﬁ()a,'a_i +ﬁ2,i -faminc s d_; +ﬁ37’lChild -a; + H/Xi, zfal- = 1. (66)

We assume that each player i has a policy function that outputs the discrete

action conditional on the states and private information shock, we can then
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write:

a;, = 6,’(S, Ei). (67)

Note here that the other player’s private information shock e_; does not en-
ter as an argument in the policy function since this is not observable to player i
when the binary decision is made. This policy function, however, is not known
to either the other player or us as the econometrician. We assume the other
player forms an expectation of the policy function and we call this the choice
probability function or ex-ante policy function. This choice probability func-
tion is a function on observable state variables only and we denote it by o.
Given that we work with discrete data, we can use empirical averages as a non-

parametric estimator such that:

2t 1(aj = k&x = m)

oia; = klx=m) = S Ix=m)
. =

(6.8)

The game id is indexed by . We let k be the value of the decision variable
and m be the value of the state variable. Then this non-parametric choice prob-
ability represents the conditional probability of player i choose a; = k when the
observable state variables are x = m. The denominator is the total number of
cases in which only the conditions x = m is satisfied and the numerator is total
number of cases when state variables satisfy x = m and player i actually has
decision variable a; = k. Then we can take the product over each i and obtain
o(als) = [1iL; oi(ails). Since we know each player i does not know a_; and €_;, the

player i believes that other player’s action is given by o_;(a_ils) = [] 4 o j(ajls).

Since each player i does not know a_; and e_;, an expectation will be formed

over these two terms based on the ex ante policy function. We let the expected
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utility be denoted by u¢. This can be written as :
u; = up; + €(a;) (6.9)

In particular, the player i forms an expectation over the deterministic util-
ity uj, conditional on observable state variables and own action: uj, =
E (uoi(a;, a_;, s;, 0la;, s)). In this expression, the only random term is a_; and we
need to take the expectation over a_;. Since we have the expression for the ex
ante policy function and discrete variables, this expectation is given by :

Uy = Z upi(a;, a_;, s;,0) - o_i(a_ls). (6.10)

a;

Suppose that we apply the linearity utility assumption and the compact nota-
tion of deterministic utility, we can transform the expected deterministic utility

function:

ugi = (Df(ai’ S) = E[(Di(ai’ ag, S)lai’ S] (611)
=Y aiai,s)| | oajls) (6.12)
a-; J#i

A generic player i chooses his/her own decision variable g; to maximize the

expected utility u{ such that:
ui(a;, s, €;0) > ui(a;, s, €;0), Vj#i. (6.13)
For finitely many state variables, the existence of the equilibrium can be

shown using fixed point theorem [45]. Then the equilibrium optimal choice

implies that the choice probability function has the following form:

oiails) = Pr(e : ui(a;, s, €;60) > u;(a;, s, €;0), Vj#i). (6.14)
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Combining the equilibrium optimal choice probability, the linearity assump-
tion, and the the iid extreme value distribution assumption of the private infor-
mation shock, we can write the optimal choice probability in exponential func-

tional forms:
exp((P(a;, 5)7)'6)
S exp(D(k, 5)0Y6)

O-i(ails9 (1)169 9) = (615)

The discrete choice modelling and the extreme value distribution assump-
tion made it easier for us to estimate the static game using a simple semi-

parametric estimator [4].

The first step in the semi-parametric estimator for the structural parameters
is to form a consistent estimator for the choice probabilities 6(a;ls). There are
several possible ways to do this. Bajari and colleagues suggested the sieves
estimator [48], but other non-parametric estimators such as kernels and locally
linear polynomials can also be used [25]. In our first stage estimation, we claim
that the empirical average estimator presented in the previous section strikes
a good balance between computational complexity and consistency. Having
calculated the choice probability &(a;|s), we can then compute O(a;, ) by:

bik, s = > Dila; = ka5 | | 5ajls). (6.16)

a; i
Having obtained the consistent non-parametric empirical analogues, we can fol-
low the equilibrium concept and compute the equilibrium choice probability

evaluated at each possible structural parameter 6 for each player.

