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ldentifying Policy Impacts

e Two central challenges in identifying the impacts of govt. policies:

1. Lack of counterfactuals to estimate causal impacts of policies
[Meyer 1995,Saezet al. 2012]

2. Difficult to identify long run impacts from shortrun responses
to tax changes

e Many people are uninformed about tax and transfer policies
[Brown 1968,Bises1990, Chetty and Saez2009]

e Workers face switching costs for labor supply
[Cogan 1981 Altonji and Paxson1992, Chetty et al. 2011]



Overview

e We develop a new method of addressing these challenges by exploiting
differences across neighborhoods in knowledge about tax policies

e Individuals with no knowledge of a poli@& marginal incentives behave
as they would in the absence of a policy

e Cities with low levels of information about policies yield counterfactuals
for behavior in absence of policy

e Apply this approach to characterize the impacts of the Earned Income Tax
Credit (EITC) on the earnings distribution in the U.S.

e EITC provides refunds of up to $5,000 to approximately 25 million
households in the U.S.
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Relationship to Prior Work

e Large literature has studied the impacts of EITC on labor supply

[Eissaand Liebman1996, Meyer and Rosenbaum 2001, Meyer 20@,0gger2003,
Hoynes2004, Gelberand Mitchell 2011]

e Clear evidence of impacts oparticipation(extensive margin)

e But no clear, nonparametric evidence on impacts of EITC oaarnings
distribution (intensive margin)

e Same pattern in studies of labor supplglasticitiesmore generally

e Observed extensive responses may be larger because more people know
about existence of EITC refund than shape of schedule

e Gains from reoptimization 2'9-order on intensive but $ order on ext.
margin A frictions attenuate intensive respons¢Shetty 2012]
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Percent of Wage-Earners

Income Distribution For Single Wage Earners with One Child
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1. Conceptual Framework

2. Data and Institutional Background

3. Proxy for Knowledge: Sharp Bunching via Selfmp Income Manipulation
4. Uncover Wage Earnings Responses

5. Implications for Tax Policy



Stylized Model: Tax System

e Workers face a twebracket income tax systent = ( t,, t,) and choose
earnings z=wl to maximize quasiinear utility C - A(/,a,)

e Taxrate of t; < 0 when reported income is below
e Marginal tax rate oft, > O for reported income abov&

e Taxrefund maximized when income iK A4 bunching aroundK
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Neighborhoods

e Citiesindexedbyc=1,é N

e In stylized model, assume that cities differ only in one attribute:
knowledge of tax code
e We relax this assumption in our empirical implementation and
Instead impose arorthogonality condition for identification

e Incity ¢ fraction / . of workers know about tax subsidy for work

e Others optimize as if tax rates are 0O (i.e. subsidy is lurgum)

e Firmspay workers fixed wage rate in all cities



ldentifying Tax Policy Impacts

e Goal:estimate impact of tax system on earninggistribution F(z |t) with
average level of knowledge iaconomy

=F2 P/ p: FeP~ T O,R.P?FY2P~: 0Kt

e Challenge: potential outcome without taxegYz P ~ : 0, B.E unobserved

e Our solution: earnings behavior with nanow/edgeabout taxes is equivalen
to earnings behavior with no taxes

F:P~: O,R.b: FZP": O,R. : OF
0 =FYz|": FYz|~; O,RP?FYz|”; O,R. : OF



Data and Sample Definition

e Selected data from population of U.S. income tax returns, 192909

e Includes 1040s and all information forms (e.g. W2 s)

e Sample restriction: individuals who at least once between 192@09:
(1) file a tax return, (2) have income< $50,000, (3) claim a dependent
e Sample size after restrictions:
e /7.6 million unique taxpayers

e 1.09 billion taxpayeryear observations on income



Summary Statistics for EITC Eligible Individuals

Variable

Income Measures
Total Earnings
Wage Earnings
Self-Employment Income
Non-Zero Self-Emp. Income

Tax Credits
EITC Refund Amount
Claimed EITC
Professionally Prepared Return

Demographics
Age
Number of Children
Married
Female (for single filers)

Number of Observations

Mean Std. Dev.
1) (2)
$20,091 $10,784
$18,308 $12,537
$1,770 $6,074
19.6% 39.7%
$2,543 $1,454
88.9% 31.4%
69.6% 46.0%
37 13
1.7 0.8
30.3% 45.9%
73.0% 44.4%

