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Chapter 1: Introduction

Public economics examines how government policies writ large impact the general welfare,

turning the tools and frameworks of economics to the task of understanding and evaluating the

ways governments interact with the economy. This dissertation focuses on one mechanism of

government in particular – taxation – and considers how the revenue raising objectives of gov-

ernments interacts with potential intended or unintended behavioral responses to these policies.

In general, tax policies are designed to raise revenue for a range of government services while

minimizing, with some notable exceptions, distortions of individual, household, or firm decision

making and preserving or enhancing equity. The three papers below each consider a different

potential distortion created by tax policy – namely changes in labor supply, migration, and tax

evasion – and each attempting to contributes to the field’s understanding of individual responses

to policy changes and the measurement of such responses.

In Chapter 2, I study the effect of the California Earned Income Tax Credit on the labor

supply decision of single mothers. There is a robust literature on the optimal taxation of lower-

income individuals and families that has focused on how to balance the benefits of transfers to

lower-income individuals with distortions of individual behavior that these transfers can cause

(Mirrlees, 1971, Saez, 2002, Saez et al., 2012). The exact nature of individual-level reactions –

notably whether individuals enter or exit the labor force or marginally adjust their hours of work –

1



has large effects on the overall welfare implications of transfers that operate through the tax code.

In the United States, tax-based social safety net programs targeted at families with children, like

the Earned Income Tax Credit (EITC) or the Child Tax Credit (CTC), are designed to encour-

age work, distorting labor supply in ways economists consider to be socially optimal. With few

exceptions (for example, during the COVID-19 pandemic) these programs provided little benefit

to families without any earned income, then phased in benefits with earnings up to a fixed level.

The majority of the literature has found that this structure induces single mothers in particular

to enter the labor-market (Eissa and Liebman, 1996, Meyer and Rosenbaum, 2001, Hoynes and

Patel, 2018, Bastian and Jones, 2021, Schanzenbach and Strain, 2021). In this context, there is a

concern that efforts to provide larger transfers to taxpayers lower in the income distribution could

reduce labor supply, decreasing overall welfare. However, while there has been several recent

papers examining the elimination of earnings tests (see Enriquez et al. (2023), Pac and Berger

(2024), Ananat et al. (2024), Vivalt et al. (2024), Balakrishnan et al. (2024), Goldin et al. (2024))

less is known about how workers respond to efforts to adjust the phase-in rates of these programs,

separate from changes to the overall level of benefit generosity. My first chapter studies the imple-

mentation, in 2015, of the California Earned Income Tax Credit (CalEITC), the state supplement

to the federal tax credit, which provided a targeted transfer to very-low-income workers with chil-

dren. I use its differential effect across women with and without children as quasi-experimental

variation to understand the labor supply response of workers to changes in incentives at the very

bottom of the earnings distribution. Using a triple-difference methodology, I finds a significant

shift from full-time to part-time work, alongside an overall increase in part-time employment.

This shift is consistent with labor supply models where workers select from discrete employment

options based on financial incentives, highlighting how policy changes influence labor market
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outcomes. Though there is some caution about extrapolating from earnings-measured derived

from ACS data to any estimate of welfare, the overall results imply that altering the phase-in rate

of work-based tax credits can cause single mothers, particularly in large, multi-adult households,

to reduce their labor supply while not dropping out of the labor force altogether.

In Chapter 3, I, along with Professors Karen Conway and Jonathan Rork, study the effect of

state-specific elderly tax preferences on inter-state migration. One common consideration among

policymakers weighing changes to tax policy is whether higher (lower) taxes will induce residents

to leave (stay) in the relevant area and repel (attract) new residents. These effects can change

the overall level of revenue gained or lost due to a tax policies, impacting welfare via required

changes to expenditures or taxes to make up the difference. Economic research has attempted

to measure the responsiveness of individuals to changes in tax rates, with a considerable focus

on particular groups like star scientists and inventors (Akcigit et al., 2016, Moretti and Wilson,

2017), athletes Kleven et al. (2013), and the very wealthy Young and Varner (2011), Kleven

et al. (2014), Agrawal and Foremny (2019), Moretti and Wilson (2023). One group that has

become particularly attractive to US policymakers are the elderly, due to their growing share of

the population, their relative affluence Conway and Rork (2016), and the fact that they consume a

bundle of government services (namely health care and social insurance) that is paid for primarily

by the federal government (as opposed to younger residents, whose children consume educational

services). This has led state governments to design a range of state individual income tax policies

that lower taxes on elderly residents relative to that of their non-elderly counterparts. We use U.S.

tax data and two decades of tax policy changes to study whether these policies induce elderly

individuals to move between states (or stay in a given state). We find that overall individual

income taxes do induce small changes in inter-state migration for the elderly, but elderly-specific
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policies do not. It is unclear whether this is due to a lack of information about these policies, or if

these policies provide small benefits (relative to total income) to those higher-income taxpayers

who appear most responsive to tax changes.

In Chapter 4, I, along with Professor Daniel Reck, consider how the measurement of misre-

ported income (or income that should have been reported on a tax return but was not) impacts the

dynamics of income inequality over the last 60 years. There is a spirited debate over the degree

to which the top 1 percent of the income distribution has increased since the 1980s, with Piketty

et al. (2018) and Auten and Splinter (2024) finding diverging answers. Both sets of authors use

the same underlying data – US tax records – and the same definition of income – National Income

as defined by the U.S. Bureau of Economic Analysis – but each makes a different set of assump-

tions regarding how to allocate sources of income that are not observed on tax returns across the

income distribution. One of the most important of these additions is misreported income, which

makes up 3 and 7 percent of national income annually. Auten and Splinter (2024) use informa-

tion from random audits to discipline their distributional estimates of misreporting, finding minor

increases in the share of income held by the top one percent since the 1980s, while Piketty et al.

(2018) rely on the observed distribution of reported income and find a more substantial increase

in inequality. We propose a framework for expressing the different sets of assumptions made by

both sets of authors. Doing so allows us to separate complex but ultimately minor points regard-

ing their methodologies from the more important effects of underlying economic assumptions

made by both sets of authors. We then evaluate the existing literature, finding that the method-

ology employed by Auten and Splinter (2024) does not account for the growing importance of

pass-through entities since the 1980s. Given that misreporting from these entities is likely not

captured by traditional audits, and that these corporate forms have been growing in importance at
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the top of the income distribution, any methodology based on audit data will likely underestimate

inequality. This work captures the importance the estimation of a particular undesirable form

of behavior response – tax avoidance or evasion – on the estimation of income inequality in the

United States.
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Chapter 2: The Labor Supply Effects of the California Earned Income Tax

Credit

Abstract1

I study the labor supply effects of the implementation of the California Earned Income

Tax Credit (CalEITC) in 2015, which broke with the structure of the federal EITC by provid-

ing large transfers to very-low-income workers. Using a triple-difference approach, I find a 3

percentage-point increase in part-time employment a matching decline in full-time work among

single mothers. This result, coupled with a observed decline in earned income, implies that the

CalEITC induced a shift from full-time to part-time work. This response is consistent with a

model of labor supply in which workers select between a discrete set of employment options at

different points in the earnings distribution. This response is concentrated among women living

in large, multi-adult households, pointing to an important role for intra-household bargaining in

allowing women to respond to the credit. Accounting for behavioral effects and fiscal spillovers

from the labor supply response on federal and state taxes, I estimate that the Marginal Value of

Public Funds of the CalEITC is between 0.6 and 0.9.
1I would like to thank Melissa Kearney, Katharine Abraham, Judith Hellerstein, and Daniel Reck for their advis-

ing and support. I would also like to thank Sebastian Galiani, Jessica Goldberg, Ethan Kaplan, Guido Kuersteiner,
Luminita Stevens, Nolan Pope, Sergio Urzua, and other seminar participants at the University of Maryland, as well
as seminar participants at the 2024 National Tax Association Annual Conference, the Congressional Budget Office,
and the Penn-Wharton Budget Model. Finally, I am grateful to Daniel Arias and Erica Ryan for their many insights.
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2.1 Introduction

There is a large and growing literature demonstrating that providing resources to low-

income households with children can both reduce child poverty in the short run and improve

children’s long-term outcomes across a range of measures (National Academies of Science, 2019,

Page, 2024). Since the 1990s, two major tax-based safety net programs—the Earned Income Tax

Credit (EITC) and, more recently, the Child Tax Credit (CTC)—have aimed to support low-

income families with children while minimizing potential distortions to labor supply. To achieve

this, benefits from these programs phase in with earned income, creating an incentive for non-

working individuals to enter the labor market. As a result, non-workers and very low-income

families often receive little to no support from these programs. Economists and policymakers

have debated redesigning these programs to address this gap, proposing reforms ranging from

unconditional cash transfers to eliminating earnings tests for low-income workers and adjusting

parameters of existing tax credits. Understanding how these changes might affect labor supply is

critical to assessing to estimating their effect on welfare. While the labor supply incentives of the

federal EITC have been widely studied, less is known about how individuals respond to changes

in the phase-in structure of these credits—a key lever in many proposed reforms.

In this paper, I provide new evidence on labor supply responses at the very bottom of the

earnings distribution, using quasi-experimental variation from the introduction of the California

Earned Income Tax Credit (CalEITC). Passed in 2015, the CalEITC was designed to deliver

larger benefits to very-low-income, primarily part-time workers with children—those who would

have received only modest benefits from the federal EITC (Rueben et al., 2017). The CalEITC

nearly doubled the phase-in rate of the combined federal and state EITCs, enabling workers to
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reach the maximum refundable credit at much lower earnings levels than under the federal credit

alone, as shown in Figure 2.1a. This direct targeting of very-low-income workers has the potential

to substantially improve household welfare: in 2015, a single parent with two children earning

$6,925 could receive a combined EITC of $5,220—almost doubling their pre-tax income—with

about half of the benefit coming from the CalEITC.2 However, the policy may have altered the

labor supply decisions of impacted households, and this effect both theoretically ambiguous and

essential to any welfare analysis.

To assess these effects, I build on the empirical literature on EITC-induced labor supply by

using a triple-difference approach. I compare employment outcomes for single women with and

without children, inside and outside California, before and after the CalEITC’s implementation.

This strategy addresses a key limitation of traditional difference-in-differences models comparing

parents and non-parents, which can be biased if these groups are subject to different economic

shocks or policy trends (Kleven, 2024). By differencing out the trend between parents and non-

parents in other states, I mitigate this concern, assuming that the parent–non-parent difference in

California would have followed a similar path to the control states in the absence of the policy.

I focus on the population of single women because this group is both the most exposed to the

CalEITC given their distribution of earnings and because they have been shown to be the most

responsive to labor supply incentives induced by tax changes by prior research.3

Using American Community Survey (ACS) data from 2012 to 2017, I find no change in

overall employment following the introduction of the CalEITC. However, part-time work in-

2A single parent with two children in 2015, earning $6,925, would be eligible for a federal EITC of $2,862 and
a CalEITC of $2,358, totaling $5,220.

3I considered the labor supply effects of the CalEITC on single men and married couples, but the results, partic-
ularly the pre-treatment employment trends, are noisy enough to rule out any determination regarding the effect of
the policy on these populations.
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creases by about 3 percentage points, while full-time work falls by a similar amount.4 These

offsetting changes suggest that the increase in part-time work is driven by individuals who would

otherwise have worked full-time. I find suggestive evidence from longitudinal Current Population

Survey (CPS) data that supports this conclusion. The results are robust to a variety of specifica-

tions and alternative approaches, including simulated instruments and Synthetic Difference-in-

Differences (SDID) (Arkhangelsky et al., 2021). Using ACS data on weeks worked, I find no

evidence that single mothers adjusted the number of weeks they worked per year, suggesting

that responses occurred along the hours margin rather than the weeks margin. Importantly, these

results reflect the short-term response to of women to the CalEITC, as the short duration of the

post-treatment period prevents me from extending the results to the medium and long-term.

To explore mechanisms behind the shift from full-time to part-time work, I examine het-

erogeneity across household and demographic characteristics. The largest shift occurs among

women with one or two qualifying children and those living in multi-adult households. These

findings imply that household composition affects a woman’s ability to adjust labor supply:

more children may reduce flexibility, while additional adults may increase it. This highlights

the potential importance of of intra-household bargaining over labor and home production when

considering the labor supply responses of individuals to tax changes (Chiappori, 1992, Blundell

et al., 2005). Notably, the labor supply response is not limited to mothers of very young chil-

dren, suggesting that the shift to part-time work is not driven solely by parents facing childcare

responsibilities.

Both the welfare effects of this transition and the appropriate model of labor supply to use

4As detailed in Section 2.4.2, I classify part-time and full-time work based on weekly hours: individuals working
fewer than 35 hours are part-time, while those working 35 or more are full-time.
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to evaluate it depend largely on the counterfactual income a full-time worker would have earned

absent the CalEITC. Conceptually, the shift from full- to part-time work could reflect either a

marginal reduction in hours (from the federal EITC kink-point to the new CalEITC kink-point)

or a larger, discrete shift in labor supply—consistent with models in which individuals choose

among a limited set of work options (Kosonen and Matikka, 2023). I present several pieces

of suggestive evidence favoring the latter explanation, including a large reduction in average

income and a shift downward in the distribution of earned income. However, I also caution that

the ACS earnings data are insufficient to isolate precisely where in the earnings distribution a

mother would have been employed but for the CalEITC. I highlight this as a direction for future

research, alongside the need for better longitudinal earnings data that can track the transitions

across the income distribution.

Using these results, I calculate a labor supply elasticity that captures the degree to which

single mothers alter their labor supply in response to the CalEITC discrete jumps in earnings;

a “mobility” elasticity (Saez, 2002, Kosonen and Matikka, 2023, Kreiner et al., 2015). Given

the uncertainty regarding the counter-factual income of a full-time worker, I construct a range

of estimates, based on several possible alternatives. I find that the mobility elasticity of between

1.0 and 1.7; which are large in the context of the prior federal EITC reforms. They are larger,

in fact, than all but those estimated based on the 1986 EITC reform reform.5 However, the

group of women who respond to the CalEITC–single mothers in multi-adult households–might

be uniquely able to respond to the incentives of the CalEITC, relative to prior reforms.

Finally, following Hendren and Sprung-Keyser (2020), I estimate the Marginal Value of

5As noted by Kleven (2024), the 1986 reform might be uniquely prone to larger elasticity estimates as it made
only small changes to the tax rate faced by single mothers. This means that any small bias in the estimation of the
effect of the reform could have large effects on the overall estimated elasticity.
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Public Funds (MVPF) for the CalEITC—a measure of the cost to the government of provid-

ing one dollar of benefits, accounting for behavioral responses. My estimate incorporates fiscal

spillovers to federal and state income taxes but excludes long-run impacts on children and other

safety net programs due to data limitations (Bastian and Jones, 2021, Bastian and Michelmore,

2018). I estimate the MVPF of the CalEITC to be between 0.6 and 0.9—well below the MVPF

of 3.2 to 4.2 estimated by Bastian and Jones (2021) for the federal EITC. This gap is driven pri-

marily by reduced earnings from the shift to part-time work and interactions with the federal tax

and transfer system. These results highlight that the net fiscal cost of state-level programs can

depend critically on how they interact with federal policies.

This paper presents one of the first evaluations of the CalEITC, a major anti-poverty ini-

tiative in the nation’s largest state. Previous work, such as Rueben et al. (2017), has offered

theoretical and descriptive analysis of the program, and Neumark and Li (2024) find no change

in overall employment—a result they attribute to the CalEITC’s narrow targeting and California’s

high minimum wage. My paper is the first to examine a broader range of labor supply responses

and to provide an MVPF estimate for the program. It also connects to research on CalEITC take-

up (Iselin et al., 2023) and on the California Young Child Tax Credit, which evolved from the

CalEITC (Goldin et al., 2024, Unrath, 2024).

I also contribute to the emerging literature on discrete labor supply responses to tax changes.

Most prior work has relied on continuous labor supply models, often incorporating optimiza-

tion frictions, and has typically focused on estimating elasticities near the intensive-margin kink

(Saez, 2010, Chetty et al., 2011, Chetty, 2012, Kleven and Schultz, 2014). However, as Kosonen

and Matikka (2023) notes, discrete labor supply models can account for behavioral responses

away from marginal incentives. My findings provide suggestive evidence that workers above the
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CalEITC kink adjusted their behavior in a manner consistent with such models.

Finally, this paper adds to the literature on labor supply responses—especially among

women—to changes in EITC design. It complements earlier work documenting extensive-margin

increases in labor force participation in response to EITC expansions (Eissa and Liebman, 1996,

Meyer and Rosenbaum, 2001, Hoynes and Patel, 2018, Bastian and Jones, 2021, Schanzenbach

and Strain, 2021, Bastian, 2020), and builds on more recent evidence of muted participation

effects (Kleven, 2024). Intensive-margin effects remain elusive, particularly outside the self-

employed, where some observed responses are likely driven by reporting behavior rather than

real changes (Garin et al., 2021). This paper also relates to recent research on earnings-benefit

decoupling, such as the fully refundable 2021 CTC (Enriquez et al., 2023, Pac and Berger, 2024,

Ananat et al., 2024) and California’s elimination of the earnings test for the YCTC in 2022

(Goldin et al., 2024, Unrath, 2024), both of which show little impact on employment. Related

experimental evidence on unconditional cash transfers has found moderate labor supply reduc-

tions (Vivalt et al., 2024, Balakrishnan et al., 2024). These findings are highly relevant, as they

suggest alternative strategies to modifying phase-in parameters for reaching low-income families.

The remainder of the paper is structured as follows. Section 2.2 describes the structure of

the federal and California EITCs and other relevant policies. Section 2.3 outlines two conceptual

labor supply models. Section 2.4 presents the data and empirical strategy. Section 2.5 shows the

main employment results. Section 2.6 examines the effect of the CalEITC on earnings. Section

2.7 calculates labor supply elasticities implied by my labor supply and earnings results. Section

2.8 estimates the MVPF of the CalEITC. Finally, Section 2.9 concludes.
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2.2 Background

The federal EITC is currently one of the largest means-tested cash transfer program in the

United States, providing $64 billion in refundable tax credits to 31 million low-income workers

in 2022 (IRS, 2023). The federal EITC operates as a refundable tax credit, meaning that eligible

taxpayers can receive a refund from the government even if their credit exceeds the total amount

of taxes they owe. A taxpayer’s EITC eligibility and benefit amount is primarily a function of

their earned income, with the parameters of that function varying based on the number of children

and marital status of the taxpayer. The generosity of the credit increases substantially with the

number of children a tax filer can claim on their return, with childless workers eligible for only

very small credit amounts. Importantly, a dependent on a tax return must meet several additional

criteria—based on their age, residency, and relationship to the taxpayer—to be counted as a

qualifying child for the purpose of EITC eligibility and benefits calculations. The federal EITC,

as depicted by the solid green (or black, when the combined EITC schedule and the federal

Schedule overlap) line in Figure 2.1a, consists of three regions.6 First, in the ”phase-in region” a

taxpayer’s EITC credit amount increases at a fixed rate per dollar earned until a specified earning

level is reached. Second, in the ”plateau region” the EITC credit amount holds constant until a

second earning level is reached. Third, in the ”phase-out region” the credit amount decreases at

a fixed rate per dollar earned until it reaches $0.

In June 2015, California introduced the California Earned Income Tax Credit (CalEITC).

Unlike most of the 31 other states and the District of Columbia that also have state-level EITC

supplements, California’s credit is not simply a fixed percent of the federal EITC. Like the federal

6I report the same figures for 2015 and 2017 in Figure A.1.
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EITC, the generosity of CalEITC is a function of a tax unit’s earnings and number of qualifying

children, with very low credit amounts for tax units without kids. However, the CalEITC uses

a different function to calculate benefits amounts. The credit, depicted as the dashed green line

in Figure 2.1a, does not include a plateau region, and phases in and out at a much lower level of

earned income. For 2015 and 2016, individuals were only eligible for the CalEITC if they had

annual earnings that placed them on the phase-in region of the Federal EITC.7 The result was the

joint federal-state EITC schedule (the black line), which has a faster phase-in rate and a longer

pseudo-plateau region than the federal credit, meaning taxpayers could receive very close to their

maximum potential EITC payment at a lower level of annual earnings.8

The CalEITC has undergone a number of changes since its introduction (Davis and White,

2019). First, prior to 2017, self-employment income was not counted as earnings for the purpose

of calculating the CalEITC, leaving only wage and salary income, a deviation from the federal

EITC. This was changed in 2017, when California amended the definition of earnings to bring

it in line with the federal EITC. Second, also in 2017, tax filers earning between $10,000 and

$22,300 (for a family with two QC) became eligible for the CalEITC (see Figure A.1b). However,

these newly-eligible tax units could only claim very small credit amounts, leaving unchanged the

fundamental focus of the CalEITC on very-low-income workers.

As shown in Figure 2.2a and noted by Rueben et al. (2017), workers eligible for the largest

CalEITC benefits are likely to be working part-time. Super-imposing the federal and Califor-

7An additional requirement is that a tax unit’s adjusted gross income was below the maximum earnings level
at which an individual could still claim any CalEITC benefits. In other words, even if a tax unit’s earnings were
$7,000, if they reported enough other non-earned income, they would no longer be eligible for the CalEITC. The
federal EITC has the same rule.

8The CTC during this period (as shown in Figure A.2) provided a maximum credit of $1,000 per child. When con-
sidering the combined refundable tax credit schedule (federal plus state EITC and CTC), the effect of the CalEITC is
less about an expansion of the plateau region, and rather reflects the introduction of a kink into the budget constraint
for very-low levels of earnings (Chetty et al., 2011).
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Figure 2.1: Federal and California EITC benefits schedule and budget constraint, TY 2016.

(a) EITC schedule for a parent with 2 qualifying children

(b) EITC schedule by count of qualifying children

Note: The parameters of the federal EITC used to create this figure were obtained via the Urban-Brookings Tax
Policy Center, while the parameters of the California EITC schedule were backed-out of the Earned Income Tax
Credit tables from California Form FTB 2514. The benefit schedules shown assume a single filer whose adjusted
gross income is solely composed of wage income. The colors across both figures reflect the number of qualifying
children (blue for zero, red for one, green for two, and orange for three), with black representing the combined EITC
schedule for a single parent with two qualifying children. Dashed colored lines represent the CalEITC, and solid
colored lines represent the federal EITC.
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Figure 2.2: Histograms of workers

(a) Single women workers in 2014, by full- and part-time status

(b) Workers with qualifying children (2012-2014), by marital status and
sex

Note: These figure are derived from American Community Survey (ACS) data from 2014 for Figure 2.2a and 2012-
2014 for Figure 2.2b. Both series are limited to sample of workers, aged 20-50, who are US citizens, not in the armed
services, not in school, and not potential qualifying children as define in Appendix A.2.1. The first panel focuses on
single women, while the second on married and single men and women with qualifying children. All histograms plot
the weighted count of workers in each earned income bin, separately by full-time and part-time workers in the first
panel and by marital status and sex in the second. Earned income has been top-coded at $150,000, and defined at the
individual level for the first panel and at the tax-unit level in the second. Full time work is defined as working at least
35 hours a week, and part time work is defined as working under 35 hours a week. The red and black dashed lines
reflects the CalEITC and federal EITC benefit amount respectively, for a single mother with 2 qualifying children as
of 2015 (in the case of the CalEITC) and 2014 (in the case of the federal EITC).
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nia EITC schedules for a single parent with two qualifying children, the eligibility range for the

CalEITC overlaps with the area of maximum density of part-time workers. Further, as the Cali-

fornia minimum wage increased starting in 2014, fewer full-time workers would be expected to

have earnings in the CalEITC-eligible range without substantial changes in labor supply across

other margins (for example, weeks worked). This was very much the intention of California

policymakers, who were attempting to allocate additional resources to lower-income, part time

workers who receive relatively small benefit amounts from federal tax credits. Further, as shown

in Figure 2.2b, the group with the most workers earning in the CalEITC-eligible range are single

mothers: while there are single men and married couples who are eligible for this credit, based

on pre-treatment earnings distributions, single mothers are the most likely to benefit from this

credit, absent any change in labor supply response.

2.3 Conceptual Framework

In this section, I consider the potential margins by which taxpayers might alter their labor

supply. I argue that the combined federal and state EITC schedule is the most relevant for gauging

the responses of California filers, as both credits have nearly identical eligibility rules and because

it was exceedingly rare for a tax filers to claim the CalEITC without claiming the federal EITC

as well (Iselin et al., 2023, Davis and White, 2019). As shown in Figure 2.3, the introduction of

the CalEITC shifted out the budget constraint of an eligible tax filer, increasing their net-of-tax

income at higher relative levels of leisure.

Following closely the structure and argument of Kosonen and Matikka (2023), consider an

agent facing the budget constraint depicted in Figure 2.3, with an utility function u(c, z), where c
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represents consumption (or after-tax income), and z is gross income (Saez et al., 2012, Feldstein,

1999). Utility is increasing in c and decreasing in z, with the latter reflecting a number of factors,

including lost utility from leisure, value from home production, and dis-utility from work. In

a standard, continuous model of labor supply, individuals can freely choose {c, z} by adjusting

effort across a number of dimensions. Therefore, the budget constraint faced by a tax filer is

c = z ∗ (1 − τ) + R, where 1 − τ is the net-of-tax rate, and R is virtual income. Mapping this

to the simple case where workers can only adjust labor supply across hours worked results in

c = z ∗ (1− τ)+R = w ∗ (1− l)∗ (1− τ)+R where w is the exogenous wage, l is a normalized

measure of leisure, as plotted in Figure 2.3.

Assuming an agent can freely select the optimal level of consumption and leisure to maxi-

mize their utility, I would expect one of two responses to the implementation of the CalEITC: an

extensive-margin response where agents enter the labor market at some point in regions A or B

as noted on Figure 2.3, or an intensive margin change where agents marginally adjust their effort.

For the former, this would mean agents who prior to the reform chose not to work (l = 1), might

be induced to increase their hours worked (reduce l), now that the return to a unit of labor has

increased sufficiently. For the latter, agents who, prior to the reform, would have been located in

region A, on the lower half of the federal EITC phase-in range, would face an income effect push-

ing them to work more (decrease l) and an income effect to work less (increase l), while agents

on the second part of the phase-region B–have a theoretically unambiguous incentive to work

less (increase l). Past work has generally found that agents, particularly single mothers, respond

along the extensive rather than intensive margin (Schanzenbach and Strain, 2021, Kleven, 2024,

Saez, 2010, Chetty et al., 2011, 2013, Bastani and Selin, 2014, Nichols and Rothstein, 2015).

Importantly, given a continuous model of labor supply and reasonable assumptions regarding the
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Figure 2.3: Budget constraint for parent with 2 qualifying children (QC) in 2016

Note: The parameters of the federal EITC used to create this figure were obtained via the Urban-Brookings Tax Pol-
icy Center, while the parameters of the California EITC schedule were backed-out of the Earned Income Tax Credit
tables within the California Form FTB 2514. Normalized leisure represents the proportion of potential working time
spent on leisure. For each choice of leisure (the x-axis), I calculate the annual pre-tax income for a potential mini-
mum wage worker (the dashed black line), as well as the resulting after-tax income including only the federal EITC
(the green line) and the federal and California EITC (the dashed green line). The right-most purple dashed line repre-
sents the total amount of normalized leisure associated with not working. The next dashed line to the left represents
the level of normalized leisure that a worker would have if they had earnings that maximized their CalEITC benefit
amount. The next (slightly faded) dashed line represents the level of normalized leisure that maximizes the federal
benefit amount. It is faded to represent the potential inaccessibility of a given point on the earnings distribution. The
left-most dashed line represents the amount of leisure of a full-time worker, working 52 weeks out of the year, at
the binding state minimum wage ($10 in 2016). The regions A (between the third and fourth dashed lines from the
left) represents the region where I might expect, if the substitution effect outweighs the income effect, a marginal
increase in labor supply. The region B (between the second and third dashed lines) is the region where, given that
the income and substitution effects work in the same direction, I might expect a decline in labor supply. Region C
(everything to the left of the second dashed line) is where I would expect no response to the CalEITC in a model of
continuous labor supply, but where I might expect a decline if taxpayers are choosing between a few discrete points
in the earnings distribution.

utility function I would not expect agents in region C of Figure 2.3 (the whole region to the left

of the lighter dashed line) to respond to the CalEITC.

Now, consider a discrete model of labor supply, in which, following Saez (2002) and Koso-
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nen and Matikka (2023), agents choose between J discrete levels of earnings denoted j = 1, ..., J .

Each location j produces utility equal to u(cj, zj), where cj = zj ∗Tj +R. Define Tj as the aver-

age tax rate at that level of gross income. There are any number of reasons why a worker might

have a limited set of available choices in terms of hours worked; see, for example, the case dis-

cussed by Chetty et al. (2011) where firms offer a constrained set of possible hours due to existing

production technology. Assuming, as above, that agents only respond across hours worked, each

discrete point j can be associated with a specific lj . In a simple example, assume that agents can

choose to not work (nw), work part-time (pt), and work full-time (ft), where 1 = lnw > lpt > lft.

I denote these three points as darker dashed lines on Figure 2.3. Agents then choose the level

lj to maximize their utility. Importantly, while this setup still allows for the extensive-margin

response to the CalEITC seen in the continuous model, I would not expect to see any marginal

adjustments in line with the intensive-margin responses discussed above. However, this model

does rationalizes larger drops in labor supply from lft to lpt.

2.4 Empirical Strategy and Data

2.4.1 Empirical Strategy

My main specification is a cross-sectional triple-difference design, comparing the differ-

ence between single women with and without qualifying children (difference 1), before and after

the implementation of the CalEITC in 2015 (difference 2), in California and in the group of un-

treated states (difference 3). This estimate recovers a causal estimate of the CalEITC on employ-

ment under the assumption that without the CalEITC, the difference between the employment

of single women with and without qualifying children in California would have had the same
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trend as the matching difference in the pool of untreated states (Olden and Møen, 2022). This

approach takes advantage of two untreated groups: those individuals without qualifying children,

and individuals with qualifying children outside of California. The former has been used repeat-

edly by the literature, given that the federal EITC provides much smaller benefit amounts to tax

units without qualifying children (Eissa and Liebman, 1996, Bastian and Jones, 2021, Bastian,

2020, Eissa and Hoynes, 2004, Hoynes, 2019, Jones and Ziliak, 2022). The same approach is

appropriate in the case of the CalEITC because of the similarly small credit amounts the state

credit provides to non-parents (see Figure 2.1b). This also controls for economic and demo-

graphic trends within California that have the same impacts on parents and non-parents, as well

as policy changes that affect both groups equally. Comparing parents to non-parents does have

potential issues; namely, that having a child exposes parents to both the direct effect of the child

as well as the effects of other programs whose benefit schedules are also a function of family

size (Kleven, 2024). If there are concurrent policy changes or economic shocks that differentially

impacts parents and non-parents, then the simple difference-in-difference could be biased. My

triple difference approach is designed—in large part—to account for this critique.9 The threats

to the validity of this strategy come from either shocks within a given state that differentially im-

pact parents and non-parents, or nation-wide shocks with heterogeneous impacts across parental

status and state (i.e. a shock that impacts mothers differently from single women without kids,

but does so in different ways in different states). I discuss both in detail in Section 2.5.3.

In constructing my pool of control states, I want to exclude any states that experienced

shocks that did not impact individuals in California, and include states that best reflect the coun-

9Concurrently with this paper, Neumark and Li (2024) also implement a similar triple-difference approach,
though their pool of control states is marginally different from the ones I consider here.
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terfactual trends employment in California would have experienced without the CalEITC. First,

I exclude Alaska, to avoid complications stemming from Alaska’s Permanent Fund Dividend

(PFD), a state-level program that makes annual payments (not conditioned on work) to Alaska

residents, which was highly variable during this period. Second, I exclude states that experi-

enced changes in their own state EITC policies between 2008 and 2019.10 These restrictions,

also outlined in Table A.1, create my primary sample of 28 states, including California. I also

perform several robustness checks, where I alter the pool of untreated states, discussed further in

Section 2.5.3. It is worth noting that, while many states have implemented versions of the CTC

in recent years, none were implemented prior to 2019, meaning there are not other major tax

credits operating at the state-level that might alter the labor supply incentives of low-income res-

idents during this period. I estimate the effects of the CalEITC on several different employment

measures using Equation 2.1:

yist =α + βTreatedist +Xitη + (Ust × QCit)θ + (MWst × QCit)µ

+ δt + γs + QCit + (QC × δ)it + (QC × γ)ist + (δ × γ)st + ϵit

(2.1)

In this equation, yist is the outcome variable for person i in state s at time t, QCit is a fixed

effect for the number of qualifying children (capped at 3) assigned to person i, δt is a year fixed

effect, and γs is a state fixed effect. The final three terms are fixed-effects for the interactions

between pairs of state, year, and number of qualifying children fixed effects. The coefficient of

10These include Colorado, Connecticut, Hawaii, Illinois, Iowa, Kansas, Louisiana, Maine, Maryland, Mas-
sachusetts, Michigan, Minnesota, Montana, New Jersey, New Mexico, Ohio, Oregon, Rhode Island, South Carolina,
Vermont, and Wisconsin.
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interest is β, with treatment defined as:

Treatedist = 1 [(QCit > 0) & (t ≥ 2015) & (s = CA)] (2.2)

In other words, an individual is treated if she have at least one qualifying child, during or after

2015, and are in California. I cluster standard errors at the state-level.11

The vector Xit is a set of demographic controls, including measures of age, education, race,

Hispanic origin, the minimum age among the qualifying children, and the number of adults in

the household. These are designed to control for both subtle changes in the demographic makeup

of states across my sample, as shown in Table A.2, and for other policies whose benefit gen-

erosity is a function of family composition. I also control for differential effects of labor market

trends across different types of families by controlling for state unemployment interacted with

the number of qualifying children (Ust × QCit). Prior work by Hoynes and Patel (2018) and

Schanzenbach and Strain (2021), among others, have highlighted that women with and without

children may be differentially impacted by business cycle dynamics. In my setting, the recov-

ery from the Great Recession was relatively slow in California, as shown in Figure A.3, which

implies this control is all the more important. Finally, I also control for any potential differen-

tial impact of state-level minimum wage policies by interacting the binding state minimum wage

with the number of qualifying children (MWst × QCit). As shown by Figure A.4, 12 states in

11Recent work has shown that inference using the cluster-robust variance estimator (CRVE) is complicated in cases
where there are relatively few clusters, heterogeneity across cluster size, and–importantly–only one treated cluster.
In these cases, CRVE-based inference risks over rejecting the null hypothesis that this is no effect. In Appendix A.5,
I review and implement a range of alternative inference procedures, noting that many of them face the opposite
problem, a risk of severe under-rejection, in cases where the issues above interact. However, the specification with
my full set of controls is statistically significant at the five percent level when using the approach proposed by Ferman
and Pinto (2019), and at either the five or ten percent level when using wild-cluster bootstrap proposed by Cameron
et al. (2008).
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my sample had state minimum wages in excess of the national level, and all of those increased

their minimum wage at least once between 2010 and 2017. Importantly, California began a se-

ries of hikes in 2014, right before the implementation of the CalEITC. This is only a threat to

my identification strategy if there is a differential impact of minimum wages on employment

outcomes across single women with and without children. The recent literature examining this

question has found mixed results. Cengiz et al. (2022), using a cross-state event-study design,

found no differential effect of minimum wages on single mothers. Godøy et al. (2024), using a

distributional difference-in-difference approach, found that single mothers respond to minimum

wage increases by increasing their full-time employment via jobs paying close to the minimum

wage, while other groups have employment effects that are indistinguishable from 0. In this case,

without controlling for differential effects of minimum wages across the number of qualifying

children, my estimates of the effect of the CalEITC on overall or full-time employment would be

biased upwards.

My empirical strategy can be extended to an event-study specification by interacting a mod-

ified version of the treatment indicator as defined in Equation (2.2) with each year, as shown in

Equation (2.3), allowing me to both consider pre-treatment trends and observe the heterogeneity

of the treatment effect over time.

yist =α +
∑

j ̸=2014

βj (Yearj=t × 1 [(QCit > 0) & (s = CA)])

+Xitη + (Ust × QCit)θ + (MWst × QCit)µ

+ δt + γs + QCit + (QC × δ)it + (QC × γ)ist + (δ × γ)st + ϵit

(2.3)

My main specification is limited to 2012 through 2017 to avoid potential impacts the re-
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covery from the Great Recession, the expansion of the CTC in 2018 as part of the Tax Cuts and

Jobs Act (TCJA), and the creation of the Young Child Tax Credit (YCTC) in California in 2019,

depicted in Figure A.5.

In a ”first-stage” of sorts, I estimate a version of Equation (2.3) where the outcome variable

is the after-tax rate (or 1 − τ , where τ is the average tax rate) faced by women after I assign

each person in my sample the level of earned income that would have maximized their CalEITC

receipt. The estimates, reported in Figure A.6, shows that, prior to the CalEITC, the difference in

tax rates between low-income parents and non-parents were very similar between California and

in the pool of control states. After the implementation of the CalEITC, the after-tax rate increased

dramatically, reflecting a unique change in tax rates for very-low-income tax filers with children

in California.

2.4.2 Data

My primary data source is the American Community Survey (ACS) from 2010 through

2017 (and occasionally through 2019), downloaded via IPUMS (Ruggles et al., 2023). The ACS

is an annual random survey of approximately 1 in every 100 individuals in the U.S., designed

by the US Census Bureau to provide up-to-date demographic, social, economic, and housing

data annually, rather than once-a-decade as was previously available via the census long-form

questionnaire. While ACS data is available starting in 2000, the design of the survey was fully

implemented starting in 2006. The ACS is a monthly survey, but results from each month in

the year are pooled by the US census bureau to produce publicly available annual statistics and

micro data. The ACS asks questions both about employment during the last week and during the
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last year. Critically, the reference period for these annual measures of employment (or income)

is the 52 weeks prior to conducting the survey, not the calendar or tax year within which the

survey is taken. The timing of the ACS reference period raises the concern that an individual’s

reported employment in the 2015 ACS represents actual employment in 2014. I address this issue

in Section 2.5.1 by using monthly data via the Current Population Survey (CPS) to show that the

change in employment—particularly part-time employment—began after the enactment of the

CalEITC in June 2015.

My main outcome variables are indicators for whether an individual worked during the

last 12 months, and whether they were working full- or part-time. I follow the Bureau of Labor

Statistics (BLS) definition of full- versus part-time work, where full-time is defined as ”usu-

ally” working 35 or more hours a week, and part-time as working fewer than 35 hours. ACS

respondents are asked to report the usual numbers of hours they worked per week, conditional on

working in a given week, providing the required information to replicate this definition. I com-

plement this analysis with employment results by finer bins of hours worked, as well as measures

of weeks worked in a given year.12 I also separately report overall employment results, though not

results broken down by full or part-time status, for a measure of employment when the reference

period was the week prior to the interview.13 The ACS also asks several questions about income

that an individual earned during the 12 months prior the interview, including wages, salaries,

12I can further look at whether the employment effects are driven by increases in self-employment. While the ACS
does not ask a specific question regarding self-employment during the prior year, I can determine if a worker was -
at any point - self-employed in the last year by observing whether or not they reported any self-employment income
(and in some cases I restrict focus to those reporting self-employment income in excess of $1,000 annually). These
results are reported in Appendix A.3. I find an increase in self-employment during 2015-2016, likely representing
either an initial misunderstanding of the CalEITC eligibility rules or an effort to supplement part-time wage work
with self-employment income.

13The ACS does not ask a question regarding hours of work from the week prior to the interview, restricting
information gleaned from this reference period.
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self-employment, and investment income.

My main sample consists of single women aged 20-50 without a college degree, who meet a

number of criteria. They must be US citizens, not in school, not in group quarters or in the armed

services, and cannot potentially be qualifying children themselves. The logic behind each of these

restrictions is discussed in Appendix A.2.1, but is intended to isolate a group of likely eligible

individuals without any major confounding characteristics. I limit my sample to single women

without a college degree to focus on the sample of lower-income women who are likely to be

impacted by these incentives without conditioning directly on earned income (Hoynes and Patel,

2018, Schanzenbach and Strain, 2021). In order to identify which adults have qualifying children,

I utilize information on household composition and demographics to identify both who is likely

to be a qualifying child, and which adult in a household is likely to claim that child, a process

that is described in detail in Appendix A.2.2. This abstracts from recent work that has shown

some evidence of strategic claiming of children within households (Jones and O’Hara, 2016,

Splinter et al., 2017). Given that this likely results in some mis-assignment of treatment status, I

expect some attenuation of my treatment effect, meaning that my results should be viewed as a

lower-bound of the estimated effect of the CalEITC on the labor supply response.

I present descriptive statistics for my sample in Table 2.1, across the different dimensions

of the triple-difference. Importantly, California and the pool of control states differ significantly

in the racial and ethnic make-up of the sample, as well as the rate of self-employment, and

levels of earned income. These differences alone are not problematic per-se: rather, the concern

would be if any of these differences threaten the assumptions of my triple-difference approach.

In Table A.2, I report the result of a balance test, where I estimate a version of Equation (2.1)

with no demographic or unemployment controls, using a range of demographic characteristics as
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dependent variables. I find statistically significant effects for several demographic variables, most

notably across educational attainment and the share of the population that is Hispanic versus Non-

Hispanic White. While these differences are small enough to be unlikely to have a large effect on

my results, I include a range of demographic controls in my main specification, and employ, as a

robustness check, a synthetic difference-in-difference (SDID) approach that weights the pool of

control units to account for such differential trends. My results remain substantively unchanged

with the inclusion or exclusion of controls, or the use of SDID.

I also utilize monthly data from 2012 through 2017 from the monthly Current Population

Survey (CPS), accessed via IPUMS (Flood et al., 2022). The CPS provides information from

a range of very detailed questions on weekly employment, as well as information on household

composition, geographic location, family relationships, and demographics. However, the sample

size is notably smaller that that of the ACS.14 I utilize the CPS to supplement my findings by

taking advantage of the longitudinal feature of the survey.15 Using the longitudinal CPS, I can

separately identify the effect of the CalEITC on those who were employed full-time, part time,

or not employed 12 months prior.

14For 2015, for example, I observe 12,069 single women in California that are in my main sample, verses 4,886 in
the pooled monthly CPS, 1,647 in the longitudinal sample, and 621 in the CPS ASEC, which is an annual supplement
to the CPS that contains additional information on income and other economic characteristics. It is also worth noting
that one of the major benefits of the CPS (monthly or ASEC) for prior research has been its coverage of the pre-
2006 period, allowing for research on all the major changes in federal EITC policy. However, the ACS was fully
implemented for the period of interest regarding the CalEITC. Researchers studying more recent periods of EITC
reforms have also used the ACS (Wilson, 2023).

15CPS interviews are conducted in a rotating pattern, with households interviewed for four months, not inter-
viewed for the next eight months, then interviewed again for four months. This structure means that for four months
per person (the last four months in the sample), it is possible to link an individual to their employment characteristics
from one year prior, via their first interview. To adjust for attrition, I construct a set of longitudinal weights using
a weight-calibration procedure referred to as iterative proportional fitting (raking), implemented via the ipfraking
package in Stata (Newton et al., 2014). The weights are designed to allow the longitudinal sample for a given month
(with the reference month being end of the 12-month period) to be representative of the CPS as a whole in that
month.