The second step is to recover the structural parameter 6. This can be done in
various ways: we first estimate the structural parameters using the Generalized
Method of Moments(GMM) which is a more robust estimator; then we apply

the Maximized Likelihood Estimator(MLE) to re-estimate the static game. We
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can test the robustness-variance trade-off by comparing the GMM and MLE
estimators since the MLE estimator is more efficient when relevant assumptions

holds.

To implement the second step, we first generate yy, = 1if a; = k and 0
otherwise. Then we can collect this variable over players and actions to create a
vector y,. Similarly, we can collect the choice probability (s, d, ) into a vector.
The sample moment condition is defined to minimize the distance between the

equilibrium choice probabilities and the observed decisions such that:

1 )
- > vi— (s, B,6) = 0. (6.17)
t

The structural parameters are obtained by minimizing the sample moment

conditions numerically with identity matrix as the weighting matrix such that:

R (1 RS .
Oomm = min| = Z)’t — 0 (s, D, 0) I(T Zy, —o(s,D,0)]. (6.18)

Let B(s) be a matrix of state variables, B(s) can be interacted with the original
sample moment conditions to create additional moments to identify 6 in cases of
under-identification. Although the estimator obtained by the sample moment
condition falls into the class of semi-parametric estimators studies by Newey
and the formula for the asymptotic variances is provided [49], we will bootstrap
for the standard errors for inferences. Bootstrapping for standard errors has
desirable features in this context: it balances the computational efficiency and

the distributional assumptions [20].
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6.3.3 Results and Analysis

By minimizing the weighted moment conditions using the identity matrix
as the weighting matrix, we can obtain the set of parameters that define the
utility function of the husband and the wife of a household. The bootstrapped

standard errors show that the estimated parameters are statistically significant

at 1%.
Bo = 0.4983 0.0025
Bi; = 0.5000 0.0025
Bi; =0.4873 0.0025
Ocmm = Foi = 05143 Se(0) = 0-00%6 (6.19)
Baj =0.4904 0.0025
By =0.4822 0.0026
Bs =0.5392 0.0024
Bs =0.4335 0.0027

We can then recover the estimated utility function for each player of the
intra-household game for each discrete choice of action. We can first recover

the utility function of the husband(player i) when a;, = Ifp; = 0:

U? = 0.5nchild-a_;+0.5143-faminc-a_;+0.5392*age;+0.4335-educ;,, if a; =0 (6.20)

For the husband of the household, the structural model confirms that there
exists a significant strategic interaction within the household when deciding
whether or not to participate in the formal labor market. The interaction term
faminc - a_; captures the positive externality from the resources sharing schemes
within this household and the coefficient is indeed positive. As the other

player(j) contribute to the shared resources by participating in the labor market,
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player i has incentive to free-ride on the shared resource. The coefficient on the
individual specific controls are both positive and significant, this is consistent
with our hypothesis. The coefficient on nchild - a_; has mixed interpretations.
On one hand this interaction term captures the childcare cost implied on the
husband conditional on a; = 0 and from a cost perspective we expect that as a;
increases from 0 to 1, the husband assumes the majority share of the childcare
cost and thus coefficient 3, is expected to be negative. On the other hand, how-
ever, one cannot ignore the intrinsic utility that parents derive from spending
family times with their children. The latter effect is elegantly characterized as
parental altruism by Nobel laureate in economics Gary Becker [6]. From the
empirical estimation, it might be argued that in this model the parental altruism

is the dominant impact in determining the utility function of the husband in a

household.