219,742,011




Self Employment Income vs. Wage Earnings

e 10 measure local knowledge, we rely on a critical distinction between
wage earnings and sedémployment income

e Selfemployment income is selfeportedA easy to manipulate

e Wage earnings are directly reported to IRS by employers

e Therefore more likely to reflect real earnings behavior
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Percent of Tax Filers
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Reported vs. Audited Income Distributions for SE EITC Filers in 2001
National Research Program Tax Audit Data
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Reported vs. Audited Income Distributions for SE EITC Filers in 2001
National Research Program Tax Audit Data
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Reported vs. Audited Income Distributions for EITC Wage Earners with Children
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Empirical Implementation: Proxy for Knowledge

e We proxy for knowledgéd . using sharp bunching at refunagnaximizing kink
among the seHemployed

e Intuition: use amount of misreporting to measure local tax knowledge

e Workersmake two choices: earnings{ and reported income ;)
e Fraction q. of workers face O cost of norcomplianceA report ?i = K

e Remaining workers face infinite cost of necompliances set2. = z

e Fraction whoreport 3i= K Is proportional to local knowledge:

fo=qd.



Empirical Implementation: Proxy for Knowledge

e We use areas with no sharp bunching as counterfactuals for behavior in tl
absence of the EITC

e Researchdesign rests on two identification assumptions in a model that
permits arbitrary differences in distribution of skill§&5(a) across cities



ldentification Assumption 1: Tax Knowledge

Assumption 1 [Tax Knowledgelndividuals in cities with no sharp bunching
have no knowledge about EITC schedule and perceive 0

f.=0A1.=0
e Requires that individuals in areas with no sharp bunching behave as if tav
policy has no impact on marginal incentives
e We present evidence supporting this assumption below

e Violations of this assumption lead us to understate impacts of EITC



ldentification Assumption 2: Counterfactuals

e Crosssectional estimator: compare aggregate earnings distribution with
distribution in neighborhoods with 0 sharp bunching

_ 7 7 AN
=F : FY4'P? FY2P, ¢ : OF

Assumption2a [CrossSectional Identification)/ndividualé skills G(a) do not
vary across cities with different levels of knowledge



ldentification Assumption 2: Counterfactuals

e Crosssectional estimator: compare aggregate earnings distribution with
distribution in neighborhoods with 0 sharp bunching

_ 7 7 AN
=F : FY4'P? FY2P, ¢ : OF

Assumption 2a [Cros$Sectional Identification)/ndividuald skills G(a)) do not
vary across cities with different levels of knowledge

e Panel estimator: comparechangesn aggregate earnings distribution
around eligibility due to child birth with changesn f =0 nbhds

“Fop : FYEP? FY ¢ 0 ORL 2 o Y'P? Feor VY, ¢ © OR

Assumption 2b [Panel IdentificationlChanges in skills when an individual
becomes eligible for credit do not vary across cities with different



Outline of Empirical Analysis

e Step 1. Document variation across neighborhoods in sharp bunching
among sekemployed



Percent of Filers

5%

4%

3%

2%

1%

0%

Earnings Distribution in Texas

-$10K

$0K $10K

Income Relative to 15t Kink

$20K



Percent of Filers

5%

4%

3%

2%

1%

0%

Earnings Distribution in Kansas

-$10K

$0K $10K

Income Relative to 15t Kink

$20K



Neighborhooed.evel Measure of Bunching

e Define a measure ofsharp bunchingin each neighborhood

e Fraction of EITC-eligible tax filers who report income at first kink
and have selemployment income

e Measuredraction of individuals who manipulate reported income to
maximize EITC refund in each neighborhood

e Begin bydocumenting spatiakvolution of sharp bunchingacross U.S.



Fraction of Tax Filers Who Report SE Income that Maximizes EITC Refund
in 1996

117 1.2%
0.97 1.1%
0.77 0.9%
L 0i 0.7%




Fraction of Tax Filers Who Report SE Income that Maximizes EITC Refund
in 1999

117 1.2%
0.97 1.1%
0.77 0.9%
L 0i 0.7%




Fraction of Tax Filers Who Report SE Income that Maximizes EITC Refund
in 2002

417 42.7%
2.81 4.1%
2.17 2.8%
1.87 2.1%
157 1.8%
127 1.5%
117 1.2%
097 1.1%
0.7 0.9%
® o 07 0.7%




Fraction of Tax Filers Who Report SE Income that Maximizes EITC Refund
in 2005

1.17 1.2%
0971 1.1%
0.717 0.9%
- 071 0.7%




Fraction of Tax Filers Who Report SE Income that Maximizes EITC Refund
in 2008

417 42.7%
2871 4.1%
2171 2.8%
187 2.1%
157 1.8%
1.27 1.5%
1.17 1.2%
0971 1.1%
0.77 0.9%
S 01 0.7%