28



Table 2.1: Descriptive statistics, single women aged 20-50 via the ACS

CA - 2012-2014 CA - 2015-2017 Controls - 2012-2014 Controls - 2015-2017
Variable No QC 1+ QC No QC 1+ QC No QC 1+ QC No QC 1+ QC
Age 31.9 34.4 31.4 34.6 33.1 33.8 32.4 33.8

(9.9) (8.4) (9.4) (8.2) (10.3) (8.2) (10.0) (8.0)
Adults in HH 2.9 2.2 3.0 2.3 2.5 1.9 2.5 1.9

(1.4) (1.2) (1.5) (1.3) (1.2) (1.0) (1.2) (1.0)
Hispanic 40.0 49.5 44.7 51.7 13.7 17.4 15.4 18.6

(49.0) (50.0) (49.7) (50.0) (34.4) (37.9) (36.1) (38.9)
Non-Hispanic White 38.0 27.3 33.6 25.2 58.5 47.5 56.1 45.8

(48.5) (44.6) (47.2) (43.4) (49.3) (49.9) (49.6) (49.8)
Non-Hispanic Black 10.4 14.1 10.2 13.5 23.0 30.7 23.0 30.7

(30.5) (34.8) (30.3) (34.1) (42.1) (46.1) (42.1) (46.1)
Non-Hispanic Other 11.6 9.1 11.5 9.6 4.9 4.4 5.4 4.9

(32.0) (28.8) (31.9) (29.5) (21.5) (20.6) (22.6) (21.7)
No High School 13.9 18.9 13.3 16.7 14.8 17.7 13.7 16.4

(34.6) (39.1) (34.0) (37.3) (35.6) (38.2) (34.4) (37.0)
High School Grad 41.7 38.9 43.4 40.9 47.7 44.3 48.8 44.9

(49.3) (48.8) (49.6) (49.2) (49.9) (49.7) (50.0) (49.7)
Some College 44.4 42.2 43.2 42.4 37.4 38.0 37.5 38.7

(49.7) (49.4) (49.5) (49.4) (48.4) (48.5) (48.4) (48.7)
Employed last year 72.5 71.6 75.1 75.6 72.3 74.0 74.2 76.5

(44.6) (45.1) (43.2) (43.0) (44.7) (43.9) (43.8) (42.4)
Any self-employment 4.5 3.8 4.3 4.7 3.0 3.4 3.1 3.5

income last year (20.7) (19.2) (20.2) (21.1) (17.1) (18.1) (17.4) (18.5)
Employed full time 47.9 51.0 51.3 53.5 51.2 52.8 53.2 56.2

last year (50.0) (50.0) (50.0) (49.9) (50.0) (49.9) (49.9) (49.6)
Employed part time 24.6 20.6 23.8 22.0 21.2 21.2 20.9 20.4

last year (43.1) (40.4) (42.6) (41.4) (40.9) (40.8) (40.7) (40.3)
Average hours worked 35.2 36.0 35.6 36.2 36.2 36.3 36.5 36.7

per week last year (11.1) (10.4) (10.6) (10.1) (10.7) (10.1) (10.4) (9.9)
Weeks worked last 44.3 44.3 45.0 45.3 44.4 44.0 45.0 44.6

year (13.3) (13.4) (12.6) (12.4) (13.2) (13.6) (12.7) (12.9)
Earned income (2019 27,327.6 29,703.7 28,617.8 30,405.6 24,473.3 24,082.6 24,913.9 25,145.4

USD) (27,901.1) (27,787.2) (29,869.5) (28,623.5) (23,333.2) (21,386.0) (23,456.0) (23,087.3)
Observations 21,572 14,409 22,387 13,432 104,665 81,491 105,504 77,712

Note: This table is derived from the American Community Survey (ACS) from 2012-2017, limited to the sample of
single women, aged 20-50, who are US citizens, not in the armed services, not in school, without a college degree,
and not potential qualifying children as define in Appendix A.2.2. The sample is decomposed by state (California
verses controls), period (2012-2014 and 2015-2017), and presence of qualifying children (QC). The pool of control
states is limited to states without EITC policy changes between 2008 and 2019, and excludes Alaska, Hawaii, and
DC. Summary statistics are weighted using individual-level survey weights. In this table, age, count of adults in the
household (Adults in HH), average hours worked per week last year, weeks worked per year, and earned income are
all reported as means, wile the rest of the variables are reported as percentages (ex. the mean of a variable equal to
100 if the given individual in the sample is Hispanic).
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2.5 Effect on Employment

2.5.1 Trends

First, in Figure 2.4 I report the trends in the percent of the population of single women

without a college degree employed full-time and part-time, separately for four groups: those with

and without qualifying children, and in California versus in the rest of the United States. I plot

the trends from 2010 through 2019, with the implementation of the CalEITC indicated by the

dashed line in 2015, and the 2018 implementation of the TCJA denoted by the lighter dashed line

further to the right. Across all samples, I see matching trends in full- and part-time work coming

out of the Great Recession, reflecting the fact that during the pre-treatment period of my sample,

the entirety of the United States was experiencing a slow recovery that featured a high-level of

involuntary part-time work that had not yet returned to its pre-recession level (Kudlyak, 2019).

For the purpose of my analysis, this is not problematic unless the differing trend in the recovery of

single women in California with and without qualifying children would have been different from

the same difference in the pool of control states without the CalEITC. For the majority of the

pre-treatment period, starting in 2012, as denoted by the first light dashed line. As a robustness

check (included in Figure 2.7c) I extend my pre-treatment period to 2010-2014, which does not

change my results.

I can also directly observe the jump in part-time work in 2015, where part-time work among

single women without qualifying children declines (as it does in the rest of the United States)

while part-time work increases for single women with qualifying children. This trend holds un-

til 2018, when the trend reverses for one year before returning to a higher level in 2019. The
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Figure 2.4: Full-time and part-time employment in the ACS.

(a) Full-time employment

(b) Part-time employment

Note:Data for this figure are derived from the American Community Survey, collapsed to produced annual averages
by the presence of qualifying children, using individual-survey weights. The sample is limited to single women,
aged 20-50, who are US citizens, not in the armed services, not in school, without college degrees, and not potential
qualifying children as define in Appendix A.2.2. Full- and part-time employment is defined based on usual hours
worked per week last year, with full-time work defined as working 35 or more hours per week, and part time as
working fewer than 35 hours. Grey bars indicate recessions, with dashed lines indicating the beginning (2012) and
end (2018) of the sample period, as well as the beginning of treatment (2015).
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effect is less obvious for full-time work: it appears that any relative decrease in full-time work

for single mothers in California stems from a slower recovery, relative to the other groups in the

sample. However, by 2017 the recovery among single mothers in California has re-emerged. I

see similar (though nosier) trends when the same figures are generated using employment records

via the monthly CPS (measuring weekly employment rather than annual employment), as shown

in Figure A.7. Further, by re-creating the same figure at the quarterly, rather than annual, level,

(see Figure A.8) I show that workers appear to begin to respond to the CalEITC after the imple-

mentation of the CalEITC in June 2015. Similarly (though less dramatically), the slower increase

in full-time work begins after the implementation of the CalEITC, ameliorating concerns that

the ACS reference period is leading to these estimates capturing some effect from prior to the

implementation of the policy.

2.5.2 Main Effects

Table 2.2 presents my main results, where I estimate the effect of the CalEITC on em-

ployment using Equation (2.1), run on my preferred sample of single women without a college

degree. Column 1 shows the results of the basic triple-difference without any controls, Column

2 adds in the set of demographic controls, Column 3 adds in the controls for state unemployment

interacted with the number of QC a women could claim, and Column 4 adds the controls for the

binding state minimum wage interacted with the count of QC. The first panel reports the results

where the dependent variable is an indicator equal to 100 (for scaling purposes) if the woman was

ever employed in the prior year. Across all four specifications, the effect is small, and statistically

insignificant.16 The second and third panels show the results when the dependent variables are

16The results are nearly identical when the dependent variable is employment last week (see Table A.3).
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indicators for full- or part-time work: here the results are larger and statistically significant across

all specifications. Full time work decreases by between 2.1 and 3.9 percentage points, while part-

time employment increases by between 2.7 and 3.2 percentage points. Across all these models,

the drop in full-time and increase in part-time work are statistically indistinguishable from each

other in terms of magnitude, and imply a shift of between 45,000 and 65,000 single mothers on

net from full-time to part-time work.17

I report the event-study estimates of the effect of the CalEITC on employment, as estimated

by Equation (2.3), in Figure 2.5. These estimates include controls for demographics, unemploy-

ment, and minimum wages (i.e. are the analogous estimate to column 4 in Table 2.2).18 The

results are consistent with those shown in Table 2.2, with no effect on overall employment but

a sharp drop in full-time work and a similarly sharp increase in part-time work. The response

by single women on both the full-time and part-time margins begins immediately in 2015. Inter-

estingly, the economic and statistical significance of the increase in part time work is consistent

throughout the post-treatment period, while the decline in full-time work in 2017 is only about

half the magnitude of the effect observed in 2016, in keeping with the overall, un-adjusted trends

seen in Section 2.5.1. This speaks to the fact that while the shift from full-time to part-time work

is immediate and robust, it reflects the short-term effect of the CalEITC. While I do estimate ef-

fects over the 2015-2019 period (see Table A.4 and Figure A.10), these estimates are potentially

confounded by the expansion of the CTC as part of the TCJA and the implementation of the

YCTC. Over this period, the magnitude of the labor supply response is smaller, implying either

17The increase in the size of the full-time effect moving from column 3 to 4 matches the expected direction of
bias given the results of Godøy et al. (2024): if single mothers become more likely to enter the labor force relative
to non-mothers given a higher minimum wage, then prior to controlling for such an effect, any confounding of the
CalEITC implementation with the 2014 minimum wage would bias my estimates upwards (towards 0), as it would
be capturing both a negative effect of the CalEITC and a positive effect of the minimum wage change.

18The full set of event-study estimates with alternative sets of controls are shown in Figure A.9.
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Table 2.2: Triple-difference estimates of the effect of the CalEITC on annual employment.

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Employed in the last 12-months

ATE 0.7∗ 0.3 0.1 -0.7
(0.4) (0.4) (0.5) (0.5)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.009 0.076 0.076 0.076
Treated group mean in pre-period 71.6 71.6 71.6 71.6
Implied employment effect 11,718 5,209 1,646 -11,737

Panel B: Employed full-time in the last 12-months

ATE -2.1∗∗∗ -2.4∗∗∗ -2.9∗∗∗ -3.9∗∗∗

(0.4) (0.4) (0.6) (0.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.008 0.068 0.068 0.068
Treated group mean in pre-period 51.0 51.0 51.0 51.0
Implied employment effect -35,710 -41,262 -49,447 -66,628

Panel C: Employed part-time in the last 12-months

ATE 2.8∗∗∗ 2.7∗∗∗ 3.0∗∗∗ 3.2∗∗∗

(0.4) (0.4) (0.6) (0.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.003 0.028 0.028 0.028
Treated group mean in pre-period 20.6 20.6 20.6 20.6
Implied employment effect 47,428 46,472 51,093 54,890

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not potential
qualifying children (QC) as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any employment, full-time
employment, and part-time employment at any point in the last 12-months, respectively. Full time work is defined
as working at least 35 hours a week, and part time work is defined as working under 35 hours a week. In columns 2,
3, and 4, demographic controls include indicators for 5-year age bins, race and Hispanic origin groups, educational
attainment, bins for the age of the individual’s youngest qualifying child, and the number of adults in an individual’s
household. Column 3 adds controls for state unemployment interacted with the number of QC, and Column 4 adds
controls for the binding state minimum wage interacted with the number of QC. Standard errors clustered at the state
level. * 0.10 ** 0.05 *** 0.01
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that the shift in labor supply was a temporary phenomena, or that other changes related to the

TCJA, the YCTC, or overall economic conditions mean that my triple-difference approach can

no longer isolate the effect of the CalEITC.

Figure 2.5: Event-study estimates of the effect of the CalEITC on annual employment.

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. The light dashed
line represents the beginning of the pre-treatment period for my preferred estimates. Each of the event-studies has a
different dependent variable, defined as an indicator equal to 100 (for scaling purposes) if an individual is employed
(using the relevant measure) in a given year. This means the point estimates can be interpreted as the percentage-
point effect of the CalEITC on employment (however defined). Full time work is defined as working at least 35
hours a week, and part time work is defined as working under 35 hours a week. Each model is run with the full set
of demographic controls, as well as controls for state unemployment and state minimum wages interacted with the
number of qualifying children. Standard errors are clustered at the state-level.

As discussed above, there is clear evidence of a increase in part-time work and a decrease

in full-time work, at least in the initial years following the introduction of the CalEITC. I examine

this transition more closely by decomposing the shift in hours-worked using finer bins of hours-

worked to rule out that I am observing what is actually a very small shift in hours worked over the
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threshold. In Figure A.11, I decompose the overall employment effect by bins of hours worked

per week. I find evidence for reductions in employment among single women who work between

40 and 60 hours a week, and evidence for increases in employment between 20 and 34 hours.

While it is difficult to determine the exact size of the net reduction in hours worked, these results

leave open the possibility of very large reductions in average hours. Interestingly, the point in

the hours distribution where I observe the largest increase in employment, between 30 and 34

hours per week, would result in an annual income of at least $13,500 for a worker employed for

most of the year, above the level that would maximize receipt of the CalEITC.19 This result (and

a similar result with earned income discussed in Section 2.6), could be rationalized by a model

where, due to adjustment or information frictions, individuals are unable to target their annual

earnings appropriately to maximize their CalEITC receipt (Chetty et al., 2011). Alternatively,

it could be explained by a salience effect: the CalEITC increases the salience of refundable tax

credits in general, leading to some pool of tax units shifting to a level of earnings that maximizes

the federal EITC and CTC. Finally, it could be a feature of noisy ACS hours data: there could

be some error given the nature of self-reported earnings data or the timing of reference period.

Nevertheless, there is a clear shift downwards in the number of hours worked for single women

with children.

Hours of work per week is only one of several potential margins of response to the CalEITC.

As discussed in Wilson (2020), many single women with a high school degree or less are less

likely to make a single extensive margin decision; rather, they make several such decisions over

the course of the year, entering or exiting the labor force multiple times. Therefore, I estimate the

19Namely, a worker employed 50 weeks a year, 30 hours a week would make $13,500 a year at the 2015 minimum
wage in California.
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effect of the CalEITC on employment separately by binned weeks worked per year, observable

in the ACS.20 First, as shown in Figure 2.6a, I see no change in overall employment across the

distribution of weeks worked per year. In Figure 2.6b and Figure 2.6c, I observe that the entirety

of the full- and part-time effects occur among those working 50 to 52 weeks a year. This implies

that workers are responding to the CalEITC by adjusting the hours they work per week, rather

than the weeks they work per year, consistent with a set of resource-constrained individuals, for

whom going a prolonged period without work would be costly.

Taken together, these results show that, after the implementation of the CalEITC, full-time

work fell by between 2.1 and 3.9 percentage points, while part-time work increased by between

2.7 and 3.2 percentage points. Looking over time, women responded to the policy immediately, in

2015, and the increase in part-time work persisted through 2017, while the decrease in full-time

work had faded by the final year of the sample.

2.5.3 Robustness Checks

I next consider a range of robustness checks for the results presented above. As previously

mentioned, the triple-differences approach requires that differences in trends across the two di-

mensions would have remained constant in the absence of the CalEITC. If the pool of control

states does not approximate the counterfactual trend in employment differences between single

women with and without qualifying children in California, this assumption may be violated. To

account for this, I utilize the Synthetic Difference-in-Difference (SDID) approach proposed by

Arkhangelsky et al. (2021). Building on both the difference-in-difference literature and the Syn-

20Specifically, I estimate Equation (2.1), where the dependent variable is equal to 1 if the women is employed
(however defined) and reports working a specific number of weeks in the prior year.
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Figure 2.6: Effect of the CalEITC on employment, by annual weeks of work

(a) Employment by weeks worked per year

(b) Full-time employment by weeks worked per year

(c) Part-time employment by weeks worked per year

Note: This figure reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2012-2017. The dependent
variable is an indicator equal to 100 (for y-axis scaling purposes) if the individual is employed (however defined)
and reports working a given number of weeks (based on ACS-reported bins of weeks worked) per year. Each model
is run with the full set of demographic controls, as well as controls for state unemployment and state minimum wage
interacted with the number of qualifying children. Standard errors are clustered at the state-level.

38



thetic Control Method, SDID uses the pool of controls units to construct a reasonable synthetic

version of California that has parallel trends in the periods prior to treatment. I create a panel

dataset at the county-year level and re-estimate the average treatment effect of the CalEITC on

my employment outcomes.21 As reported in Table A.5, I find between a 2.6 and 3.7 percentage

point drop in full-time work and between a 2.9 and 3.6 percentage point increase in part-time

work, confirming the direction and magnitude of the effects I observe in my triple-difference

approach.

Second, I consider how choices made in the selection of my sample and specification might

impact my results. I do so by interacting a range of specification and sample choices together

to show whether or not my results are an outliers and assess whether there are patterns in the

effect of some of these choices (Kleven, 2024). I plot the resulting range of coefficient estimates

in a series of specification curves.22 Figure 2.7c shows that the part-time results are robust to all

combinations, with a median effect of approximately a 3 percentage point increase in part-time

employment. Figure 2.7b shows the full-time results; for all but three estimates, I find a statis-

tically significant negative coefficients, and in no case is the estimated effect positive. However,

21The current Stata and R implementation of SDID assume that treated units all have equal weights. Since I want
to obtain a population-weighted average treatment effect, I implement a modified SDID procedure that runs a single
SDID model for every county in California, then report the weighted average of the resulting treatment effects, which
I refer to as the County-Specific approach. I also modify the bootstrap procedure discussed by Clarke et al. (2023) to
construct standard errors. I consider two dependent variables: the average employment rate in a given county among
single mothers, and the difference in the employment rate within a county between single mothers and non-mothers.
The latter is my preferred estimate, as it approximates my triple-difference approach.

22Specifically, using the specurve package in Stata (https://github.com/mgao6767/specurve), I run all combina-
tions of three sets of options. The first set governs which, if any, unemployment and minimum wage controls will be
included, all interacted with the count of qualifying children. The options include using none, controlling only for
state-level or county-level unemployment rates, controlling only for minimum wages, and controlling for both mini-
mum wages and either state or county unemployment. I consider county-level minimum wages to attempt to account
for more local variation in labor market conditions. For the second set, I toggle between including and excluding
demographic controls. For the third, I vary the sample of single women (all, low-education, and low-predicted
earnings) and the time period (2010 through 2017, and 2012 through 2017) used in my analysis. The restriction on
predicted earnings is meant as a proxy for low-income workers likely to be in the CalEITC-eligible range (Eissa and
Liebman, 1996, Kleven, 2024). For more information about predicted income, see Appendix A.2.3.
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my estimate of the full-time effect is one of the largest in magnitude, and for approximately one

quarter of the estimates–predominantly those where I limit the sample to women with predicted

income in the bottom half of the income distribution, without controlling for demographic fac-

tors, and use county-level (rather than state-level) unemployment rates, and omit minimum wage

controls–there is a statistically significant increase in overall employment, reflecting the smaller

reduction in full-time work in these specifications, as shown in Figure 2.7a. I take two things

from this: that there are clearly a set of specifications that produce a net increase in employment,

but that these results may be biased due to the omission of important controls and the particular

samples used.
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Figure 2.7: Specification curves over sample and controls

(a) Employed in the last 12 months

(b) Employed full-time in the last 12 months
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(c) Employed part-time in the last 12 months

Note: These figures reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50,
who are US citizens, not in the armed services, not in school, and not potential qualifying children as define in
Appendix A.2.2. Each panel has a different dependent variable: (a) any employment in the last 12-months, (b)
employed full-time in the last 12-months, and (c) employed part-time in the last 12-months (each equal to 100 if
true, for y-axis scale). Each dot is the coefficient on the treated indicator, varying the sample (all single women,
single women without a college degree, or single women with low predicted earnings), the inclusion or exclusion
of demographic controls, the inclusion or exclusion of unemployment controls (either state or county) interacted
with the number of qualifying children, and the inclusion or exclusion of controls for state binding minimum wages
interacted with the count of qualifying children. Standard errors are clustered at the state-level. These plots are
generated via the specurve Stata package.

Third, a concern with this identification strategy is that there is some other state-level policy

shock concurrent to the CalEITC either in California or in the pool of control states that might

drive this effect. I directly examine the trends in expenditures and caseloads in other social

safety net programs in Figure A.12. I observe that, with the potential exception of a slightly

slower decline in Supplemental Nutrition Assistance Program (SNAP) caseloads per capita in

California relative to control states, there appears to be no evidence of other changes in social

safety net policies that might confound my results. The major trend is the recovery from the Great

Recession for counter cyclical programs, which argues for the inclusion of the unemployment

controls, interacted with the count of qualifying children, to capture any effect such programs.
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Fourth, I consider how choices in my set of control states might impact my results, con-

structing two alternative sets of control states, both of which start with my initial pool of 27. First,

following the norm in the synthetic control literature (see Abadie (2021)), I drop all states with a

state EITC prior to 2020.23 Second, I restrict the sample to the pool of states that expanded Medi-

caid in 2014.24 As part of the Affordable Care Act, states were able to expand access to Medicaid

to families with higher-levels of earnings. As noted by the Congressional Budget Office (CBO)

in its analysis of the ACA, loosening the ties between employment and health insurance could

induce some workers to reduce their participation in the labor force, either along the extensive or

intensive margins (Harris and Mok, 2015). Existing empirical evidence of the effect of Medicaid

expansion on labor supply is mixed, with some null findings (Duggan et al., 2019) and some

evidence of a transitory negative employment effect (Peng et al., 2020). The results are presented

in Figure 2.8, which mirrors the first set of specification curves, but plots variations in the pool of

control states, along with demographic, unemployment, and minimum wage controls. Overall, I

see markedly similar results to those in Figure 2.8: the CalEITC appears to induce an increase

in part-time work of between 3 and 4 percentage points, mirrored by a marginally smaller in

magnitude and more variable drop in full-time work.

23Specifically, I drop Delaware, Indiana, Nebraska, New York, Oklahoma, and Virginia, leaving a set of 20 control
states. This approach is similar to the main specification in Neumark and Li (2024), who uses the same pool of
control states with the exception of the inclusion of Alaska.

24States that are dropped include Alabama, Florida, Georgia, Idaho, Indiana, Mississippi, Missouri, Nebraska,
North Carolina, Oklahoma, Pennsylvania, South Dakota, Tennessee, Texas, Utah, Virginia, and Wyoming, leaving a
set of 9 control states.
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Figure 2.8: Specification curves over control pool

(a) Employed in the last 12 months

(b) Employed full-time in the last 12 months
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(c) Employed part-time in the last 12 months

Note: These figures reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50,
who are US citizens, not in the armed services, not in school, without a college degree, and not potential qualifying
children as define in Appendix A.2.2. Each panel has a different dependent variable: (a) any employment in the last
12-months, (b) employed full-time in the last 12-months, and (c) employed part-time in the last 12-months (each
equal to 100 if true, for y-axis scale). Each dot is the coefficient on the treated indicator, varying the control pool
(no EITC changes, no EITC, with Medicaid expansion), the inclusion or exclusion of demographic controls, the
inclusion or exclusion of unemployment controls (either state or county) interacted with the number of qualifying
children, and the inclusion or exclusion of controls for state binding minimum wages interacted with the count of
qualifying children. Standard errors are clustered at the state-level. These plots are generated via the specurve Stata
package.

My results are also robust to using a women’s self-reported count of their own children in

the household to assign treatment (see Figure A.13), and to assessing the effect of the CalEITC

on labor supply outcomes using a simulated instrument approach, following Bastian and Jones

(2021) (see Table A.6). In Appendix A.3 I rule out that the increase in labor supply is fully driven

by self-employment income, finding that approximately 75 percent of the increase in part-time

work coming from workers reporting wage income. I do find that self-employment does increase

after the implementation of the CalEITC, in a pattern consistent with both part-time workers

supplementing their wage income with self-employment income or a temporary learning effect,

where workers were unaware that the CalEITC definition of earnings deviated from that used by
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the Federal EITC.

2.5.4 Decomposition by prior employment

The full-to-part time shift in employment I observe could be explained by two mecha-

nisms: that previously full-time employees reduce their number of hours worked in response to

the CalEITC, or that workers that would have entered the labor market as full-time workers absent

the CalEITC choose instead to work part-time. I utilize the longitudinal nature of the monthly

CPS to distinguish between these effects, estimating the effect of the CalEITC on my employ-

ment measures, conditional on an individual’s employment one-year prior. Given the smaller

sample size of the CPS, exacerbated by further restricting to low-education women who appear

in my longitudinal sample, I view these results as suggestive, but not definitive. I use the same

overall approach as with the ACS: estimating Equation (2.1) with the full set of demographic and

economic controls. I take advantage of the monthly data and classify treatment as beginning after

the enactment of the CalEITC in June of 2015 by dropping the first two quarters of 2015.

I perform a simple test for bias in Table A.7: if single women with and without kids are

differentially likely to change their labor supply conditional on their employment status, and this

changes over time, then my results conditioning on prior-year employment may be biased. I

find that in no case do single mothers respond in a statistically significantly different way than

non-mother after 2015: however, coefficients are larger for those employed part-time or unem-

ployed in the prior year. These two groups are marginally smaller, and I therefore interpret these

coefficients with some additional caution.

I present the results of this analysis in Table 2.3. Columns 1 and 2 show the overall results,
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Table 2.3: Triple-difference estimates of the effect of the CalEITC on weekly employment via
the CPS

(1) (2) (3) (4) (5)

Full Sample Longitudinal Sample

All All
Full-time
last year

Part-time
last year

Not employed
last year

Panel A: Employed last week

ATE 4.4∗∗ 5.8 -2.0 5.7 2.3
(2.0) (4.6) (2.6) (6.9) (3.8)

Observations 215,832 62,813 27,796 11,987 23,030
Adj. R-Square 0.068 0.070 0.025 0.037 0.062
Treated group mean in pre-period 59.9 59.2 59.2 59.2 59.2

Panel B: Employed full-time last week

ATE 0.3 1.4 -6.2∗ 0.7 0.7
(2.1) (4.4) (3.4) (4.1) (3.4)

Observations 215,832 62,813 27,796 11,987 23,030
Adj. R-Square 0.059 0.061 0.029 0.018 0.031
Treated group mean in pre-period 43.0 42.9 42.9 42.9 42.9

Panel C: Employed part-time last week

ATE 4.0∗∗∗ 4.5∗∗ 4.2∗∗ 5.0 1.6
(0.9) (2.0) (2.0) (5.7) (2.5)

Observations 215,832 62,813 27,796 11,987 23,030
Adj. R-Square 0.016 0.021 0.014 0.017 0.031
Treated group mean in pre-period 16.9 16.3 16.3 16.3 16.3

Basic Triple-Difference Yes Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not potential
qualifying children as define in Appendix A.2.2, via the monthly Current Population Survey (CPS) from 2012-2017,
omitting the first two quarters of 2015. Panel’s A, B, and C vary only in the dependent variables, which are indicators
for any employment, full-time employment, and part-time employment last week, respectively. Full time work is
defined as working at least 35 hours a week, and part time work is defined as working under 35 hours a week.
Column 1 shows the results of the model run over the full sample, while Columns 2 through 5 report the results of
the full longitudinal sample, with columns 3 through 5 restricting the sample further conditional on an individual’s
employment status one year ago. All specifications include demographic controls, including indicators for 5-year
age bins, race and Hispanic origin groups, educational attainment, bins for the age of the individual’s youngest
qualifying child, and the number of adults in an individual’s household, as well as controls for state unemployment
rates interacted with the number of qualifying children. Standard errors clustered at the state and individual level. *
0.10 ** 0.05 *** 0.01
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not conditioning on prior year employment, for the full monthly CPS sample and the longitu-

dinal sample. In both, overall employment increases, driven by an increase in part-time work,

though in the longitudinal sample the effect on overall employment is statistically insignificant,

and there is no decrease in full-time work. Columns 3 through 5 condition on prior-year em-

ployment. Here,Isee that full-time work falls and part-time work increases among women who

were employed full-time least year. This result implies that the shift I observe in the ACS data

likely emerges from those women who worked full-time last year and chose to reduce their hours

worked as a response to the CalEITC.

I also report the event-study estimates from these models in Figure 2.9. Each sub-figure

depicts the results for each dependent variable (mirroring the last two rows in Table 2.3), within

which there are four further sub-figures for each of the longitudinal samples (mirroring columns 2

through 5). For ease of presentation, I omit the event study estimates for column (1) and row (2).

While there is an increase in overall part-time work, concentrated in 2015 and 2016, there is not

a decrease in overall full-time work. There is some evidence that the decrease in full-time work

among women who were employed full-time last year may be driven some other set of factors,

as evidenced by a pre-trend for that sample. However, the presence of some shift from full-time

to part-time work seems to be supported by the matching shift into part-time work among these

same women. Finally, among women who were not employed last year, in 2015 there was a

notable increase in full-time work followed by a decline in 2016. However, the 2015 sample is

the nosiest, given I am missing six months of the sample, so should be taken with some caution.25

While there is clear evidence of some short-term increase in part-time work, the presence

of pre-trends and more complex patterns of response when considering full-time work makes it

25I present the results over the full 2010 through 2017 period in Table A.8, and the results are broadly consistent.
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Figure 2.9: Effect of the CalEITC on employment, by prior-year employment using the longitu-
dinal CPS.

(a) Employed full-time last week

(b) Employed part-time last week

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not potential
qualifying children as define in Appendix A.2.2, via the monthly Current Population Survey (CPS) from 2012-2017,
omitting the first two quarters of 2015. The sample is further limited to those individuals who can be matched to their
own CPS record 12-months prior to the current interview, and the sample is re-weighted to be representative of the
current-month CPS. The two sub-figures vary only in their dependent variables, which are indicators for full-time
employment and part-time employment last week, respectively. Full time work is defined as working at least 35
hours a week, and part time work is defined as working under 35 hours a week, and both are defined relative to the
week prior to the CPS interview. Within each sub-figure, the panels show the results of the event-study run over
different samples: the full longitudinal sample, and the sample limited based on an individual’s employment status
one year ago. All specifications include demographic controls, including indicators for 5-year age bins, race and
Hispanic origin groups, educational attainment, bins for the age of the individual’s youngest qualifying child, and
the number of adults in an individual’s household, as well as controls for state unemployment rates interacted with
the number of qualifying children. Standard errors clustered at the state-level for the longitudinal sample. * 0.10 **
0.05 *** 0.01
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difficult to pin down exactly the margins of response. However, the clearest picture is that there

was some sort of shift between full-time and part-time work among women who were employed

full-time last year. This does not rule out other margins: the increase in full-time work in 2015

among those who did not work in the prior year could imply some short-term weeks worked

response I did not detect in the ACS. Overall, these results seem to imply that there was some

shift from full-time to part-time work, in line with my main ACS results.

2.5.5 Heterogeneity

To explore mechanisms behind the shift from full-time to part-time work, I examine het-

erogeneity across a number of household and demographic characteristics. Namely, I analyze

variation by number of qualifying children, household size (measured by the number of adults in

an ACS household), and the age of the youngest child claimed by a mother, to better understand

how family structure and caregiving responsibilities may influence responsiveness to CalEITC

incentives. These factors capture potential flexibility in labor supply decisions, with some—like

number of qualifying children—directly featured in prior literature (see Kleven (2024)), and

others—such as the number of adults in the household—feed into considerations about intra-

household bargaining and earnings vs. home production decisions (Cherchye et al., 2012). The

goal with this analysis is to determine whether the reduction in hours worked is common across

household characteristics or unique to certain living arrangements. I report heterogeneity results

across several other characteristics, including race, Hispanic origin, and disability status, in the

appendix. These supplementary analyses serve two purposes: they acknowledge that different

groups may respond differently to labor market incentives, and they reflect normative concerns
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that policymakers may have about potential adverse effects of tax policy reforms on historically

disadvantaged populations. For each estimate of the heterogeneity of response, I re-estimate

Equation (2.1), restricting the sample to the specific group of women. This means I am re-

estimating the entire model, including the coefficients for my control variables, for each group.

First, I estimate the effect of the CalEITC across the number of qualifying children claimed

by a single mother, comparing single women with no children to those with 1, 2, or 3 or more

qualifying children.26 As shown in Table 2.4, I find no effect of the CalEITC on the labor supply

of women with three or more qualifying children. I estimate a roughly even (in magnitude) drop

in full-time and increase in part-time work for women with one qualifying child, and a larger

drop in full-time work for mothers with two qualifying children that exceeds the magnitude of

the increase in part-time work for that sample, though I cannot reject the null that the two co-

efficients are equal. The event-study results for this sample are reported in Figure A.14, which

show that it takes longer for women with two qualifying children to respond fully than women

with one qualifying child, potentially reflecting some frictions associated with entering the labor

market that rises with the number of children. Interestingly, while the effect for mothers with one

qualifying child disappears by 2017, it remains for mothers with two qualifying children. These

results diverge from the research on the EITC reforms in the 1990s, which found that the em-

ployment effects of the federal EITC increased with the number of qualifying children (Hoynes

and Patel, 2018, Kleven, 2024).27 The fact that I observe the a small and statistically insignificant

response for mothers with three or more children implies that household composition can impact

26As shown in Figure A.1, CalEITC benefits increase substantially when moving from one to two qualifying
children, and much more modestly when moving between 2 and 3 or more kids.

27Prior to the 1990s, the EITC provided the same benefit amount to families irrespective of how many qualifying
children they claimed. In the 1990s, families with 2 or more children received a larger benefit increase than those
with one child, and in 2008 an additional benefit was given to those families with three or more qualifying children.
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labor supply responses separate from changes in the benefit amount.

Second, I assess the effect of the CalEITC by the number of adults in the woman’s house-

hold. As shown in Table 2.5 I find that employment effects are concentrated among households

with three or more adults (inclusive of the women in my sample). Here, part-time work in-

creases by 5.4 percentage points, and full-time work decreases by 8.0 percentage points. This

is mirrored in the event-study results in Figure A.15, where the response is clearest among large

households. Among households with one or two adults, the effects on full- and part-time work

are smaller in magnitude, not always statistically significant. The concentration of the effects in

larger households is indicative of a role for household-level decision-making in the response to

the CalEITC, with implications for the large literature on household labor supply decisions (Chi-

appori, 1992, Blundell et al., 2005, Cherchye et al., 2012). One straight-forward story is that it is

less costly for single mothers in larger households to reduce their labor supply given the presence

of other earners (or non-earned income) in the household. There may also be more complex sto-

ries about trading off household childcare or other household responsibilities between members

of the household in the presence of the CalEITC.

Third, I assess the effect of the CalEITC differentially across the age of a women’s youngest

qualifying child. If single women are shifting from full- to part-time work due primarily to

childcare-related home-production, I would expect to see the effects of the CalEITC concen-

trated among women with a child under the age of 6. However, as I show in Table 2.6, the

employment response is not unique to women with young children. Rather, there is evidence of

such a transition both among mothers with young (0-5-year-olds) and older (13+) children. This

implies that the observed shift in labor supply is not only a story regarding childcare costs, but

rather that childcare could be one of several types of household responsibilities that are traded off
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Table 2.4: Triple-difference estimates of the effect of the CalEITC on annual employment, by
count of qualifying children

(1) (2) (3) (4)
Full sample 1 QC 2 QC 3+ QC

Panel A: Employed in the last 12-months

ATE -0.7 0.3 -2.1∗ -0.7
(0.5) (0.7) (1.1) (1.8)

Observations 441,172 344,996 312,670 291,762
Adj. R-Square 0.076 0.080 0.082 0.083
Treated group mean in pre-period 71.6 73.9 72.4 64.9
Implied employment effect -11,737 2,264 -11,528 -2,371

Panel B: Employed full-time in the last 12-months

ATE -3.9∗∗∗ -3.8∗∗∗ -5.9∗∗∗ -1.2
(0.6) (1.1) (1.6) (1.2)

Observations 441,172 344,996 312,670 291,762
Adj. R-Square 0.068 0.070 0.069 0.067
Treated group mean in pre-period 51.0 51.9 53.0 45.8
Implied employment effect -66,628 -30,677 -31,745 -4,038

Panel C: Employed part-time in the last 12-months

ATE 3.2∗∗∗ 4.0∗∗∗ 3.7∗∗∗ 0.5
(0.6) (0.8) (1.0) (1.6)

Observations 441,172 344,996 312,670 291,762
Adj. R-Square 0.028 0.035 0.033 0.035
Treated group mean in pre-period 20.6 22.0 19.3 19.1
Implied employment effect 54,890 32,941 20,217 1,668

Basic Triple-Difference Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not
potential qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any employment, full-time
employment, and part-time employment at any point in the last 12-months, respectively. Column 1 reports the results
from the full sample, while columns 2 through 4 restrict the sample to include those with no qualifying children and
the number reported (1, 2, or 3+). All models include demographic, state unemployment, and minimum wage
controls. Standard errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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Table 2.5: Triple-difference estimates of the effect of the CalEITC on annual employment, by
count of adults in household

(1) (2) (3) (4)
Full sample 1 adult (self) 2 adults 3+ adults

Panel A: Employed in the last 12-months

ATE -0.7 0.8 0.5 -2.6∗∗

(0.5) (1.5) (1.2) (1.2)

Observations 441,172 123,621 158,931 158,620
Adj. R-Square 0.076 0.078 0.071 0.071
Treated group mean in pre-period 71.6 76.1 70.9 67.6
Implied employment effect -11,737 3,898 3,062 -14,074

Panel B: Employed full-time in the last 12-months

ATE -3.9∗∗∗ -1.0 -1.2 -8.0∗∗∗

(0.6) (1.6) (1.3) (1.1)

Observations 441,172 123,621 158,931 158,620
Adj. R-Square 0.068 0.072 0.061 0.049
Treated group mean in pre-period 51.0 55.0 51.0 46.7
Implied employment effect -66,628 -5,014 -8,047 -43,819

Panel C: Employed part-time in the last 12-months

ATE 3.2∗∗∗ 1.8∗ 1.7 5.4∗∗∗

(0.6) (0.9) (1.1) (0.7)

Observations 441,172 123,621 158,931 158,620
Adj. R-Square 0.028 0.020 0.022 0.040
Treated group mean in pre-period 20.6 21.1 19.9 20.8
Implied employment effect 54,890 8,912 11,109 29,745

Basic Triple-Difference Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not potential
qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-2017.
Panels A, B, and C vary only in the dependent variables, which are indicators (multiplied by 100 for scale) for
any employment, full-time employment, and part-time employment at any point in the last 12-months, respectively.
Column 1 reports the results from the full sample, while columns 2 through 4 restrict the sample by the count
of adults (inclusive of the individual in my sample). All models include demographic, state unemployment, and
minimum wage controls. Standard errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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within these households.

I also examine the heterogeneity of the labor supply response across race and Hispanic

origin, and disability status.28 My results by race, reported in Table A.9, indicate that there

are generally similar results for Hispanic mothers and non-Hispanic White mothers that broadly

match that of the full sample. There is no statistically or economically significant effect of the

CalEITC on the employment of Non-Hispanic Black women, and, as shown in Figure A.16,

the pre-trends for women who identify as Non-Hispanic members of another racial group are

fairly noisy, making it difficult to determine if there is any effect for this group. As I report in

Table A.10 (and in Figure A.17), I find that single women who report one or more disabilities

increase their part-time work by 5.0 percentage points, without any change in full-time work,

while women without any reported disability appear to have a result more in keeping with the

main sample.29 This fits with prior work on the EITC and disability by Goodman et al. (2013),

who found that while people with disabilities are almost as likely to claim the EITC, they are

eligible for much smaller benefit amounts, due both to a lower probability of having children and

lower earned income. These factors might lead the CalEITC to have a unique impact on some

women with a self-reported disability.

Putting these results together, the results regarding the responsiveness across household

characteristics highlight an important role for intra-household bargaining. Women have larger

labor supply responses in larger households (by number of adults), and when they can claim

fewer qualifying children. In a larger household, the benefit of more time on home production

28Prior work has considered the effect of the EITC across different racial groups. For work on labor supply and
income inequality see Hardy et al. (2022), for work on the impact of IRS audit procedures, the EITC, and race see
Elzayn et al. (2024), and for work on take-up and awareness see Iselin et al. (2023), Jones (2014), Thomson et al.
(2022).

29Since 2008 the ACS asks a series of questions about whether a given individual has encountered difficulty across
a range of areas (hearing, vision, cognitive, ambulatory, self-care, and independent living).
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Table 2.6: Triple-difference estimates of the effect of the CalEITC on annual employment, by
age of youngest qualifying child

(1) (2) (3) (4)
Full sample 0-5 6-12 13+

Panel A: Employed in the last 12-months

ATE -0.7 0.9 -3.0∗∗∗ -0.8
(0.5) (0.8) (0.9) (1.3)

Observations 441,172 340,019 312,789 296,620
Adj. R-Square 0.076 0.079 0.082 0.084
Treated group mean in pre-period 71.6 65.7 75.6 78.5
Implied employment effect -11,737 6,856 -16,232 -3,002

Panel B: Employed full-time in the last 12-months

ATE -3.9∗∗∗ -2.9∗∗∗ -4.9∗∗∗ -4.8∗∗∗

(0.6) (1.0) (1.1) (1.4)

Observations 441,172 340,019 312,789 296,620
Adj. R-Square 0.068 0.066 0.068 0.073
Treated group mean in pre-period 51.0 42.8 55.1 62.8
Implied employment effect -66,628 -22,760 -26,654 -17,687

Panel C: Employed part-time in the last 12-months

ATE 3.2∗∗∗ 3.7∗∗∗ 1.9∗ 4.0∗∗∗

(0.6) (1.1) (1.0) (1.1)

Observations 441,172 340,019 312,789 296,620
Adj. R-Square 0.028 0.032 0.033 0.037
Treated group mean in pre-period 20.6 22.9 20.6 15.7
Implied employment effect 54,890 29,616 10,422 14,685

Basic Triple-Difference Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not
potential qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any employment, full-time
employment, and part-time employment at any point in the last 12-months, respectively. Column 1 reports the results
from the full sample, while columns 2 through 4 restrict the sample to include those with no qualifying children and
the number reported (1, 2, or 3+). All models include demographic, state unemployment, and minimum wage
controls. Standard errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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might be worthwhile given the presence of other sources of household earnings, or there might

be more opportunities for utility-enhancing exchanges of household responsibilities. In a smaller

household, without other sources of income or household labor, such a shift might be much more

difficult.

2.6 Effect of the CalEITC on Earned Income

Given my empirical results, there is clear evidence of a shift from full-time to part-time

work after the implementation of the CalEITC. I therefore would expect earned income to fall,

with an increase in density of workers around the level of annual earnings that would maximize

the CalEITC, and a decrease in density higher up the earnings distribution. The size and nature

of this decline in earned income is a critical element of determining the welfare effects of the

CalEITC, as I will discuss in depth in Section 2.7 and Section 2.8, and plays a role in assessing

which model of labor supply to use to evaluate the effects of tax policies. In this section, I provide

suggestive evidence of a large decline in earned income, consistent with a discrete labor supply

transition. However, I also discuss how certain limitations in the ACS earnings data make a full

accounting for the earnings effects of the CalEITC difficult.

First, I directly estimate the effect of the CalEITC on earned income, using the triple-

difference strategy I used in Section 2.5.2. The results, presented in Table 2.7, are from three

regressions: an OLS estimate on the full-sample, an OLS estimate restricted to only those with

positive earnings, and a Poisson regression, designed to take into account non-earnings (i.e. those

with $0 in earned income) (Chen and Roth, 2024). Across all specifications, I find a decrease in

earnings of between 4 and 7 percent, or between $600 and $1,400 dollars annually, not condi-
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tioning on those in the labor force. These represent intent-to-treat estimates, or estimates of the

effect of the CalEITC on the earnings of single mothers in California without focusing on those

who adjusted their labor supply. A simple back-of-the-envelope calculation, given my estimate

of a three-percentage-point shift from full-time to part-time work, is that the earnings of impacted

mothers could fall by between $20,000 and $47,000.30 These estimates are large, though not in-

consistent with full-time workers making over $30,000 annually shifting to part-time work with

annual earning that would maximize the CalEITC. As I will discuss in depth later in the section,

there are certain reasons to be skeptical about features of the earnings data in the ACS, but the

size of the earnings results imply labor supply changes that are discrete, rather than continuous,

given the framework laid out in Section 2.3.

Second, following Kosonen and Matikka (2023), I visualize the CalEITC-induced shift

in the earnings distribution between 2012 and 2017. I divide my sample of single women into

eight groups: 2012-2014, and 2015-2017, with and without qualifying children, and in California

verses in the pool of control states. For each group (ex. single mothers in 2012-2014 in Cali-

fornia), I calculate the share of the group in each $6,000 real (2017 USD) earned income bin.