Similar conclusion applies to the utility function of player j conditional on

a;=0:

U? = 0.4873nchild-a_;+0.4904 - faminc-a_; +0.5392 xage ;+0.4335 - educ;, ifa; = 0.
(6.21)

The first observation from this result is that the coefficients for the individ-
ual specific state variables are the same as previous case since we assumed that
the impact of these state variables is player-independent in this game. The sec-
ond observation is that the direction/signs of interaction terms that capture the
strategic interaction is the same as the previous case. This confirms that re-
sources sharing creates a positive externality within the household and parental
altruism in the parental utility function. A third observation is that the magni-

tude of the coefficients of the interaction terms are higher for player i(the hus-
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band). Since the dependent variable we study is discrete choice, the ordinal
interpretation applies to the coefficients. That is, the magnitudes for both inter-
action terms are higher for the husband than the wife. This suggests that the
benefits obtained from externality are higher for the husband than the wife in

the household.

The structural parameters conditional on participating are also identified by

the model:

U? = 0.4983a,a_; + 0.4822nchild - a; + 0.5143 - faminc-a_; + 6'X;, ifa;=1. (6.22)

Since we assumed the coefficients on the individual specific control is player-
independent and independent of the action variable, these are the same as pre-
vious cases and are not presented here. The coefficient on the shared resources
remains 0.5142 suggesting the presence of positive externality when the hus-
band of the household participates in the formal labor force. The coefficient on
a; - aj is 0.4983 suggests that there is a positive and significant interaction effect
of the action variables of two players. This observation squares with positive
externality we found in both a; = 1 and a; = 0. The coefficient of nchild - a; is
0.4822 conditional on g; = 1 further confirms our initial hypothesis that children
provide positive contribution to parent’s utility and this impact is positive in

net.

The deterministic utility function player j(the wife) can be similarly cap-

tured:

UY = 0.4983a;a; + 0.4822nchild - a; + 0.4904 - faminc - a; + 0'X;, ifa;=1. (6.23)

By the modelling assumption, the utility function for the wife is almost iden-

tical to the husband’s utility function apart from the coefficient of the interaction
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term capturing resources sharing. From our estimates of the structural parame-
ter, it can be argued that there exits a significant element of strategic interaction
when the wife and the husband of a household decide whether or not to partic-

ipate in the formal labor market.
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CHAPTER 7
POLICY IMPLICATION AND CONCLUSION

The welfare effects of Child Tax Expansion have been studied using simu-
lated research with different conclusions: some studies finding a negative sig-
nificant effect in labor force participation and some finding negligible negative
effects [1]. Using real world data, this study uses difference in difference for
the entire sample, and male and female sub-samples with additional robustness
checks using demographic controls and doubly robust difference-in-differences
model. Our findings suggest that there is no negative effect of CTC on labor

supply, which is hypothesized in previous literature.

For the entire sample and women, the CTC expansion did not show any
negative impact in the labor supply, which could be useful considering the im-
plications of such an expansionary policy. There is always a threat of changing
labor when policies regarding expansionary allotments are enacted with some
literature agreeing that it positively affects women’s labor force participation
[24], [46] and negatively affect’s men’s labor force participation [24]. Our find-
ings suggest we cannot fully agree on previous findings about labor supply
when expansionary policies are made and thus provide a new perspective to

the issue.

This study is based on initial analysis done regarding the Child Tax Credit’s
effects on labor supply. The findings lead to no certain conclusion, but further
studies need to be done to validate the results and check the heterogeneous
affect of the policy across various groups in the sample. We could break the
samples and check individual affects by age groups and also for samples with

different income distribution. The policy responses could be different by in-
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come distribution because initially, low-income households were not receiving
maximum CTC benefits whereas they could be more likely to change labor sup-
ply. So, assuming the labor supply differs by income as well as age. Because of
working capacity and number of children, the policy outcomes are likely differ-
ent. Therefore, this study needs to be extended for solid conclusions. Another
natural extension of the baseline analysis presented in this study is to address
the plausible concern over contemporaneous policy shocks by employing an
Event Study framework while explicitly controlling for the magnitudes of other

policy shocks to the sample of our focus.

At a high level, at least we could suggest that there is no significant negative

impact of the CTC expansion in the labor supply.
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APPENDIX A
CHAPTER 1 OF APPENDIX

Appendix chapter 1 text goes here
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