By comparing changes in the shares in each bin across the eight groups, I can visually re-create

the logic of my triple-difference strategy, seeing how the difference in the earnings distribution

between single women with and without children changed in California before and after the im-

plementation of the CalEITC, compared to the same exercise in my pool of control states.

These plots are presented in Figure 2.10. In Figure 2.10a, I show the results for California.

The solid blue line represents the difference in the distribution of income between single mothers

30Assuming a 3-percentage point shift from full-time to part-time work, and no change in earnings in the rest of
the population of single mothers, I multiply the estimated earnings effect β by 100

3 .
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Table 2.7: Triple-difference estimates, effect of the CalEITC on annual earnings

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: OLS - No restrictions

ATE -608.1∗∗∗ -847.9∗∗∗ -1368.3∗∗∗ -1413.3∗∗∗

(178.4) (204.9) (377.9) (497.3)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.011 0.102 0.102 0.102
Treated group mean in pre-period 21,238 21,238 21,238 21,238

Panel B: OLS - positive income only

ATE -1233.3∗∗∗ -1282.0∗∗∗ -1958.2∗∗∗ -1758.2∗∗∗

(212.1) (216.5) (404.5) (575.1)

Observations 326,229 326,229 326,229 326,229
Adj. R-Square 0.011 0.118 0.118 0.118
Treated group mean in pre-period 29,704 29,704 29,704 29,704

Panel C: Poisson

ATE -0.04∗∗∗ -0.05∗∗∗ -0.08∗∗∗ -0.08∗∗∗

(0.01) (0.01) (0.02) (0.03)

Observations 441,172 441,172 441,172 441,172
Pseudo-R-squared 0.015 0.136 0.136 0.136
Treated group mean in pre-period 21,238 21,238 21,238 21,238
Effect in USD -695 -944 -1,452 -1,464

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree via the American Community Survey (ACS) from 2010-2017. The dependent
variable is annual earnings, defined as wages plus self-employment income, in real 2019 dollars. Panels A estimates
an OLS model, and includes individuals with no earned income. Panel B estimates the same model excluding
non-workers. Panel C estimates a Poisson model via the Stata command ppmlhdfe, including those with no earned
income. In columns 2, 3, and 4, demographic controls include indicators for 5-year age bins, race and Hispanic
origin groups, educational attainment, bins for the age of the individual’s youngest qualifying child, and the number
of adults in an individual’s household. Standard errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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Figure 2.10: Changes in the earnings distribution over time, California verses control states

(a) California

(b) Control states

Note: These figures show the difference in the distribution of earned income (in real 2017 dollars) between individu-
als with and without qualifying children over two periods: 2012-2014 (solid line) and 2015-2017 (dashed line). Panel
(a) shows the results for California and panel (b) for the pool of control states limited to states without substantial
changes in EITC policy from 2008-2019, The distribution is for the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and without a college degree. Panel (a) also plots the federal and California EITC schedule for a single parent with
two qualifying children in 2017, as well as the level of earnings a full-time worker (40 hours a week, 52 weeks a
year) would make at the California minimum wage in 2017.
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and non-mothers in 2012 through 2014, while the dashed blue line shows the same difference

for 2015 through 2017. There is an increase in the relative density between $6,000 and $18,000

dollars, just at and above the CalEITC-maximizing point, and a decrease in density higher up the

earnings distribution, above the annual earnings level of a full-time worker, working 52 weeks

per year, at the binding minimum wage in 2017 (represented by the dashed vertical line). This

same pattern is not seen in Figure 2.10b where I plot the same difference for the set of control

states. Here, for both periods, the difference between the share of the sample of single women

with and without children is approximately 0 for all bins. These results imply that the CalEITC

directly impacted the distribution of earnings, an effect that can be rationalized by a model of

discrete labor supply, where workers choose between a set of employment options, maximizing

their utility between the set of available choices.

Importantly, this shift does not occur in the regions that would be predicted by a model of

continuous labor supply. In that setting, I would expect a decline in employment among workers

at the federal EITC kink point, who shift their earnings marginally downward to maximize their

CalEITC. In fact, I see the opposite; The earnings level where I observe a decline in density is

above that of a full-time worker, earning minimum wage, who worked 52 weeks out of the year.

Further, it is consistent with the approximate magnitude of the decline in earnings observed in

Table 2.7. As shown in Figure A.18a, I see the same pattern when constructing the same exercise

by wage and salary income, which implies that the effect is not driven by some sort of strategic

behavior regarding self-employment income.31 I see an increase in density among workers that

are making between $6,000 and $18,000. This is somewhat higher up the income distribution

31I also see a similar (and marginally larger) result if I report the result using nominal earnings as shown in
Figure A.18b.
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than I would have anticipated solely based on parameters of the CalEITC, and matches the hours-

worked per week results presented in Figure A.11. This response could be rationalized by a model

where, due to adjustment or information frictions, individuals are unable to target their annual

earnings appropriately to maximize their CalEITC receipt (Chetty et al., 2011). Alternatively,

it could be explained by a salience effect: the CalEITC increases the salience of refundable tax

credits in general, leading to some pool of tax units shifting to a level of earnings that maximizes

the federal EITC and CTC. Finally, it could be a feature of noisy ACS earnings data: there could

be some error given the nature of self-reported earnings data or the timing of reference period.

This third feature is worth considering briefly. Namely, that there are several potential

concerns with the self-reported earnings data in the ACS. First, self-reported income in surveys

can be biased, with work using merged survey and administrative data has shown that survey-

based income measures often underestimate actual income (Jones and Ziliak, 2022, Meyer and

Mittag, 2019, Meyer et al., 2021, 2022). Second, the ACS has a unique reference period; the 12

months prior to the survey. If an individual’s earnings over a reference period are notably different

from their annual earnings over the course of a tax year, then my results, particularly for 2015,

will be biased. This is less of an issue for earlier or later years, as the entire 12-month reference

period falls fully within the treated or control period, but it does raise additional concerns about

accuracy and reliability. Third, missing observations for earned income are common in the ACS:

a full quarter of the observations in my sample have an ”allocated” earning values, representing

cases where the Census Bureau imputed missing income data. My overall earnings results are

robust to excluding these imputed earnings records (see Table A.11), but this is still a point of

concern, especially when estimating the effect of the CalEITC on the distribution of earnings.

These issues all suggest that my earnings results likely contain a considerable amount of
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noise, which makes more detailed estimates of the distributional effects of the CalEITC difficult.

I present some results along these lines in the appendix. There, I follow Bastian (2020) and report

the results of Equation (2.1), where the dependent variable has been modified to equal one if an

individual is employed (however defined) within a given earnings range. The results, shown in

Figure A.19, are nosier that those reported in Figure 2.10. I observe declines in full-time work

across the earnings distribution. Somewhat comforting, however, is the fact that the increase in

part-time work is concentrated at or right above the level of earnings that would maximize the

receipt of the CalEITC.

Overall, these results show a decline in earnings consistent with a discrete labor force

transition from full-time to part-time work. However, given issues with the earnings records

available in the ACS, it is difficult to pin down the exact nature of the shift in the earnings

distribution. This represents an important factor for further investigation: as I will discuss in the

next several sections, analyzing the welfare implications of the CalEITC requires knowing the

counter-factual income of a full-time worker.

2.7 Elasticities

To put my results in the context of the broader literature, I construct what the labor eco-

nomics literature refers to as a ”mobility” elasticity, which captures the degree to which a worker

might re-locate from one point in the earnings distribution to another in response to a change

in the relative average tax rates (Saez, 2002, Kosonen and Matikka, 2023, Kreiner et al., 2015).

Importantly, unlike the literature on the elasticity of taxable income, this measure considers the

effect of changes in the average tax rates faced by taxpayers at different levels of annual earnings,
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reflecting that this response appears to be a discrete, rather than marginal, changes in labor supply

(Saez, 2002, Kreiner et al., 2015).32 I discuss the methodology for calculating these elasticities

in Appendix A.4.

Constructing this elasticity requires making two assumptions. The first is minor; namely, I

assume that, as implied by my main specification, the entire increase in part-time work is driven

by a shift from full-time work, and I ignore any additional decrease in full-time work that is not

offset by the part-time effect. Second, and more importantly, in order to estimate the mobility

elasticity, I need identify the counter-factual earnings these single mothers would have earned but

for the CalEITC. This is necessary to calculate the change in the after-tax rates that this sample

would have faced. As I discussed in Section 2.6, it is not immediately clear what this counter-

factual level of income might be: in fact, it is possible that women with a range of counter-factual

levels of earnings responded to the incentives of the CalEITC. Given this uncertainty, I calculate

the elasticity given three different assumptions regarding the counter-factual earnings of single

mothers that respond to the CalEITC. The first is the annual earnings of a women working 40

hours per week, 52 weeks per year, at the binding 2017 minimum wage in California ($21,840).

The second and third are the median and mean annual earnings of single mothers in California in

2014, conditional on working full-time (converted into real 2017 dollars) ($30,655 and $36,413,

respectively). As I will show, these estimates can change the elasticity estimates dramatically.

I find mobility elasticities of 1.1, 1.4, and 1.7, for each of the counter-factual earnings lev-

els described above (minimum wage, median, and mean, respectively). Larger counter-factual

32All the elasticities below take into account federal individual income taxes and payroll taxes, as well as Cali-
fornia’s individual income tax. However, I do not account for the marginal incentives of non-tax programs, like the
Supplemental Nutrition Assistance Program (SNAP) and Temporary Assistance to Needy Families (TANF). This is
because of issues with data availability in the ACS that complicate the calculation of benefit eligibility. I discuss the
likely bias this introduces below.
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income levels lead to larger estimated elasticities, reflecting the fact that, in percent terms, the

after-tax income gains from the CalEITC are smaller if you assume a higher counter-factual in-

come. In the context of the literature on extensive-margin effects of the federal EITC, there is an

ongoing debate about what is considered a ”reasonable” extensive margin elasticity (Schanzen-

bach and Strain, 2021, Kleven, 2024). Kleven (2024) argues that, outside of the 1993 reform,

the distribution of elasticity estimates is centered on 0, and that the higher average elasticities

from the 1993 reform (a mean of 0.63) are likely due to confounding effects from welfare reform

and a booming economy in the 1990s. Schanzenbach and Strain (2021) responded (to Kleven

(2019), an earlier working paper version of Kleven (2024)) by arguing that, when appropriately

controlling for business cycles and looking at the population of women with less educational

attainment, there are robust effects of the EITC on labor supply, with elasticities ranging from

0.78 to 1.66.33 In this context, all my estimates are on the high-end of the range of elasticities,

especially so when allowing larger drops in earnings when moving from full-time to part-time

work. In fact, these estimates are larger than all but the estimates for the 1986 reform. Kleven

argues that, given the small size of the change in average tax rates that women faced during that

reform, it might be uniquely prone to larger elasticity estimates driven by small degrees of bias

in the estimation of the effect of the reform. These mobility elasticities are higher than that found

by Kosonen and Matikka (2023), looking at the response of students in Norway. However, this

is not necessarily surprising, given that single mothers have generally been found to have higher

labor supply elasticities than other populations.

33These elasticities were calculated by Kleven (2024), based on estimates from Schanzenbach and Strain (2021).34

There is one estimated elasticity from the 2009 EITC reform that I omit, which was -0.03, though work by other
researchers has found small effects for that period (Bastian and Lochner, 2022, Bastian and Jones, 2021).
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2.8 Marginal Value of Public Funds

Finally, I estimate the MVPF of the CalEITC, following the methodology outlined in Hen-

dren and Sprung-Keyser (2020). The MVPF is a form of cost-benefit analysis that measures

how much welfare (in dollar terms) can be delivered for a given dollar of government spending.

Importantly, this approach takes into account the fiscal externalities generated by the observed

behavioral responses to a given policy: for example, how changing labor supply impacts gov-

ernment tax revenue, or how a health intervention on children might impact government budgets

via long-term effects on future utilization of government services. The definition of the MVPF is

expressed in Equation (2.4).

MVPF =
Willingness-to-Pay

Program Cost
(2.4)

I estimate the numerator of Equation (2.4) by assuming that tax payers value one dollar in

a refundable tax credit at $1, and, via the envelope theorem, that individuals who change their

labor supply in response to the CalEITC are – to a first-order approximation – indifferent between

working part time and their counterfactual employment status, inclusive of the welfare effects of

government benefits.35 Therefore:

Willingness-to-Pay = CalEITCD − CalEITCB (2.5)

Where CalEITCD is the direct cost of the CalEITC program between 2015 and 2017, and

35This second assumption is non-trivial: recent work has explored the potential for justifications for EITC-type
programs based on correcting for non-optimal behavioral responses to labor markets. For example, Lockwood
(2020) argues that EITC programs are optimal in settings when present-biased workers choose sub-optimal levels of
labor supply that the EITC can correct for. In this context, a social planner might value the behavioral response of
taxpayers at some non-zero value.
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CalEITCB is the cost of the CalEITC due to behavioral responses of workers, or the value of the

CalEITC recived by workers who change their labor supply in order to receive the credit. The

former comes from the California Franchise Tax Board (2021), and I estimate the latter using my

estimates of the labor supply effects of CalEITC.

I estimate the denominator of Equation (2.4) by calculating the programmatic cost of the

CalEITC, inclusive of fiscal spillovers from other programs. In other words, if the labor supply

effects induced by the CalEITC induce an change in net revenue, those costs should be incor-

porated into the total cost estimate along with the direct cost of the CalEITC. To estimate these

fiscal spillovers, based on my estimated coefficients, I draw a random sample of single mothers

working part-time in the CalEITC earnings range to represent tax units who changed their labor

supply in response to the CalEITC. For this sample, I simulate their federal and state taxes, in-

cluding federal Individual Income Taxes (IITs), federal Payroll Taxes, and California IITs both

with and without the assumed labor supply change, and take the difference between the two as

my estimate of the fiscal spillover of the CalEITC.36 Importantly, I do not attempt to estimate

either the fiscal spillovers from other social programs or the longer-term effects of the policy

due to data limitations.37 Importantly, to avoid double-counting, when accounting for changes in

California IIT revenue, I exclude the changes due directly to the CalEITC. Therefore, I estimate

the total program cost as follows:

36In this estimation procedure, after selecting my random sample, I hold their demographics and unearned income
constant, but assign each individual the level of earned income that would maximize their CalEITC receipt.

37The direction of the bias of these omissions is ambiguous. First, while prior research has found that the federal
EITC can increase the long-term outcomes of children, much of that benefit came from the labor supply effects
(Bastian and Michelmore, 2018). It is unclear what the effect of the long-term shift from full- to part-time work
might be. Second, it is also unclear how the labor supply transition induced by the CalEITC might impact eligibility
for other social safety net programs. Much of this would depend on whether the earnings of part-time workers is low
(high) enough to gain (lose) eligibility for these programs. Further, the fact that the full-time to part-time response
is concentrated in households with three or more adults makes it unclear if the women’s eligibility would change for
any program whose eligibility is determined at the household, rather than individual, level.
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Program Cost = CalEITCD − Federal IIT Tax Changes

− Federal Payroll Tax Changes − California IIT Tax Changes

(2.6)

I produce a range of estimates, varying several aspects of the estimation process as well as

the specifications of the estimated behavioral effect, as discussed in Section 2.5.3. Importantly,

I consider the same three potential estimates of the counter-factual annual earnings as used in

Section 2.7: the implied wage for a full-time worker earning the minimum wage, and the median

and mean values based on 2014 data. Across all of these estimates, I estimate a MVPF of between

0.6 and 0.9 (see Figure 2.11). This implies it costs the government between $1.10 and $1.6 to

provide $1 in benefits to low-income workers via the CalEITC. I highlight three estimates in

this range, denoted by the vertical lines on the figure. Each is based on the specification with

all controls, using my preferred sample, but varies the counter-factual annual income level of

a full-time worker. The MVPF is lower when I assume that the counter-factual full-time level

of income is higher, driven by the fact that the federal government loses more revenue when a

higher-earner reduces their labor supply.

Across all models, the MVPF is less than 1 because the behavioral effect of the CalEITC

reduces federal revenues from payroll taxes and the IIT. I break down this effect in Figure 2.12,

where I plot the net effect on the different sources of tax revenue under three different scenarios,

based on different counter-factual levels of annual earnings. Note that across all cases, state

individual income taxes play almost no role. In the first case, where the representative full-time

worker who transitions to part-time work due to the CalEITC would have earned just above
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Figure 2.11: Distribution of Marginal Value of Public Funds estimates

Note: This figure plots the distribution of Marginal Value of Public Funds (MVPF) estimates, calculated as described
in Section 2.8. The different estimates vary in specifications of the estimates of the employment effects of the
CalEITC, the types of heterogeneity of effects allowed (none, by year, and by count of qualifying children (QC)),
the assumed counterfactual full-time level of earnings (the annual earnings of a full-time worker, working year-round
at their binding local minimum wage, plus the median and mean annual earnings of a single mother in California
in 2014 [in 2017 USD]). The numerator of the MVPF is always the full 2015-2017 cost of the program less the
increase in CalEITC receipt driven by the observed behavioral change. The denominator is the full 2015-2017 cost
of the program plus any fiscal spillovers due to behavioral changes effecting the federal or state tax system. The
vertical lines represent three representative models, all estimated with heterogeneity across the number of QC, with
demographic and economic controls, but iterating over the counter-factual full-time earning level.
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$20,000, the decline in federal revenue from payroll taxes (the grey bar) is offset by increasing

revenue from the federal IIT. This is because of a decline in their eligibility for the Federal EITC:

if a worker had been working full-time, earnings approximately $22,000 annually, then they

would receive close to their maximum allowed federal EITC credit (conditional on their number

of qualifying children). Therefore, moving from full-time to part-time work would reduce their

federal EITC amount, increasing federal IIT revenue. Alternatively, if a worker was earning over

$30,000, then the taxpayer has already moved far enough along the phase-out of the federal EITC

to mean that transitioning between full-time and part-time work actually increases their federal

EITC receipt, resulting in a loss of federal IIT revenue on top of payroll tax revenue.

2.9 Conclusion

In this paper, I examine the labor supply response of single mothers to the implementation

of the CalEITC. I find robust evidence that the CalEITC induced a shift from full-time to part-

time work of approximately 45,000-60,000 single mothers between 2015 and 2017. This finding

is robust to a range of specifications and methodologies, and is supported by a matching decline in

annual earnings. This labor supply response is consistent with a discrete, rather than continuous,

change in labor supply, where workers respond to changes in incentive by moving between a

limited number of potential working arrangements. In this setting, this is best represented by

workers facing a limited set of choices regarding how many hours to work per week. Using these

results, I estimate that single women have a mobility elasticity of between -1.1 and -1.6, which

are large elasticities relative to the existing EITC literature. Further, I find that the CalEITC has a

MVPF of between 0.6 and 0.9, indicating it costs more than a dollar to the government (Federal
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Figure 2.12: Implied fiscal spillovers of the CalEITC under different assumptions

Note: This figure plots the fiscal spillovers via the Federal Individual Income Taxes (IIT), federal payroll taxes,
and state IIT (less the CalEITC), that are incorporated into the Marginal Value of Public Funds (MVPF) estimates,
calculated as described in Section 2.8, across three different assumptions regarding the counter-factual level of
earning of a full-time worker who responds to the CalEITC. In each case the estimated behavioral effect on full- and
part-time work comes from a model including a full set of demographic and economic controls (minimum wages and
unemployment interacted with the number of qualifying children), accounting for heterogeneity across the number
of qualifying children. Each bar expresses the change in US government revenue in real 2017 USD. The three
counter-factual levels of earnings are the annual earnings of a full-time worker, working year-round at their binding
local minimum wage, plus the median and mean annual earnings of a single mother in California in 2014 (in 2017
USD).
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and state) to provide $1 in benefits to CalEITC recipients.

I would highlight two important limitations of this paper, both stemming from the ACS

data. First, the ACS data is not a longitudinal sample, meaning that I cannot track single mothers

across years. This would be important to understanding the labor-force attachment and earnings

of these women prior the CalEITC, as well as the duration of their part-time work spells. There

may be different welfare implications of permanent verses temporary part-time work spells that

would be worth exploring. Second, the earnings data in the ACS are likely a biased and noisy

measure of the true taxable earnings of workers. This makes estimating any number of parameters

difficult, but the most important of these is the counter-factual income of workers who would

have been working full-time but for the CalEITC. This is a key parameter in determining the

welfare impacts of the CalEITC. Both of these issues could be address by turning to higher-

quality, longitudinal administrative earnings records, and I believe this is the most fruitful avenue

for future work related to this credit. These data would both have the appropriate reference period

(the calendar year) and match what appears on an individuals tax return. A further benefit of

these data would be the ability to utilize the panel nature of most of these sources, allowing direct

estimation of movement from one level of annual earnings to another. This would pin-down

more precisely the dynamics of the transition induced by the CalEITC. Ideally these records

would also have information on the utilization of other social safety net programs, which could

be incorporated into the MVPF estimate.

I also find that the full-time to part-time transition is concentrated among large, multi-adult

households, indicating an important role for intra-household bargaining in allowing women the

flexibility to respond to the incentives of the CalEITC. Further work on the CalEITC inform our

understanding of household labor supply decisions; namely, if characteristics outside the tax unit
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but inside the household inform the elasticity of a given worker. For example, if the CalEITC

induces a shift in parent time use, a possibility explored in Table A.12, this could impact the labor

supply decisions of other household members or the longer-term outcomes of children, questions

that have been explored by others in the context of the federal EITC (Bastian and Lochner, 2022,

Bastian and Michelmore, 2018).
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Chapter 3: Elderly State Income Tax Incentives and Migration: Evidence from

Administrative Tax Data

Abstract1

Across both domestic and international contexts, national and sub-national governments

have crafted tax policies to attract or retain residents, motivated at least in part by the belief that

individuals and families move between jurisdictions to minimize their tax burden. One common

example of such policies in the United States are state-level elderly income tax benefits. This

research uses confidential administrative tax records from 1999 through 2019 and a range of

empirical approaches to estimate the elasticity of interstate elderly migration in response to these

tax preferences. We find that elderly filers are marginally more responsive to overall after tax rates

than their younger counterparts, but find no evidence of migration responses to elderly-specific

tax incentives. These results align with findings of the prior literature looking at the pre-2000s

period. Existing elderly-specific tax incentives seem not to serve as a means to attract or retain

elderly residents, and rather operate as a transfer to and within the elderly population.

1Co-authored with Karen Conway (UNH) and Jonathan Rork (Reed College). These results are preliminary.
The findings, interpretations, and conclusions expressed in this paper are entirely those of the authors and do not
necessarily reflect the views or the official positions of the U.S. Department of the Treasury or the Internal Revenue
Service. All results have been reviewed to ensure that no confidential information is disclosed. We would like to
thank Kevin Pierce and Amanda Eng at the Statistics of Income Division for their invaluable help on this project. We
would also like to thank the seminar participants at the U.S. Treasury’s Office of Tax Analysis and the 2024 National
Tax Association Annual Meeting, especially Gopi Shah Goda, for their comments.
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3.1 Introduction

Our research addresses the confluence of two growing phenomena; the aging of societies

and the competition among governments to use tax policies to attract or retain residents. Recent

work has established that certain potentially mobile groups–such as star scientists and inventors

(Akcigit et al., 2016, Moretti and Wilson, 2017), athletes (Kleven et al., 2013) and veterans –are

fairly responsive to income tax differentials, but the responsiveness of the rich more generally is

less clear (Kleven et al., 2014, Agrawal and Foremny, 2019, Moretti and Wilson, 2023, Young

et al., 2016, Rauh and Shyu, 2019). The elderly (ages 65+) and near-elderly are increasingly more

affluent than the general population (Conway and Rork, 2016) and are potentially quite mobile,

especially once they are retired and no longer have labor market ties. The elderly are also the

fastest growing age group in many economies. The decade of 2010-20 marked the largest ever

numeric or percentage gain in the elderly, and one in six persons in the US (16.8%) was over

age 65 in 2020.2. Governments appear to have noticed, as tax breaks targeting the elderly and

retired have expanded both within the US (e.g. Brewer et al., 2017) and across countries (e.g.

Kalin et al., 2024). As the size of this group grows, so do the revenue and other consequences

of these policies. Yet research on tax-induced US elderly migration mostly ends with the 2000

US decennial Census long form (e.g. Conway and Rork, 2006, 2012a), before the retirement of

the Baby Boomers and the enactment of many generous income tax breaks. Those earlier studies

also had at best limited information on higher-income groups, who have been the target of many

of these policies.

We fill those gaps by using confidential administrative tax records from 1999 through 2022
2See this discussion of the issue by researchers at the US Census Bureau:

https://www.census.gov/library/stories/2023/05/2020-census-united-states-older-population-grew.html.

75



and a range of empirical approaches to estimate the elasticity of interstate elderly and near-elderly

migration in response to these tax preferences. Besides providing an update, these data offer sev-

eral critical advantages over past work. First, the tax data provide a much larger sample (e.g.,

the full universe of taxpayers versus a 1 or 5% population sample), which is essential to ac-

curately observe low-frequency events like elderly interstate migration (at approximately 1% a

year). This is especially important when it comes to observing particular sub-groups, like the

wealthy. Second, the detailed income data included in tax records allows us to observe both

retirement income, which is under-reported in survey data (Bee and Mitchell, 2017, Brady and

Bass, 2021) and the income characteristics of the very wealthy, which are obscured by top coding.

Given these advances and how little is known about recent US elderly migration, one key con-

tribution is documenting the patterns of and changes in interstate elderly migration, for different

income groups, over the last two decades and contrasting them to their younger counterparts.

Our main empirical analyses combine this rich migration data with state income tax poli-

cies and take a multi-pronged approach to exploring the impact of these tax policies on location

choices. Our main estimation uses the entire sample of states and years and Poisson Pseudo-

Maximum Likelihood (PPML) to estimate how state-to-state flows change in response to state

income tax changes. Consistent with past work, our results indicate that elderly tax breaks have a

minimal effect on elderly migration, a result that holds up across a wide range of model specifica-

tions. Future work will supplement this approach with an investigation of several highly visible

and potentially impactful specific policy changes occurring in different states at different times,

using a difference-in-difference approach.

The rest of the paper is organized as follows. Section 3.2 discusses what is known about

interstate migration, especially for the elderly and in response to taxes, and then provides a brief
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primer on the different types of tax breaks enjoyed by elderly US taxpayers. Section 3.3 describes

the confidential, administrative data we use and the nuances of creating migration measures, as

well as the construction of state income tax measures and other characteristics that may influence

that migration. Section 3.4 presents the results from the full panel, migration-flow PPML analy-

ses. Section 3.5 describes the proposed analytical approach of the DiD investigations, Section 3.6

estimates the overall fiscal cost of elderly-specific tax policies polices, and Section 3.7 concludes

and discusses future directions for this work.

3.2 Background

Migration research tends to focus on the working population; how it responds to wage and

housing market differences and the consequences a mobile population has on economic efficiency

and growth (e.g., see Kleven et al. (2020) and Jia et al. (2023) for recent surveys). Of particular

interest has been exploring reasons for the observed decline in U.S. interstate worker migration

(e.g. Molloy et al., 2017) and a greater emphasis on the geography of labor markets, such as

commuting zones (CZs) or census-based statistic areas (CBSAs) (e.g. Bayoumi and Barkema,

2019, Olney and Thompson, 2024). Because most elderly have left or are soon leaving the labor

market, wages are not a factor and may lead to geographic sorting by age Komissarova (2022).

The emergence of millionaire taxes in the U.S. and changes in wealth and/or estate taxes

around the world has led to a growing focus on the migration behavior of the very rich, beginning

with Bakija and Slemrod (2004) who found statistically significant but small impacts of income

and estate taxes. Young and Varner (2011) find a minimal impact of the New Jersey millionaire

tax overall but higher levels for those of retirement age or receiving primarily investment income.
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Subsequent research of the millionaire tax in California finds more mixed results Varner et al.

(2018), Rauh and Shyu (2024), while Young et al. (2016) in a nationwide investigation includ-

ing a cross-border analysis finds small impacts in income tax policies among millionaires. In

their study of billionaires, Moretti and Wilson (2023) find they are sensitive to estate tax rates,

especially as they age.3 Other rich and likely mobile individuals, such as star scientists and foot-

ball stars, are also found to respond to tax differentials Akcigit et al. (2016), Moretti and Wilson

(2017), Kleven et al. (2013).

The elderly are both disproportionately high income and have characteristics that might

imply they are highly mobile; not only do they have weak ties to the labor market but in the US

they are perhaps the only group whose primary health insurance (Medicare) is also not sensitive

to job or location. Yet, research on their tax-induced migration mostly precedes the 2000s and

the retirement of the Baby Boomers. That federal and state estate taxes have been dramatically

reduced since 2001 suggests that income taxes may become increasingly important for all but

the very rich. Several state tax policies exist that target the elderly specifically and reach much

further down into the income distribution, to the much larger groups of moderate- and higher-

income households. We therefore investigate the interstate migration behavior of the elderly and

near-elderly over a range of income levels, not just the rich.

3Numerous studies examine tax-induced migration of the rich at the country-level, mostly within Europe, in-
cluding Kleven et al. (2014) (Denmark), Jakobsen et al. (2024) (Denmark and Sweden), Agrawal and Foremny
(2019)(Spain), Advani et al. (2023) (UK), and especially for Switzerland (e.g. Brülhart and Parchet, 2014, Brülhart
et al., 2022, Köthenbürger et al., 2023). See Kleven et al. (2020) and Advani and Tarrant (2021) for summaries and
critical reviews.
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3.2.1 What do we know about inter-state (Near-) Elderly Migration?

Interstate migration tends to decline with age (Molloy et al., 2011), perhaps with a slight

uptick among the near-elderly (e.g., ages 55-64) as they approach retirement and no longer have

children at home. Within the elderly population, migration behavior further changes as one ages.

Near-elderly and younger elderly tend to move for amenities (weather and environment, cost

of living, tax policies) but as they age they often move to get assistance as their health and fi-

nances decline, sometimes ”returning home” to where they once lived and their children still

reside (Conway and Rork, 2011). This pattern can lead to a ”double whammy”, where amenity-

rich states recruit and benefit from the younger, healthier and richer elderly with the presumption

that many will return home before drawing on their health care and income support systems.

Migration into inter-state elderly migration became more difficult after the elimination of the

decennial census long form in 2000. This is because migration is a relatively rare event ( 1% a

year) and the geographic patterns are quite stable over time. A large dataset is therefore necessary

to accurately identify any policy-induced changes in elderly migration. The remaining publicly

available datasets are inadequate due to either sample size or measurement issues (see Conway

and Rork (2016) for further discussion). For example, the widely used American Community

Survey (ACS) is a 1% sample and therefore observes a relatively small number of moves, espe-

cially if broken down further into age and income categories. Its definition of residence combined

with the year-round interview process introduces substantial noise in identifying true moves; top-

coding of income further limits identifying the very high income. Another potential data-source,

the IRS-SOI migration flows are not broken down by age and income, and, as discussed below in

Section 3.3, potentially face other data issues over our sample period.
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As a result, what we know about tax-induced interstate elderly migration comes primarily

from Conway and Rork (2006, 2012b) and Bakija and Slemrod (2004), all based on migration

trends preceding the 2000s. That research finds limited, at most, responsiveness to income and

estate taxes among the elderly. However, both the US elderly population and tax policies have

changed since 2000, and a recent study by Kalin et al. (2024) calls these earlier findings into ques-

tion. These authors investigates the effect of a Portugal policy that granted a full tax exemption of

foreign pensions for retirees moving there and finds “substantial international mobility responses

to the reform,” (Kalin et al., 2024). The largest effects come from the most educated from the

highest income countries. Evidence of strong agglomeration and spatial clustering may amplify

the process and subsequent consequences. Further confirmation comes from the estimated reduc-

tion in out-migration from Finland once it regained the ability to tax pensions at the source. Kalin

et al. (2024) go on to explore the implications for optimal tax policy and conclude that targeting

certain groups may be justified and can lead to “permanent changes in location patterns.”

Maroto et al. (2024) provide additional evidence of the substantial positive consequences

of induced elderly migration using data from France, while Komissarova (2022) uses a spatial

equilibrium model to estimate the welfare gains from geographic sorting into work and retire-

ment locations. The consequences to elderly individuals, such as life expectancy, may also be

substantial Finkelstein et al. (2021). However, state income tax breaks for the elderly, at least

for the high-income elderly, are found to have little impact on state economic growth Brewer

et al. (2022). This raises the question of whether elderly in the US respond to state income tax

policy. The lack of evidence for the US alongside the potential consequences of such migration

underscore the contributions of this research.
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3.2.2 State Income Tax Policies Targeting the Elderly

Every state in the United States with a personal income tax has at least one provision that

explicitly benefits elderly taxpayers. The federal personal income tax also benefits elderly taxpay-

ers but generally to a lesser extent. The three main types of income tax breaks are: 1) additional

exemptions or deductions given on the basis of age, 2) the reduced taxation of social security ben-

efits, and 3) favorable tax treatment of ”retirement income”, which is often quite broadly defined.

Conway and Rork (2016) describe these policies and their potential distributional and revenue

consequences in detail, while Conway and Rork (2012a) provide the historical context behind

them. This discussion draws heavily from that research.

In Table 3.1, we report the status of state-level elderly preferences in 1999, the first year of

our dataset, and 2023. First, age exemptions and deductions tend to be the most modest and stable

among the three policies; three-quarters of states with personal income taxes offer them and the

number of states remains the same throughout our sample period.4 However, even here, there is

substantial variation across states, as well as complexity in how these policies are applied. For

example, several states allow taxpayers to choose between taking an aged-based exemption or a

pension-income exemption. Another nuance is that an extra standard deduction (e.g., the current

federal policy) only benefits non-itemizes. All of these features, combined with their interaction

with the existing state tax rates, mean that simply estimating the effect of the existence of an age-

specific deduction, exemption, or credit does not capture the full effect of these policies. This is

a major reason we, in Section 3.3.2, construct our summary measure of the elderly tax benefit in

each state.
4Note that Tennessee eliminated its limited income tax in 2021. The numbers in Table 3.1 therefore report for 44

states in 1999 and only 43 states in 2023.
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Second, in the years prior to the 1983 federal legislation that began taxing a portion of

Social Security benefits (SSB) for high income households, SSB was tax-free at the federal and

state level.5 The majority of states did not follow these reforms so SSB continue to be tax-free for

all households. Of those states that did begin taxing SSB, many offer more generous treatment

and none tax more than the federal policy. Moreover, many states subsequently eliminated or

greatly reduced those taxes. Table 3.1 reveals that 1 state eliminated taxation on SSB during our

main sample period, and five adjusted their taxation of SSB to be more generous than that limit

imposed by the federal individual income tax system.

The most active and potentially generous state policy is the treatment of ”retirement in-

come”. These policies also tends to be more complex, as they can vary across multiple dimen-

sions, including the size of the exemption, whether the benefit phases out with income, and even

the definition of retirement income, including, importantly, whether or not SSB is included in the

definition of pension income. Over our sample period, there has been a wide array of changes

across these dimensions, including three states (Connecticut, Iowa, and New Hampshire) mov-

ing to fully exempting pension income, and another three states (Georgia, Michigan, and New

Jersey) increased their exemption amounts to over $70,000. The definition of retirement income

in these credits can greatly increase the generosity of these tax breaks, as they can include types

of investment income that are not tied to age or retirement. Overall, Table 3.1 shows substantial

movement in these policies–both expansions and contractions–since 1999.

5Specifically, the amount of SSB subject to tax are based on “combined income”, which equals the sum of gross
income, tax-exempt interest, and 50% of SSB. (Single/married) households above the $25,000/32,000 threshold
must pay tax on $.50 of every dollar that their combined income exceeds the threshold up to a maximum of 50% of
SSB. The second thresholds ($34,000/44,000) operate similarly, taxing SSB at a rate and maximum of 85%. These
thresholds are not indexed for inflation and so reach a wider set of households each year.
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Table 3.1: Elderly preferences in state individual income tax systems

Policy Type 1999 2023
# of States # of States

Extra Exemption, Deduction
or Credit Based on Age

Offered 33 32
Not Offered 11 11

Social Security Benefits
Fully Exempt 31 32
Partially Exempt 13 11

More favorable than federal limit 3 (CT, IA, WI) 9 (CT, KS, MI, MO, NE, NM, RI, UT, VT)
Same as federal limit 10 (CO, KS, MN, MO, MT, ND, NE, NM, UT, WV) 2 (MN, MT)

Pension & Other Retirement Income
Fully Exempt 5 (AL***, HI, IL, MS, PA) 8 (AL***, CT*, HI, IA, IL, MS, NH, PA)
Not Exempt 13 14
Partially Exempt 26 21

Exempt up to $10,000 8 (IA, MO*, MT*, NC, NJ, NM*, OK*, WV) 2 (MT*, WI*)
Exempt: $10,001 - $20,000 5 (AR, LA, MN*, OR* UT*) 6 (AR, LA, MO*, OK, OR*, SC)
Exempt: $20,001 - $40,000 8 (CO, DE, GA, MD**, NY, SC, TN*, VA) 4 (DE, NY, RI*, VA)
Exempt: $40,001 - $60,000 0 1 (CO)
Exempt: $60,001 - $70,000 1 (MI) 3 (KY, ME**, MD**)
Exempt: $70,001 + 1 (KY) 3 (GA, MI, NJ*)

Credit for pensions
Exempt up to $10,000 3 (IN*, OH*, WI*) 2 (OH*, UT*)

Note: This table is derived from the Bakija (2019) (for 1999) and the Institute for Taxation and Economic Policy (for 2023). The table includes all 50 states plus
D.C. In 1999, 41 states plus D.C. levied an income tax whereas NH and TN had more limited income tax systems, for a total of 44. TN eliminated its limited
income tax in 2021. Amounts given are the maximum amount possible for a married household; singles are generally half of the amount. * indicates an AGI cutoff,
after which the benefit no longer applies. ** indicates that SSB count toward the pension exemption. *** indicates that pensions are defined benefit plans only.
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3.3 Data

We utilize confidential data from the IRS Statistics of Income (SOI) Division, drawn from

both Federal tax returns (Form 1040s) and information returns. The primary data are drawn from

the SOI Databank (Chetty et al., 2018), which is a de-identified panel of all U.S. individuals,

linked to their F1040s and information returns, as well as information from the Social Security

Administration regarding their date of birth, date of death (if applicable), and gender. Recently

extended through 2022, this dataset allows us to observe, for each individual, demographic and

income characteristics, as well as their geographic location, defined as zip codes. We combine

data from the SOI Databank with information from other IRS sources when required; for exam-

ple, with information from retirement (F1099-R, F1099-SSA) or investment income (1099-INT,

Schedule D) tax forms. The details of the construction of our main datasets are contained in

Appendix B.2.

The SOI Databank identifies, for each tax year and individual, two potential locations: one

based on the address on their tax return and the second based on the most common (modal)

location across the universe of information returns associated with the individual. Prior research,

as well as the the official IRS migration figures, have most often used address information from

tax returns (Young et al., 2016, Pierce, 2015), and many other researchers using IRS data for

non-migration purposes have done likewise (for example, Chetty et al. (2013) use F1040 zip

codes to examine how the labor supply effects of the Earned Income Tax Credit (EITC) vary

by neighborhood-level knowledge of the EITC). However, other researchers have relied on the

information returns (Yagan, 2019). We choose to use the most common information return zip

code associated with a given tax return due to a potential data issue with the tax return addresses

84



during the 2014-2017 period, which will be discussed in depth in future research.6

We construct two different datasets to track migration in this project, each based on the

SOI Databank. The first is a set of state-by-state flows, which record the count of individuals

who moved between state o (origin) and d (destination) for a given pair of years. For each year t,

we take the sample of individuals who filed taxes in year t and t−1, who were alive in both years,

who were not filing as a married filing separately return, and for whom we observe the requisite

demographic, geographic, and income characteristics (namely, adjusted gross income (AGI)). We

also drop all individuals who, at any point in time, were flagged as associated with a fraudulent

return, as the act of committing fraud can resemble a move in our data.7 After assigning each

individual to cells based on their age, marital status, and year t − 1 AGI brackets, we collapse

the dataset to construct a count of individuals moving between each pair of states within a given

demographic cell.8 Importantly, this means for each pair of states, we have two flows (from New

York to Florida, and from Florida to New York). The basic distribution of this sample by age

group and AGI bracket is reported in Table B.1. Second, we construct an individual-level sample,

composed of a stratified random sample: 100 percent of all individuals ever on a tax return with

real AGI (2019 USD) over $1 Million, 50 percent of all remaining individuals ever on a tax

return with real AGI (2019 USD) over $500,000, and 20 percent of the remaining population.9

We restrict this sample in the same way as with the flows, dropping individuals associated with

6If an individual has no information returns, we do use the F1040 information, but this is fairly rare. In future
work, we intend to consider the same impacts using solely information return zip-codes, and solely tax return zip
codes.

7Fraudulent returns are potentially problematic because the act of stealing and using an individual’s social secu-
rity number to claim their tax refund often appears as a move. If an individual living in New York has their identify
stolen, and an individual in Florida files a fraudulent return in their name, it will appear as a New York to Florida
move. This was a particular problem in the early 2010s.

8We use fixed, inflation-adjusted bins instead of percentiles because the affluence of the elderly has grown during
this time period relative to other age groups. This approach makes the groups more comparable over time.

9Randomization is based on the universe of social security numbers in the SOI Databank, meaning that the
randomization is not conditional on filing taxes, or any other characteristics.
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fraudulent returns, those with missing data, and those who are not observed in both year t and

t− 1. From this, we construct a state-level panel we use for our individual-level DiD design.

3.3.1 Interstate Elderly Migration in the 2000s

Aggregate measures of these state-to-state migration flows are more useful for investigating

the salient patterns and meaningful changes in elderly migration since 2000. The first measure

is the overall migration rate; i.e., the number of people moving across state lines in a given year

divided by the total number of people. Figure 3.1a plots this rate for the three main age groups,

aged 25-54, 55-64 and 65+. Immediately apparent is the well-known tendency for migration to

decline with age and the stability of these rates over time. As documented elsewhere (Molloy

et al., 2011), migration declined for all age groups in the years around the Great Recession.

A notable difference, however, is that the migration rates for all three groups are consider-

ably higher than what appears from other sources (e.g. Conway and Rork, 2016, Molloy et al.,

2011). The administrative tax data yields an elderly migration rate that is approximately double

that of the 1% annual rate (or less) often reported. While our sample is limited to the universe

of tax filers, it represents 79 percent of the US population and thus that limitation seems unlikely

to explain this discrepancy.10 This is likely due, at least in part, to the use of information return

addresses: as observed by the creators of the SOI Databank, the average level of migration across

all age groups is higher when using information return addresses rather than the addresses asso-

ciated with the tax return. However, it is also true that levels of migration are higher using any

measure of location derived from tax records than when using survey-derived instruments Foster

10In 2010, the US adult population (over 25) was 203.9 million. In that same year, our sample included 151.2
million observations.
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Figure 3.1: Inter-state migration by age and and AGI: 2000-2022

(a) All ages (25+) (b) Elderly (65+)

(c) Near-Elderly (55-64) (d) Young (25-54)

Note: Data for these figures are derived from the SOI Databank, from 1999-2022. The sample is limited to individ-
uals who, for a give year t filed taxes in year t and t− 1, for whom we observe their corrected adjusted gross income
(AGI) and who report positive AGI in year t, who did not file a Married Filing Separately return, and who is not
matched to an individual associated with a fraud claim. AGI brackets are in 2019 USD.
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(2023).

The migration patterns by AGI differ between younger and older (See Figure 3.1). The

most mobile groups for the young (Figure 3.1d) are those with the lowest incomes, potentially

capturing the youngest (post-college age) who are the most mobile and have the lowest incomes.

For the near-elderly groups the difference is less stark (Figure 3.1c) and changes completely for

the elderly (Figure 3.1b). Here, the lowest rates of migration are for the highest AGI groups

($500,000 to $1,000,000 and $1,000,000+). Notably, however, they have been increasing since

2016 with sharp increases during 2019-21, perhaps due to the Covid-19 pandemic. The pandemic

disrupted many facets of location choice, which is why our main analysis ends in 2019.

Both the higher rates of migration and strong uptick observed in recent years imply that

the existing wisdom – that these tax breaks have little impact – deserves revisiting. We begin

by exploring where these individuals are moving using the net in-migration rates for each state

(in-migrants minus out-migrants, divided by the total number in the state). Table 3.2 lists the net

in-migration rates for every state at the start, middle and end of our main analysis period (2000-

2019). It shows stable patterns; the top ‘importing’ states remain largely the same; the big players

are Florida, Arizona, Nevada and increasingly South Carolina,–e.g.., those with an annual rate

of 1 percent or more–all amenity-rich states. Other more surprising big importers are Delaware,

Maine, South Dakota and Idaho; the rest are mostly central mountain (MT, OR) or southeastern

(NC, TN, GA) states. The top exporters are also fairly stable, with Alaska, D.C., New York, New

Jersey, Illinois and California consistently in the group. Put simply, few big changes emerge from

this table.

To explore this stability more formally, we turn to the state-to-state migration flows and a

basic regression:
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Table 3.2: Net in-migration rates by state, year, and age-groups.

Near-Elderly (55-64) Elderly (65+)

2000 2010 2019 2000 2010 2019

Alabama 0.2 0.3 0.6 (0.0) 0.3 0.4
Alaska (0.1) (1.1) (1.1) 0.2 (1.0) (0.9)
Arizona 2.6 1.0 2.2 1.0 1.0 2.1
Arkansas 0.4 0.7 0.8 (0.2) 0.1 0.3
California (0.8) (0.4) (0.8) (0.3) (0.2) (0.8)
Colorado 0.0 (0.0) (0.2) 0.1 0.2 (0.2)
Connecticut (0.9) (0.6) (1.0) (0.2) (0.3) (0.7)
Delaware 1.1 1.1 2.0 0.5 0.4 1.4
District of Columbia (1.4) (0.7) (1.4) (1.2) (1.2) (1.0)
Florida 4.3 1.2 1.8 0.9 0.7 1.4
Georgia 0.1 0.1 0.0 0.4 0.4 0.3
Hawaii 0.2 0.1 (0.2) (0.2) (0.1) (0.3)
Idaho 0.9 0.6 2.0 0.6 0.6 1.8
Illinois (0.7) (0.4) (1.0) (0.3) (0.4) (0.9)
Indiana (0.4) (0.2) (0.1) (0.1) (0.1) (0.1)
Iowa 0.0 (0.1) (0.4) 0.0 (0.3) (0.3)
Kansas (0.2) (0.1) (0.1) 0.0 (0.0) (0.1)
Kentucky 0.3 0.1 0.1 0.2 (0.1) 0.1
Louisiana (3.5) 0.3 (0.3) (1.2) (0.1) (0.2)
Maine 1.1 1.1 0.4 0.6 0.7 0.2
Maryland (0.5) (0.2) (0.9) 0.1 (0.2) (0.7)
Massachusetts (0.5) (0.3) (0.7) (0.1) (0.2) (0.6)
Michigan (0.5) (0.4) (0.2) (0.3) (0.2) (0.3)
Minnesota 0.1 (0.9) (0.3) 0.1 (0.4) (0.2)
Mississippi 0.2 0.3 0.1 0.3 0.2 0.1
Missouri 0.5 (0.0) 0.0 0.2 (0.1) (0.1)
Montana 0.6 0.5 0.8 0.1 (0.0) 0.2
Nebraska (0.3) (0.1) (0.3) 0.0 (0.2) (0.2)
Nevada 3.1 0.2 1.8 2.0 0.4 1.3
New Hampshire 0.8 (0.3) 0.4 0.7 0.1 0.2
New Jersey (0.6) (0.6) (0.8) (0.4) (0.4) (0.7)
New Mexico 0.3 0.5 0.6 (0.1) (0.1) 0.2
New York (1.0) (0.5) (0.9) (0.7) (0.6) (0.9)
North Carolina 1.1 0.6 0.7 0.5 0.4 0.6
North Dakota (0.5) 0.1 (0.5) 0.2 (0.2) (0.2)
Ohio (0.3) (1.2) (0.2) (0.1) (0.7) (0.2)
Oklahoma 0.2 0.2 0.1 0.0 (0.0) 0.1
Oregon 0.1 0.3 0.3 (0.1) 0.3 0.2
Pennsylvania 0.0 (0.1) (0.3) (0.1) (0.2) (0.3)
Rhode Island 0.2 (0.5) (0.3) 0.3 (0.4) (0.4)
South Carolina 1.2 3.1 2.1 0.7 2.1 1.6
South Dakota 0.8 0.7 0.9 0.5 (0.1) (0.0)
Tennessee 0.4 0.7 0.8 0.2 0.3 0.6
Texas 0.0 0.2 0.6 0.1 0.2 0.5
Utah (0.0) 0.4 0.3 0.3 0.3 0.4
Vermont 0.8 0.1 (0.2) 0.6 0.2 (0.5)
Virginia 0.0 (0.2) (0.2) 0.3 (0.1) (0.1)
Washington (0.0) 0.0 (0.0) 0.1 0.1 (0.1)
West Virginia 0.4 0.1 (0.0) (0.1) (0.3) (0.4)
Wisconsin 0.1 (0.1) (0.1) (0.0) (0.1) (0.1)
Wyoming (0.2) (0.5) 0.5 (0.2) (0.3) (0.0)

Note: Data for this table are derived from the SOI Databank, from 1999-2022. The sample is limited to individuals
who, for a give year t filed taxes in year t and t − 1, for whom we observe their corrected adjusted gross income
(AGI) and who report positive AGI in year t, who did not file a Married Filing Separately return, and who is not
matched to an individual associated with a fraud claim. AGI brackets are in 2019 USD. Net-in-migration is defined
for state d and year t as the number of individuals moving into d in year t less the number of individuals who left d
between t− 1 and t, divided by the population of d in t− 1.

89



log(1 + Yodt) = δt + γod + log(pot) + log(pdt) + log(1 + Y y
odt) + ϵodt (3.1)

Where δt and γod are year and flow fixed effects, and pot and pdt represent the origin and

destination state populations, making this the well-known gravity model of migration which cap-

tures broader geographic trends in population growth. From this, 1 – R-squared shows the amount

of variation not explained by persistent patterns (flow fixed effects) or overall time trends (year

fixed effects). We can also add the migration flow of the young (yyodt) to see how much of the

remaining variation tracks other groups. We also compute a similar model using the Poisson

Pseudo-Maximum Likelihood approach (Correia et al., 2020), to account for potential issues

with the log specification (Chen and Roth, 2024).

Table 3.3: R2 values from gravity model.

Full Sample $1-$50K $50-$100K $100K-$500K $500K+

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Basic Young Flow Basic Young Flow Basic Young Flow Basic Young Flow Basic Young Flow

Elderly: Log(1+count)
N 51,000 51,000 51,000 51,000 51,000 51,000 51,000 51,000 51,000 51,000
R2 0.924 0.925 0.919 0.92 0.871 0.874 0.832 0.836 0.791 0.819

Near-Elderly: Log(1+count)
N 51,000 51,000 51,000 51,000 51,000 51,000 51,000 51,000 51,000 51,000
R2 0.926 0.927 0.918 0.919 0.892 0.895 0.878 0.879 0.749 0.778

Elderly: PPML
N 45,310 45,310 44,482 44,482 39,307 39,307 39,859 39,859 7,291 7,291
Pseudo-R2 0.949 0.953 0.93 0.938 0.918 0.921 0.936 0.936 0.875 0.875

Near-Elderly: PPML
N 48,852 48,852 47,656 47,656 44,229 44,229 44,482 44,482 10,212 10,212
Pseudo-R2 0.952 0.959 0.937 0.947 0.912 0.919 0.935 0.935 0.856 0.857

Note: This table reports the R2 (or pseudo-R2 for the PPML model) estimated via Equation (3.1). Data for this table
are derived from the SOI Databank, from 2000-2019. The sample is limited to individuals who, for a give year t
filed taxes in year t and t − 1, for whom we observe their corrected adjusted gross income (AGI) and who report
positive AGI in year t, who did not file a Married Filing Separately return, and who is not matched to an individual
associated with a fraud claim. AGI brackets are in 2019 USD. Net-in-migration is defined for state d and year t as
the number of individuals moving into d in year t less the number of individuals who left d between t − 1 and t,
divided by the population of d in t− 1.

The results are shown in Table 3.3, and we can see that the regressions yield R-squared (or

pseudo-R2) values that are over 0.9 for the full sample and decreasing with the level of income.
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For instance, the R-squared value for the full elderly sample is 0.924, 0.919 for the bottom of

the income distribution (AGI between $1 and $50,000), and 0.791 for the top of the income

distribution (AGI = $500,000+). Adding the migration flow for the young (25-54) does not

substantially impact the results. One important consideration is that the number of empty flows

increases with income, as the size of the overall sample declines: this is explicitly addressed

by the PPML approach, and importantly we see pseudo-R2 values using this approach that are

between 0.05 and 0.1 units higher than when estimating the standard fixed effects regression

with log(1-y) as the dependent variable. Overall, there is little variation in migration flows that

is not explained by persistence and overall time trends, but whatever variation there is appears

concentrated among higher-income taxpayers.

This approach, however, considers all of the flows, many of which are quite small. A

substantial proportion of migration is accounted for by the top 30 flows and so it’s informative

to see what they are and how they may have changed over time. Past research reports that the

concentration of elderly flows, measured as the percentage of all migration accounted for by the

top 30 flows, has steadily declined from 35% in 1980 to 23% during 2006-10 (Conway and Rork,

2016, (Table 3)). Our data reveals a continuation of that decline, dropping from 27% in 2000

(matching Conway and Rork (2016) using decennial census data) to 22% in 2022.11 While the

migration flows of the young are less concentrated overall at 15% in 2000, their migration has

steadily become slightly more concentrated, at 18% in 2022.

As expected, the largest flows are associated with the largest population states. We there-

fore reconstruct these rankings standardized by the average of the origin and destination state

11We find a substantially higher concentration rate of 26-28% during the 2006-10 period than Conway and Rork
(2016) report using the ACS. This discrepancy suggests that the decline has continued in recent years and shows
once again the shortcomings of using the ACS to measure elderly migration.

91



populations and the patterns in concentration are similar. Table 3.4 shows the top 30 migration

flows, ranked by the share of migrants per 1,000 individuals, using the average of the population

across the two states. For each flow, we also report the share of total inter-state moves captured

by a given flow. This exercise once again reveals the stability of elderly migration. The top el-

derly migration flow is the same as it has been for 50+ years – New York to Florida (count or

per capita). Florida is prominent – as both a destination and an origin (reflecting possible return

migration) throughout the top 30 in every year. New York, New Jersey and the upper Midwest are

prominent as well (more often as senders) and cross-border moves (e.g., NY-NJ) are common.

The most obvious change is California’s growing role as a top sender.

Taken together, these descriptive analyses suggest that elderly migration in the 2000s is

fairly stable since 2000 and similar to previous decades. We do see more changes in the last few

years of our data, 2020-22, which coincides with the Covid-19 pandemic and its many ramifica-

tions (i.e., remote work). Even there, however, the main geographic patterns persist.

3.3.2 State Income Tax Benefits for the Elderly

To study the degree of state tax benefits for the elderly, we construct a series of state indi-

vidual income tax profiles. For each year, marital status, age (less than 62 or over 62) and AGI

group, we pull a random sample of 1,000 tax units (after applying the restrictions regarding fraud,

missing data, etc. . . applied earlier), without limiting the sample based on geography. We then

pull from the SOI Databank and other databases information from the individuals tax return and

information returns to construct the elements required by the NBER TAXSIM model (V35). To

abstract from noise in the annual measures of income in each sample, we take the average income
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Table 3.4: Top 30 per-capita elderly migration flows

Rank
2000 2010 2019 2022

Flow Percent Flow Percent Flow Percent Flow Percent

1 NY to FL 2.38 NY to FL 2.53 NY to FL 2.13 NY to FL 2.14
2 FL to NY 1.73 NY to NJ 1.73 WA to AZ 0.49 NJ to FL 1.07
3 NJ to FL 1.31 MD to DC 1.31 CA to AZ 1.31 MA to NH 0.27
4 MI to FL 1.36 MO to KS 1.13 NJ to FL 1.01 WA to AZ 0.43
5 FL to MI 1.25 OR to WA 1.20 NC to SC 0.45 NC to SC 0.42
6 OH to FL 1.21 KS to MO 1.11 MI to FL 1.00 CA to AZ 1.09
7 MA to FL 0.93 VA to MD 0.43 MA to NH 0.26 CA to TX 1.41
8 FL to MA 0.88 NJ to NY 0.96 CO to AZ 0.35 NY to NJ 0.72
9 FL to OH 0.98 MD to VA 1.08 OR to WA 0.34 MA to FL 0.75

10 FL to NJ 0.85 WA to OR 0.23 CA to NV 0.93 IL to FL 0.85
11 WA to AZ 0.45 NC to SC 0.91 IL to FL 0.92 MD to DE 0.17
12 PA to FL 1.03 FL to GA 0.76 MA to FL 0.79 OR to WA 0.30
13 MA to NH 0.32 MA to NH 0.28 FL to NY 1.05 MI to FL 0.83
14 CT to FL 0.57 GA to FL 0.16 MD to DE 0.18 CA to NV 0.80
15 OR to WA 0.36 SC to NC 0.86 OH to FL 0.86 FL to GA 0.69
16 IN to FL 0.65 NH to MA 0.32 NY to NJ 0.67 FL to NY 0.92
17 DC to MD 0.21 NJ to PA 0.77 PA to FL 0.91 PA to FL 0.81
18 IL to FL 0.88 NH to ME 0.29 WA to OR 0.27 GA to FL 0.65
19 NY to NJ 0.82 KY to IN 0.26 FL to GA 0.66 OH to FL 0.73
20 CO to AZ 0.31 NY to FL 0.70 CA to TX 1.10 FL to NC 0.67
21 FL to IN 0.58 VA to NC 0.30 MN to AZ 0.27 CO to AZ 0.26
22 MN to AZ 0.34 VA to DC 0.66 GA to FL 0.64 WA to OR 0.25
23 CA to NV 1.01 DC to VA 0.25 OR to AZ 0.24 SC to NC 0.29
24 FL to CT 0.49 NC to VA 0.66 CT to FL 0.55 VA to NC 0.34
25 AZ to MN 0.32 PA to NJ 0.80 SC to NC 0.29 WA to ID 0.18
26 MI to IL 0.71 FL to NY 0.54 FL to MI 0.68 DC to MD 0.12
27 FL to PA 0.79 GA to AL 0.25 VA to NC 0.35 FL to MI 0.63
28 AZ to WA 0.33 GA to SC 0.60 WA to ID 0.18 OR to AZ 0.20
29 FL to IL 0.71 CT to MA 0.24 FL to NC 0.61 MD to VA 0.24
30 KS to MO 0.27 AL to GA 0.75 DC to MD 0.12 NC to FL 0.55

Top 30 share 24.04 22.07 19.60 18.77

Note: Data for this table are derived from the SOI Databank, from 1999-2022. The sample is limited to individuals
who, for a give year t filed taxes in year t and t − 1, for whom we observe their corrected adjusted gross income
(AGI) and who report positive AGI in year t, who did not file a Married Filing Separately return, and who is not
matched to an individual associated with a fraud claim. The flows are ranked by the number of movers per 1,000
residents, with residents defined as the average of the origin and destination state populations in the year prior to the
move.
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values (after adjusted for inflation) for each marital status, age, and AGI group across the entire

period (2000-2022). This creates a representative taxpayer for each group. In order to provide a

sense of the relative benefit the tax code of a given state might provide to the elderly, we create

an alternative version of each of the elderly taxpayers that is non-elderly (de-aged), by assigning

each elderly individual (and their spouse, in the case of the married filing jointly taxpayers) to be

aged 45, and by reallocating any source of retirement income (pensions, social security, etc. . . )

to be “other non-property income”.12 In essence, this turns off the set of elderly-specific tax

preferences that are a function either of the age of a taxpayer (or their spouse) and/or the type of

income being reported. After this step, we have, for each AGI and marital status group, three rep-

resentative tax filers; under 62, over 62 and unchanged, and over 62 and de-aged. We then create

an inflation adjusted version of these representative taxpayers for each tax year, and and run all

of these through TAXSIM, once for each state. By comparing the tax liability of the elderly and

de-aged representative tax filers, we can determine the scale of the elderly tax preference across

each state over time, abstracting from changes in the composition and level of income.

Figure 3.2 reports the average state tax benefit to being elderly (ETB) for different AGI

groups in terms of either the difference in overall tax liability (in 2019 USD) (reported in Fig-

ure 3.2a) and that difference divided by AGI, yielding the difference in the average tax rate (ATR)

(reported in Figure 3.2b). As expected, the differential liability is larger the higher one’s AGI.

In real terms, it stays constant relatively constant across all groups, though there is an uptick

for higher-income groups starting in 2008. The magnitudes are substantial: even for moderate

12There are a few isolated cases where NBER TAXSIM has coded a state-specific policy in some way that interacts
with other non-property income in an unusual way. The two most common variants are states with individual
income taxes that only apply to interest or dividends income (New Hampshire and Tennessee) and states with unique
treatment of alimony (included in other non-property income). In these cases, we reassign retirement income to be
interest income.
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income households (50-75K) the average benefit is almost $2,000. Focusing on the differential

ATRs, the pattern is reversed; the differential is inversely related to income, though with the same

basic time-trend. These patterns fit with what we know about the type of elderly tax breaks that

states offer: the dollar value of most tax breaks increase with income up to a point where they

reach a maximum and, in some cases, begin to be phased out.

Figure 3.2: Average elderly tax benefit across AGI brackets for MFJ returns.

(a) Tax Liability (2019 USD) (b) Average Tax Rate

Note: Data for these figures are derived from the SOI Databank, from 2000-2022. Each line is the average across
all states with individual income taxes, calculated using the income profiles described in Section 3.3.2. The elderly
benefit is the difference between the taxes owned (in terms of total liability or average tax rates) between our elderly
and de-aged elderly representative individuals.

These average benefit measures obscure the wide variation across the states and how that

changes during our sample. Figure 3.3 explores these aspects by reporting the median, the 25-

75% range, the minimum and the maximum of these measures over time, each for selected AGI

group. Figure 3.3e and Figure 3.3f, for very-high-income individuals reporting between $1 mil-

lion and $5 million in AGI (real 2019 USD), confirm that the difference in rates is in fact tiny

across all states, despite the sizable dollar amount existing in some states/years. Higher income

households (those making between $100,000 and $200,000 in AGI) see only slightly lower dollar
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amounts and therefore much bigger differences in their ATRs, with most states providing around

1% but some exceeding 4%, as shown in Figure 3.3c and Figure 3.3d. Moving further down

the income distribution this pattern continues, with $25,000-$50,000 AGI households enjoying

nearly a 3 percentage point differential in ATR (Figure 3.3a and Figure 3.3b). These figures also

reveal that the variation in these policies differs by AGI. While the 25-75 percentile bands are

fairly constant, the maximum value increases for the higher income groups while staying largely

flat for the lower income group. These figures also mask that a few states decreased their tax

breaks substantially. We investigate these cases further in Section 3.5. Further, for those at the

bottom of the income distribution, there is both a shift in overall generosity, as shown by the

median, in the middle of the sample, and a general widening of range of tax benefits offered,

suggesting while large changes are rarer among this income group, states are adjusting their tax

policy in smaller but important ways. This reflects the movement by a few states (like Georgia)

to greatly expand their tax breaks to upper income retired households.
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Figure 3.3: Distribution of elderly tax benefit across AGI brackets for MFJ returns.

(a) Tax Liability (2019 USD), $25K-$50K in
AGI (b) Average Tax Rate, $25K-$50K in AGI

(c) Tax Liability (2019 USD), $100-$200K in
AGI (d) Average Tax Rate, $100-$200K in AGI

(e) Tax Liability (2019 USD), $1 Million-$5
Million in AGI

(f) Average Tax Rate, $1 Million-$5 Million in
AGI

Note: Data for these figures are derived from the SOI Databank, from 2000-2022. Each figure reports the median,
25-75 percentile range, and maximum and minimum value for a given AGI bracket (in real terms) across states.
The values are calculated using the income profiles described in Section 3.3.2. The elderly benefit is the difference
between the taxes owned (in terms of total liability or average tax rates) between our simulated elderly and non-
elderly individual.
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3.3.3 Are changes in Tax Policies and Migration Patterns Correlated?

Before turning to our main econometric approaches, we first examine whether there is an

obvious pattern between changes in tax policy and elderly migration in the raw data. The above

analyses demonstrate that while elderly migration patterns and state tax breaks overall are fairly

stable, there remains nontrivial variation in both, and they tend to be present in the same groups,

middle to higher income households. In Figure 3.4, we plot the net in-migration rate of each

state against its ETB in terms of the ATR. In the first column (Figure 3.4a, Figure 3.4c, and

Figure 3.4e) we plot the overall elderly benefit against net in-migration in 2000. Here, we can

see there is no clear relationship between the generosity of elderly-specific tax programs and

net in-migration in 2000. The second column (Figure 3.4b, Figure 3.4d, and Figure 3.4f) plot a

similar figure that shows the correlation between the change in elderly benefits between 2019 and

2000 (on the y-axis) and the change in elderly in-migration over the same period (on the x-axis),

after subtracting the same difference among the young. This is a rough difference-in-difference

approach, which uses the change in net in-migration among the young to control for general

trends in migration over the 2000s and 2010s. Again, we observe no clear relationship between

changes elderly benefits and migration, and and all associated correlations are quite small and

statistically insignificant.
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Figure 3.4: Relationship between net in-migration and elderly tax benefits

(a) TY 2000: $25,000-$50,000 (b) TY 2019 less 2000: $25,000-$50,000

(c) TY 2000: $100,000-$200,000 (d) TY 2019 less 2000: $100,000-$200,000

(e) TY 2000: $1,000,000+ (f) TY 2019 less 2000: $1,000,000+

Note: Data for these figures are derived from the SOI Databank, from 2000-2019. Each plots net in-migration (y-
axis) against the elderly state benefit in terms of average tax rates (x-axis). Figure 3.4a and Figure 3.4b are limited
ot those taxpayers making between $25,000 and $50,000, with Figure 3.4a plotting the characteristics from 2000,
while Figure 3.4b plots the change in the elderly benefit on the x-axis (2019 less 2000) and the difference in the
change in the net in-migration rate (2019 less 2000) between the old verses the young) on the y-axis. The first is
designed to show the relationship between elderly tax benefits and migration at the beginning of the sample, and
the latter is design to observe the correlation between the change in taxes and the change in elderly in-migration
(after controlling for changes in overall migration via subtracting the difference among the young. Figure 3.4c,
Figure 3.4d, Figure 3.4e, and Figure 3.4f show the same statistics for two other AGI groups: $100,000 to $200,000
and $1,000,000+.
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3.4 PPML Estimates

We estimate a comprehensive estimate of the effect of elderly tax benefits on elderly migra-

tion by applying a Poisson Pseudo-Maximum Likelihood (PPML) regression approach to our full

sample containing the migration flows for all states (and the District of Columbia) from 2000-

2019. This most closely tracks the estimation strategy employed by Moretti and Wilson (2017),

who looked at the effect of state taxes on the migration behavior of scientists. Similar to that

work, the main concern with identification in this structure is that there may be some factor that

impacts elderly migration (say, economic conditions or other policy changes) that is correlated

with state-level individual income tax changes. The specification below controls in several key

ways for likely sources of ommitted variable bias.

3.4.1 Empirical Strategy

To account for the large number of migration flows that have a count of zero, we estimated

the following model via Poisson Pseudo-Maximum Likelihood approach (Correia et al., 2020):

Modaft = exp (βTaxodaft + γXodt + δt + ϕodf + ρor,dr,t + ϵodaft) (3.2)

Where Modaft is the flow from origin state o to destination state d between period t and

t − 1 for AGI group a and filing status f. Taxodaft captures the difference in tax policy between

the destination and origin state, discussed in depth below. δt and ϕodf are time and flow-by-filing

status fixed effects that are included in every model and set up the basic difference-in-difference

structure: comparing the effect of changes in elderly benefits within a given flow and filing status
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across time. Xodt is a set of origin-destination flow time-variant controls. These, expressed

in terms of the difference between the lagged values between the origin and destination states,

include controls for logged state population, per-capita new mortgages, the unemployment rate,

per capita state and local revenue from sales, property, corporate, and estate taxes, overall and

health and hospital per capita expenditures, and controls for elderly-specific property tax breaks

derived from American Community Survey data (Ruggles et al., 2023). These controls account

for the fact that state policymaking with regards to tax policy might be correlated with economic

or policy factors that could also impact the migration decisions of elderly individuals. ρor,dr,t

are origin-region by destination-region by year fixed effects, included in some models. These

are designed to account for time-varying regional factors (say, the shift in relative environmental

conditions between the northeast and the pacific northwest) that might be correlated with both

elderly migration and state policies.

We estimate this model separately for each AGI group, allowing the effect of tax rates (as

well as any control variables) to vary with income. This is important both to determine if taxes

influence migration differentially across the income distribution, but also because certain controls

might have very different effects on lower or higher-income taxpayers. For example, Moretti and

Wilson (2023) showed that for the very wealthy, estate taxes can influence migration decisions,

but this is not likely to be the case for anyone outside of the top of the income distribution. We

exclude the “stayers”, i.e. the flows that represent the pool of individuals who did not move

between states (e.g., New York to New York flow), as well as those with negative or $0 in AGI,

who are a small share of total returns and for whom our measure of elderly preferences might not

be appropriate. Standard errors are clustered at the origin-year, destination-year, and pair level,

following Moretti and Wilson (2017), to account for the joint concerns about correlated errors
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within year across origin or destination states and across time within a given flow.

We follow past work (e.g. Moretti and Wilson, 2017, Kalin et al., 2024) in expressing our

tax measures in beneficial terms; e.g., we include the proportion of each dollar of income not

taxed, or 1 – ATR. In our first specification, we estimate the effect of this tax rate on migration

by defining Taxodaft to be:

Taxodaft =

Elderly after-tax rate in the destination state︷ ︸︸ ︷[
(1− τ edaft−1)

]
−

Elderly after-tax rate in the origin state︷ ︸︸ ︷[
(1− τ eoaft−1)

] (3.3)

Where the superscript e indicates the average tax rate calculated using our income profiles

for our hypothetical elderly individual. The beta on this term will show the degree to which a

one percentage point change in the difference between the after-tax rates increases or decreases

migration. We calculate this value separately for elderly (65+) and non-elderly (25-54) individ-

uals, using two separate sets of profiles. By comparing across age groups, we can compare the

responsiveness of filers by age: the elderly (65+), the near-elderly (55-64), and the young (25-54).

We also want to isolate the effects of the differential treatment on the basis of age. Beyond

allowing us to dis-aggregate the effect of eldelry-specific reforms, this approach also likely better

abstracts from other features of the public sector. For example, an increase in the overall ATR

is likely also associated with increases in spending or decreases in other taxes, owing to the

government’s budget constraint. In contrast, a decrease in the tax benefit of being elderly has a

much more targeted effect on the decision-maker and a much smaller balanced-budget effect.

For this reason, our next specification includes two tax variables, ETBodaft and NETodaft.

This approach separates the beneficial tax treatment of being elderly from the baseline tax burden.
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Both are expressed as the difference between the destination and origin state in the year prior to

the move. ETBodaft captures the difference in the Elderly Tax Benefit (in terms of ATR – e.g.,

shown in Figure 3.2b to range from zero to 2.5), and NETodaft captures the difference in overall

taxes (expressed as 1-ATR) facing both the elderly and non-elderly, which we refer to as the

non-elderly tax (NET). This specification allows us to see if the elderly respond differently to tax

breaks targeting them rather than the overall tax structure.

Specifically, these two measures are calculated as:

ETBodaft =

Elderly benefit in the destination state︷ ︸︸ ︷[
(1− τ edaft−1)− (1− τnedaft−1)

]
−

Elderly benefit in the origin state︷ ︸︸ ︷[
(1− τ eoaft−1)− (1− τneoaft−1)

]
=
[
τnedaft−1 − τ edaft−1)

]
−
[
τneoaft−1 − τ e0aft−1)

] (3.4)

Where the superscript ne indicates the average tax rate calculated using our income profiles

for our hypothetical de-aged elderly individual. This variable captures the degree to which the

destination state offers a targeted tax break (in terms of a lower ATR) to its elderly citizens as

compared to the origin state. Again, these targeted tax breaks likely have far smaller balanced-

budget effects and, like in the case of Georgia and Iowa, may be quite visible.

We define NET as the difference in the after-tax rate between destination and origin state

for our de-aged elderly representative tax-filer. :

NETeb
odaft =

[
(1− τnedaft−1)− (1− τneoaft−1)

]
(3.5)

Substituting these into equation (3.2) for TAX yields our estimating equation:
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Modaft = exp (β1ETBodaft + β2NETodaft + γXodt + δt + ϕodf + ρor,dr,t + ϵodaft) (3.6)

Intuitively, this specification breaks the elderly taxpayer’s burden into 2 pieces: the pro-

portion of income that everyone gets to keep (NETodaft) and the targeted, extra proportion they

receive because they are elderly (ETBodaft). ETB + NET equals the total 1-ATR for the elderly.

We might expect the two betas to differ either because individuals have a different awareness of

targeted policies or because the unobserved balanced budget effects differ. If neither complica-

tion exists, then we would expect them to be equal. The bottom line is that location choice theory

suggests that both betas should be positive because an increase in either variable suggests the

individual keeps a greater proportion of their income in the destination state relative to the origin

state and thus is incentives to move.

When estimating Equation (3.6), we also present results for our three age groups, though

the interpretation changes slightly. Here, we view the estimates for the young as a placebo check,

and the estimates for the near-elderly capture the degree to which those approaching retirement

proactively consider migration.

3.4.2 Results

Table 3.5 reports the PPML results from estimating Equation (3.2), with the tax variable

defined as in Equation (3.3), for three different age groups (elderly, near elderly and the young)

and eleven different AGI categories. This regression includes region-year fixed effects, as well as

time-varying controls. For the elderly (Panel A), our estimates imply that a one-percentage-point
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increase in the after-tax rate differential between destination and origin state increases migration

by between 3 and 6 percent for those elderly filers who, in the prior-year, reported AGI between

$200,000 and $1,000,000. To put these figures into context, the average elderly migration rate

for this income group, as plotted in Figure 3.1b, is 1.4 percentage points, meaning that migration

increased less than 0.09 percentage points as a result of these tax changes. For the near-elderly,

we see similarly sized effects over a slightly wider income range, with the largest effects observed

for the highest-income tax filers (those reporting over $5 million in AGI); a one percentage point

after-tax differential increases migration by 6.4 percent. For the young, the response is more

constant: an increase in migration of between 2 and 3 percentage points for tax filers making

between $100,000 and $5,000,000 dollars in real AGI during the prior year. Overall, these results

imply that higher-earning taxpayers do respond to changes in tax policy, though not by huge

amounts, and that the elderly are marginally more responsive to overall changes in tax rates

than their younger counterparts. The implied elasticities for the elderly range from 0.12 (for

those with AGI between $200,000 to $500,000) to 0.23 (for those with AGI between $750,000

to $1,000,000), much lower than those estimated when looking at star scientists, athletes, those

with very high incomes, and foreigners in other contexts (Moretti and Wilson, 2017, Kleven et al.,

2013, 2014, Rauh and Shyu, 2024).13

The results are broadly consistent when excluding controls and region-year fixed effects, as

shown in Table B.2, especially for the elderly and near-elderly. However, in this specification, the

young appear less responsive than in the model with the full set of controls, which corroborates

the notion that younger taxpayers are less mobile than the elderly. We also conduct a placebo
13To calculate this rough elasticity, we divide the percent estimate in Table 3.5 by 1

E(1−ATRsat)
, or the implied

percent increase in the after-tax rate of a 1 percentage point increase in the after-tax rate in a given state for a given
income group relative to the average after-tax rate in this sample (between 3.6 and 4.2 percent for these income
groups.
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test in Table B.3, checking to see whether or not tax filers respond to the 2-year lead of the tax

variable. We find that, for the elderly, the very-wealthy seem to be marginally responsive to the

2-year lead, implying that the true effect as estimated in Table 3.5 may be biased upwards, but

generally the results seem robust to this test.
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Table 3.5: Effect of after-tax rates on inter-state migration by age, via Poisson Pseudo Maximum Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+)

Elderly 1-ATR Differential 0.0160 0.0145 0.0255 0.0128 0.0083 0.0133 0.0338∗ 0.0487∗∗∗ 0.0533∗∗∗ 0.0153 -0.0087
(0.0121) (0.0226) (0.0227) (0.0213) (0.0160) (0.0147) (0.0139) (0.0143) (0.0153) (0.0109) (0.0229)

Observations 96311 96805 96729 96330 95380 95076 90003 61211 45203 56474 23462
Population in Sample 1494962 2528798 2268435 1516117 964631 1284561 442304 62306 26920 53375 8812
Percent effect 1.62 1.46 2.58 1.29 .836 1.34 3.43 4.99 5.48 1.54 -.863

Panel B: Near-Elderly (55-64)

Non-Elderly 1-ATR Differential 0.0216 0.0341 0.0338 0.0187 0.0330 0.0363∗∗ 0.0323∗∗ 0.0195 0.0352∗∗ 0.0293∗∗ 0.0622∗∗

(0.0135) (0.0227) (0.0193) (0.0219) (0.0177) (0.0129) (0.0102) (0.0100) (0.0119) (0.0107) (0.0201)

Observations 96425 96786 96824 96767 96140 96121 91371 69505 54673 63909 28391
Population in Sample 1287717 2454713 3024718 2048480 1306447 1888677 684425 93635 39966 78095 11780
Percent effect 2.18 3.47 3.43 1.88 3.35 3.69 3.28 1.97 3.58 2.97 6.42

Panel C: Young (25-54)

Non-Elderly 1-ATR Differential 0.0128 0.0259 0.0226 0.0162 0.0237 0.0298∗∗ 0.0205∗ 0.0200∗ 0.0226∗∗ 0.0222∗∗ 0.0241
(0.0075) (0.0137) (0.0131) (0.0180) (0.0134) (0.0107) (0.0080) (0.0082) (0.0080) (0.0078) (0.0139)

Observations 96900 96900 96900 96900 96881 96824 95133 78698 65578 72271 39394
Population in Sample 1.06e+07 2.10e+07 2.25e+07 1.16e+07 6225112 7306045 2075389 229200 88296 149150 19885
Percent effect 1.28 2.63 2.29 1.63 2.39 3.02 2.07 2.02 2.29 2.24 2.44

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.2) using the tax measure defined in Equation (3.3). Data for this table are derived from the SOI Databank, from 2000 through 2019. We
start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t− 1, for whom we observe their corrected adjusted
gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and who is not matched to an individual associated
with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin and destination state, AGI bracket, age group,
and filing status (married or single, with other statuses included in single). The outcome variable is the count of individuals in a given if a given individual flow.
Each panel presents the results for a different age group (65+, 55-64, and 25-54), and each row for different AGI groups (assigned via year t − 1 AGI, with the
AGI brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β) − 1) are reported at the bottom of each panel. All models include
flow by filing status fixed1 effects, origin-region by destination-regions by year fixed effects, year fixed effects, and controls for state-level population, policy, and
economic characteristics, expressed as the difference between the destination and origin states. Standard errors are clustered at the origin-year, destination-year,
and flow level * p<0.05 ** p<0.01 *** p<0.001.
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Next, we report the results of estimating Equation (3.6) in Table 3.6, breaking the effect of

the change in after-tax rates into the two components: ETB and NET. When looking at the ETB,

we find no effect of of the after-tax rate differential on the migration response of the elderly,

implying that elderly-specific tax breaks are not driving migration decisions. Rather, we see that

the positive effect seen in Table 3.5 load on the NET variable. The coefficients for the ETB

variable statistically insignificant across all income groups, while the sign and magnitude of the

NET variable lines up with the results from Table 3.5. We see similar results for the near-elderly,

except for the very-wealthy, were we see a substantial decline in elderly migration corresponding

to elderly-specific tax breaks. Recall, however, that for this income group, these tax breaks are

incredibly small, so this result is likely spurious. The young are similarly not responsive to the

ETB. The ETB estimates for the young is akin to a placebo test and can be subtracted from the

elderly parameter estimates to obtain a rough DDD estimate. It is therefore reassuring to see that

the ETB estimates are all close to zero for the young. These results strongly suggest that targeted

tax breaks – in isolation – have no measurable impact on location decisions. This result is robust

to excluding region-year fixed effects and our controls (see Table B.4) and we similarly see no

effect of the 2-year lead of the ETB on the elderly population (see Table B.5).

The main take-away from this analysis is that while the high income elderly are responsive

to income tax burdens, perhaps even more so than their younger counterparts, the predicted effects

on migration are modest. Moreover, tax cuts targeting the elderly, as measured by ETB, have no

discernible effect. We conduct a range of additional robustness checks on these results, including

limiting the sample of states to exclude those without individual income taxes (Table B.7) and

using F1040 addresses rather than our measure of migration (Table B.8: these results do not

change.
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Table 3.6: Effect of elderly-specific after-tax rates on inter-state migration by age, via Poisson Pseudo Maximum Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+)

ETB 0.0077 0.0014 0.0136 -0.0014 -0.0192 -0.0264 -0.0349 -0.0477 0.0738 -0.0300 0.5742
(0.0129) (0.0263) (0.0280) (0.0287) (0.0213) (0.0215) (0.0351) (0.0635) (0.1113) (0.0210) (0.3971)

NET 0.0488 0.0310 0.0394 0.0269 0.0304 0.0338∗ 0.0367∗∗ 0.0455∗∗ 0.0539∗∗∗ 0.0222 -0.0087
(0.0305) (0.0231) (0.0214) (0.0199) (0.0170) (0.0154) (0.0137) (0.0141) (0.0152) (0.0119) (0.0231)

Observations 96311 96805 96729 96330 95380 95076 90003 61211 45203 56474 23462
Population in Sample 1494962 2528798 2268435 1516117 964631 1284561 442304 62306 26920 53375 8812
Percent effect - ETB .77 .138 1.37 -.141 -1.91 -2.6 -3.43 -4.66 7.66 -2.95 77.6
Percent effect - NET 5.01 3.15 4.02 2.72 3.08 3.43 3.74 4.65 5.54 2.25 -.87

Panel B: Near-Elderly (55-64)

ETB 0.0146 0.0055 0.0166 0.0020 -0.0077 -0.0135 -0.0260 -0.0018 -0.0802 0.0328 -0.5038∗

(0.0138) (0.0296) (0.0326) (0.0270) (0.0219) (0.0129) (0.0200) (0.0458) (0.0810) (0.0185) (0.2441)

NET 0.0397 0.0353 0.0411 0.0263 0.0274 0.0258∗ 0.0277∗∗ 0.0192 0.0340∗∗ 0.0305∗∗ 0.0615∗∗

(0.0223) (0.0246) (0.0248) (0.0209) (0.0182) (0.0132) (0.0103) (0.0103) (0.0127) (0.0108) (0.0205)

Observations 96425 96786 96824 96767 96140 96121 91371 69505 54673 63909 28391
Population in Sample 1287717 2454713 3024718 2048480 1306447 1888677 684425 93635 39966 78095 11780
Percent effect - ETB 1.47 .556 1.68 .203 -.769 -1.34 -2.56 -.176 -7.71 3.33 -39.6
Percent effect - NET 4.05 3.59 4.2 2.67 2.77 2.62 2.81 1.94 3.46 3.09 6.34

Panel C: Young (25-54)

ETB 0.0008 0.0019 0.0029 0.0019 -0.0067 -0.0005 0.0075 0.0203 0.0889 0.0086 -0.2830
(0.0094) (0.0221) (0.0221) (0.0217) (0.0146) (0.0153) (0.0195) (0.0321) (0.0598) (0.0125) (0.3852)

NET 0.0187 0.0265 0.0229 0.0179 0.0176 0.0251∗ 0.0219∗ 0.0216∗ 0.0270∗∗ 0.0233∗∗ 0.0260
(0.0124) (0.0164) (0.0155) (0.0151) (0.0137) (0.0112) (0.0086) (0.0088) (0.0089) (0.0080) (0.0143)

Observations 96900 96900 96900 96900 96881 96824 95133 78698 65578 72271 39394
Population in Sample 1.06e+07 2.10e+07 2.25e+07 1.16e+07 6225112 7306045 2075389 229200 88296 149150 19885
Percent effect - ETB .079 .186 .289 .19 -.664 -.0497 .755 2.05 9.3 .866 -24.7
Percent effect - NET 1.89 2.68 2.32 1.81 1.77 2.54 2.21 2.19 2.74 2.35 2.64

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.6) using the tax measure defined in Equations (3.4) and (3.5). Data for this table are derived from the SOI Databank, from 2000 through
2019. We start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t− 1, for whom we observe their corrected
adjusted gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and who is not matched to an individual
associated with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin and destination state, AGI bracket, age
group, and filing status (married or single, with other statuses included in single). The outcome variable is the count of individuals in a given if a given individual
flow. Each panel presents the results for a different age group (65+, 55-64, and 25-54), and each row for different AGI groups (assigned via year t − 1 AGI, with
the AGI brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β)−1) are reported at the bottom of each panel. All models include
flow by filing status fixed effects, origin-region by destination-regions by year fixed effects, year fixed effects, and controls for state-level population, policy, and
economic characteristics, expressed as the difference between the destination and origin states. Standard errors are clustered at the origin-year, destination-year,
and flow level * p<0.05 ** p<0.01 *** p<0.001.
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3.4.3 Heterogeneity By Age

One question is whether or not the migration response of elderly individuals is heteroge-

neous: there are multiple stages of life covered by the elderly population, and difference forces

drive migration during these stages. For example, those just turning 65 and retiring might move

to a new home once they disconnect from the labor force, while older Americans might return to

live closer to family (the pattern of return migration discussed above). To explore this, we break

the elderly population into those aged 65-74 and those older than 75, and re-estimate the effect

of elderly-specific tax breaks. Importantly, these policies do not distinguish on the basis of age

within the elderly population, so they face the same after-tax rates, conditional on similar income

mixes. We report the results of these models in Table 3.7. The results for those aged 65-74 are

broadly consistent with the results in Table 3.6: no statistically significant differential effect of

elderly-specific tax policies on migration. The results for those aged 75 or older are generally

thee same, with the exception of those reporting AGI between $750,000 and $1,00,000. Here, an

increase in the elderly-specific after-tax rate differential of one percentage point increases migra-

tion by 60 percent, corresponding to an elasticity of 2.5. This is large, through not unreasonably

so relative to some findings (See the elasticity estimate of 3.0 found by Rauh and Shyu (2024)

in the context of California). However, the fact that no other similar income groups saw such a

large change, and given that the same magnitude of a response is found when using a 2-year lead

of the tax variable in Table B.6, this result is likely spurious.

110



Table 3.7: Effect of elderly-specific after-tax rates on inter-state migration across the elderly, via Poisson Pseudo Maximum Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly, 65-74

ETB 0.0137 0.0032 0.0172 0.0026 -0.0218 -0.0284 -0.0447 -0.0820 -0.0581 -0.0149 0.6763
(0.0152) (0.0301) (0.0327) (0.0304) (0.0223) (0.0196) (0.0339) (0.0774) (0.1286) (0.0239) (0.5964)

NET 0.0605 0.0385 0.0402 0.0280 0.0325 0.0337∗ 0.0456∗∗ 0.0461∗∗ 0.0526∗∗ 0.0252 -0.0072
(0.0328) (0.0265) (0.0252) (0.0215) (0.0180) (0.0158) (0.0144) (0.0162) (0.0163) (0.0131) (0.0254)

Observations 95494 96387 96368 95646 93670 93214 85438 54036 37940 48326 18866
Population in Sample 846956 1428287 1370294 972557 652671 902489 307440 42523 18169 36030 6094
Percent effect - ETB 1.37 .319 1.73 .264 -2.15 -2.8 -4.37 -7.88 -5.65 -1.47 96.7
Percent effect - NET 6.23 3.93 4.1 2.84 3.3 3.43 4.66 4.71 5.4 2.55 -.718

Panel B: Elderly, 75+

ETB 0.0004 -0.0009 0.0090 -0.0089 -0.0148 -0.0147 -0.0005 0.0361 0.4663∗ -0.0565 0.4799
(0.0118) (0.0234) (0.0226) (0.0273) (0.0227) (0.0270) (0.0388) (0.0735) (0.2135) (0.0330) (0.7055)

NET 0.0330 0.0203 0.0374∗ 0.0235 0.0247 0.0333∗ 0.0186 0.0414∗ 0.0606∗ 0.0199 -0.0185
(0.0285) (0.0212) (0.0180) (0.0187) (0.0175) (0.0159) (0.0150) (0.0181) (0.0246) (0.0186) (0.0349)

Observations 94145 96083 95589 94164 90364 90478 77787 40359 25690 36255 9672
Population in Sample 648006 1100511 898141 543560 311960 382072 134864 19783 8750 17345 2708
Percent effect - ETB .0422 -.0851 .9 -.882 -1.46 -1.46 -.047 3.68 59.4 -5.49 61.6
Percent effect - NET 3.35 2.05 3.81 2.38 2.5 3.39 1.87 4.23 6.25 2.01 -1.83

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.6) using the tax measure defined in Equations (3.4) and (3.5). Data for this table are derived from the SOI Databank, from 2000 through
2019. We start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t− 1, for whom we observe their corrected
adjusted gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and who is not matched to an individual
associated with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin and destination state, AGI bracket, age
group, and filing status (married or single, with other statuses included in single). The outcome variable is the count of individuals in a given if a given individual
flow. Each panel presents the results for a different age group (65-74, and 75+), and each row for different AGI groups (assigned via year t− 1 AGI, with the AGI
brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β)− 1) are reported at the bottom of each panel. All models include flow by
filing status fixed effects, origin-region by destination-regions by year fixed effects, year fixed effects, and controls for state-level population, policy, and economic
characteristics, expressed as the difference between the destination and origin states. Standard errors are clustered at the origin-year, destination-year, and flow
level * p<0.05 ** p<0.01 *** p<0.001.

111



3.5 Case Studies of Isolated Policy Changes

Our tax measures capture the many, often subtle ways that the tax benefits of being elderly

change over time, which lead to policy variables that are almost constantly changing in the states

with personal income taxes. However, it seems likely that taxpayers may be less aware of these

smaller, indirect changes and instead are primarily impacted by large, highly visible ones. We

therefore intend to investigate the effects of a few highly visible changes to policy, before turning

to our long panel, migration flow analysis that includes all of the states and years of our data

(2000-2019) in Section 3.4.

This approach has the advantage that we do not have to explicitly model what policy mea-

sure (e.g., the difference in the ATR versus the difference in tax liability) individuals are respond-

ing to. It also allows us to conduct the event history analyses common to difference-in-difference

analyses. The relative overall stability of the tax measures, as shown in Figure 3.2 and Figure 3.3,

lends support to this approach as well. Nonetheless, as described below, to abstract from policy

changes in other states, we limit our analyses to individuals living in states without an income

tax to study in-migration patterns and to individuals currently living in the affected state when

studying out-migration. We can therefore study asymmetries between moving in or out of state

and, because we use individual-level data, can control for characteristics such as age.

We intend to choose policy changes that 1) reflect both increases and decreases in elderly

tax preferences, 2) affect different parts of the income distribution, 3) operate through different

policies, and 4) occur in different time periods while also having sufficient data on years before

and after the policy change to identify an effect. Below, we describe two examples: a dramatic

increase in elderly tax benefits in Georgia (in 2006 and again in 2012), and the phasing out of the
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taxation of social security benefits in Iowa starting in 2007.

3.5.1 Empirical Strategy

For each reform, we estimate the effect of the tax change on the in- and out-migration of

the elderly (or near-elderly). We employ a DID approach, comparing the migration patterns of

the impacted age group to that of the young, before and after the reform. This approach identifies

the causal effect of each elderly-specific tax reform under the assumption that, but for the given

tax change, the trend in the migration of the young would be an appropriate counter-factual (up

to a level shift) for the elderly or near-elderly. Using the individual-level dataset, we estimate the

following difference-in-difference specification:

yit = α + βTreatedit × Postt +Xit + δt + ζa + γs + ϵit (3.7)

Where yit is a binary variable equal to one if individual entered or exited the given state.

To avoid reporting very-small estimated coefficients, we scale yit by 100 such that the estimated

effect are percentage changes rather than proportionate ones. Treatedit is an indicator equal to

one if the individual was over the age of 65 (or between 55 64 in the near-elderly sample), and

Postt is an indicator equal to one if the observation is in the post-treatment period. δt and ζa are

fixed effects for year and age groups, respectively. Xit is a vector of controls, including measures

of marital status, age (and age squared), count of dependents, the individual’s AGI group based

on their prior-year income (t− 1), and (for in-migration) controls for origin-state elderly-specific

property taxes, and γs is an origin-state FE, only included when estimating the effect of a reform

on in-migration. Standard errors are clustered at the origin-state and individual level for in-
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migration, and at the individual-level for out-migration. Importantly, because the comparison

is now between elderly and young taxpayers, we need to adjust our definition of AGI, which

currently excludes certain types of elderly-specific income (social security, pensions, etc...). To

make sure the comparison is between individuals with similar levels of resources, we add back

into AGI these sources of income, creating our definition of modified AGI.14

For each model we estimate both a traditional DiD, as well as an event-study model, which

allows for a consideration of pre-trends and any potential dynamic effects. We estimated the

event-study specification using equation (3.8):

yit = α +
T+4∑

j=T−5

Treatedit × 1(t = j) +Xit + δt + ζa + γs + ϵit (3.8)

Where T is the period when the policy changed occurred. We limit the sample to five years

prior to and following a given reform, though in certain cases we extend the sample to the entire

2001 through 2019 period.

To study the decision to move into the affected state we limit the sample to individuals who,

in period t − 1, were living (according to their information return zip codes) in a state without

an individual income tax (Florida, Nevada, New Hampshire, South Dakota, Tennessee, Texas,

Washington, and Wyoming)15 When estimating the effect of a given reform on out-migration, we

instead restrict the sample to individuals who were living in the state in question in year t− 1.

14Specifically, AGIMit = AGIit + Soc. Secnon-taxed
it + IRA Distr.non-taxed

it + Pensionsnon-taxed
it

15We exclude one no-income tax state, Alaska, given its small population and unusual geography and policy
landscape.
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3.5.2 Georgia

Our first analysis will look at the reforms to the taxation of individual income in Georgia

that took place in 2006 and 2012. Georgia has always had an exemption for retirement income for

anyone over the age of 62, which includes $4,000 of earned income in addition to income from

pensions, dividends, capital gains, interest, royalties, rent, partnerships and S-corporations. In

2006 Georgia increased the exemption for a married couple from $30,000 to $50,000, an amount

that continued to grow to $70,000 in 2008. In 2012, the exclusion increased by another $30,000

per person people aged 65 and over (instead of 62). Figure 3.5a and Figure 3.5b show clearly the

effects of these policies that, as expected, have the strongest effects on higher income households.

In terms of ATR, the effects are strongest for those in the $75,000 to $500,000 range, which also

makes sense as the proportionate effect of the tax break diminishes once income gets very large.

This again raises the question of whether individuals respond to ATR or liability differences. For

tax units with lower AGI, there is either no effect or, in the case of the very bottom of the AGI

distribution, a reduction in the elderly tax benefit.16 For tax units with much higher earnings, the

effect is still present, but is smaller as a share of their AGI. Figure 3.5c and Figure 3.5d show the

net-in migration trends for Georgia for the elderly and young by AGI groups. Overall, the trends

are consistently close to 0, with the notable exception of the spike in 2008 for the lowest AGI

bin. This spike is present for both the elderly and the young, and is occurring among the group

without any exposure to the elderly tax reforms. The aggregate data therefore shows no obvious

evidence of policy-induced migration.

Because Georgia had two-rounds of elderly tax reforms, we estimate both our difference-in-

16This resulted from a separate change in 2010, when Georgia’s small low-income tax credit was made non-
refundable. That credit provided an additional $26 dollars per elderly resident for the very-lowest-income tax filers.
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difference and event-study specifications over two time periods: 2001-2010 and 2001-2019. The

former captures only the effect of the first round of reforms in 2006, while the second captures

both. We present results on in- and-out migration, for both elderly and near-elderly, for the entire

sample and separately by four AGI groups ($1-$50,000, $50,000-$100,000, $100,000-$500,000,

and $500,000+). We would expect the largest effects to occur in the middle-two AGI groups,

where the effect of the reform on the ATR is largest. Importantly, there is some concern in the

case of Georgia with a confounding policy shock: the implementation of a 100 percent exemption

for state property taxes for elderly residents; however, state property taxes made up only a small

fraction of the property tax burden in Georgia, with local taxes representing the larger share.

3.5.3 Iowa

In 2007, Iowa enacted a series of reforms to begin phasing out the taxation of social security

benefits, designed to result in the elimination on the taxation of these benefits by 2014. A large

portion (approximately one-third) of the elimination occurred immediately, resulting in a sharp

increase in the elderly-specific benefit, as seen in Figure 3.6a and Figure 3.6b Like in the prior

section, these figures report the impact on elderly tax benefits and Figure 3.6c and Figure 3.6d

report the net-migration of the elderly and, for comparison, non-elderly (25-54) during the time

period. The policy resulting in an increase in the elderly benefit of almost a $1,000 among the

higher-income AGI groups that grew slightly with AGI, though the benefits as a percent of AGI

are concentrated among tax units reporting between $25,000 and $200,000 in AGI: Lower than

the impacted AGI groups in Georgia. Among these groups, there is no evidence of an adjustment

of migration (in or out) after the implementation of the policy in 2007.
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Figure 3.5: Georgia elderly tax benefits and net in-migration

(a) Elderly Tax Benefit, Tax Liability (2019 USD) (b) Elderly Tax Benefit, Average Tax Rate

(c) Net in-migration, Elderly (65+) (d) Net in-migration, Young (25-54)

Note: Data for these figures are derived from the SOI Databank, from 2000-2019. Figure 3.5a and Figure 3.5b
plot the elderly tax benefit (in 2016 dollars or average tax rates), as calculated via our income profiles described in
Section 3.3.2, for different AGI groups in Georgia, defined as the difference between the taxes owned (in terms of
total liability or average tax rates) between our simulated elderly and young individuals. Figure 3.5c and Figure 3.5d
plot the net-in migration among the elderly and near-elderly for larger AGI groups.
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Figure 3.6: Iowa elderly tax benefits and net in-migration

(a) Elderly Tax Benefit, Tax Liability (2019 USD) (b) Elderly Tax Benefit, Average Tax Rate

(c) Net in-migration, Elderly (65+) (d) Net in-migration, Young (25-54)

Note: Data for these figures are derived from the SOI Databank, from 2000-2019. Figure 3.6a and Figure 3.6b
plot the elderly tax benefit (in 2016 dollars or average tax rates), as calculated via our income profiles described in
Section 3.3.2, for different AGI groups in Michigan, defined as the difference between the taxes owned (in terms of
total liability or average tax rates) between our simulated elderly and young individuals. Figure 3.6c and Figure 3.6d
plot the net-in migration among the elderly and near-elderly for larger AGI groups.
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3.6 Cost of Elderly-Specific Policies

So far, our results imply that elderly (or near-elderly) individuals do not alter their migration

decisions in response to individual income tax policies that target tax units based either on their

age or source of income. This implies that these policies represent a transfer from the state (i.e.

all taxpayers in the state, elderly or not) to a specific group of elderly residents whose income is

taxed a lower rate due to these policies. In this section, we attempt to estimate the cost of these

policies. Importantly, we capture the cost of all such programs that preference the the elderly

based on either their age or the type of income, not just those enacted between 2000 and 2019

(the source of variation in the estimates above).

The full details of the costing analysis are described in Appendix B.2 and Appendix B.1,

but in essence, we construct a version of the individual-level stratified random sample that is not

limited to individuals observed in both year t and t−1 for 2019, the last year of our sample. After

constructing all the required variables to run the tax units these individuals belong to through

NBER’s TAXSIM, we estimate the state tax liability for each individual twice: once with and

once without the elderly preferences. Importantly, this approach assumes no behavioral change

(migration, income shifting, etc...).

Our results, shown in Table 3.8, show that on-average, elderly benefits reduce individual

income tax revenue by 5 percent, or around $20 billion dollars, in 2019. In two states, New

Hampshire and Tennessee, the impact in percent terms is far larger (between 63 and 66 percent),

due to the unique structure of individual income taxes in both states. New Hampshire only taxes

interest income, and Tennessee only interest and dividend income, so our application here (treat-

ing elderly income as interest income for these two states) dramatically expands the tax base.
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However, these two states are small enough in terms of IIT so as not to change the overall results

significantly. South Carolina and Georgia have the largest per-tax-unit cost: around $775 USD

for both states, and both are in the set of 7 states that see their individual income tax revenue drop

by over 10 percent (New Hampshire and Tennessee, South Carolina and Georgia, plus Delaware,

Michigan, and Mississippi).

3.7 Conclusion

This research provides a crucial update on the trends, patterns and policy determinants of

elderly interstate migration in the United States. The elimination of the Census long form after

2000 greatly hampered the ability of researchers to study the migration of certain age and income

groups with publicly available data. The elderly are especially challenging to study because

their interstate migration rates have historically been substantially lower than those of other age

groups, requiring a larger sample to accurately gauge meaningful changes over time. Since 2000,

however, both the size of the elderly population and prevalence of targeted income tax breaks

for them have increased, suggesting that the possible consequences of these policy actions have

grown as well. Are the aging boomers different from earlier generations in their location deci-

sions? Does cutting taxes for them and the older elderly recruit and retain residents? Or does it

simply result in an ever-growing reduction in income tax revenues?

We seek to answer these questions using restricted, administrative data on the universe

of tax filers since 1999 and a multi-pronged empirical approach that combines that data with

state income tax policies. The answer to the first question is that elderly migration patterns are

strikingly similar to that suggested by older, pre-2000 research. The administrative tax data we
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Table 3.8: Elderly Benefit Cost Estimate for 2019

State State IIT Revenue Percent Effect of Implied Foregone Revenue Implied Average Benefit
(Millions 2019 USD) Elderly Tax Policies (Millions 2019 USD) (2019 USD)

Alaska - 0.0% - -
Alabama 4,195 8.5% 327 465
Arkansas 3,012 8.2% 229 541
Arizona 5,357 6.9% 345 313
California 100,080 2.9% 2,800 416
Colorado 8,172 4.8% 371 375
Connecticut 8,446 3.1% 257 401
Delaware 1,741 11.1% 174 1,100
District of Columbia 2,299 1.8% 41 341
Florida - 0.0% - -
Georgia 12,177 12.4% 1,345 845
Hawaii 2,568 6.5% 158 656
Iowa 4,098 9.0% 337 669
Idaho 1,669 7.7% 119 425
Illinois 18,762 7.1% 1,238 589
Indiana 8,853 7.0% 577 548
Kansas 3,778 3.3% 122 261
Kentucky 4,629 9.0% 381 578
Louisiana 3,833 6.5% 235 353
Massachusetts 17,151 3.5% 586 467
Maryland 10,067 5.1% 484 471
Maine 1,709 8.2% 129 549
Michigan 10,150 12.4% 1,122 705
Minnesota 12,400 2.2% 272 286
Missouri 6,588 5.0% 313 327
Mississippi 1,968 12.0% 211 523
Montana 1,413 3.9% 53 290
North Carolina 13,259 6.1% 766 474
North Dakota 415 2.4% 10 76
Nebraska 2,546 2.5% 63 204
New Hampshire 123 63.0% 47 190
New Jersey 15,903 3.7% 570 349
New Mexico 1,590 3.0% 46 147
Nevada - 0.0% - -
New York 48,087 4.2% 1,955 580
Ohio 9,313 5.9% 519 284
Oklahoma 3,565 8.0% 264 459
Oregon 9,847 6.5% 598 851
Pennsylvania 13,517 8.1% 1,013 476
Rhode Island 1,376 2.8% 38 211
South Carolina 4,759 13.4% 561 718
South Dakota - 0.0% - -
Tennessee 202 66.1% 80 77
Texas - 0.0% - -
Utah 4,979 2.1% 104 218
Virginia 14,918 6.0% 844 592
Vermont 861 2.8% 23 206
Washington - 0.0% - -
Wisconsin 8,760 7.0% 570 586
West Virginia 2,097 7.7% 149 569
Wyoming - 0.0% - -
Total 411,235 5.0% 19,583 369

Note: This table reports the estimates of the cost of elderly state individual income tax benefits for 2019, using data
from the SOI Databank, other IRS sources, and the State and Local Finance (SLFI) Data Query System (DQS) The
Urban Institute and The Urban-Brookings Tax Policy Center (2024). The first column reports the State (and local, in
the case of DC) individual income tax (IIT) revenue via the US Census of Governments, collected and organized by
SLFI DQS, in millions of real 2019 USD. The percent effect columns shows the estimated percent decrease in IIT
revenue due to the elderly benefit, calculated using a stratified random sample of tax returns and the NBER TAXSIM
model. The implied forgone revenue shows the cost in millions of real 2019 USD of these elderly policies, and the
final columns shows the average elderly benefit per return (elderly and non-elderly).

121



use consistently shows rates of interstate elderly migration that are roughly twice as large (2

percent per year versus 1 percent) as those found in publicly available data. This is true even

for research on the period since 2000 using the American Community Survey and other sources

(Conway and Rork, 2016). This finding implies that the elderly are more mobile than previously

thought and so the potential for tax-induced migration is also even stronger. However, the overall

level of migration among the elderly is still lower than those of younger tax-payers, substantially

so relative to individuals aged 25 to 55.

To answer the second question, we estimate an aggregate migration flow model for different

age and AGI groups across all states and years. This approach has the advantage of capturing the

effect of all tax changes, both large and small, direct and indirect, targeted and across-the-board.

We find that the elderly are responsive to overall changes in tax rates, and that this response is

larger than that of younger taxpayers. However, we find no measurable effect of targeted elderly

tax breaks, implying that elderly-specific tax policies are not an optimal way to attract or retain

elderly residents. We are planning on extending this analysis to focus on a series of case studies of

large, easily visible policy changes targeting the elderly using a difference-in-difference approach

applied to individual level data.

Finally, we estimate the cost of the set of individual income tax policies focused on elderly

individuals, finding that across all states in 2019, elderly-specific policies reduced potential indi-

vidual income tax revenue by five percent, or approximately $20 billion dollars in 2019. While

this estimate is larger than the total additional lost revenue due to the policy changes we study

during the 2000-2019 period, it provides a sense of the magnitude of the lost revenue due to poli-

cies that, fundamentally, do not appear to be responsible for shifting migration decisions. These

results therefore suggest that the answer to the third question is likely yes – with the growing size
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and affluence of the elderly, the fiscal consequences of these policies are likely growing as well.

Our results thus far suggest that those migration effects will be small and that the fiscal cost of

recruiting residents is quite large.
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Chapter 4: Comment on “Income Inequality in the United States: Using Tax

Data to Measure Long-Term Trends” by Auten and Splinter

Abstract1

We develop a framework for accounting for tax noncompliance when estimating top 1%

income shares and apply it to parse disagreements between Auten and Splinter (AS) and Piketty,

Saez, and Zucman (PSZ). AS’ methods miss the changes in misreporting that likely accompa-

nied the recent increase in the importance and concentration of pass-through business income.

Correcting this via a distributional neutrality assumption, we find that AS’ estimate of the change

in the top 1% income share from 1962 to 2019 is underestimated by about 1.1 p.p, while PSZ

slightly overestimate this change, by 0.1 p.p., due to an excess re-ranking effect.

1Co-Authored with Daniel Reck (University of Maryland). We thank Gerald Auten, Judy Hellerstein, Ethan
Kaplan, Melissa Kearney, David Splinter, Gabriel Zucman, JPE Editor Andrew Atkeson and an anonymous referee
for their helpful feedback on this comment. This work was begun and all primary analysis completed prior to John
Iselin beginning his employment at the Congressional Budget Office. The views expressed in this paper are the
authors’ and should not be interpreted as those of the CBO.
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4.1 Introduction

Has the top 1% share of income in the United States risen sharply since the 1980s? Two

recent, high-profile attempts to answer this question – Piketty et al. (2018) [henceforth PSZ]

and Auten and Splinter (2024) [AS] – reach diverging answers. Both studies begin with income

reported on tax returns, like Piketty and Saez (2003) [PS]. They then introduce additional as-

sumptions and data to transition from the distribution of fiscal income – Adjusted Gross Income

minus capital gains and government benefits – to the distribution of National Income. Similarly

to PS, PSZ estimate that the top one percent share of Pre-Tax National (PTN) Income has risen by

6.2 percentage points between 1962 and 2019, while AS estimate a much smaller 2.6 percentage

point increase. In this comment, we study a major source of divergence between AS and PSZ: in-

come that is unobserved on tax returns due to tax non-compliance. Misreported income accounts

for 3-7% of National Income between 1960 and 2020 and its distribution generates one-third of

the total divergence between PSZ and AS, more than any other factor (see AS Table 4). We do

not engage with methodological differences besides misreporting and the distribution of pre-tax

income.

We propose a framework for understanding and evaluating the assumptions made by both

sets of authors; we use this to parse the points of contention that have arisen in prior debates.2

Our approach allows us to parse the drivers of the divergence between PSZ and AS, which we

review below, including how these methods account for re-ranking, complexities arising from

negative income, and – most importantly – the effect of the underlying economic assumptions

these authors are making regarding how much to utilize audit data verses the distribution of
2See Auten and Splinter (2021), Reck et al. (2021), Gale et al. (2023), Piketty et al. (2024), Auten and Splinter

(2025a,b).
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reported income.

Our main argument is that AS’ methods do not account for dramatic changes in the impor-

tance and concentration of pass-through business income since the 1980s and their likely effect

on the distribution of misreporting. We find that their estimates impose unrealistic structure on

the dynamic evolution of pass-through misreporting during this period, and we attribute this to

specific limitations of their microsimulation method for allocating misreporting. PSZ’s estimates

are closer to our preferred estimates because they are based on reported incomes. However, we

argue that re-ranking effects in PSZ’s approach may lead them to slightly over-estimate the in-

crease in the top 1% income share. Our preferred estimates suggest that relative to the top 1%

share of fiscal (pre-tax National) income excluding misreporting, adding misreported income in-

creases the change in the top 1% share between 1962 and 2019 by 0.8 pp (0.6-0.7 pp), which is

1.5 pp (1.0) higher than AS’ estimate and 0.2 pp (0.1 pp) lower than PSZ’s.

4.2 Framework

We focus on fiscal income first and turn to PTN Income in Section 4. For individual i

in year t, yit = rit + mit, where yit is fiscal income inclusive of misreporting (corrected fiscal

income), rit is reported fiscal income, and mit is misreported income. We define the top 1% share

of reported and misreported income (ranked by corrected income, denoted by superscript c) as:

Rc
1t ≡

∑
i∈[Top 1% by y] rit∑

i rit
, and Ec

1t ≡
∑

i∈[Top 1% by y] mit∑
imit

.

The top 1% share of corrected income, Y c
it, is the average of the top 1% share of reported

(Rc
1t) and misreported (Ec

1t) income, weighted by the share of total income in each category
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(1−Mt, Mt).

Y c
1t = (1−Mt)R

c
1t +MtE

c
1t. (4.1)

We use the estimates of total annual misreporting from the National Income and Product

Accounts (NIPA) to quantify Mt. These estimates are mainly drawn from IRS Tax Gap estimates,

which include misreporting detected in audits of randomly selected tax returns together with IRS

estimates of undetected misreporting.3 The detected component comprises about one third of

total misreporting; the remainder is undetected.

We simplify the Rc
1t term by assuming that re-ranking from reported income rit (observed

on tax returns) to corrected income yit (unobserved) income has a negligible effect on the con-

centration of reported income. Figure C.1 validates Assumption 1 empirically.4 5

Assumption 1: Negligible Reranking for Reported Income.

Rc
1t = Rr

1t ≡
∑

i∈[Top 1% by r] rit∑
i rit

.

3The estimate of total undetected misreporting comes from a Detection Controlled Estimation (DCE) method,
which utilizes estimates of each auditor’s effectiveness to determine how much misreporting would have been de-
tected if all auditors have the detection propensities of the auditors with the highest propensities. DCE methods are
reviewed in more detail in Guyton et al. (2023a). See also Feinstein (1990, 1991), Erard and Feinstein (2010, 2011).

4It cannot be satisfied perfectly, but the bias from its failure is about 0.2 percentage points for the level of the
top 1% share and perhaps 0.1 pp for its change over time. Most misreporting is under-reporting, so re-ranking from
reported to corrected income will mechanically make reported income move downwards in the distribution.

5NIPA draws totals from Tax Gap studies to account for misreporting of wages and salary income and non-farm
proprietor income (sole proprietorship and partnership business income). NIPA does not rely on tax data to estimate
total income from rents, S corporations, or farms. For these components, the difference between NIPA totals and
fiscal income totals could be due to misreporting or other accounting/statistical discrepancies. AS argue that for these
categories, the discrepancy is similar to misreporting estimated in Tax Gap studies, and we follow them in including
these in total misreporting. We note that even if we knew that the differences between NIPA and tax totals for
these components were due to statistical noise rather than misreporting, our preferred approach would be to employ
a distributional neutrality assumption to transition from fiscal to National Income, like our preferred approach for
misreporting.
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We can now focus our attention on the remaining unknown in Equation (4.1): Ec
1t. AS

estimate Ec
1t in two steps. They first simulate audit-detected under-reporting building on Auten

and Langetieg (2023); then they use a “multiplier” method proposed in Auten and Splinter (2021)

to distribute undetected under-reporting. The first step is empirically validated by audit data; the

second step is ad-hoc. Their estimate for Ec
1t is stable over time at about 18%.

Assumption 2.1 (AS 2024) In each period t, Ec
1t ≈ 18%.

PSZ allocate misreporting in proportion to non-negative reported income by type of income

j, max[rijt, 0], and then re-rank individuals after this allocation. We label their estimate EPSZ
1t .

Using their replication file, we find that EPSZ
1t rises from about 20% to 40% between 1962 and

2019.

Assumption 2.2 (PSZ 2018) Ec
1t = EPSZ

1t .

The gap between these two estimates, plotted in Panel 4.1a, is driven by two factors. The

first is that reported incomes increase sharply in concentration in the top 1% over time; PSZ

assume that this increase is accompanied by an increase in the concentration of misreported

income, while AS suppose that it is not. The second, the focus of AS’s critiques of PSZ, is a

re-ranking effect whereby individuals already reporting high, positive income are allocated the

largest amounts of misreporting, so that EPSZ
1t increases by more than one would expect based

on Rr
1t. To isolate these effects, we propose an estimate of Ec

1t based on distributional neutrality

by type of income, i.e. that the concentration of income of each type is not affected by adding

misreporting.

Assumption 2.3 (Our Preferred Approach) For each t, j, Ec
1jt =

∑
i∈[Top 1 percent by r] max[rijt,0]∑

i max[rijt,0]
.

Assumption 2.3 does not specify a micro-level allocation of under-reporting, but in the

aggregate it is identical to PSZ’s method without re-ranking after allocating misreporting. Com-
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paring Assumption 2.2 to 2.3 thus captures the excess re-ranking effect, while the difference be-

tween Assumptions 2.1 and 2.3 reflects the conceptual disagreement about whether misreported

income increases in concentration when reported income does. In Appendix C.3 we discuss the

use of positive income in Assumption 2.3 and present sensitivity analysis. Assumption 2.3 does

not impose that those with negative reported incomes are perfectly tax compliant.6 Compared

to perfect distributional neutrality by type of income – Ec
1jt = Rc

1jt – Assumption 2.3 implies a

smaller increase in the top 1% income share over time.

In Panel 4.1b, we plot the difference between the top one percent share of reported fiscal

income (Rr
1t) and the estimate of Y c

it under each of these assumptions about Ec
1t. In PSZ’s speci-

fication and our preferred one, the top 1 percent share of fiscal income increases after correcting

for to misreporting, and this effect grows by about 1 p.p. from 1962 to 2019. With AS’s spec-

ification: the top one percent share instead falls by 0.7 p.p. over the same period. Intuitively,

reported incomes are increasing in concentration and AS assume that misreported income is not,

so mixing these two distributions flattens out the increase in the top 1% share over time. Panel

4.1c illustrates the implications of these assumptions for misreporting as a share of corrected in-

come in the bottom 99% and top 1%. AS’ estimates imply that this share is decreasing over time

in the top 1% and increasing in the bottom 99%, while PSZ’s and our preferred approach suggest

that the misreporting share is roughly constant in the bottom 99% and increasing over time in the

top 1%.

6Formally, it is straightforward to verify that

Ec
1jt = Rc

1jt for each j ⇐⇒
∑

i∈[top 1 % by y] mijt∑
i∈[top 1 % by y] yijt

=

∑
i∈[bottom 99% by y] mijt∑
i∈[bottom 99% by y] yijt

for each j.
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Figure 4.1: Assumptions about Misreporting Allocated to the Top 1 Percent and Their Effects

(a) Share of misreporting in the top 1% (Ec
1t)

(b) Effect of misreporting on the top 1% share of
fiscal income (Rc

1t − Y c
1t)

(c) Misreporting as a share of corrected fiscal in-
come, top 1% vs bottom 99%

Notes: For the first panel, the solid black line plots the share of total (detected and un-detected) misreporting
allocated to the top 1 percent of the true income distribution in Auten and Splinter (2025a) (Assumption 2.1 (AS)).
The dashed gray line represents the share of total misreporting allocated to the top 1 percent based on reported
income following Piketty et al. (2018); namely, allocating misreporting proportional to reported positive income then
re-ranking by corrected fiscal income (Assumption 2.2 (AS)). The dotted blue line shows the effect of eliminating the
re-ranking effect, allocating misreporting proportional to reported positive income without re-ranking (Assumption
2.3 (Us)). For the second panel, we use the estimates of Ec

1t and plot the difference between the top 1 percent share
of fiscal income (Rr

1t) excluding capital gains and the estimates of Y c
1t derived from Assumptions 2.1, 2.2, and 2.3

(Our approach). The third panel plots the misreporting share of corrected income (fiscal income plus misreporting)
for the top one percent and bottom 99, under the different assumptions.
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4.3 Conceptual Argument

Fundamentally, then it seems that the main difference between the estimates of Ec
1t for

AS and PSZ, as shown in Figure 4.1, stems not from issues of re-ranking or modest changes

in the treatment of negative incomes, but a the disagreement regarding the degree to which re-

ported income or audit data can provide more information misreporting at the top of the income

distribution. We believe that, given the relationship between under-reporting and the rise in the

concentration of pass-through business incomes at the top of the income distribution, random

audit data likely does not capture key features of the evolution of high-income tax evasion. In

our view, both approaches require making some fundamentally untestable (at least with existing

random audit data) assumptions. In this section, we briefly review this issue and connect it do the

debate between these authors.

We first observe that one economic factor explains virtually all of the divergence between

these estimates: the rise in the importance of pass-through business forms (Smith et al., 2019,

Kopczuk and Zwick, 2020).7 Figure 4.2 establishes that the dynamics we observe in Figure 4.1

are entirely driven by the “rise of pass-throughs.” Panel 4.2a shows that the top 1% share of

reported non-wage business income (Rr
1jt for j = non-wage business) grows from 25% to almost

60% over time; the concentration of reported wage income has changed relatively little. Panel

4.2b shows that pass-through income also became more important as a share of overall fiscal

income during this period. The increase in top 1% misreporting rates for our preferred estimates

in Panel 4.1c is driven by the increase in the importance and concentration of pass-through income

7Appendix C provides some further details involving changes to the tax system due to the Tax Reform Act of
1986, including substitution between C corporation and pass-through forms and partnership tax shelters limited by
TRA86.
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at the top, while the share of pass-through income that is misreported remains constant (see

Appendix Figure C.4).

This change in the importance and concentration of business income is the main reason

that, given (approximate) distributional neutrality by type of income, we find an increase in the

top 1% share over time due to misreporting, and an increase in the share of income misreported

in the top 1%. To verify this, we plot the misreporting shares from Panel 4.1c separately for wage

and non-wage business income under Assumptions 2.2 and 2.3 in Figure C.4. This highlights that

the increasing misreporting share under these Assumptions in Panel 4.1c is not driven by changes

in the share of non-wage business income that is assumed to be misreported by the top 1%. About

45% of non-wage business income is estimated to be misreported in every year (per NIPA) and

this figure is very similar in the top 1% and bottom 99% under Assumption 2.3. Rather, the

overall increase in misreporting rates at the top in Panel 4.1c is driven by the increase in the

importance of pass-through income at the top from Figure 4.2.

We observe that Assumption 2.1 (AS’ approach) requires that the rise of pass-throughs

observed in reported incomes was not associated with an increase in the share of unreported

pass-through income belonging to the top of the distribution. This in turn implies that the rise of

pass-throughs was associated with decreasing misreporting rates for pass-through income in the

top 1%, and increasing misreporting rates in the bottom 99%. We do not have the data to break

down AS’ misreporting rates by type of income, but this must be the sole driver of the changes

over time we see in Figure 4.1c.

In contrast, AS’ approach imposes that the misreporting rate for pass-through income is

decreasing over time in the top 1% and increasing in the bottom 99%. We attribute this to lim-

itations of their method: most pass-through income in the top 1% comes from partnerships and

132



Figure 4.2: Dynamics of the Composition of Fiscal Income

(a) Top 1 percent shares of reported income

(b) Non-wage business income as a share of total fiscal income

Notes: Data for the first panel comes from the publicly available DINA files, and data for the second panel are
derived from the supplementary data associated with Auten and Splinter (2024). The first panel plots the rise in
the top one percent share of business income (defined by reported sole proprietors’, partnership, farm, rental, and s-
corporation income) and pass-through income (defined by reported sole proprietors’, partnership, and s-corporation
income). Wage inequality rose slightly, but not as dramatically as non-wage business income. The second panel
tracks the importance of non-wage and partnership income (defined as above) with and without misreporting.

133



S corporations, while the bottom 99% receives more sole proprietorship income. Sole proprietor

income was comprehensively examined in random audits, but partnership and S corporation in-

come was not, due to audit procedures (Guyton et al., 2023b).8 Consequently, the first step of

AS’ microsimulations based on random audit data will miss pass-through misreporting especially

in the top 1%. If we take total misreporting per NIPA at face value, then most entity-level mis-

reporting in the top 1% must load onto undetected misreporting. In the second step, AS use the

same mulitpliers for undetected misreporting in every year. Thus, neither step plausibly accounts

for changes in misreporting due to the rise of pass-throughs.

The available data suggests that the rise of pass-throughs was associated with increases

in misreporting in the top 1%. Indeed, taking NIPA totals as given and assuming distributional

neutrality may be too conservative, because sophisticated types of pass-through misreporting

are especially common in the top 1%. Guyton et al. (2023b) analyze data from a small-scale

random audit study of S corporations in 2003-4 and estimate that about 19% of corrected S

corporation business income is under-reported, without adjusting for undetected misreporting,

which is higher than individual Tax Gap studies would suggest. A recent study of Portuguese

expenditure data finds that high-income owners of closely held businesses routinely re-classify

personal consumption expenditures as business expenses, to an extent that matters quantitatively

for the magnitude of the top 1% income share in Portugal (Leite, 2024). 9 Guyton et al. (2023b)

8More specifically, the random audit data are missing entity-level misreporting of income because auditors in the
individual NRP virtually never examined pass-through business returns of the business’s owners; refer to Guyton
et al. (2023b) and our reply to AS’ response to the first draft of this comment for more detail. Slemrod (2007)
suggests that the same limitation applies to TCMP data from earlier years and cautions against using random audit
data to argue that compliance is relatively high in the high-income population.

9Without undetected misreporting, entity-level pass-through under-reporting of S corporation and Partnership
business income is about 3% of corrected income (before DCE); the figure is about 9% if we undetected under-
reporting identified by DCE. These figures are drawn from the rate of under-reporting for S corporation and Partner-
ship income in Guyton et al. (2023b) Tables A1 (excluding DCE) and A6 (including DCE). These authors report that
about 56% of detected under-reporting in these data is entity-level misreporting, so here we are scaling the rates of
misreporting we find in the Appendix Tables by 60% to account for the share that is misreported at the entity level.
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also find that sophisticated sheltering schemes that leverage pass-through ownership structures

are far more prevalent at the top of the US income distribution than elsewhere. Multi-tiered

partnership ownership structures are concentrated among top 1% owners. Recent work on audit

data by Black et al. (2023) shows that auditing complex partnerships generates $20 of tax revenue

for each $1 of administrative costs, twice that of auditing simple partnerships.

The exact quantitative implications of all this are uncertain. We lack representative, com-

prehensive data on misreported income, but the evidence we have suggests that it is reasonably

conservative to assume a similar the rate of under-reporting of pass-through income between

income groups. There is also uncertainty about several issues that are mostly unrelated to the

rise of pass-throughs. This includes biases in estimated undetected evasion (Hemel et al., 2021),

changes over time to estimation methods and audit procedures (Feinstein, 1990, Erard and Fe-

instein, 2010, Black et al., 2012, Johnson and Rose, 2019), and changes to offshore tax evasion

(Guyton et al., 2023b, Laffitte, 2024). On balance, our review of the extant literature on these

other issues suggests that they may matter significantly for the level of the top 1% income share,

but they are unlikely to matter nearly as much as the rise of pass-throughs for its dynamic evolu-

tion.

4.4 From Fiscal to National Income

Finally, we return to the bigger picture: the distribution of National Income. In Table 4.1

and Figure C.3 we illustrate how allocating misreporting per Assumption 2.1 or 2.2 interacts with

the other assumptions AS and PSZ make in transitioning from reported fiscal to PTN income.10

10Table 4 in Auten and Splinter (2024) breaks down the impact of different assumptions similarly, for the period
1962 and 2014. In Table C.1, we reproduce Table 4.1 for these years. There, using AS’ PTN assumptions, we find
that the gap between Assumption 2.1 and Assumption 2.2 is 1.5 percentage points, very close to the 1.6 shown in
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Table 4.1: Estimates of the top 1 percent share, varying Rc
1t and Ec

1t

Income Excl Mis-Reporting Assn. 2.1 (AS) Assn. 2.2 (PSZ) Assn. 2.3 (Us)

Reported Fiscal Income
1962 8.3 8.9 9.0 8.9
2019 17.6 17.5 19.2 19.0

Change 9.3 8.6 10.3 10.1

Pre-Tax National Income (AS)
1962 10.8 11.1 11.2 11.1
2019 13.7 13.8 14.9 14.8

Change 2.9 2.6 3.7 3.6

Pre-Tax National Income (PSZ)
1962 12.5 12.8 12.9 12.8
2019 18.0 17.9 19.1 18.9

Change 5.5 5.1 6.2 6.1

Notes: This table reports the top 1 percent shares of income (Y c
1t) for 1962 and 2019, as well as the increase in

the top 1 percent share (in percentage points) over this period. Each panel corresponds with a different estimate of
Rc

1t, and each column with a different estimate of Ec
1t, or the pre-misreporting top 1 percent share of reported fiscal

income or pre-tax National Income under the assumptions of AS and PSZ.

We do this by re-defining income as PTN income within our framework: Mt is now total misre-

porting as a share of total PTN income, and Rr
1t (assumed equal to Rc

1t) is the top 1% share of

PTN income excluding misreporting, whose distribution we obtain using the authors’ data files.

11

The assumptions AS make to transition from fiscal to PTN income flatten out the change

in the top 1% income share over time. This brings their allocation of misreporting much closer to

distributional neutrality for overall PTN income (but not neutrality by type of income). For fiscal

income, AS’s treatment of misreporting decreased the top 1% share by 0.76 percentage points, but

AS’ Table 4. This comparison provides us some additional assurance that Assumption 1 is introducing negligible
bias for our purposes.

11We calculate this figure separately for AS and PSZ using the following equation: RPTN, No M
1t =

Y PTN
1t −Mt∗E1t

1−Mt
.

This is based on re-arranging (4.1).
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for PTN income, this drops to 0.24 percentage points.12 With PSZ’s method, switching from fiscal

to PTN income results in a level shift downwards in the top 1% share, and adding misreporting

increases the top one percent share less with a PTN baseline than with a fiscal income baseline.

The dynamics change slightly, with misreporting increasing the top one percent share between

1962 and 2019 by 1.0 p.p. for fiscal income and by 0.8 p.p. with PTN income.

What one makes of these interactions obviously depends on what one believes about the

other sources of divergence in these authors’ estimates. We observe that the rise of pass-through

forms and the expansion of excess depreciation allowances (“capital consumption” adjustments

in NIPA) generates most of the remaining divergence and debate between these authors (see

PSZ’s recent comment and AS’ reply). The other disagreements, around such issues as fringe

benefits and retained earnings in C corporations, appear to be of minor quantitative importance.

In conclusion, our preferred estimates are closer to those of PSZ for misreporting specifi-

cally. The available evidence suggests that the rise of pass-throughs should matter similarly for

the reported and misreported business income of the top 1%. We propose a sounder implementa-

tion of PSZ’s stated rationale for their method and find that this slightly dampens the increase in

top-end inequality over time. A common feature of both studies is that due to re-ranking effects,

using microsimulations to distribute misreporting makes it difficult to understand the macro-level,

conceptual rationale behind each method. Here, it would be very useful to improve our theoreti-

cal understanding of distributional estimation with measurement error. We hope future research

can shed some light on the formal relationship between structure imposed via microsimulations

with re-ranking and macro-level structure like the assumptions of our framework.

12This finding also reconciles our illustrations with AS Figure B6. We observe some minor quantitative differences
between AS Figure B6 and the analogous series in Figure C.3. This must be driven by Assumption 1 and/or the
bundling in AS Figure B6 of capital consumption adjustments (e.g. excess depreciation allowances) together with
misreporting. We note the divergence after 2008 coincides with the expansion of excess depreciation allowances.
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Appendix A: Chapter 2 Appendices

A.1 Additional Tables and Figures
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Figure A.1: Federal and California EITC benefits schedule for 2015 and 2017.

(a) Tax Year 2015, by count of qualifying children

(b) Tax Year 2017, by count of qualifying children

Note: The parameters of the federal EITC used to create this figure were obtained via the Tax Policy Center, while
the parameters of the California EITC schedule were backed-out of the Earned Income Tax Credit tables within the
California Form FTB 2514. The benefit schedules shown assume a single filer whose adjusted gross income is solely
composed of wage income.
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Figure A.2: Benefits schedules for the federal EITC, CTC, and CalEITC for TY 2016

(a) No Qualifying Children (b) One Qualifying Children

(c) Two Qualifying Children (d) Three or More Qualifying Children

Note: The parameters of the federal EITC and CTC used to create this figure were obtained via the Tax Policy
Center, while the parameters of the California EITC schedule were backed-out of the Earned Income Tax Credit
tables within the California Form FTB 2514. The benefit schedules shown assume a single filer whose adjusted
gross income is solely composed of wage income, as self-employment income was not made a part of the definition
of earned income for the purpose of the CalEITC until 2017. The changes in color across the sub-plots for the federal
EITC and CalEITC schedules aligns with the standard coloring across the count of qualifying children throughout
this paper (blue for zero, red for one, green for two, and orange for 3 or more).
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Figure A.3: State-level trends in unemployment (2006-2019)

Note: Data from this figure are from the Bureau of Labor Statistics (BLS) Local Area Unemployment Statistics
(LAUS). The shaded horizontal bar denotes the 2008-2009 recession. The solid black line is the monthly unemploy-
ment rates for California. The dashed gray line is the mean unemployment rate in the pool of control states. The gray
area plot shows covers the 25-75 percentiles of the unemployment rate in control pool in any given month, and the
dotted lines represent the maximum and minimum state unemployment rate among those states. The vertical purple
dashed line shows the beginning of 2015. California, during the recovery from the Great Recession, has one of the
highest levels of unemployment.
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Figure A.4: Binding state minimum wages in control pool, 2010 through 2017

Note: This figure plots the monthly state-level binding minimum wages among the pool of states used in my main
analysis sample who had a state minimum wage in excess of the federal minimum wage at any point between 2010
and 2017. Data on minimum wages are from Vaghul and Zipperer (2022).

142



Figure A.5: Benefits schedules for a single filer with 2 QC: 2018 and 2019 with TCJA CTC and
Young Child Tax Credit

(a) TY 2018 Schedules with Pre- and Post-TCJA CTC

(b) TY 2019 Schedules with Young Child Tax Credit

Note: The parameters of the federal EITC and CTC used to create this figure were obtained via the Tax Policy
Center, the parameters of the California EITC schedule were backed-out of the Earned Income Tax Credit tables
within the California Form FTB 2514, and the Young Child tax Credit Schedule was generated via information from
the Franchise Tax Board. The benefit schedules shown assume a single filer whose adjusted gross income is solely
composed of wage income, as self-employment income was not made a part of the definition of earned income for
the purpose of the CalEITC until 2017.
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Figure A.6: Triple-difference estimate of the Effect of the CalEITC on the After-tax rate

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, without a college degree, and not potential qualifying
children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2010-2017. The outcome
variable is the average tax rate for a given individual, calculated using an individual’s characteristics but assuming
their earnings maximized the size of their CalEITC receipt were they to live in California. For 2010 through 2014,
the 2015 CalEITC parameters are deflated. The different models shown reflect different choices of the pool of
control states. Each model excludes both demographic and unemployment controls. Standard errors are clustered at
the state-level.
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Figure A.7: Annual full-time and part-time employment, via the CPS

(a) Full-time employment

(b) Part-time employment

Note: Data for this figure are derived from the Current Population Survey (CPS), collapsed to produced annual
averages by the presence of qualifying children, using individual-survey weights. The sample is limited to single
women, aged 20-50, who are US citizens, not in the armed services, not in school, and not potential qualifying
children as define in Appendix A.2.2. Full- and part-time employment is defined based on usual hours worked per
week last year, with full-time work defined as working 35 or more hours per week, and part time as working fewer
than 35 hours.
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Figure A.8: Quarterly full- and part-time employment in California via the CPS

(a) Full-time employment

(b) Part-time employment

Note: Data for this figure are derived from the Current Population Survey (CPS), collapsed to produced quarterly av-
erages (and 95-percent confidence intervals) by the presence of qualifying children, using individual-survey weights.
The sample is limited to single women, aged 20-50, who are US citizens, not in the armed services, not in school,
and not potential qualifying children as define in Appendix A.2.2. Full- and part-time employment is defined based
on usual hours worked per week last year, with full-time work defined as working 35 or more hours per week, and
part time as working fewer than 35 hours.
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Figure A.9: Event-study estimates of the effect of the CalEITC on annual employment

(a) Employed in the last 12-months

(b) Employed full-time in the last 12-months (c) Employed part-time in the last 12-months

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each of the event-
studies has a different dependent variable, defined as an indicator equal to 100 (for scaling purposes) if an individual
is employed (using the relevant measure) in a given year. This means the point estimates can be interpreted as the
percentage-point effect of the CalEITC on employment (however defined). Full time work is defined as working at
least 35 hours a week, and part time work is defined as working under 35 hours a week. Each model is run with
the full set of demographic controls, as well as controls for state unemployment and state minimum wage interacted
with the number of qualifying children. Standard errors are clustered at the state-level.
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Figure A.10: Event-study estimates of the effect of the CalEITC on annual employment, 2012-
2019

(a) Employed in the last 12-months

(b) Employed full-time in the last 12-months (c) Employed part-time in the last 12-months

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2012-2019. Each of the event-
studies has a different dependent variable, defined as an indicator equal to 100 (for scaling purposes) if an individual
is employed (using the relevant measure) in a given year. This means the point estimates can be interpreted as the
percentage-point effect of the CalEITC on employment (however defined). Full time work is defined as working at
least 35 hours a week, and part time work is defined as working under 35 hours a week. Each model is run with
the full set of demographic controls, as well as controls for state unemployment and state minimum wage interacted
with the number of qualifying children. Standard errors are clustered at the state-level.
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Figure A.11: Effect of the CalEITC on Employment, by hours worked per week

Note: This figure reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2012-2017. Each of the coefficients
has a different dependent variable, defined as an indicator equal to 100 (for scaling purposes) if an individual was
employed in the last 12-months, with a given number usual hours worked per week. The scaling means that each
coefficient can be interpreted as the percentage point change in employment within a given hours worked bin as
a result of the CalEITC. Each model is run with the full set of demographic controls, as well as controls for state
unemployment and state minimum wages interacted with the number of qualifying children. Standard errors are
clustered at the state-level.
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Figure A.12: Per capita social safety net expenditures and caseloads

(a) Expenditures per capita

(b) Cases per capita

Note: This figure plots the per-capital expenditures and cases from social safety net programs in California and in
the pool of untreated states, using data from Bitler et al. (2020). Programs plotted include Temporary Assistance for
Needy Families (TANF), Supplemental Nutrition Assistance Program (previously known as food stamps) (SNAP),
Unemployment Insurance (UI), Supplemental Security Income (SSI), Social Security Disability Insurance (SSDI),
and Special Supplemental Nutrition Program for Women, Infants, and Children (WIC).

150



Figure A.13: Event-study estimates of the effect of the CalEITC on annual employment, using
count of own children.

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. The dashed red line
denotes the split between the pre- and post-treatment periods, and the light dashed gray line represents the beginning
of the pre-treatment period for my main results: 2012. The treatment variable is defined as a function of number of
own-children in the household, rather than an imputation of the number of qualifying children assigned to a given
individual. Each of the event-studies has a different dependent variable, defined as an indicator equal to 100 (for
scaling purposes) if an individual is employed (using the relevant measure) in a given year. This means the point
estimates can be interpreted as the percentage-point effect of the CalEITC on employment (however defined). Full
time work is defined as working at least 35 hours a week, and part time work is defined as working under 35 hours a
week. Each model is run with the full set of demographic controls, as well as controls for state unemployment and
state minimum wage interacted with the number of own-children in the household. Standard errors are clustered at
the state-level.
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Figure A.14: Event-study estimates of the effect of the CalEITC on annual employment, by count
of qualifying children

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each panel is restricted
to a different sample based on the number of qualifying children assigned to each mother in the sample (the sample
of single women without kids remains uncharged). Each of the event-studies has a different dependent variable,
defined as an indicator equal to 100 (for y-axis scaling) if an individual is employed (using the relevant measure)
in a given year. This means the point estimates can be interpreted as the percentage-point effect of the CalEITC
on employment (however defined). Full time work is defined as working at least 35 hours a week, and part time
work is defined as working under 35 hours a week. Each model is run with the full set of demographic controls, as
well as controls for state unemployment and state minimum wage interacted with the number of qualifying children.
Standard errors are clustered at the state-level.
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Figure A.15: Event-study estimates of the effect of the CalEITC on annual employment, by
number of adults in the household

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each panel is restricted
to a different sample based on the number of adults in the household (inclusive of the single women, and exclusive
of any qualifying children who are 18 years or older). Each of the event-studies has a different dependent variable,
defined as an indicator equal to 100 (for y-axis scaling) if an individual is employed (using the relevant measure)
in a given year. This means the point estimates can be interpreted as the percentage-point effect of the CalEITC
on employment (however defined). Full time work is defined as working at least 35 hours a week, and part time
work is defined as working under 35 hours a week. Each model is run with the full set of demographic controls, as
well as controls for state unemployment and state minimum wage interacted with the number of qualifying children.
Standard errors are clustered at the state-level.
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Figure A.16: Event-study estimates of the effect of the CalEITC on annual employment, by Race
and Hispanic Origin

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each panel is restricted
to a different sample based on the self-reported Race or Hispanic Origin of the women in the sample. Each of
the event-studies has a different dependent variable, defined as an indicator equal to 100 (for y-axis scaling) if
an individual is employed (using the relevant measure) in a given year. This means the point estimates can be
interpreted as the percentage-point effect of the CalEITC on employment (however defined). Full time work is
defined as working at least 35 hours a week, and part time work is defined as working under 35 hours a week. Each
model is run with the full set of demographic controls, as well as controls for state unemployment and state minimum
wage interacted with the number of qualifying children. Standard errors are clustered at the state-level.

154



Figure A.17: Event-study estimates of the effect of the CalEITC on annual employment, by
disability status

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each panel is restricted
to a different sample based on the self-reported work-related disabilities of the women in the sample. Each of
the event-studies has a different dependent variable, defined as an indicator equal to 100 (for y-axis scaling) if
an individual is employed (using the relevant measure) in a given year. This means the point estimates can be
interpreted as the percentage-point effect of the CalEITC on employment (however defined). Full time work is
defined as working at least 35 hours a week, and part time work is defined as working under 35 hours a week. Each
model is run with the full set of demographic controls, as well as controls for state unemployment and state minimum
wage interacted with the number of qualifying children. Standard errors are clustered at the state-level.
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Figure A.18: Changes in the earnings distribution over time, alternative California distributions

(a) Using distribution of real wages

(b) Using distribution of nominal earnings

Note: These figures show the difference in the distribution of earned income (defined differently across panels)
between individuals with and without qualifying children over two periods: 2012-2014 (solid line) and 2015-2017
(dashed line) in California. Figure A.18a shows the results when we plot the distribution of nominal wages, and
Figure A.18b shows the results for the distribution of real earnings (2017 USD). The distribution is for the sample
of single women, aged 20-50, who are US citizens, not in the armed services, not in school, not potential qualifying
children as define in Appendix A.2.2, and without a college degree. Both panels also plots the federal and California
EITC schedule for a single parent with two qualifying children in 2017, as well as the level of earnings a full-time
worker (40 hours a week, 52 weeks a year) would make at the California minimum wage in 2017.
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Figure A.19: Effect of the CalEITC on employment by earnings bins.

(a) Employed

(b) Full-time (c) Part-time

Note: This figure reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey (ACS) from 2012-2017. The dependent
variable is an indicator equal to 100 (for scaling of the y-axis) if the individual is employed (at all, or full- or part-
time) and has earned income within a given real $6,000 earnings bin. Full time work is defined as working at least
35 hours a week, and part time work is defined as working under 35 hours a week. Each model is run with the full
set of demographic, unemployment, and minimum wage controls. The dashed line represents the annual earnings of
a single mother, working 52 weeks per year, 40 hours a week, at the binding minimum wage in California in 2017.
Standard errors are clustered at the state-level.
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Table A.1: State-level population and sample summary statistics

Population Statistics Samples
Mean Min Max Main Medicaid No EITC

California 1,487,888 1,409,704 1,562,307 1 1 1
Alabama 263,404 249,129 276,250 1 0 1
Alaska 37,028 31,889 42,896 0 0 0
Arizona 316,689 279,694 341,074 1 1 1
Arkansas 146,827 141,210 154,019 1 1 1
Colorado 191,722 178,915 202,360 0 0 0
Connecticut 149,698 144,182 159,236 0 0 0
Delaware 47,236 44,016 50,201 1 1 0
District of Columbia 34,687 31,565 37,359 0 0 0
Florida 875,775 795,745 920,047 1 0 1
Georgia 506,628 471,773 528,786 1 0 1
Hawaii 52,291 45,565 56,013 0 0 0
Idaho 66,066 58,219 70,043 1 0 1
Illinois 553,604 539,302 563,838 0 0 0
Indiana 323,327 313,001 334,213 1 0 0
Iowa 111,295 106,037 116,586 0 0 0
Kansas 108,795 104,396 114,563 0 0 0
Kentucky 212,344 203,731 220,829 1 1 1
Louisiana 294,538 283,563 302,659 0 0 0
Maine 61,982 55,260 68,738 0 0 0
Maryland 263,486 256,773 275,934 0 0 0
Massachusetts 249,660 238,583 261,639 0 0 0
Michigan 494,819 473,307 509,259 0 0 0
Minnesota 191,881 185,389 195,677 0 0 0
Mississippi 171,947 163,830 180,228 1 0 1
Missouri 283,480 270,573 294,048 1 0 1
Montana 43,333 35,449 48,155 0 0 0
Nebraska 67,275 62,964 72,375 1 0 0
Nevada 151,376 140,105 163,838 1 1 1
New Hampshire 53,345 47,844 56,918 1 1 1
New Jersey 332,191 313,976 341,969 0 0 0
New Mexico 106,418 98,806 118,494 0 0 0
New York 754,176 734,028 775,590 1 1 0
North Carolina 434,132 412,159 449,745 1 0 1
North Dakota 26,990 22,787 32,258 1 1 1
Ohio 578,046 550,148 599,415 0 0 0
Oklahoma 183,212 164,035 193,152 1 0 0
Oregon 173,370 159,616 190,061 0 0 0
Pennsylvania 581,805 567,886 597,320 1 0 1
Rhode Island 49,113 45,722 51,474 0 0 0
South Carolina 256,611 237,632 276,166 0 0 0
South Dakota 34,632 31,559 37,298 1 0 1
Tennessee 339,937 326,004 350,350 1 0 1
Texas 1,168,805 1,088,195 1,232,414 1 0 1
Utah 101,934 89,304 117,716 1 0 1
Vermont 26,087 19,799 29,361 0 0 0
Virginia 323,266 305,794 338,719 1 0 0
Washington 285,679 279,473 297,210 1 1 1
West Virginia 95,120 89,248 104,245 1 1 1
Wisconsin 243,655 237,874 251,454 0 0 0
Wyoming 22,715 19,942 26,519 1 0 1

Note: This table reports summary statistics regarding the individual weighted state-level annual population of single
women, aged 20-50, who are US citizens, not in the armed services, not in school, not potential qualifying children
as define in Appendix A.2.2, and who do not have a college degree via the American Community Survey (ACS) from
2010-2017. The table also details some information about the relevant policy characteristics of each state: whether
they experienced no change in their state EITC policy between 2008-2019 (my main sample), whether the expanded
Medicaid in early 2014, and whether they have no state EITC. As a note, relevant to the discussion in Appendix A.5,
California is the largest state by approximately 300,000 women, relative the second-largest (Texas), and by more
than 500,000 women relative to any other state.
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Table A.2: Triple-difference balance test

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Hispanic NH White NH Black Other race No HS HS Only Some College 3+ adult HH Age

Treatment -0.022∗∗∗ 0.023∗∗∗ -0.006∗ 0.005∗∗∗ -0.015∗∗∗ 0.009∗∗ 0.005 -0.005 -0.046
(0.003) (0.004) (0.003) (0.002) (0.002) (0.004) (0.003) (0.004) (0.060)

Unadjusted p-values 0.000 0.000 0.065 0.003 0.000 0.016 0.128 0.196 0.452
Romano Wolf p-values 0.020 0.030 0.683 0.327 0.020 0.475 0.723 0.723 0.723
BKY (2006) sharpened q-values 0.001 0.001 0.046 0.005 0.001 0.017 0.079 0.108 0.178
Observations 588,737 588,737 588,737 588,737 588,737 588,737 588,737 588,737 588,737
R-Squared 0.168 0.110 0.113 0.036 0.011 0.008 0.009 0.075 0.011
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: This table is derived from the American Community Survey (ACS) from 2010-2017, limited to the sample
of single women, aged 20-50, who are US citizens, not in the armed services, not in school, do not have a college
degree, and who are not potential qualifying children as define in Appendix A.2.2. The coefficient on treatment is
the result of running 2.1 with no demographic or unemployment controls, with the dependent variable varying across
columns. The point estimates imply that the share of the population that is Hispanic is falling in the treated group
and the share without a high-school degree is rising, both by approximately 1 to 2 percentage points. I also report
p-values obtained via the rwolf package in Stata, which implements Romano-Wolf multiple hypothesis correction.
Standard errors are clustered at the state level * 0.10 ** 0.05 *** 0.01.
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Table A.3: Triple-difference estimates, annual verses weekly measures of employment

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Employed in the last 12-months

ATE 0.7∗ 0.3 0.1 -0.7
(0.4) (0.4) (0.5) (0.5)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.009 0.076 0.076 0.076
Treated group mean in pre-period 71.6 71.6 71.6 71.6
Implied employment effect 11,718 5,209 1,646 -11,737

Panel B: Employed last week

ATE 0.8 0.4 0.4 -0.2
(0.5) (0.5) (0.7) (0.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.009 0.074 0.074 0.074
Treated group mean in pre-period 64.0 64.0 64.0 64.0
Implied employment effect 13,575 6,323 6,443 -3,407

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation 2.1, estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey (ACS) from 2012-2017. Panel’s A and
B vary only in the dependent variables, which are indicators for any employment any point in the last 12-months and
employment last week, respectively. In columns 2, 3, and 4, demographic controls include indicators for 5-year age
bins, race and Hispanic origin groups, educational attainment, bins for the age of the individual’s youngest qualifying
child, and the number of adults in a individual’s household. Standard errors clustered at the state level. * 0.10 **
0.05 *** 0.01
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Table A.4: Triple-difference estimates of the effect of the CalEITC on annual employment, 2012-
2019

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Employed in the last 12-months

ATE 0.4 0.0 -0.3 -0.4
(0.3) (0.3) (0.4) (0.5)

Observations 585,888 585,888 585,888 585,888
Adj. R-Square 0.009 0.075 0.075 0.075
Treated group mean in pre-period 71.6 71.6 71.6 71.6
Implied employment effect 10,019 468 -9,415 -9,894

Panel B: Employed full-time in the last 12-months

ATE -1.8∗∗∗ -2.1∗∗∗ -2.9∗∗∗ -2.3∗∗∗

(0.4) (0.4) (0.4) (0.7)

Observations 585,888 585,888 585,888 585,888
Adj. R-Square 0.008 0.066 0.066 0.066
Treated group mean in pre-period 51.0 51.0 51.0 51.0
Implied employment effect -51,624 -57,588 -81,278 -63,226

Panel C: Employed part-time in the last 12-months

ATE 2.2∗∗∗ 2.1∗∗∗ 2.6∗∗∗ 1.9∗∗

(0.3) (0.3) (0.4) (0.8)

Observations 585,888 585,888 585,888 585,888
Adj. R-Square 0.003 0.027 0.027 0.027
Treated group mean in pre-period 20.6 20.6 20.6 20.6
Implied employment effect 61,643 58,055 71,862 53,332

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and without a college degree, via the American Community Survey (ACS) from 2012-2019. Panel’s A, B, and C
vary only in the dependent variables, which are indicators for any employment, full-time employment, and part-time
employment at any point in the last 12-months, respectively. Full time work is defined as working at least 35 hours
a week, and part time work is defined as working under 35 hours a week. In columns 2, 3, and 4, demographic
controls include indicators for 5-year age bins, race and Hispanic origin groups, educational attainment, bins for the
age of the individual’s youngest qualifying child, and the number of adults in a individual’s household. Standard
errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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Table A.5: Synthetic Difference-in-Difference Estimates, Weighted

(1) (2) (3) (4)

Cross-State Triple Difference

No Controls With Controls No Controls With Controls
Panel A: Employed in the last 12-months

ATT 1.33 -1.38 0.34 -1.17
SE 0.37 0.38 0.59 0.60

Panel B: Employed full-time in the last 12-months
ATT -1.34 -3.89 -2.60 -3.66
SE 0.62 0.59 0.73 1.01

Panel C: Employed part-time in the last 12-months
ATT 2.94 2.58 3.55 2.87
SE 0.42 0.48 0.73 0.79

Note: This table reports the effect of CalEITC on employment, estimated using the Synthetic Difference-in-
Differences approach created by (Arkhangelsky et al., 2021), implemented via the sdid command in Stata (Clarke
et al., 2023). The model is run over a county-year panel, constructed as the weighted average of the sample of single
women, aged 20-50, who are US citizens, not in the armed services, not in school, not potential qualifying chil-
dren as define in Appendix A.2.2, and without a college degree, via the American Community Survey (ACS) from
2010-2017. All individuals in a given state who are not assigned to a specific county are group in a state-specific
”other” county. Panel’s A, B, and C vary only in the dependent variables, which are indicators for any employment,
full-time employment, and part-time employment at any point in the last 12-months, respectively. Full time work
is defined as working at least 35 hours a week, and part time work is defined as working under 35 hours a week.
Columns 1 and 2 use as the dependent variable mean share of single women with qualifying children the who are
employed (however measured) among, while Columns 3 and 4 use as the dependent variable the difference within
a given county in the employment rate between single women with and without qualifying children. Demographic
and economic controls, included in columns 2 and 4 include controls for county-level race, Hispanic origin, age,
and education characteristics, as well as state unemployment rates. All columns report the weighted average of the
treatment effects estimated on each of the counties individually. Bootstrap standard errors are reported below ATT.
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Table A.6: Triple-difference estimates of the effect of the CalEITC on annual employment, sim-
ulated instrument approach

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Employed in the last 12-months

Simulated CalEITC (1,000s USD) 3.4 0.5 2.6 -6.3
(3.0) (3.0) (4.0) (3.8)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.009 0.076 0.076 0.076
Treated group mean in pre-period 71.6 71.6 71.6 71.6
Implied employment effect 58,138 7,807 44,886 -106,991

Panel B: Employed full-time in the last 12-months

Simulated CalEITC (1,000s USD) -14.3∗∗∗ -15.9∗∗∗ -13.8∗∗∗ -22.5∗∗∗

(2.9) (3.1) (4.9) (5.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.008 0.068 0.068 0.068
Treated group mean in pre-period 51.0 51.0 51.0 51.0
Implied employment effect -243,042 -270,638 -234,877 -383,150

Panel C: Employed part-time in the last 12-months

Simulated CalEITC (1,000s USD) 17.7∗∗∗ 16.3∗∗∗ 16.4∗∗∗ 16.2∗∗∗

(1.8) (1.8) (3.5) (4.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.003 0.028 0.028 0.028
Treated group mean in pre-period 20.6 20.6 20.6 20.6
Implied employment effect 301,180 278,444 279,763 276,159

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation (2.1), where treatment is defined as the average CalEITC amount for
a given year, state, and number of qualifying children, estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, do not have a college degree, and not potential qualifying
children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-2017. Panel’s A,
B, and C vary only in the dependent variables, which are indicators for any employment, full-time employment,
and part-time employment at any point in the last 12-months, respectively. Full time work is defined as working at
least 35 hours a week, and part time work is defined as working under 35 hours a week. In columns 2, 3, and 4,
demographic controls include indicators for 5-year age bins, race and Hispanic origin groups, educational attainment,
bins for the age of the individual’s youngest qualifying child, and the number of adults in a individual’s household.
Standard errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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Table A.7: Placebo test using Longitudinal CPS, conditioning on prior-year employment

(1) (2) (3) (4) (5)

Full Sample Longitudinal Sample

All All
Full-time
last year

Part-time
last year

Not employed
last year

Panel A: Employed last week

1+ QC X post-2015 0.8 -0.1 1.1 -2.5 -3.4
(1.4) (2.3) (1.9) (3.1) (2.6)

Observations 188,038 53,912 24,006 10,200 19,706
Adj. R-Square 0.068 0.066 0.019 0.027 0.061
Treated group mean in pre-period 64.6 64.1 90.5 83.3 25.1

Panel B: Employed full-time last week

1+ QC X post-2015 0.9 0.1 0.7 -0.4 -2.0
(1.3) (2.1) (3.1) (4.3) (2.1)

Observations 188,038 53,912 24,006 10,200 19,706
Adj. R-Square 0.059 0.059 0.026 0.019 0.028
Treated group mean in pre-period 46.5 45.7 77.3 41.3 12.9

Panel C: Employed part-time last week

1+ QC X post-2015 -0.2 -0.2 0.4 -2.1 -1.4
(0.7) (1.7) (2.1) (3.3) (1.8)

Observations 188,038 53,912 24,006 10,200 19,706
Adj. R-Square 0.014 0.019 0.012 0.016 0.032
Treated group mean in pre-period 18.1 18.4 13.2 42.0 12.2

Basic Triple-Difference Yes Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes Yes

Note: This table reports the results of a placebo test, estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
without a college degree, not in California, via the longitudinal Monthly Current Population Survey (CPS) sample,
from 2012-2017, omitting the first two quarters of 2015. The placebo test is a simple difference-in-difference,
comparing employment for single women with and without qualifying children before and after 2015. Panel’s A,
B, and C vary only in the dependent variables, which are indicators for any employment, full-time employment,
and part-time employment last week, respectively. Full time work is defined as working at least 35 hours a week,
and part time work is defined as working under 35 hours a week. Column 1 shows the results of the model run
over the full sample, while Columns 2 through 5 report the results of the full longitudinal sample, with columns 3
through 5 restricting the sample further conditional on an individual’s employment status one year ago. Standard
errors clustered at the state and individual level for the full-sample and at the state-level for the longitudinal sample.
* 0.10 ** 0.05 *** 0.01
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Table A.8: Triple-difference estimates of the effect of the CalEITC on weekly employment via
the CPS, 2012 through 2017, including the first two quarters of 2015

(1) (2) (3) (4) (5)

Full Sample Longitudinal Sample

All All
Full-time
last year

Part-time
last year

Not employed
last year

Panel A: Employed last week

ATE 3.9∗ 4.0 -3.2 5.0 3.1
(1.9) (3.7) (2.2) (5.5) (3.2)

Observations 232,382 66,687 29,460 12,760 24,467
Adj. R-Square 0.069 0.069 0.025 0.037 0.061
Treated group mean in pre-period 59.9 59.2 59.2 59.2 59.2

Panel B: Employed full-time last week

ATE 2.0 2.7 -6.0∗ 4.5 3.4
(2.3) (4.2) (3.2) (4.2) (3.5)

Observations 232,382 66,687 29,460 12,760 24,467
Adj. R-Square 0.059 0.061 0.030 0.020 0.030
Treated group mean in pre-period 43.0 42.9 42.9 42.9 42.9

Panel C: Employed part-time last week

ATE 1.9∗∗ 1.3 2.8 0.5 -0.3
(0.9) (1.6) (1.8) (5.7) (2.4)

Observations 232,382 66,687 29,460 12,760 24,467
Adj. R-Square 0.016 0.021 0.014 0.019 0.031
Treated group mean in pre-period 16.9 16.3 16.3 16.3 16.3

Basic Triple-Difference Yes Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not potential
qualifying children as define in Appendix A.2.2, via the monthly Current Population Survey (CPS) from 2012-
2017, including the first two quarters of 2015. Panel’s A, B, and C vary only in the dependent variables, which are
indicators for any employment, full-time employment, and part-time employment last week, respectively. Full time
work is defined as working at least 35 hours a week, and part time work is defined as working under 35 hours a week.
Column 1 shows the results of the model run over the full sample, while Columns 2 through 5 report the results of
the full longitudinal sample, with columns 3 through 5 restricting the sample further conditional on an individual’s
employment status one year ago. All specifications include demographic controls, including indicators for 5-year
age bins, race and Hispanic origin groups, educational attainment, bins for the age of the individual’s youngest
qualifying child, and the number of adults in a individual’s household, as well as controls for state unemployment
rates interacted with the number of qualifying children. Standard errors clustered at the state and individual level for
the full-sample and at the state-level for the longitudinal sample. * 0.10 ** 0.05 *** 0.01
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Table A.9: Triple-difference estimates of the effect of the CalEITC on annual employment, by
race and Hispanic origin

(1) (2) (3) (4) (5)

Full sample Hispanic
Non-Hispanic

White
Non-Hispanic

Black
Non-Hispanic

Other
Panel A: Employed in the last 12-months

ATE -0.7 1.1 -0.7 -1.2 -2.9
(0.5) (1.5) (0.8) (1.4) (2.3)

Observations 441,172 85,403 234,569 91,239 29,950
Adj. R-Square 0.076 0.064 0.090 0.079 0.077
Treated group mean in pre-period 71.6 72.7 72.3 63.9 74.9
Implied employment effect -11,737 9,770 -2,922 -2,669 -4,684

Panel B: Employed full-time in the last 12-months

ATE -3.9∗∗∗ -3.1∗∗ -3.7∗∗∗ -2.0 -6.5
(0.6) (1.3) (1.1) (1.7) (4.3)

Observations 441,172 85,403 234,569 91,239 29,950
Adj. R-Square 0.068 0.062 0.077 0.075 0.066
Treated group mean in pre-period 51.0 53.4 49.9 42.6 54.2
Implied employment effect -66,628 -27,145 -15,920 -4,637 -10,590

Panel C: Employed part-time in the last 12-months

ATE 3.2∗∗∗ 4.2∗∗∗ 3.0∗∗∗ 0.9 3.6
(0.6) (0.8) (0.9) (2.0) (2.8)

Observations 441,172 85,403 234,569 91,239 29,950
Adj. R-Square 0.028 0.024 0.034 0.029 0.030
Treated group mean in pre-period 20.6 19.3 22.5 21.3 20.7
Implied employment effect 54,890 36,915 12,997 1,967 5,906

Basic Triple-Difference Yes Yes Yes Yes Yes
Add Demographic Controls Yes Yes Yes Yes Yes
Add Unemployment Controls Yes Yes Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not
potential qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any employment, full-time
employment, and part-time employment at any point in the last 12-months, respectively. Column 1 reports the results
from the full sample, while columns 2 through 5 restrict the sample by the reported Race and Hispanic Origin of
the women. All models include demographic, state unemployment, and minimum wage controls. Standard errors
clustered at the state level. * 0.10 ** 0.05 *** 0.01
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Table A.10: Triple-difference estimates of the effect of the CalEITC on annual employment, by
disability status

(1) (2) (3)

Full sample
No reported

disability
One or more

reported disability
Panel A: Employed in the last 12-months

ATE -0.7 -1.0 4.5∗∗

(0.5) (0.7) (2.0)

Observations 441,172 387,259 53,913
Adj. R-Square 0.076 0.065 0.068
Treated group mean in pre-period 71.6 74.3 35.9
Implied employment effect -11,737 -15,785 5,239

Panel B: Employed full-time in the last 12-months

ATE -3.9∗∗∗ -4.0∗∗∗ -0.6
(0.6) (0.8) (2.1)

Observations 441,172 387,259 53,913
Adj. R-Square 0.068 0.071 0.058
Treated group mean in pre-period 51.0 53.2 21.8
Implied employment effect -66,628 -64,023 -692

Panel C: Employed part-time in the last 12-months

ATE 3.2∗∗∗ 3.0∗∗∗ 5.0∗∗

(0.6) (0.7) (2.0)

Observations 441,172 387,259 53,913
Adj. R-Square 0.028 0.028 0.025
Treated group mean in pre-period 20.6 21.1 14.0
Implied employment effect 54,890 48,238 5,931

Basic Triple-Difference Yes Yes Yes
Add Demographic Controls Yes Yes Yes
Add Unemployment Controls Yes Yes Yes
Add Minimum Wage Controls Yes Yes Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not
potential qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2012-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any employment, full-time
employment, and part-time employment at any point in the last 12-months, respectively. Column 1 reports the results
from the full sample, while columns 2 and 3 restrict the sample by the number of reported disabilities in the ACS.
All models include demographic, state unemployment, and minimum wage controls. Standard errors clustered at the
state level. * 0.10 ** 0.05 *** 0.01
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Table A.11: Triple-difference estimates, effect of the CalEITC on annual earnings

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: OLS - No restrictions

ATE -419.0∗∗∗ -688.3∗∗∗ -954.3∗∗∗ -1332.8∗∗∗

(150.9) (173.7) (293.8) (361.7)

Observations 323,550 323,550 323,550 323,550
Adj. R-Square 0.013 0.125 0.125 0.125
Treated group mean in pre-period 19,915 19,915 19,915 19,915

Panel B: OLS - positive income only

ATE -1127.5∗∗∗ -1197.1∗∗∗ -1614.2∗∗∗ -1961.2∗∗∗

(217.5) (232.8) (341.7) (520.7)

Observations 225,459 225,459 225,459 225,459
Adj. R-Square 0.014 0.137 0.137 0.137
Treated group mean in pre-period 30,117 30,117 30,117 30,117

Panel C: Poisson

ATE -0.03∗∗∗ -0.04∗∗∗ -0.06∗∗∗ -0.08∗∗∗

(0.01) (0.01) (0.02) (0.02)

Observations 323,550 323,550 323,550 323,550
Pseudo-R-squared 0.018 0.167 0.167 0.167
Treated group mean in pre-period 19,915 19,915 19,915 19,915
Effect in USD -503 -775 -1,030 -1,353

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of 2.1, estimated on the sample of single women, aged 20-50, who are US citizens,
not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2, and who do
not have a college degree via the American Community Survey (ACS) from 2010-2017. The dependent variable is
annual earnings, defined as wages plus self-employment income, in real 2019 dollars. I drop all observations whose
earned income is recorded as ”allocated”, meaning the earnings value is imputed via a hot-deck allocation method.
Panels A estimates an OLS model, and includes individuals with no earned income. Panel B estimates the same
model excluding non-workers. Panel C estimates a Poisson model via the Stata command ppmlhdfe, including those
with no earned income. In columns 2, 3, and 4, demographic controls include indicators for 5-year age bins, race
and Hispanic origin groups, educational attainment, bins for the age of the individual’s youngest qualifying child,
and the number of adults in a individual’s household. Standard errors clustered at the state level. * 0.10 ** 0.05 ***
0.01
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Table A.12: Hours spent on different activities, by employment status, based on data from Bastian
and Lochner (2022)

(1) (2) (3) (4)
All Non-workers Part-time workers Full-time workers

Work hours (CPS) 18.93 4.237 21.10 33.67
(0.376) (0.360) (0.659) (0.468)

Home production 42.58 50.23 40.67 35.31
(0.464) (0.801) (0.954) (0.592)

With children 20.57 27.09 18.14 14.80
(0.419) (0.755) (0.818) (0.517)

Without children 22.01 23.14 22.53 20.51
(0.345) (0.597) (0.825) (0.457)

Leisure 34.58 43.88 30.29 26.77
(0.479) (0.787) (0.967) (0.644)

With children 17.41 23.55 13.80 12.66
(0.405) (0.707) (0.760) (0.556)

Without children 17.17 20.33 16.50 14.12
(0.423) (0.783) (0.902) (0.518)

Total hours with children 39.23 52.00 33.51 28.44
(0.652) (1.076) (1.275) (0.885)

Investment hours with children 5.539 8.045 4.492 3.378
(0.205) (0.390) (0.397) (0.235)

N 2,528 1,014 510 1,004

Note: This table reports a series of descriptive statistics, based on American Time Use Survey (ATUS) data obtained
from the replication files of Bastian and Lochner (2022). The sample is limited to single women, aged 20-to-
50, without a college degree, with children, during the period of 2010 through 2015. The results, broken out by
employment status at the time of the ATUS interview, show the hours per week spent on each given activity. The
results are weighted using individual-level ATUS weights. Unfortunately, I am unable to directly estimate the effect
of the CalEITC on parental time spent with their children on ”investment” activities, due to the sample size of the
ATUS. These results should not be taken as a causal estimate of the effect of a particular employment status on hours
spent on a given activity; rather, they are illustrative how single mothers during this time-period spend their time
across employment statuses. The results indicate that single women induced to work part-time rather than full-time
by the CalEITC would spend approximately one more hour a week on investment time with their children, a marginal
increases in parental investment time.
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A.2 Data

Data for this project comes primarily from the American Community Survey (ACS) and

the Current Population Survey (CPS), downloaded via IPUMS (Ruggles et al., 2023, Flood et al.,

2022). I obtain state- and county-level unemployment data from the U.S. Bureau of Labor Statis-

tic’s Local Area Unemployment Statistics (LAUS) database. Specifically, I download the text

files ”la.data.3.AllStatesS” and ”la.data.64.County” via https://download.bls.gov/pub/time.series/la/.

Tax parameters are obtained via a combination of the Urban-Brookings Tax Policy Center Statis-

tics, the federal Schedule EIC, and the California FTB 3514 form. I obtain data on state- and

local-level minimum wage policies from Vaghul and Zipperer (2022).

A.2.1 Sample construction

I limit my sample to individuals in either California or one of the 27 states in my control

pool, as detailed in Table A.1. I restrict attention to single women, aged 20-50, who are not

currently in school, not in group quarters, not in the armed services, who are not potentially

qualifying children themselves, who are not married but living separately from their partner, who

do not have a college degree, and who are US citizens. I exclude those in the armed services or

in group quarters due to concerns about my ability to link parents to children. The restrictions

on students stems from the fact that students age 18 through 23 can be claimed as qualifying

children by their parents (or other relation), complicating treatment assignment. I exclude those

who are married but living separately from their partner because tax units who file a married filing

separately return are ineligible for the EITC. I exclude single women who are not US citizens due

to complexity regarding the eligibility of these workers for the EITC and potential confounding
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due to the implementation of the Deferred Action for Childhood Arrivals policy during my pre-

period (Pope, 2016).

A.2.2 Imputation of qualifying children

A qualifying child (QC) for the purposes of claiming either the federal EITC or the CalEITC

must meet four tests: the relationship test, the age test, the residency test, and the joint return test,

plus they must have a valid social security number. These tests dictate that a QC is a relative of

the taxpayer who is younger than 19 (or in school and younger than 24), living with the taxpayer

for more than half the year, did not file their own joint return, and who is a US citizen1. Other

relevant restrictions are on the citizenship of the tax filers (they must be either a US citizen or a

resident alien), their filing status (taxpayers who filed a married filing separately return are inel-

igible for the EITC), and their age (filers must be between 25 and 64 if they have no qualifying

children).

In the ACS and the CPS, I can impute whether or not a given child is likely to meet many

of these criteria, and which adults in their household may be able to claim the child on their tax

returns. I begin with the pool of children younger than 18, and add to this the pool of adults

aged 18 to 23 who are in school (the age test). I then remove from the pool any children who

are married (the joint return test) and those who are not US citizens. This creates my pool

of qualifying children who could be claimed by an adult. I assume that children can only be

claimed by adults in their household, reflecting the residency test. I first match each potential

1The relationship test states that a QC must be the child, stepchild, or foster child (or any of their decedents, i.e.
grandchild) of at least one of the filers. The age test states that the QC must be, as of the end of the tax year, under
the age of 19 or under the age of 24 if enrolled in school. Further, they must be younger than at least one of the tax
filers. The residency test states that the QC must have lived with you in the United States for more than half of the
year, excluding limited circumstances (US military, births or deaths of children, etc...). The joint return test states
that a QC cannot file a joint return.
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qualifying child to their parents, as identified by the IPUMS variables momloc and poploc. These

variables primarily reflect the stated relationships between each individual in the household and

the household head. For example, in a three person household with a single married couple and

their child, the relate variable will identify one of the adults as the head (101), another as their

spouse (201) and their child as their child (301). IPUMS is able to use that information to match

the child to both parents (child to head, and child to spouse through head). There are cases where

the relate variable does not provide enough information to match children to a specific adult in

their household. In these cases, children are matched first to married couples, then to single

adults, conditional on a set of age restrictions on both the adults and the child, reflecting the

increased chance of incorrect matches. After using information to identify matches to parents,

I take the remaining pool of unmatched children and assign them, using the relate variable, to

grandparents, foster parents, and siblings (in that order).

A.2.3 Predicted Earnings

As discussed in the prior literature, a individuals with lower earning capacities are more

likely to be treated by the EITC (or by EITC eligibility) (Eissa and Liebman, 1996, Eissa and

Hoynes, 2004). The previous literature has generally relied on education to proxy for earnings

capacity, but several researchers have instead predicted earnings directly using a regression model

(Eissa and Liebman, 1996, Kleven, 2024). I follow Kleven (2024) and predict real 2019 earned

income using the following equation:

yit = Eit + Ait + Cit + QCit + Rit + Hit + INit + Sit + δs + γt + ϵit (A.1)
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Where yit is the earnings of a given individual in real 2019 dollars, Eit is a categorical

variable for educational attainment, Ait is a categorical variable for the individual’s age, Cit is a

categorical variable for the age of the individual’s youngest child, QCit is a categorical variable

for the number of qualifying children an individual might claim, Rit and Hit are categorical

variables for an individual’s Race and Hispanic origin status, IN is an indicator for whether an

individual is in school, Sit is an indicator for an individual’s sex, and δs and γt are state and

year fixed effects. The model is estimated over a sample of single individuals aged 20 to 50,

from 2006 through 2019, who reported positive earned income and who reported working in the

last year. After running the regression model, I predict earned income for the entire sample,

including those who did not work and reported no (or negative) earned income. I drop from

my low-predicted earnings sample the 94,178 observations (across 2006-2019, men and women,

married and unmarried) with predicted earnings of less than $0 .

A.3 Earni

As discussed in Section 2.2, the CalEITC broke with the federal credit by excluding–at

least for the first two years of the program–self-employment income from the definition of earned

income. Self-employment income, or income earned by individuals who work for themselves as a

sole proprietor or independent contractor, has long been associated with the EITC. Work by Saez

(2010) found that bunching around EITC kink points was driven solely by individuals reporting

self-employment income, following a simple model of tax evasion. More recent work by Garin

et al. (2024) built on this literature, finding that increases in reporting of self-employment income

driven by EITC incentives is responsible for rise of reported self-employment in IRS data.
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I first verify that the main employment response I observe is not driven solely by a self-

employment response. I re-estimate my main model, re-defining my outcome variables to count

as employed (however defined) only workers who report some wage or salary income in the past

12 months. The results, reported in Table A.13, show that in my preferred model, the full-time ef-

fect remains unchanged, while the part-time effect falls by 0.8 percentage points: from 3.1 to 2.3.

This result highlights three points. First, the majority of the part-time result is driven by work-

ers with wage income, as anticipated given the design of the CalEITC. Second, approximately a

quarter of the overall part-time increase is driven by workers who report only self-employment

income. The event-study results, reported in Figure A.21, show that the largest gap between

my main estimates and these which restrict to part-time work with wage income are in 2015,

after which the share of the response explained by individuals without wage earnings individ-

uals shrinks. The increase in employment among workers with only self-employment income

could be driven by the ambiguous nature of wage verses self-employment income in survey data

(Abraham et al., 2021, 2024a,b) or a a lack of awareness among taxpayers of the unique earnings

definition of the CalEITC.

Second, I estimate the effect of the CalEITC on self-employment directly, defined as either

reporting any self-employment income last year, reporting more than $1,000 in self-employment

income last year, and reporting being self-employed last week. In Table A.14 I report my results,

which imply that self-employment increases by between 1.0 and 1.4 percentage points in my

preferred specification. This is of a similar scale to the 0.8 percentage point gap between my full

part-time estimates and those estimates restricted to wage earnings. Further, when considering

the event-study results in Figure A.20, I observe a jump in self-employment across all measures

immediately post reform, which decreases over time.
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Table A.13: Triple-difference estimates of the effect of the CalEITC on employment, conditional
on reporting wage income

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Employed in the last 12 months

ATE -0.0 -0.4 -1.0∗ -1.8∗∗∗

(0.4) (0.4) (0.5) (0.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.008 0.070 0.070 0.070
Treated group mean in pre-period 68.4 68.4 68.4 68.4
Implied employment effect -829 -6,753 -16,218 -30,358

Panel B: Employed full-time in the last 12-months

ATE -2.2∗∗∗ -2.5∗∗∗ -3.2∗∗∗ -4.1∗∗∗

(0.4) (0.4) (0.6) (0.6)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.007 0.064 0.064 0.064
Treated group mean in pre-period 49.4 49.4 49.4 49.4
Implied employment effect -38,272 -43,379 -54,013 -70,314

Panel C: Self-employed last week

ATE 2.2∗∗∗ 2.1∗∗∗ 2.2∗∗∗ 2.3∗∗∗

(0.4) (0.4) (0.7) (0.7)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.003 0.032 0.032 0.032
Treated group mean in pre-period 19.0 19.0 19.0 19.0
Implied employment effect 37,443 36,627 37,795 39,956

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not
potential qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2010-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any employment, full-time
employment, and part-time employment at any point in the last 12-months, respectively, conditional on the individual
reporting and wage income. Full time work is defined as working at least 35 hours a week, and part time work is
defined as working under 35 hours a week. In columns 2, 3, and 4, demographic controls include indicators for 5-
year age bins, race and Hispanic origin groups, educational attainment, bins for the age of the individual’s youngest
qualifying child, and the number of adults in a individual’s household. Standard errors clustered at the state level. *
0.10 ** 0.05 *** 0.01
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Table A.14: Triple-difference estimates of the effect of the CalEITC on self-employment

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Self-employed last week

ATE 1.1∗∗∗ 1.0∗∗∗ 1.3∗∗∗ 1.4∗∗∗

(0.1) (0.1) (0.2) (0.2)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.002 0.010 0.010 0.010
Treated group mean in pre-period 4.5 4.5 4.5 4.5
Implied employment effect 18,651 17,795 22,998 24,419

Panel A: Any self-employment earnings in the last 12 months

ATE 1.0∗∗∗ 1.0∗∗∗ 1.3∗∗∗ 1.5∗∗∗

(0.1) (0.1) (0.2) (0.3)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.002 0.009 0.009 0.009
Treated group mean in pre-period 3.8 3.8 3.8 3.8
Implied employment effect 17,308 16,408 22,829 26,203

Panel B: More than $1,000 in self-employment earnings in the last 12-months

ATE 0.7∗∗∗ 0.7∗∗∗ 1.0∗∗∗ 1.0∗∗∗

(0.1) (0.1) (0.2) (0.3)

Observations 441,172 441,172 441,172 441,172
Adj. R-Square 0.002 0.009 0.009 0.009
Treated group mean in pre-period 3.5 3.5 3.5 3.5
Implied employment effect 12,363 11,565 16,319 17,495

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and without a college degree via the American Community Survey (ACS) from 2010-2017. Panel’s A, B, and C vary
only in the dependent variables, which are indicators for any self-employment income over the last 12 months, over
$1,000 in self-employment income over the last 12 months, and whether an individual was self-employed last week,
respectively. In columns 2, 3, and 4, demographic controls include indicators for 5-year age bins, race and Hispanic
origin groups, educational attainment, bins for the age of the individual’s youngest qualifying child, and the number
of adults in a individual’s household. Standard errors clustered at the state level. * 0.10 ** 0.05 *** 0.01
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Figure A.20: Event-study estimates of the effect of the CalEITC on employment restricted to
wage workers

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each of the event-
studies has a different dependent variable, which are indicators for any employment, full-time employment, and part-
time employment at any point in the last 12-months, respectively, conditional on the individual reporting and wage
income. Each model is run with the full set of demographic controls, as well as controls for state unemployment
and state minimum wages interacted with the number of qualifying children. Standard errors are clustered at the
state-level.
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Figure A.21: Event-study estimates of the effect of the CalEITC on annual self-employment.

Note: This figure reports the results of Equation (2.3), estimated on the sample of single women, aged 20-50, who are
US citizens, not in the armed services, not in school, not potential qualifying children as define in Appendix A.2.2,
and who do not have a college degree, via the American Community Survey from 2010-2017. Each of the event-
studies has a different dependent variable, defined as an indicator equal to 100 (for scaling purposes) if an individual
had any self-employment income over the last 12 months, over $1,000 in self-employment income over the last 12
months, and whether an individual was self-employed last week, respectively. Each model is run with the full set
of demographic controls, as well as controls for state unemployment and state minimum wages interacted with the
number of qualifying children. Standard errors are clustered at the state-level.

A.4 Elasticity Calculations

First, when estimating the extensive margin elasticity, I follow Kleven (2024) and estimate

the following:

ζ =
∆E
E

∆(1−τ)
(1−τ)

(A.2)

178



Where ζ is the extensive margin elasticity, ∆E
E

represents the percent change in employment

as a result of the implementation of the CalEITC, and ∆(1−τ)
(1−τ)

represents the analogous change

in after-tax rates. I assume that the numerator of Equation (A.2) is the percent change in part-

time employment as a result of the CalEITC. Therefore, E is the pre-period percent of the treated

group that is employed part-time, and ∆E is the estimated effect of the CalEITC on part-time via

Equation (2.1). The denominator is the percent change in the after-tax rate faced by the single

mothers in California. Following Kleven (2024), I derive the net-of-tax rate using TAXSIM, as-

suming that each women has earned income that would maximize their CalEITC credit amount.

For women prior to 2015, I take the level of annual earnings that maximized CalEITC receipt in

2015, and deflate it. As noted by Kleven (2024), this approach makes two assumptions: it as-

sumes that women enter the labor market at the CalEITC kink point (the federal EITC kink point

in Kleven’s case), and that there is no effect on the net-of-tax rate of other non-tax-based social

safety net programs. Both assumptions introduce some element of bias into the denominator of

Equation (A.2). If some fraction of the part-time effect instead reflects labor market entry at a

marginally higher level of earnings, as discussed in ??, then I am overstating the change in 1− τ ,

meaning my elasticity estimate is biased upward. The exclusion of other non-tax programs has a

similar effect, as it does not account for the loss of any program eligibility by entering employ-

ment. Therefore it is likely that my estimates of the participation elasticities should be seen as an

upper bound.

To estimate the mobility elasticities, I follow closely the calculations in Saez (2002), Kreiner

et al. (2015), and Kosonen and Matikka (2023). Starting with formulation in Saez (2002):
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η =

∆Ej,j+1

Ej

∆((1−τj)−(1−τj+1)

(1−τj)−(1−τj+1

(A.3)

Where η is the mobility elasticity. The numerator of this elasticity represents the percent

change in employment at a given annual income level j due to a shift from a different point in

the earnings distribution, j + 1. This exercise is based in part on the estimates of the elasticity of

taxable income as shown in Kreiner et al. (2015) and Kosonen and Matikka (2023). However, to

maintain comparability with the literature on labor supply responses to tax changes, I focus on

the change in employment in response to a change in tax rates. The denominator is the percent

change in the difference in the after-tax rate at the same two point, j and j + 1, on the annual

earnings distribution, due to the CalEITC. I assume that j corresponds with a level of earnings

that maximizes the CalEITC, which varies by year and count of qualifying children. I present

two alternatives for the earning level of j + 1. First, I assume j + 1 reflects a full-time worker

employed at the minimum wage as of 2017, with annual income equal to $21,840. Second, I

use the estimated point on the earnings distribution where we observe a substantial reduction in

full-time work, as observed in Figure A.19, namely earnings equal to $27,000. I approximate

this elasticity dividing the change in the log share of part-time employment by the log change

in the difference between net of tax earnings, following Chetty et al. (2013), Bastian (2020),

and Kosonen and Matikka (2023).2 I calculate this elasticity based on tax rates across 1, 2, and

3+ qualifying children, and present the average (weighted by the share of my sample with the

appropriate number of QC).

2Specifically, my numerator is log(P +∆P )− log(P ), where P is the share of the population that is employed
and ∆P is the estimated part-time effect of the CalEITC. My denominator is log(abs(n2017,j − n2017,j+1)) −
log(abs(n2014,j − n2014,j+1)), where ny,j is the net-of-tax earnings for a given year and point j.
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A.5 Inference

As noted in the seminal paper by Bertrand et al. (2004), inference in difference-in-difference

models is made difficult by the potential that errors might be correlated within groups and across

time, which would lead to an underestimation of the standard errors. The most common approach

in the literature is to use the cluster-robust variance estimator (CRVE), also referred to as cluster-

ing standard errors at the group-level (see Abadie et al. (2022) and MacKinnon et al. (2023) for

recent reviews). This approach allows unrestricted heteroskedasticity and/or dependence within a

given cluster (which can be a state, county, country, classroom, etc..., depending on the context),

but assumes that errors are independent across clusters. When there are a large number of clusters

that are reasonably homogeneous, with a mix of treated and control clusters, the cluster-robust

standard errors generated using this procedure are asymptotically valid. However, there are a

number of cases where this does not hold for finite samples. I highlight three of them here that

are relevant in my empirical setting: when there are few clusters, when there is heterogeneity

across clusters in the size of each cluster, and when the number of treated clusters is small. In

each of these cases, CRVE-based inference risks over-rejecting the null hypothesis that there is

no effect. Unsurprisingly, these issues interact with each other, making many of the proposed

solutions for one case untenable in settings where multiple issues are present.

In my main sample, I have 28 clusters, with one treated cluster, and substantial heterogene-

ity across clusters. Taking the leading case of heterogeneity discussed in the literature, that of

cluster size, there is a wide range in the number of single women in each state and year. Table A.1

shows the mean individual-weighted sample size for each state, averaging over 2010 through

2017. California, the only treated unit, has a mean population of 1.5 million single women per
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year, while the next largest state–Texas–has 1.2 million, followed by Florida and New York at

875,000 and 754,000 respectively. All other states have an annual sample of less than 600,000,

less than half of that of California. In this setting, therefore, it is important to consider whether

my results are robust to alternative inference procedures.

As a brief overview, when there are relatively few clusters overall, as noted by Bertrand

et al. (2004) and Donald and Lang (2007), among others, t-tests based on CRVE estimates tend to

over-reject. This issue is exacerbated by heterogeneity across clusters, with the leading example

being heterogeneity in cluster size (MacKinnon et al., 2023, MacKinnon and Webb, 2017). In

some cases, even with a large number of clusters, having clusters of very different sizes can

induce severe over-rejection. The wild-cluster bootstrap, proposed by Cameron et al. (2008), was

shown by MacKinnon and Webb (2017) to preform fairly well in this setting, providing reliable

inference.

A further issue emerges when there is only one treated cluster. Even with many homo-

geneous clusters, if only one of them is treated, standard CRVE has the potential to over-reject.

Consider, following closely the set-up in Ferman and Pinto (2019), the simple case with a state-

by-year panel, where a researcher wants to estimate the following difference-in-difference model,

estimating the effect of some treatment, impacting some group of N states, who are all treated

after some time t∗ (with T denoting the last period):

yst = α + βDst + λs + γt + ϵst

Where yst is our outcome of interest, λs and γt represent state and year fixed effects, and

the treatment Dst is an indicator equal to 100 (for scaling purposes) if a state is among a pool
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of treated states (denoted as states 1 through N1) in the period after treatment begins (t > t∗).

The pool of untreated states are denoted as states N1 + 1 through N (with N0 = N − N1). I

am therefore assuming there are no states that are always treated, and no staggered treatment,

avoiding the further complications of variation in treatment time and heterogeneous treatment

effects. Inference in this setting is discussed in a recent working paper by Alvarez and Ferman

(2023).

The difference-in-difference estimator is written as:

β̂ =
1

N1

N1∑
j=1

[
1

T − t∗

T∑
t=t∗+1

yjt −
1

t∗

t∗∑
t=1

yjt

]
− 1

N0

N∑
j=N1+1

[
1

T − t∗

T∑
t=t∗+1

yjt −
1

t∗

t∗∑
t=1

yjt

]

Now, define Wj as the pre-post difference in average errors for each group j:

Wj =
1

T − t∗

T∑
t=t∗+1

ϵjt −
1

t∗

t∗∑
t=1

ϵjt

Which allows us to rewrite our estimator β̂ as:

β̂ =β +
1

N1

N1∑
j=1

Wj −
1

N0

N∑
j=N1+1

Wj

The variance of the estimator β̂ is given by:
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var(β̂) =
[
1

N1

]2 N1∑
j=1

var(Wj) +

[
1

N0

]2 N∑
j=N1+1

var(Wj)

Under the standard assumptions, the ϵst in the model above are allowed to be correlated

within a state s over time, but should be uncorrelated across different states. Given this, the

estimator of the variance is given by:

̂var(β̂)cluster =
[
1

N1

]2 N1∑
j=1

Ŵj

2
+

[
1

N0

]2 N∑
j=N1+1

Ŵj

2

Where, given the DiD residuals η̂jt:

Ŵj =
1

T − t∗

T∑
t=t∗+1

η̂jt −
1

t∗

t∗∑
t=1

η̂jt

Note that in the estimate of the variance above, the variance is calculated separately for the

treated and untreated units, and then summed. This means that, even with many untreated units,

with few (or one) treated units (or vice versa) one component of the variance trends towards 0,

as noted by MacKinnon and Webb (2017). In other words, with few or one treated unit, there

is not enough information on the errors of the treated group. This has lead econometricians to

ask how to utilize information gleaned from the untreated group to fill in this gap, so to speak.

Under a certain set of assumptions, namely that the ϵst are normal, homoskedastic, and serially

uncorrelated, appropriate test statistics can be retrieved, as shown by Donald and Lang (2007),

using any number of procedures. These include the block bootstrap proposed for the difference-
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in-difference setting by Bertrand et al. (2004), the residual-based approach proposed by Conley

and Taber (2011), and the coefficient-based randomization inference, as proposed by MacKinnon

and Webb (2020), which is identical to the permutation-based tests proposed by Abadie et al.

(2015) in cases with one treated unit. All these use information from the control groups (normally

either their residuals or estimated coefficients under the null hypothesis) to create a new estimate

of the variance.

It now appears that there are a range of procedures that can apply in settings with hetero-

geniety across clusters (wild-cluster bootstrap), and in settings with one treated unit (variants on

block bootstrap procedures and randomization inference). However, each of these approaches

runs into problems when both issues are present. In the case of the wild-cluster bootstrap, MacK-

innon and Webb (2017) provided simulation evidence that, with one treated unit, the wild cluster

bootstrap can severely under-reject (see their Figure 3 for rejection rates by the number of treated

clusters), which is the inverse of the problem for CRVE. For the procedures proposed to handle

cases with one treated unit, there are similar issues when the assumption of homoskedasticity

above does not hold. Ferman and Pinto (2019) established that if there is heterogeneity across

group size and if the treated group is large relative to the control group, then methods proposed

by Bertrand et al. (2004) and Conley and Taber (2011) will under-reject the null. This concern

also exists when using either the randomization-inference or its extension, the bootstrap-based

randomization inference procedure proposed by MacKinnon and Webb (2019): in both settings,

with one treated unit that is larger than the pool of control states the procedures under-rejects sub-

stantially (see figure 3 in MacKinnon and Webb (2020) for graphical evidence of this feature).

In response to these concerns, Ferman and Pinto (2019) developed a procedure that ex-

plicitly adjusts for heterogeniety of some known type, with the main case being the size of the
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each cluster. The procedure, building on the block-bootstrap proposed by Bertrand et al. (2004),

assumes that the sources of the heterogeneity is know; for example, that the heterogeneity comes

from variation in the number of individuals in each cluster. The authors propose explicitly ad-

justing the residuals of the control groups based on estimates of the observed heterogeneity, in

essence making the residuals of the control groups appear more similar to that of the treated

group. This procedure requires both knowing and observing the sources of the heterogeneity, a

strong assumption. A recent working paper by Hagemann (2024) proposes an alternative method,

referred to as a rearrangement test, which allows for the form of the heterogeneity to be unknown.

I have not yet implemented this methodology.

I examine the robustness of my results to all of these inference procedures, calculating a set

of p-values for my estimates in Table 2.2, which I report in Table A.15. I exclude the results for

overall employment, but the estimated effects remain statistically insignificant across all inference

procedures. First, let us consider the WCBS procedure. As would be expected, given the concern

about over-rejection from CRVE, the p-values are larger for both full-time and part-time, but the

results remain marginally statistically significant for all models, and statistically significant at the

five percent level when I include my full set of controls. This is notable, given the predictions

from MacKinnon and Webb (2017) that the WCBS procedure likely under-rejects in cases with

one treated unit. I cannot reject the null of no effect for either outcome when using the bootstrap-

based randomization inference procedure (RIWB), irrespective of whether I consider a test based

on the estimated coefficients or the t-statistics, as suggested by MacKinnon and Webb (2020).

This is not surprising, given the strong results of under-rejection for these methods under the

assumption that the sole treated cluster is larger that the pool of control clusters. One question

that this raises, which I will not address here, is why WCBS and RIWB procedures, both of
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which are expected to under-reject, do so to different degrees. Similarly, when using the block

bootstrap (BB) procedure of Bertrand et al. (2004), I cannot reject the null of no effect for any

model, as once again there is likely to be severe under-rejection in this case. However, I can

strongly reject the null for full-time work, and reject the null at the five or ten percent level for

part-time work, using the corrected BB procedure described by Ferman and Pinto (2019). For the

specification with my full set of controls my results are robust at the five percent level for both

full and part-time work using the Ferman and Pinto (2019). One concern with this procedure is

that there is heterogeneity separate from that driven by the size of the sample, meaning that the

correction does not fully address threat of under-rejection.

Taken together, these results suggest two takeaways. First, inference in this setting is dif-

ficult, and as such, any results should be viewed with some level of healthy skepticism. Second,

however, is that, even given predictions of under-rejection across a range of models, several, no-

tably the WCBS procedure and the corrected BB procedure, indicate statistical significance at

some level for these results.
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Table A.15: Triple-difference estimates of the effect of the CalEITC on annual employment, low-
education sample, with different inference procedures

(1) (2) (3) (4)
Basic Triple
Difference

Add Demographic
Controls

Add Unemployment
Controls

Add Minimum Wage
Controls

Panel A: Employed full-time in the last 12-months

ATE -2.6∗∗∗ -2.9∗∗∗ -2.7∗∗∗ -3.6∗∗∗

(0.3) (0.3) (0.5) (0.6)

Observations 588,737 588,737 588,737 588,737
CRVE P-Value 0.000 0.000 0.000 0.000
WCBS P-Value 0.102 0.052 0.018 0.054
RIWB-t P-Value 0.342 0.287 0.274 0.207
RIWB-b P-Value 0.301 0.236 0.397 0.326
BB P-Value 0.389 0.322 0.366 0.216
Corrected BB P-Value 0.026 0.010 0.001 0.000

Panel B: Employed part-time in the last 12-months

ATE 3.2∗∗∗ 3.1∗∗∗ 2.7∗∗∗ 3.1∗∗∗

(0.3) (0.3) (0.4) (0.5)

Observations 588,737 588,737 588,737 588,737
CRVE P-Value 0.000 0.000 0.000 0.000
WCBS P-Value 0.050 0.068 0.018 0.046
RIWB-t P-Value 0.128 0.125 0.204 0.139
RIWB-b P-Value 0.081 0.078 0.280 0.242
BB P-Value 0.138 0.155 0.230 0.151
Corrected BB P-Value 0.089 0.111 0.068 0.038

Triple-Difference Yes Yes Yes Yes
Add Demographic Controls No Yes Yes Yes
Add Unemployment Controls No No Yes Yes
Add Minimum Wage Controls No No No Yes

Note: This table reports the results of Equation (2.1), estimated on the sample of single women, aged 20-50, who
are US citizens, not in the armed services, not in school, who do not have a college degree, and who are not
potential qualifying children as define in Appendix A.2.2, via the American Community Survey (ACS) from 2010-
2017. Panels A, B, and C vary only in the dependent variables, which are indicators for any full-time employment
and part-time employment at any point in the last 12-months. Column 1 reports the results from the full sample,
column 2 adds demographic controls, column 3 adds the interactions between state unemployment and the number of
qualifying children, and column 4 adds the interaction between the binding state minimum wage and the number of
qualifying children. I report a series of p-values associated with each estimate. First, I report the P-value derived from
Cluster-Robust Variance Estimator (CRVE), which correspond to the standard errors under the estimates. Second, I
report the Wild-Cluster Bootstrap (WCBS) P-values, calculated using the wildbootstrap command in Stata. Third, I
report two P-values, both constructed using the Randomization Inference Wild-Cluster Bootstrap (RIWB) procedure
proposed by MacKinnon and Webb (2019). The first is based on the estimated betas (b) and the second on the
estimated t-tests (t). Fourth, I report two P-values derived from Block Boostrap (BB) procedures. The first is the
adjusted procedure proposed by Bertrand et al. (2004) and the second uses the adjustment proposed by Ferman and
Pinto (2019). * 0.10 ** 0.05 *** 0.01
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Appendix B: Chapter 3 Appendices

B.1 Additional Tables and Figures
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Figure B.1: Average elderly tax benefit across AGI brackets for single returns.

(a) Tax Liability (2019 USD)

(b) Average Tax Rate

Note: Data for these figures are derived from the SOI Databank, from 2000-2022. Each line is the average across
all states with individual income taxes, calculated using the income profiles described in Section 3.3.1. The elderly
benefit is the difference between the taxes owned (in terms of total liability or average tax rates) between our simu-
lated elderly and non-elderly individual.
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Figure B.2: Estimated Effect of Elderly HoH on Property Tax Liabilities in Georgia

Note: Data for these figures are derived from the American Community Survey (ACS) via Ruggles et al. (2023).
Plotted are the betas from a series of year-state specific models, regressing property tax rates (property tax over
property values) on property values, income, household characteristics, and an indicator for having an elderly head-
of-household (HoH). The last of these is the reported beta, and represents the effect of having an elderly HoH on
property tax rates. See Appendix B.2 for more details. The black line is the coefficients for Georgia, and the dashed
grey line is the average across all states. We see that the elderly-specific generosity in GA became more generous
over the period of 2008 through 2015.
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Table B.1: Sample composition by age and AGI

Real AGI Brackets (2019 USD)
Young (25-54) Near-Elderly (55-64) Elderly (65+)

Total
Count (rounded to nearest 1,000) Share Count (rounded to nearest 1,000) Share Count (rounded to nearest 1,000) Share

$1-$10K 156,924,000 7.6% 40,836,000 7.1% 77,364,000 14.3% 275,120,000
$10K-$25K 428,500,000 20.7% 94,359,000 16.5% 136,021,000 25.2% 658,880,000
$25K-$50K 577,000,000 27.8% 142,971,000 25.0% 121,287,000 22.4% 841,260,000
$50K-$75K 369,800,000 17.8% 109,423,000 19.1% 82,116,000 15.2% 561,340,000
$75K-$100K 218,302,000 10.5% 68,760,000 12.0% 49,207,000 9.1% 336,270,000
$100K-$200K 242,751,000 11.7% 84,275,000 14.7% 54,109,000 10.0% 381,140,000
$200K-$500K 63,555,000 3.1% 24,317,000 4.3% 15,516,000 2.9% 103,390,000
$500K-$750K 7,576,000 0.4% 3,208,000 0.6% 2,037,000 0.4% 12,820,000
$750K-$1Mil 2,927,000 0.1% 1,322,000 0.2% 853,000 0.2% 5,100,000
$1Mil+ 5,135,000 0.2% 2,577,000 0.5% 1,760,000 0.3% 9,470,000
Total 2,072,470,000 100.0% 572,048,000 100.0% 540,274,000 100.0% 3,184,792,000

Note: Data for this table are derived from the SOI Databank, from 2000 through 2019. We start with a 100 percent
sample of all individuals 25 or older in the SOI Databank, and restrict to those individuals who, for a give year t
filed taxes in year t and t − 1, for whom we observe their corrected adjusted gross income (AGI) and who report
positive AGI in year t, who did not file a Married Filing Separately return, and who is not matched to an individual
associated with a fraud claim. The figures are all based on suppressed flows (no flow with fewer than 10 individuals
is included) totals are rounded. AGI brackets are in 2019 USD.
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Table B.2: Effect of after-tax rates on inter-state migration by age without controls, via Poisson Pseudo Maximum Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+)

Elderly 1-ATR Differential -0.0024 -0.0125 -0.0020 -0.0173 -0.0086 0.0200 0.0431∗ 0.0527∗∗ 0.0468∗∗ 0.0350∗∗ 0.0464∗

(0.0180) (0.0304) (0.0345) (0.0229) (0.0203) (0.0208) (0.0204) (0.0166) (0.0169) (0.0110) (0.0203)

Observations 96311 96805 96729 96330 95380 95076 90003 62187 47215 57665 26790
Population in Sample 1494962 2528798 2268435 1516117 964631 1284561 442304 62306 26920 53375 8812
Percent effect -.239 -1.24 -.202 -1.71 -.86 2.02 4.41 5.41 4.79 3.56 4.75

Panel B: Near-Elderly (55-64)

Non-Elderly 1-ATR Differential -0.0092 -0.0163 -0.0334 -0.0435 -0.0250 0.0082 0.0275∗ 0.0117 0.0326∗ 0.0377∗∗ 0.0580∗∗∗

(0.0118) (0.0275) (0.0229) (0.0254) (0.0226) (0.0167) (0.0134) (0.0131) (0.0141) (0.0123) (0.0176)

Observations 96425 96786 96824 96767 96140 96121 91371 69692 55404 64106 31008
Population in Sample 1287717 2454713 3024718 2048480 1306447 1888677 684425 93635 39966 78095 11780
Percent effect -.914 -1.62 -3.28 -4.25 -2.47 .824 2.79 1.18 3.32 3.84 5.97

Panel C: Young (25-54)

Non-Elderly 1-ATR Differential 0.0044 0.0125 -0.0029 -0.0107 -0.0052 0.0120 0.0215 0.0165 0.0170 0.0250∗ 0.0213
(0.0074) (0.0129) (0.0134) (0.0159) (0.0176) (0.0173) (0.0146) (0.0182) (0.0157) (0.0107) (0.0153)

Observations 96900 96900 96900 96900 96881 96824 95133 78698 65683 72295 40812
Population in Sample 1.06e+07 2.10e+07 2.25e+07 1.16e+07 6225112 7306045 2075389 229200 88296 149150 19885
Percent effect .436 1.25 -.285 -1.07 -.523 1.2 2.18 1.66 1.71 2.53 2.15

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.2) using the tax measure defined in Equation (3.3). Data for this table are derived from the SOI Databank, from 2000 through 2019. We
start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t− 1, for whom we observe their corrected adjusted
gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and who is not matched to an individual associated
with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin and destination state, AGI bracket, age group,
and filing status (married or single, with other statuses included in single). The outcome variable is the count of individuals in a given if a given individual flow.
Each panel presents the results for a different age group (65+, 55-64, and 25-54), and each row for different AGI groups (assigned via year t− 1 AGI, with the AGI
brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β)− 1) are reported at the bottom of each panel. All models include flow by
filing status fixed effects. Standard errors are clustered at the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 *** p<0.001.
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Table B.3: Effect of after-tax rates on inter-state migration by age, 2 year leads, via Poisson Pseudo Maximum Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+)

Elderly 1-ATR Differential 0.0001∗ 0.0001∗ 0.0001 -0.0000 0.0000 -0.0000 0.0009 0.0060 0.0154∗ 0.0148∗ 0.0269
(0.0000) (0.0001) (0.0001) (0.0002) (0.0004) (0.0005) (0.0009) (0.0032) (0.0068) (0.0072) (0.0221)

Observations 101440 101940 101820 101420 100440 100100 94860 64411 47730 59469 24686
Population in Sample 1580974 2653050 2354129 1551623 979048 1301450 449461 63578 27526 54471 9002
Percent effect .00567 .0137 .0134 -.00402 .0035 -.00248 .0854 .599 1.55 1.49 2.73

Panel B: Near-Elderly (55-64)

Non-Elderly 1-ATR Differential 0.0001 0.0000 -0.0000 0.0000 -0.0000 -0.0001 0.0006 0.0039 0.0022 0.0235∗∗ 0.0327
(0.0000) (0.0001) (0.0001) (0.0002) (0.0003) (0.0005) (0.0007) (0.0032) (0.0060) (0.0079) (0.0184)

Observations 101540 101900 101920 101860 101200 101200 96200 73280 57881 67622 30079
Population in Sample 1361540 2578757 3155765 2108684 1332785 1917551 694857 95500 40871 80002 12080
Percent effect .00521 .00256 -.000148 .00479 -.00199 -.0141 .0618 .391 .219 2.37 3.32

Panel C: Young (25-54)

Non-Elderly 1-ATR Differential -0.0000 0.0000 0.0001 0.0000 -0.0001 -0.0000 0.0002 0.0028 0.0014 0.0070 0.0358∗∗

(0.0000) (0.0001) (0.0001) (0.0002) (0.0003) (0.0005) (0.0007) (0.0019) (0.0043) (0.0052) (0.0122)

Observations 102000 102000 102000 102000 101980 101920 100160 83076 69423 76615 42045
Population in Sample 1.14e+07 2.23e+07 2.36e+07 1.20e+07 6372861 7442881 2113447 234941 90819 154236 20583
Percent effect -.000181 .00241 .00809 .00166 -.00873 -.00255 .0243 .284 .141 .699 3.64

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.2) using the tax measure defined in Equation (3.3), using a 2-year lead of the tax variable. Data for this table are derived from the SOI
Databank, from 2000 through 2019. We start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t − 1,
for whom we observe their corrected adjusted gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and
who is not matched to an individual associated with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin
and destination state, AGI bracket, age group, and filing status (married or single, with other statuses included in single). The outcome variable is the count of
individuals in a given if a given individual flow. Each panel presents the results for a different age group (65+, 55-64, and 25-54), and each row for different AGI
groups (assigned via year t − 1 AGI, with the AGI brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β) − 1) are reported at
the bottom of each panel. All models include flow by filing status fixed effects, origin-region by destination-regions by year fixed effects, year fixed effects, and
controls for state-level population, policy, and economic characteristics, expressed as the difference between the destination and origin states. Standard errors are
clustered at the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 *** p<0.001.
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Table B.4: Effect of elderly and non-elderly after-tax rates on inter-state migration by age without controls, via Poisson Pseudo Maximum
Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+)

ETB -0.0009 -0.0117 0.0043 -0.0172 -0.0246 -0.0119 -0.0158 0.0114 0.0764 0.0002 0.6325
(0.0264) (0.0341) (0.0427) (0.0300) (0.0231) (0.0295) (0.0478) (0.0994) (0.1466) (0.0217) (0.4264)

NET -0.0080 -0.0134 -0.0089 -0.0174 0.0016 0.0327 0.0442∗ 0.0510∗∗ 0.0477∗∗ 0.0388∗∗∗ 0.0465∗

(0.0361) (0.0320) (0.0315) (0.0257) (0.0246) (0.0219) (0.0202) (0.0175) (0.0173) (0.0115) (0.0204)

Observations 96311 96805 96729 96330 95380 95076 90003 62187 47215 57665 26790
Population in Sample 1494962 2528798 2268435 1516117 964631 1284561 442304 62306 26920 53375 8812
Percent effect - ETB -.0918 -1.16 .434 -1.7 -2.43 -1.18 -1.57 1.15 7.94 .023 88.2
Percent effect - NET -.792 -1.34 -.883 -1.73 .16 3.33 4.52 5.23 4.88 3.96 4.76

Panel B: Near-Elderly (55-64)

ETB 0.0017 0.0077 0.0340 0.0022 -0.0119 -0.0121 -0.0099 0.0100 -0.0558 0.0153 -0.6609∗

(0.0181) (0.0343) (0.0396) (0.0273) (0.0223) (0.0168) (0.0249) (0.0673) (0.0874) (0.0251) (0.2915)

NET -0.0137 -0.0177 -0.0143 -0.0342 -0.0289 0.0011 0.0251 0.0137 0.0326∗ 0.0395∗∗ 0.0554∗∗

(0.0212) (0.0295) (0.0298) (0.0237) (0.0221) (0.0166) (0.0136) (0.0130) (0.0149) (0.0126) (0.0170)

Observations 96425 96786 96824 96767 96140 96121 91371 69692 55404 64106 31008
Population in Sample 1287717 2454713 3024718 2048480 1306447 1888677 684425 93635 39966 78095 11780
Percent effect - ETB .166 .776 3.46 .224 -1.18 -1.2 -.989 1 -5.43 1.55 -48.4
Percent effect - NET -1.36 -1.75 -1.42 -3.37 -2.85 .105 2.54 1.38 3.32 4.02 5.69

Panel C: Young (25-54)

ETB 0.0035 0.0082 0.0033 -0.0099 -0.0117 -0.0049 0.0149 0.0225 0.1088 0.0082 -0.2378
(0.0116) (0.0222) (0.0215) (0.0204) (0.0158) (0.0169) (0.0228) (0.0628) (0.0733) (0.0232) (0.4944)

NET 0.0060 0.0113 -0.0011 -0.0136 -0.0123 0.0078 0.0237 0.0195 0.0229 0.0272∗ 0.0236
(0.0123) (0.0165) (0.0167) (0.0151) (0.0164) (0.0168) (0.0152) (0.0161) (0.0164) (0.0118) (0.0154)

Observations 96900 96900 96900 96900 96881 96824 95133 78698 65683 72295 40812
Population in Sample 1.06e+07 2.10e+07 2.25e+07 1.16e+07 6225112 7306045 2075389 229200 88296 149150 19885
Percent effect - ETB .347 .825 .327 -.985 -1.16 -.49 1.5 2.28 11.5 .82 -21.2
Percent effect - NET .603 1.14 -.11 -1.35 -1.23 .786 2.39 1.97 2.31 2.76 2.39

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.6) using the 1-year lag of the tax measure defined in Equation (3.4) and (3.5). Data for this table are derived from the SOI Databank, from
2000 through 2019. We start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t− 1, for whom we observe
their corrected adjusted gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and who is not matched to
an individual associated with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin and destination state,
AGI bracket, age group, and filing status (married or single, with other statuses included in single). The outcome variable is the count of individuals in a given if a
given individual flow. Each panel presents the results for a different age group (65+, 55-64, and 25-54), and each row for different AGI groups (assigned via year
t − 1 AGI, with the AGI brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β) − 1) are reported at the bottom of each panel.
All models include flow by filing status fixed effects. Standard errors are clustered at the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 ***
p<0.001.
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Table B.5: Effect of after-tax rates on inter-state migration by age, 2 year leads, via Poisson Pseudo Maximum Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+)

ETB -0.0001 0.0003 0.0066 0.0028 -0.0085 -0.0326 -0.0698 -0.1139 -0.1663 0.0197 0.5511
(0.0002) (0.0017) (0.0111) (0.0227) (0.0287) (0.0289) (0.0417) (0.0698) (0.1318) (0.0238) (0.4305)

NET 0.0002 0.0001 -0.0002 -0.0001 0.0003 0.0006 0.0009 0.0038 0.0111 0.0154∗ 0.0294
(0.0003) (0.0008) (0.0007) (0.0009) (0.0010) (0.0008) (0.0010) (0.0033) (0.0078) (0.0074) (0.0219)

Observations 101440 101940 101820 101420 100440 100100 94860 64411 47730 59469 24686
Population in Sample 1580974 2653050 2354129 1551623 979048 1301450 449461 63578 27526 54471 9002
Percent effect - ETB -.00787 .0303 .663 .28 -.846 -3.21 -6.74 -10.8 -15.3 1.99 73.5
Percent effect - NET .0229 .00586 -.0222 -.0126 .0306 .0551 .0931 .377 1.11 1.55 2.98

Panel B: Near-Elderly (55-64)

ETB -0.0001 0.0001 0.0101 0.0116 0.0026 -0.0098 -0.0575∗ -0.0887 -0.2078∗ 0.0184 -0.1172
(0.0003) (0.0018) (0.0190) (0.0242) (0.0236) (0.0172) (0.0277) (0.0488) (0.1053) (0.0156) (0.3650)

NET 0.0002 -0.0000 -0.0006 -0.0004 -0.0001 0.0000 0.0006 0.0017 -0.0044 0.0235∗∗ 0.0324
(0.0004) (0.0007) (0.0011) (0.0009) (0.0008) (0.0006) (0.0007) (0.0030) (0.0054) (0.0077) (0.0180)

Observations 101540 101900 101920 101860 101200 101200 96200 73280 57881 67622 30079
Population in Sample 1361540 2578757 3155765 2108684 1332785 1917551 694857 95500 40871 80002 12080
Percent effect - ETB -.012 .0141 1.01 1.16 .265 -.975 -5.59 -8.49 -18.8 1.85 -11.1
Percent effect - NET .023 -.00226 -.0554 -.0363 -.00822 .000494 .061 .169 -.436 2.37 3.3

Panel C: Young (25-54)

ETB -0.0003 -0.0003 0.0001 0.0032 -0.0033 -0.0133 -0.0237 0.0094 -0.0990 0.0124 0.1379
(0.0007) (0.0032) (0.0204) (0.0227) (0.0164) (0.0167) (0.0213) (0.0391) (0.0729) (0.0104) (0.2495)

NET 0.0003 0.0002 0.0001 -0.0001 -0.0000 0.0002 0.0002 0.0028 -0.0016 0.0076 0.0404∗∗

(0.0008) (0.0013) (0.0012) (0.0009) (0.0006) (0.0006) (0.0007) (0.0020) (0.0046) (0.0051) (0.0127)

Observations 102000 102000 102000 102000 101980 101920 100160 83076 69423 76615 42045
Population in Sample 1.14e+07 2.23e+07 2.36e+07 1.20e+07 6372861 7442881 2113447 234941 90819 154236 20583
Percent effect - ETB -.0259 -.034 .00936 .316 -.326 -1.32 -2.35 .94 -9.43 1.25 14.8
Percent effect - NET .0299 .0167 .0098 -.00923 -.000236 .019 .0237 .277 -.156 .758 4.12

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.6) using a two-year lead of the tax measures defined in Equation (3.4) and Equation (3.5). Data for this table are derived from the SOI
Databank, from 2000 through 2019. We start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t − 1,
for whom we observe their corrected adjusted gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and
who is not matched to an individual associated with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin
and destination state, AGI bracket, age group, and filing status (married or single, with other statuses included in single). The outcome variable is the count of
individuals in a given if a given individual flow. Each panel presents the results for a different age group (65+, 55-64, and 25-54), and each row for different AGI
groups (assigned via year t − 1 AGI, with the AGI brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β) − 1) are reported at
the bottom of each panel. All models include flow by filing status fixed effects, origin-region by destination-regions by year fixed effects, year fixed effects, and
controls for state-level population, policy, and economic characteristics, expressed as the difference between the destination and origin states. Standard errors are
clustered at the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 *** p<0.001.
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Table B.6: Effect of elderly-specific after-tax rates on inter-state migration across the elderly, 2-year leads, via Poisson Pseudo Maximum
Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly, 65-74

ETB -0.0001 0.0003 0.0101 0.0076 -0.0063 -0.0329 -0.0848 -0.1875∗ -0.2654 0.0266 0.7273
(0.0003) (0.0024) (0.0149) (0.0239) (0.0291) (0.0279) (0.0448) (0.0770) (0.1481) (0.0305) (0.4594)

NET 0.0002 0.0001 -0.0005 -0.0002 0.0004 0.0004 0.0011 0.0021 0.0134 0.0210∗ 0.0389
(0.0004) (0.0011) (0.0010) (0.0010) (0.0010) (0.0008) (0.0010) (0.0032) (0.0081) (0.0094) (0.0240)

Observations 100560 101500 101440 100760 98620 98180 90044 56843 40071 51016 19839
Population in Sample 894499 1498453 1421023 994384 661702 913040 311883 43330 18533 36740 6230
Percent effect - ETB -.00968 .0301 1.02 .763 -.63 -3.24 -8.13 -17.1 -23.3 2.7 107
Percent effect - NET .0216 .00547 -.0452 -.0249 .0378 .0365 .112 .206 1.35 2.12 3.97

Panel B: Elderly, 75+

ETB -0.0001 0.0000 0.0003 -0.0060 -0.0118 -0.0210 -0.0209 0.0741 0.1319 0.0006 0.2515
(0.0005) (0.0012) (0.0081) (0.0221) (0.0299) (0.0309) (0.0384) (0.1033) (0.1963) (0.0368) (0.7357)

NET 0.0003 0.0002 0.0001 0.0001 0.0001 0.0009 0.0006 0.0091 0.0064 0.0051 0.0062
(0.0007) (0.0006) (0.0005) (0.0009) (0.0010) (0.0009) (0.0012) (0.0054) (0.0103) (0.0095) (0.0319)

Observations 99320 101200 100660 99240 95320 95360 81975 42599 27092 38291 10122
Population in Sample 686475 1154597 933106 557239 317346 388410 137578 20248 8992 17731 2762
Percent effect - ETB -.00761 .00203 .0282 -.596 -1.17 -2.08 -2.06 7.69 14.1 .0635 28.6
Percent effect - NET .0252 .0151 .0126 .00785 .0115 .0874 .0555 .911 .639 .507 .626

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.6) using the two-year lead of the tax measure defined in Equations (3.4) and (3.5). Data for this table are derived from the SOI Databank,
from 2000 through 2019. We start with a 100 percent sample of individuals 25 years or older who, for a give year t, filed taxes in year t and t − 1, for whom
we observe their corrected adjusted gross income (AGI) and who report positive AGI in year t, who did not file a married filing separately return, and who is
not matched to an individual associated with a fraud claim. These data are collapsed to create a count of individuals in a given flow, defined by year, origin
and destination state, AGI bracket, age group, and filing status (married or single, with other statuses included in single). The outcome variable is the count of
individuals in a given if a given individual flow. Each panel presents the results for a different age group (65-74, and 75+), and each row for different AGI groups
(assigned via year t−1 AGI, with the AGI brackets in 2019 real USD). The conversion of the coefficients into percent terms (exp(β)−1) are reported at the bottom
of each panel. All models include flow by filing status fixed effects, origin-region by destination-regions by year fixed effects, year fixed effects, and controls for
state-level population, policy, and economic characteristics, expressed as the difference between the destination and origin states. Standard errors are clustered at
the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 *** p<0.001.
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Table B.7: Effect of after-tax rates on inter-state migration by among Elderly, dropping no-IIT states, via Poisson Pseudo Maximum
Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+), Basic

Elderly 1-ATR Differential -0.0004 0.0072 0.0226 0.0095 0.0109 0.0036 0.0263∗ 0.0467∗∗ 0.0607∗∗∗ -0.0064 -0.0077
(0.0095) (0.0183) (0.0199) (0.0180) (0.0165) (0.0150) (0.0130) (0.0154) (0.0180) (0.0123) (0.0319)

Observations 68362 68590 68514 68286 67640 67507 63705 42897 30817 38604 13549
Population in Sample 939298 1520534 1332186 876394 551328 726945 238642 30465 12607 23898 3714
Percent effect - elderly -.0381 .724 2.28 .95 1.09 .36 2.66 4.79 6.26 -.64 -.767

Panel B: Elderly (65+), ETB + NET

ETB -0.0067 -0.0025 0.0141 -0.0007 -0.0201 -0.0439∗ -0.0423 -0.0058 0.0946 -0.0257 -0.5242
(0.0098) (0.0229) (0.0253) (0.0248) (0.0219) (0.0209) (0.0302) (0.0681) (0.1463) (0.0329) (0.5090)

NET 0.0169 0.0210 0.0336 0.0190 0.0328 0.0223 0.0272∗ 0.0439∗∗ 0.0620∗∗∗ -0.0047 -0.0072
(0.0220) (0.0213) (0.0197) (0.0211) (0.0189) (0.0161) (0.0130) (0.0148) (0.0181) (0.0149) (0.0321)

Observations 68362 68590 68514 68286 67640 67507 63705 42897 30817 38604 13549
Population in Sample 939298 1520534 1332186 876394 551328 726945 238642 30465 12607 23898 3714
Percent effect - ETB -.666 -.252 1.42 -.0749 -1.99 -4.29 -4.14 -.582 9.93 -2.53 -40.8
Percent effect - NET 1.7 2.12 3.42 1.92 3.33 2.26 2.76 4.49 6.4 -.464 -.714

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.2) using the tax measure defined in Equation (3.3), using a 1-year lag of the tax variable, with geographic data pulled from the F1040
Zipcodes. Data for this table are derived from the SOI Databank, from 2000 through 2019. We start with a 100 percent sample of individuals 25 years or older
who, for a give year t, filed taxes in year t and t− 1, for whom we observe their corrected adjusted gross income (AGI) and who report positive AGI in year t, who
did not file a married filing separately return, and who is not matched to an individual associated with a fraud claim. These data are collapsed to create a count of
individuals in a given flow, defined by year, origin and destination state, AGI bracket, age group, and filing status (married or single, with other statuses included
in single). The outcome variable is the count of individuals in a given if a given individual flow. Each panel represents a different specification for the elderly,
and each row for different AGI groups (assigned via year t − 1 AGI, with the AGI brackets in 2019 real USD). The conversion of the coefficients into percent
terms (exp(β) − 1) are reported at the bottom of each panel. All models include flow by filing status fixed effects, origin-region by destination-regions by year
fixed effects, year fixed effects, and controls for state-level population, policy, and economic characteristics, expressed as the difference between the destination and
origin states. Standard errors are clustered at the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 *** p<0.001.
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Table B.8: Effect of after-tax rates on inter-state migration by among Elderly, using F1040 Zip Codes, via Poisson Pseudo Maximum
Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
$1-$10K $10K-$25K $25K-$50K $50K-$75K $75K-$100K $100K-$200K $200K-$500K $500K-$750K $750K-$1M $1M-$5M $5M+

Panel A: Elderly (65+), Basic

Elderly 1-ATR Differential 0.0235 0.0109 0.0163 0.0062 0.0024 0.0169 0.0366∗ 0.0406∗ 0.0034 0.0187 -0.0629
(0.0138) (0.0213) (0.0141) (0.0195) (0.0144) (0.0143) (0.0158) (0.0182) (0.0169) (0.0154) (0.0349)

Observations 94715 96292 96444 95855 94031 94639 87287 51699 34579 44213 12265
Population in Sample 1049048 1842955 1700783 1147751 733713 1002944 338250 44301 18902 33979 4729
Percent effect 2.38 1.09 1.64 .625 .237 1.7 3.73 4.14 .336 1.89 -6.09

Panel B: Elderly (65+), ETB + NET

ETB 0.0184 0.0024 0.0077 0.0034 -0.0165 -0.0231 -0.0271 -0.0334 -0.0104 0.0238 -1.1156∗

(0.0141) (0.0255) (0.0175) (0.0297) (0.0193) (0.0193) (0.0408) (0.0885) (0.2232) (0.0383) (0.4908)

NET 0.0466∗ 0.0233 0.0270 0.0090 0.0169 0.0392∗ 0.0415∗∗ 0.0395∗ 0.0053 0.0188 -0.0637
(0.0186) (0.0196) (0.0145) (0.0164) (0.0147) (0.0158) (0.0151) (0.0172) (0.0182) (0.0168) (0.0362)

Observations 94715 96292 96444 95855 94031 94639 87287 51699 34579 44213 12265
Population in Sample 1049048 1842955 1700783 1147751 733713 1002944 338250 44301 18902 33979 4729
Percent effect - ETB 1.85 .245 .777 .336 -1.63 -2.29 -2.67 -3.29 -1.03 2.4 -67.2
Percent effect - NET 4.77 2.36 2.73 .902 1.7 3.99 4.23 4.03 .53 1.89 -6.17

Note: This table reports the results of the Poisson Pseudo Maximum Likelihood estimation of the effect of changes in after-tax rates on inter-state migration,
estimated via Equation (3.2) using the tax measure defined in Equation (3.3), using a 1-year lag of the tax variable, with geographic data pulled from the F1040
Zipcodes. Data for this table are derived from the SOI Databank, from 2000 through 2019. We start with a 100 percent sample of individuals 25 years or older
who, for a give year t, filed taxes in year t and t− 1, for whom we observe their corrected adjusted gross income (AGI) and who report positive AGI in year t, who
did not file a married filing separately return, and who is not matched to an individual associated with a fraud claim. These data are collapsed to create a count of
individuals in a given flow, defined by year, origin and destination state, AGI bracket, age group, and filing status (married or single, with other statuses included
in single). The outcome variable is the count of individuals in a given if a given individual flow. Each panel represents a different specification for the elderly,
and each row for different AGI groups (assigned via year t − 1 AGI, with the AGI brackets in 2019 real USD). The conversion of the coefficients into percent
terms (exp(β) − 1) are reported at the bottom of each panel. All models include flow by filing status fixed effects, origin-region by destination-regions by year
fixed effects, year fixed effects, and controls for state-level population, policy, and economic characteristics, expressed as the difference between the destination and
origin states. Standard errors are clustered at the origin-year, destination-year, and flow level * p<0.05 ** p<0.01 *** p<0.001.
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B.2 Dataset Construction

As discussed in Section 2.4.2, the data for this project are constructed using confidential

IRS tax records, including both tax returns and information returns, linked to social security birth

and death records. This appendix describes the process for constructing both the state-to-state

flows and the individual-level sample used in this paper.

To construct our datasets, we loop over each year from 2000 through 2022. Table XX

shows the sample size at each stage of this process for a selection of representative years. For

each year (t), we preform the following process. First, we begin with the Statistics SOI Databank

(Chetty et al., 2018), drawing the universe of individuals in year t who were (a) over 22, (b) who

filed taxes, and (c) for whom the primary filer’s Taxpayer Identification Number (TIN) was valid.

From this dataset, we obtain information on the demographics of the taxpayer, including their

gender, date of birth, and date of death, from the Social Security Administration, as well as select

information from their F1040 and information returns. Second, we check to see that key variables

(filing status, date of birth, etc...) are present, and make sure that we observe the correct number

of filers based on a return’s filing status. We drop individuals who are recorded as both primary

filer and spouse on a return, or who are on a return with the incorrect number of filers. Third,

given the need to observe location information over two years to measure migration, we draw the

universe of individuals from year t−1, using the same criteria as in year t. We then match the year

t and t− 1 samples on masked TINs, and drop those individuals not observed in both years. This

is the step that reduces the sample the most, by between XX and YY million individuals per year.

Fourth, we merge in a computed AGI variable for year t− 1 from a separate IRS database, which

corrects several potential inaccuracies on F1040 forms, and use this variable when present. Fifth,
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Table B.9: Elderly Benefit Cost Estimate for 2019

State State IIT Revenue via DQS State IIT Revenue via TAXSIM Gap Gap
(Millions 2019 USD) (Millions 2019 USD) (Millions 2019 USD) (Percent of DQS)

Alaska - - - 0%
Alabama 4,195 2,427 (1,768) -42%
Arkansas 3,012 1,913 (1,099) -36%
Arizona 5,357 3,875 (1,482) -28%
California 100,080 84,078 (16,002) -16%
Colorado 8,172 5,790 (2,382) -29%
Connecticut 8,446 7,688 (758) -9%
Delaware 1,741 887 (854) -49%
District of Columbia 2,299 1,928 (371) -16%
Florida - - - 0%
Georgia 12,177 8,705 (3,472) -29%
Hawaii 2,568 1,984 (584) -23%
Iowa 4,098 2,556 (1,542) -38%
Idaho 1,669 1,576 (93) -6%
Illinois 18,762 14,322 (4,440) -24%
Indiana 8,853 3,447 (5,406) -61%
Kansas 3,778 2,607 (1,172) -31%
Kentucky 4,629 2,885 (1,744) -38%
Louisiana 3,833 2,427 (1,406) -37%
Massachusetts 17,151 11,912 (5,239) -31%
Maryland 10,067 6,883 (3,184) -32%
Maine 1,709 1,233 (476) -28%
Michigan 10,150 6,480 (3,670) -36%
Minnesota 12,400 8,585 (3,815) -31%
Missouri 6,588 4,688 (1,900) -29%
Mississippi 1,968 1,223 (746) -38%
Montana 1,413 1,023 (390) -28%
North Carolina 13,259 8,595 (4,664) -35%
North Dakota 415 253 (163) -39%
Nebraska 2,546 1,800 (746) -29%
New Hampshire 123 87 (35) -29%
New Jersey 15,903 15,590 (313) -2%
New Mexico 1,590 1,025 (565) -36%
Nevada - - - 0%
New York 48,087 36,428 (11,659) -24%
Ohio 9,313 6,612 (2,701) -29%
Oklahoma 3,565 2,373 (1,193) -33%
Oregon 9,847 5,414 (4,433) -45%
Pennsylvania 13,517 8,222 (5,295) -39%
Rhode Island 1,376 976 (401) -29%
South Carolina 4,759 3,933 (826) -17%
South Dakota - - - 0%
Tennessee 202 101 (101) -50%
Texas - - - 0%
Utah 4,979 2,955 (2,024) -41%
Virginia 14,918 9,743 (5,174) -35%
Vermont 861 623 (238) -28%
Washington - - - 0%
Wisconsin 8,760 6,372 (2,388) -27%
West Virginia 2,097 1,130 (966) -46%
Wyoming - - - 0%
Total 411,235 303,356 (107,878) -26%

Note: This table compares the estimates of total state individual income tax benefits for 2019, using data from
the SOI Databank, other IRS sources, and the State and Local Finance (SLFI) Data Query System (DQS) (The
Urban Institute and The Urban-Brookings Tax Policy Center, 2024). The methodology using the IRS data and
TAXSIM under-estimates total individual income tax (IIT) revenues relative to the estimates from the US Census of
Governments, collected and organized by SLFI DQS (reported in millions of real 2019 USD). This could be due to
sample restrictions implemented within the IRS, under-claiming of state tax programs, or several other reasons. The
gap is why we express our results in percent terms.
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we drop individuals who are older than 120 as unrealistic, and younger than 25 as potentially

impacted by post-college moves. Sixth, using information the IRS has on recorded instances of

fraud, we drop any TIN that has been associated with a fraudulent tax return in any tax year.

With this sample, we begin the process of cleaning the observed ZIP codes. We have six

ZIP codes at this point: for both the current year (t) and the prior year (t − 1), we have the

ZIP codes on the F1040, the most common ZIP code on all information returns, and the SUPER

ZIP, which combines the previous two, preferencing the information return ZIP code. We mostly

use the 5-digit ZIP code, and only using the 9-digit ZIPs when a 5-digit ZIP code straddles two

states (this is true for 137 ZIP codes in 2020). For the 5-digit ZIP codes, we trim the variables to

eliminate leading and lagging spaces, then make sure they have the correct number of digits, are

not recorded as ”00000”, and do not contain non-numeric symbols. In the case of the incorrect

number of digits, if the 5-digit ZIP is has too-many digits, we use the first five, but in all other

cases we record the ZIPs as missing. We preform similar cleaning procedures on the 9-digit ZIPs.

At this stage, we have the baseline dataset of individuals that we use to either construct the

state-to-state flows, the tax profiles, or the individual-level sample.

B.2.1 Flow-level data

For the flow-level dataset, we first restrict the sample to those individuals who are not miss-

ing their SUPER ZIP (which means we can observe at least one ZIP-code for the individual). We

then proceed to loop over the six ZIP-codes mentioned above to determine the state of residence,

using the 5-digit ZIP for those ZIP-codes that are completely within a given state, and the 9-digit

ZIPs otherwise. If the first five digits of the 9-digit ZIP do not match 5-digit ZIP code, we assume
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that the 9-digit ZIP-code is incorrect, and use the 5-digit ZIP code plus ”0000”. We then collapse

the individual-level data to the state (t) by state (t − 1) by filing status by year by age group

by AGI group by homeowner level. We construct this flow file for our three separate ZIP-codes

(SUPER, F1040, and information-returns), and for two different ways of identifying AGI. First,

we use the unchanged AGI, and second, we add back in certain sources of eldelry-specific in-

come that are untaxed and therefore not included in AGI; namely, income from social security,

pensions, and IRA distributions. This creates six files.

For the poisson regression analysis, we also drop those individuals with negative or $0 in

prior-year AGI, those with married filing separately filing status, and restrict the data to 2000

through 2019 who moved between states in a given year.

B.2.2 Income profiles

To construct our income profiles, we start with the baseline dataset discussed above. For

each year, we select a random sample of 1,000 tax units for every AGI group by age group (elderly

and non-elderly) by filing status (single, married filing jointly, married filing separately) group.

For these selected returns, we compile the required information to calculate their federal and state

individual income tax liability, using the NBER TAXSIM model (V35). For most elements of

required by the calculator, we can obtain the required information from the SOI Databank, but for

several (childcare costs and capital gains) we pull information from other IRS databases. Below

we detail a few of the assumptions made in this process.

First, we assume that elderly individuals have no dependents (which is on average true for

our sample, and for non-elderly individuals we use information of claiming of qualified child care
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expenses, personal exemptions, and EITC claiming to estimate the number and age of dependents

(up to 3). Second, for wages and self-employment income, we apportion total amounts reported

on the 1040 to each spouse for married returns proportional to income of each type reported on

information returns (W2s, 1099 MISCs, etc...). Third, due to outliers in the tax data, we cap the

maximum amount of taxable and gross social security income at the 99.9th percentile. Finally,

we assume several TAXSIM variables are equal to 0 (other non-property income, rent paid, real

estate taxes paid, active S-Corp income, and primary and secondary Qualified Business Income

(QBI) and Specialized Service Trade / Business Income (SSTB)).

After constructing the income profiles, we take the average of the 1,000 returns to create a

representative taxpayer for each year, AGI group, filing status, and age group. To abstract from

noise in the annual measures of income in each sample, we take the average income values (after

adjusted for inflation) for each marital status, age, and AGI group across the entire period (2000-

2022). This creates a representative sample of taxpayers for each group across our sample. In

order to provide a sense of the relative benefit the tax code of a given state might provide to the el-

derly, we create an alternative version of each of these taxpayers that is non-elderly, by assigning

each elderly individual (and their spouse, in the case of the married filing jointly taxpayers) to be

aged 45, and by reallocating any source of retirement income (pensions, social security, etc. . . )

to be “other non-property income”. There are a few isolated cases where NBER TAXSIM has

coded a state-specific policy in some way that interacts with other non-property income in an un-

usual way. In these cases, we reassign retirement income to be interest income. These cases are

Arkansas, Massachusetts, Missouri, Nevada, New Jersey, Pennsylvania, and Tennessee. We then

run each representative tax unit through TAXSIM for each year of our sample. By comparing the

tax liability of the elderly and non-elderly versions, we can determine the scale of the elderly tax
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preference across each state over time, abstracting from changes in the composition and level of

income.

B.2.3 Individual-level sample

For the difference-in-difference analysis, we start with the baseline dataset discussed above.

We want to construct a stratified random sample that over-samples higher-income taxpayers. To

do this, we pull a sample of every tax unit who, between 2000 and 2022, reported AGI (in real

2019 dollars) over $500,000. We then stratify the sample as follows. We take a 100 percent

sample of individuals ever on a tax return reporting over $1,000,000 in real 2019 AGI, a 50

percent sample of individuals ever on a tax return reporting over $500,000 in real 2019 AGI

(exclusive of the $1,000,000 sample), and a 20 percent sample of all other filers in the baseline

dataset. We therefore weight our difference-in-difference models using simple weights of 1, 2,

and 5 depending on the AGI groups.

B.2.4 Cost dataset

Importantly, for the calculation of the cost of elderly-specific tax policies, we want to have

a sample of tax units without some of the required restrictions applied to the migration sample.

Namely, we don’t want to limit the dataset to individuals observed in both t and t − 1. This

requires re-creating the analysis dataset for a limit number of years (2017 through 2019) without

this restriction. We follow the same process of pulling data from the SOI Databank, plus the

procedure for collecting additional data for use in TAXSIM, but for the universe of tax records.

We then limit the sample using the same stratified random sampling we used for the individual-
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level sample, and weight the resutls accordingly.

B.2.5 Construction of controls

Our Poisson models use a range of control variables, encompassing demographic, eco-

nomic, and policy characteristics that could potentially both impact migration decisions and be

correlated with elderly-specific individual income tax policies. In this subsection, we discuss

the sources and creation of these variables. First, we get data on state-by-year-by-age group

population estimates from the Centers For Disease Control (CDC) WONDER Online database.

We use the 2020 Vintage of the Bridged-Race Population Estimates, produced by the National

Center for Health Statistics, based on the estimates of the July 1st resident population of the

United States, accessed via: https://wonder.cdc.gov/bridged-race-v2020.html. We use only data

on states and age groups. Second, we get data on new mortgages issued from 1998 through

2022 via the Federal Housing Finance Agency’s National Mortgage Database. In particular,

we download data on New Residential Mortgage Statistics for all markets at the state level

via https://www.fhfa.gov/data/national-mortgage-database-aggregate-statistics. In our model, we

convert this into per-capita terms, and control for the difference between origin and destination

states. Third, we obtain data on state and local revenue and expenditures by state and source

collected via the Census of Governments and organized by the Urban Institute’s State and Local

Finance Initiative https://state-local-finance-data.taxpolicycenter.org/pages.cfm. Here, we have

data from 1995 through 2021. Again, these are converted into per-capita terms and included

as controls as the difference between origin and destination states. Fourth, we pull data on

state-level unemployment from the State Economic Monitor, created by the Urban Institute’s
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State and Local Finance Initiative, which itself pulls data from the Bureau of Labor Statistics

https://apps.urban.org/features/state-economic-monitor/.

We also include two set of controls designed to account for state-level elderly-specific tax

breaks. The first is a set of indicators for the presence of specific types of eldelry-specific property

tax programs, derived from data collected by the Lincoln Institute of Land Policy as part of their

Significant Features of the Property Tax program https://www.lincolninst.edu/data/significant-

features-property-tax/access-database/residential-property-tax-relief-programs/. As these data be-

gin in 2006, we assume that there are no changes in these indices between 2000 and 2006. Sec-

ond, we construct a measure of the elderly-specific property tax benefit at the state level using

American Community Survey (ACS) Data from 2001 through 2022. The ACS is designed as a

1 percent sample of the US population, and asks a range of questions regarding individual and

household demographic and economic characteristics.1 Importantly, this includes information

about home ownership, property values, and property taxes paid. We construct a simple model

where we predict the effect of being elderly on a household’s property tax liability, controlling

for property values and other characteristics.

Beginning with ACS data from 2000-2022, obtained via IPUMS (Ruggles et al., 2023), we

limit the sample to ACS households (i.e. we are using a household-level weighted sample) who

owned their own home, were not in group quarters, who did not move out of state in a given year,

who report positive home value and household income, and who do not have imputed property tax

or household value characteristics. For each year and state, we separately estimate the following

model:
1The ACS was rolled out between 2000 and 2005, and for this period had a smaller sample, but was still designed

to be representative at the state level.
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τhst = α + βEhst + F (Vhst) + F (Ihst) + Vethst + Dishst + ϵhst

Where τhst is the property tax rate for a given households, defined as the property tax

divided by the property value, Ehst is an indicator equal to one if the household head is over

62 years old (the normal age cutoff for elderly-specific property tax breaks), F (.) is a quadratic

function applied to both household value hhst and household income Ihst, and Vethst and Dishst

are indicators for the household head being either a veteran or disabled, two other groups with

targeted property tax breaks. The coefficient beta captures the degree to which households with

an elderly head pays a higher or lower property tax rate. Figure B.3 plots the average across states

of β under two different modeling approaches: using the characteristics of the household head to

determine the elderly, veteran, and disabled indicators, and using the presence of any individuals

in a household who are elderly, veterans, or disabled. The results are similar: there are a wide

range of elderly indicators, though the average beta is negative (meaning elderly households

pay lower property taxes) and the median value trends downwards over time. Importantly, there

are some large outliers, like Texas and and New York, that appear in this figure with large (in

magnitude) negative betas.
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Figure B.3: Elderly Property Tax Differentials By Year and Method

Note: This figure reports the average across states of the betas on the elderly indicator in the regression run on
the 2000-2021 ACS sample. The ”HH Head” model bases the elderly, veteran, and disabled indicators on the
characteristics of the household head, while the ”Any in HH” model uses the presence of any individual in the
household with those characteristics.
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Appendix C: Chapter 4 Appendices

C.1 Additional Tables and Figures

Table C.1: Estimates of the top 1 percent share, varying Rc
1t and Ec

1t, 1962-2014

Income Excl. Misreporting Assn. 2.1 (AS) Assn. 2.2 (PSZ) Assn. 2.3 (Us)

Reported Fiscal Income
1962 8.3 8.9 9.0 8.9
2014 17.8 17.7 20.2 19.9

Change 9.5 8.8 11.3 11.0

Pre-Tax National Income (AS)
1962 10.8 11.1 11.2 11.2
2014 14.1 14.2 15.9 15.6

Change 3.3 3.0 4.7 4.5

Pre-Tax National Income (PSZ)
1962 12.5 12.8 12.9 12.8
2014 17.4 17.3 19.0 18.8

Change 4.8 4.5 6.1 5.9

Notes: This table reports the top 1 percent shares of income (Y c
1t) for 1962 and 2014 (following Table 4 in Auten

and Splinter (2024)), as well as the increase in the top 1 percent share (in percentage points) over this period. Each
panel corresponds with a different estimate of Rc

1t, and each column with a different estimate of Ec
1t, or the pre-

misreporting top 1 percent share of reported fiscal income or pre-tax National Income under the assumptions of AS
and PSZ.
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Figure C.1: Evaluating Assumption 1: RR
1t = Rc

1t

(a) Shares of reported and misreported income across income
bins, ranked by either reported or exam-corrected income
(2006-2013)

(b) Dynamics of top one percent of reported income ranked by
corrected and reported income

Note: This figure examines Assumption 1: that the top one percent share of reported income ranked by reported
income is the same as the top 1 percent share of reported income when ranked by corrected income. The first panel
plots the shares of reported and misreported income through the distribution, using NRP data for tax years 2006–2013
from (Guyton et al., 2023a). We include only audit-detected under-reporting (no Detection Controlled Estimation).
The solid lines represent income measures sorted by exam-corrected income percentiles, while the dashed lines
represent income measures sorted by reported-income percentiles. We observe that the concentration of reported
income is unaffected by re-ranking, which suggests that our allocation does not create mechanical bias by imposing
unrealistic structure on reranking. We also observed that the distribution of unreported income is impacted: with a
larger portion of unreported income allocated further up the distribution when ranking by exam-corrected income.
The second panel plots the top 1 percent share of reported income ranked by reported (solid black) or exam-corrected
(gray) income, using DINA data. The right-hand-side axis plots the difference between the two. The gap between
the two is small (less than 0.2 percentage points in all periods), and shows some variability over time.
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Figure C.2: Reported non-wage income shares of total fiscal income

Notes: The data from these figures is derived from supplemental data provided by Auten and Splinter (2024) on
NIPA totals by year and type of income. Overall, non-wage business income as a share of fiscal income fell between
1960 and 1980, driven mainly in a reduction in sole proprietors’ income. Following that period, partnership and
s-corporate income shares grow substantially.
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Figure C.3: Effect of misreporting on the top one percent share of fiscal income and pre-tax
National Income

Notes: This figure plots the difference between the top 1 percent share of fiscal income (solid lines) or pre-tax
National Income (dashed lines) excluding capital gains and the estimates of Y c

1t derived from assumptions 2.1 (AS)
and 2.2 (PSZ).
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Figure C.4: Misreporting share of Income by Type, Assumption, and Place in Distribution

(a) Non-Wage Income

(b) Wage Income

Notes: This figure plots the misreporting share of wage and non-wage income for the top 1 percent and bottom 99
percent of the fiscal income distribution, under Assumption 2.2 and 2.3. We do not have separate estimates of Ec

1jt

under Assumption 2.1.
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C.2 Additional Details on Auten and Splinter’s Methodology

Following PS, AS begins with a set of annual stratified random samples of tax returns, from

which the distribution of income in tax data (referred to as fiscal income) is readily observable

at the tax unit level. From this starting point, they employ a process of adjustments, additions,

and subtractions to produce a measure of income for each household that is consistent with the

income concepts reported in NIPA. The whole process employed by AS can be broken down into

five stages, detailed in AS’s appendix table B2.

Step 1: Improving fiscal income. This step involves adjustments to the IRS samples that can be

completed using information from the IRS. Some are adjustments to the sample construction to

account for the difference between tax units and households1 (e.g. removing filers under 20 or

who are dependents). Others add or remove types of income to and from Adjusted Gross Income

(AGI) to bring fiscal income more in line with the BEA income concepts (e.g. adding tax exempt

interest and excluded dividends, removing capital gains).

Step 2: Expansions to pre-tax income. Several components of pre-tax income are not directly

observed on tax returns. The adjustments in this stage aim to allocate income from such compo-

nents to individual tax returns based on related information reported on tax returns (for example,

allocating imputed rent in proportion to deducted real-estate taxes). This subsection includes

the allocation of under-reported income and excess depreciation/LEBI, which is the focus of this

1Tax units are groups of individuals who report their income on the same tax return, or who would have done
so if they are nonfilers. Dependents living in separate households can be part of the same tax unit, while unmarried
cohabiting adults can be in the same household and different tax units. We do not engage here with the question
of accounting for the difference between tax units and households, which is the source of a quantitatively minor
disagreement between the estimates.
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comment.

Step 3: Adding transfers to pre-tax income. Adjustments in this stage allocate government

transfers, such as social security benefits, unemployment insurance benefits, and the value of

health insurance, to tax units based on either reported benefits or demographic characteristics.

Step 4: Calculating after-tax income. In this stage, the value of federal, state, and local taxes

are subtracted from the income of tax units.

Step 5: Adding value from government sector to after-tax income. Finally, the value of govern-

ment deficits and surpluses, as well as government consumption, is added to individual income.

We are interested in the expansion to pre-tax income in stage 2 from the inclusion of mis-

reported income, which is income that should appear on a tax return but is not present. This can

be due either to intentional evasion or to misunderstanding, ambiguities in tax rules, or other less

nefarious causes. In determining how to account for this gap in the calculation of the distribu-

tion of income, there are two critical questions: how big is the gap, and how should the missing

dollars be distributed among households?

AS start by calculating the gap between NIPA- and tax-reported total income for each of

five different types of income: wages and salaries, rental income, S-corporation income, farm

income, and nonfarm proprietor income. For income type j in tax year t, the gap is calculated as:

Gjt = Y NIPA
jt −

∑
i

yijt,

where Y NIPA
jt is the NIPA total in year t for income type j, and

∑
i yijt is the total income amount
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observed on tax returns (i) for the same income type and year, after adjustments made in stage

1 or 2.2 With one exception we describe shortly, their approach assumes that these differences

are entirely driven by misreporting, and that the gap between NIPA and tax-reported income is

an accurate estimate of under-reporting.

Two complicating factors are worth noting. First, NIPA does not rely on tax data to estimate

total income from rents, S corporations, or farms. Second, NIPA does include explicit adjust-

ments for under-reported income for wages and salary income and non-farm proprietor income,

using figures it obtains from the IRS based on official Tax Gap statistics (including DCE).3 How-

ever, for non-farm proprietor income, the overall gap Gt is larger than the explicit adjustment for

unreported income due to the additional adjustment NIPA makes for excess depreciation/capital

consumption.

For most of the income groups (wages, rents, s-corporations, and farm income), the gap Gjt

is assumed to be entirely composed of misreporting (Mjt). To address the second complication

above, for non-farm proprietor income (j = nfp), the gap is broken down into three categories:

misreporting, (MNIPA
jt ), adjustments for excess depreciation (DNIPA

jt ), both obtained directly

2Throughout this subsection, all values directly reported by NIPA are indicated with the superscript “NIPA;”
other variables are calculated/estimated by AS.

3In the NRP era, DCE is based on the premise that the probability of observing a given dollar of income is less
than one, but that the counterfactual where the probability is equal to one can be approximated using the variation
in auditor effectiveness. If there are some group of auditors that are 100 percent effective in finding misreported
income, and those auditors are assigned to tax units in some way uncorrelated with the probability of misreporting,
then it is possible to construct the counterfactual where all misreported income is found. There are a number of
critiques of this model - namely that auditors are not 100 percent effective and are not randomly assigned - that argue
that the DCE methodology is either an under or over estimate of the misreporting gap. In the TCMP, methdods for
estimating undetected under-reporting were more ad hoc, see Erard and Feinstein (2011).

217



from NIPA, and a residual factor. In other words:

Gjt =


Mjt if j ̸= nfp

MNIPA
jt +DNIPA

jt +Rjt if j = nfp

We focus on how AS approach the distribution of the total misreporting gap,

Mt =
∑
j

Mjt,

where MNIPA
nfp,t = Mnfp,t. This implies that the full gap between total NIPA total income and tax

income is:

Gt = Mt +DNIPA
nfp,t +Rnfp,t.

The following mainly deals with the estimation of Mt, while DNIPA
nfp,t and Rnfp,t are discussed at

the end of this subsection.

Given this estimate of the overall misreporting gap, AS decompose this gap into several

components:

Mt = (MD
t +MU

t +MNF
t ) ∗ St,

where MNF
t = 0.05 ∗ Mt is the portion (five percent) of the gap allocated to non-filers, MD

t is

the portion of misreporting that can be detected via random audit data, MU
t is the share that is

undetected but inferred via DCE, and S is a scaling factor to preserve the equality between the left

and right hand sides of the equation. The distributional implications of the misreporting gap is

derived from estimates and assumptions about how these difference components are distributed.

To estimate both the size and distribution of detected misreporting (MD
t ), AS employed

218



the methodology proposed by (Auten and Langetieg, 2023, henceforth AL) that uses information

from random audit studies – the TCMP through 1988 and the NRP from 2001 through 2013 – to

produce estimates of detected misreporting by year and reported income. AL tabulate the ratio of

corrected income to reported income by year, rank of reported income, and - importantly - ratio

groups, which are bins of the ratio of corrected to reported income. For each year and reported

income percentile bin, AL report the share of tax units in each ratio group and summary statistics

of the tax-unit-level ratio within that group. For example, one of the ratio groups contains ob-

servations with a ratio of corrected income to reported income of between 2 and 4. In 1988, AL

estimate that 0.52 percent of tax returns between the 40th and 60th percentile of reported income

were in this ratio group. For these returns in this ratio group, the average ratio is 2.56, and the

“standard error for ratio” is 0.027 – whether this refers to the standard error of their estimate of

the within-cell mean ratio or the estimated within-cell standard deviation of the ratio is unclear;

the next step requires the latter but we cannot rule out an error here. The AL estimates contain

many cell-level estimates of this kind. These estimates are the parameters of the micro-simulation

we turn to next.

The steps of the micro-simulation used to distribute MD
jt begins with tax-return level data,

and does the following:

1. For each year, rank observations by reported income, and classify observations by their

binned income percentile (p), where the bins match those reported by AL.

2. Randomly allocate observations within income percentiles to ratio groups (r) in proportion

to the share of observations in that ratio group estimated by AL in the most recent wave of

random audit data. Now each observation has been assigned an income percentile and ratio
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group.

3. Within each ratio group by income percentile by year cell, each observation is assigned a

multiplier based on a random draw from that cell’s ratio distribution, which is derived from

the cell-level parameter estimates in AL.4 (mD
it = mD(p, r, ϵ))

4. Each tax unit’s detected-misreporting-corrected income is yit ∗mD(p, r, ϵ), so MD
it = yit ∗

(mD(p, r, ϵ)− 1)

The total detected misreporting gap is the sum of the individual-level estimates of the dif-

ference between reported and corrected income:

MD
t =

∑
i

MD
it .

After simulating values for detected misreporting, AS follow the process outlined in Auten and

Splinter (2021) to simulate the size and distribution of DCE-identified undetected misreporting

MU
t . Their parametric specification, referred to as distributionally consistent gradient multipliers

(DCGM), is proposed as a correction to the process used to distribute DCE adjustments in Johns

and Slemrod (2010) and Mazur and Plumley (2007). This method entails multiplying detected

under-reporting at the individual level MD
it by a multiplier mU,DCE

it to allocate the additional

under-reporting implied by DCE:

MU,DCE
it = MD

it ∗ (mU,DCE
it − 1) = yit ∗ (mD(p, r, ϵ)− 1) ∗ (mU,DCE − 1)

4We are unable to locate a description of the specification of the assumed distribution in AS, AL, or appendices,
apart from the fact that the distribution of the ratio in each cell is “bounded by max and min ratios, and the top group
with a maximum of 125 percent of the cell mean.”
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With the original approach of Johns and Slemrod (2010), the multiplier mU,DCE
it is essentially a

constant calibrated from a different model in which auditor effects are actually estimated using

2001 NRP data.5 With DCGM, AS allow the multiplier to vary with the ratio class (r) assigned

above: mU,DCE = mU(r).6 They claim that the DCGM approach results in a more realistic

distribution, because returns with large detected under-reporting would be more likely to have

been assigned more effective auditors (so returns with higher r should get a lower multiplier

mU(r)). We are unable to ascertain exactly how AS specify the DSGM parameters (mU(r)), but

we discuss the way they validate their specified multipliers below. Unlike mD(p, r, e), mU(r)

does not vary at the taxpayer level within a ratio class.

Using these ratio-specific multipliers, AS produce simulated values of each tax unit’s un-

detected misreporting following the expression above. This is summed over all tax units to obtain

the overall undetected share of misreporting.

MU
t =

∑
i

MU
it

The last piece of this process is to add in the 5 percent of the gap assumed to be held by non-filers

and scale the resulting estimate of the misreporting gap to match the observed gap between the

tax and NIPA data.

Now we turn to the two additional components of the full NIPA gap and adjusted fis-

cal income, DNIPA
nfp,t and Rnfp,t. The latter is simply a residual, to make sure that the equation

5The Johns and Slemrod (2010) multiplier method, which was also used in the first draft of Guyton et al. (2023b),
scales detected under-reporting by one of four constants depending on the type of income and whether the tax-
payer was self-employed. See Guyton et al. (2023a) for further discussion; these authors describe this approach as
DCE2001 because the multipliers are calibrated based on 2001 NRP data.

6To limit the effect of NOL carryovers, no multiplier is applied to tax units with negative AGI.
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Gnfp,t = MNIPA
nfp,t + DNIPA

nfp,t + Rnfp,t holds. The former is designed to account for the differ-

ence between economic depreciation and the tax deduction for depreciation. As discussed in

the introduction, national accounts include an annual capital consumption adjustment for pro-

prietor income to account for this difference; AS allocate the reported annual adjustment using

two methodologies, depending on the period in question. For years prior to 1980, adjustments

are allocated proportional to reported proprietor income. After 1980, first, 85 percent of reported

expensing of sole proprietorships (and not partnerships) is added back to tax returns, then the

remainder of the NIPA capital consumption adjustment is allocated proportionally to reported

depreciation deductions of sole proprietorships (and not partnerships). The use of tax return vari-

ables pertaining to sole proprietor income to do this allocation rather than using sole proprietor

and partnership income combined likely generates the bias described at the end of the introduc-

tion, which we do not discuss further in this comment.

C.3 Treatment of negative incomes and changes to the Tax System due to 1980s

Reforms

C.3.1 Substitution Across Forms

Smith et al. (2019) estimate that about 30% of the increase in pass-through income over

time is driven by shifting in corporate forms from C corporations to pass-through businesses,

which became tax-preferred for many businesses after 1986 (see also Gordon and Slemrod (2002)).

When we switch to a National Income concept in the the final subsection of the comment, our

approach assumes C corporation misreporting is accurately accounted for in NIPA totals and ac-

curately distributed by whichever method we use to distribute non-fiscal income (we consider
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both the method of PSZ and AS). Under this assumption, if shifting away from C corporation

forms decreases misreporting in C corporations, one should expect to find a corresponding in-

crease in pass-through misreporting and therefore that misreporting as a share of fiscal income

would increase, consistent with what we impose under Assumption 2.3. However, we acknowl-

edge some quantitative uncertainty on this issue: it is not clear that Assumption 2.3 perfectly

quantifies the increase in pass-through misreporting that we expect to see when some C corp

misreporting becomes pass-through misreporting.This question contributes to the overall uncer-

tainty involved in quantifying the distribution of misreporting with limited data, as discussed at

the end of section 3.

C.3.2 Partnership Loss Shelters in the 1980s

Figure C.4 displays some odd dynamics in the mid-1980s and the same is true of some of

the sensitivity analysis that is our focus in the next part of this Appendix. Here we briefly review

what we know about the likely cause of this anomaly.

The early 1980s saw rapid growth of the use of partnership losses for tax sheltering that

were shut down by the introduction of passive loss limitation rules, and perhaps a few other

provisions that muted the benefits of the shelters, in the Tax Reform Act of 1986 (TRA86). See

Samwick (1995) for a more detailed review of the strategies involved and how TRA86 shut them

down.

The aggregate implications of these developments are that reported partnership losses grow

substantially in the first part of the 1980s and then fall precipitously after 1986. What does this

mean for our anlaysis? First, we note that these losses were not considered non-compliance
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according to Tax Gap estimates (see e.g. the TCMP-based estimates for partnerships from 1985

and 1988 in Internal Revenue Service (1996)). The corresponding adjustments for misreporting in

NIPA therefore do not include income that offsets these losses. When we estimate misreporting as

a share of corrected income for non-wage business income in Figure C.4, therefore, the increase

in reported losses shrinks the denominator of the statistic and increases the implied misreporting

shares in the early 1980s. Then the misreporting shares fall when the losses disappear after 1986.

As a result of this, how we treat negative incomes in the implementation of our distributional

neutrality assumption (Assumption 2.3) matters significantly in these years, while, as we are

about to show, it is a minor issue in most other years.

The implications of these mid-1980s partnership losses for the estimation of the distribution

of National Income generally is murky. The discussion of the relevant tax sheltering strategies in

Samwick (1995) suggests that these losses mainly reflect the re-timing of income to exploit de-

ferral: the losses were typically investment expenses that would be offset by gains, and taxpayers

abusing the shelters were accelerating losses and deferring gains to later years. In that case, it is

unclear how we should treat these losses in estimating annual economic income per NIPA totals,

let alone distributional figures. To our knowledge, there is no specific adjustment in NIPA totals

to address that these partnership losses may not reflect real economic losses in the year in which

they are reported on tax returns.

The fact that negative business incomes are often associated with tax sheltering, especially

in the mid-1980s, is closely related to the rationale PSZ provide for excluding reported busi-

ness losses from their definition of income entirely. This is a somewhat ad hoc approach, but

it prevents factors like the explosion of partnership losses in the mid-1980s from exerting much

influence on estimated inequality, and this is closely related to why, as we see below, estimates

224



using positive income per Assumption 2.3 appear appear to be better behaved in the 1980s than

estimates using perfect distributional neutrality by type of income. At the same time, we recom-

mend caution in interpreting all authors’ estimates of the Distribution of National Income around

1986 in light of this issue. The sharp changes in time series based on reported incomes after 1986

is often attributed to income-shifting between C corporation and pass-through business forms, as

discussed in the previous subsection. Such income-shifting also drives some minor differences

between PSZ and AS unrelated to misreporting. But to some extent the sharp changes in time

series we observe after 1986 are also driven by the disappearance of these losses claimed by

partnerships. We acknowledge some quantitative uncertainty around what this should imply for

estimates of National Income and its distribution in the mid-1980s. Fortunately, this does not

seem to be relevant for the main argument of our comment.

C.3.3 Sensitivity Analysis for Assumption 2.3

Here, we review some alternative approaches to the the treatment of negative business

income in the allocation of misreporting.

Figure C.5a illustrates the three series from Figure 3.1a alongside some alternatives in

which we implement an alternative version of Assumption 2.3, which recall is the following:

Assumption 2.3 (Our Preferred Approach)

Ec
1jt =

∑
i∈[Top 1 percent by r] max[rijt, 0]∑

i max[rijt, 0]
.

We first note that if rijt were everywhere positive, the above would be equivalent to Ec
1jt =

Rr
1jt, and under Assumption 1 this further implies Ec

1jt = Rc
1jt. This is the condition we called
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“perfect distributional neutrality by type of income” in the main text: that the top 1% share of

income of type j should be completely unaffected by adding misreporting to income. If we as-

sume perfect distributional neutrality by type of income when rijt can be negative, however, then

whenever we find an increase in negative income in some part of the distribution, we implicitly

add some negative misreporting to that point in the distribution with a proportional increase in

positive misreporting elsewhere.

The series in Figure C.5 labeled “including negatives” illustrates the top 1% share of mis-

reporting Ec
1j if we assume perfect distributional neutrality despite the fact that reported income

can be negative. As the preceding logic suggests, we find a larger increase in the top 1% share of

misreporting under perfect distributional neutrality, which will lead to a larger increase in the top

1% income share overall. More subtly, we note that the increase in reported partnership losses be-

fore 1986 discussed in the previous subsection causes a spike in the top 1% share of misreporting

prior to 1986 in the this series.

Our approach to handling negative incomes is thus more conservative for the increase in

the top 1% income share over time than what we would find under perfect distributional neutral-

ity by type of income. But this does not eliminate all potential concerns with Assumption 2.3,

especially if we extend our approach to examine the full distribution of income instead of just fo-

cusing on the top 1% versus the bottom 99%. To appreciate this, consider that in the bottom part

of the distribution, income is negative in the aggregate. Under perfect distributional neutrality, we

would allocate negative misreporting to this part of the distribution, and under Assumption 2.3,

we would allocate zero misreporting. The random audit data suggest that both of these would al-

locate too little under-reporting to those with negative (corrected) incomes. Guyton et al. (2023b)

Table A2 reports that about 1.4% of audit-detected mis-reporting belongs to the bottom 10% of
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the corrected fiscal income distribution, where income is negative in the aggregate. We therefore

illustrate in our sensitivity analysis two more specifications where we allocate some misreporting

to those with negative incomes. In one alternative, we use the absolute value of reported income

|rijt| in place of positive reported income in Assumption 2.3. In the other, we allocate 5% of

misreporting to the those with negative reported income of a given type (a figure conservatively

calibrated to the 1.4% figure alluded to above) and allocate the rest in proportion to positive in-

come as in Assumption 2.3. In these specifications, the top 1% share of misreported income

decreases, because we are allocating more misreporting to the bottom of the corrected income

distribution in either case. But the quantiative effects of these alterations to the specification are

very small compared to the difference between Assumption 2.3 and AS’ approach in Assumption

2.1. Moreover, with the exception of the pre-1986 issue arising under full distributional neu-

trality, we observe very similar dynamics in all of the alternatives we consider here, suggesting

this question about how we should address negative business incomes will mainly matter for the

overall level of the top 1% income share, rather than how it changes over time.

This sensitivity analysis is closely related to a point AS make in criticism of PSZ’s method

and an earlier version of this comment. Based on the sensitivity analysis here, we argue that

the way we decided to handle negative incomes in Assumption 2.3 was reasonably conservative

and the remaining uncertainty is small for the central question here about how the top 1% share

changes over time. AS observe that in random audit data, substantial under-reporting of business

income is attributable to those with negative reported incomes (see e.g. Auten and Langetieg,

2023). The main reason for this is that the largest corrections to business income in the random

audit data reflect disallowed losses due to loss limitation rules (an individual rather than entity-

level correction for pass-throughs). When such losses are disallowed, importantly, the taxpayer’s
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corrected income is typically positive, and disallowing losses can cause many taxpayers with

negative reported incomes to re-rank all the way into the top 1% by corrected income (see also

a related illustration in Guyton et al., 2023b, Figure A11). This explains why a large share of

under-reporting belongs to those with negative reported incomes in Auten and Langetieg (2023),

but a very small share belongs to those with negative corrected incomes in the numbers from

Guyton et al. (2023b) referenced above. In Table A2 of Guyton et al. (2023b), we observe

that there is also an effect due to those with negative misreporting moving downward in the

distribution when re-ranking from reported to corrected income. Naturally, how this information

in these authors’ Table A2 would change after we account for undetected misreporting is unclear.

But in the end, the available evidence suggests allocating little to no under-reporting to those

with negative corrected incomes, which is what we require under Assumption 2.3, is much more

realistic than assigning no under-reporting to those with negative reported incomes, which is what

AS suggested that we do in their response to the first draft of this comment. As such, we argue

that the way we handle negative incomes in implementing our method is a quantitatively minor

source of bias/uncertainty. By very similar logic, our analysis here suggests that AS’ criticism of

PSZ’s method overstates the bias from allocating no under-reporting to those with reported losses

and thereby overstates the quantitative importance of the excess re-ranking effect discussed in the

main text.
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Figure C.5: Sensitively to treatment of negatives incomes

(a) Share of misreporting allocated to the top 1 percent
(b) Effect of misreporting on the top 1% share of fiscal income

Notes: Panel 1 re-creates Figure 3.1a, adding several robustness checks regarding the treatment of negative non-wage income. Panel 2 re-creates Figure 3.1b, adding
the same series of robustness checks. The solid black line plots the share of total (detected and un-detected) misreporting allocated to the top 1 percent of the true
income distribution in Auten and Splinter (2025a). The dashed gray line reflects the actual assumptions made by PSZ: namely, allocating misreporting proportional
to reported positive income then re-ranking by corrected fiscal income (Piketty et al., 2018). The dashed blue line shows the effect of eliminating the re-ranking
effect, allocating misreporting proportional to reported positive income without re-ranking. The faint dotted green line shows the effect of allocating misreporting
proportional to reported total (positive and negative income without re-ranking. It rises due to the increase in negative non-wage income in the early 1980s, which
artificially increases the amount of misreporting allocated to the top 1 percent. The dot-dash purple line shows effect of allocating misreporting proportional to the
absolute value of income without re-ranking. Finally, dotted orange line allocates 95 percent of misreporting proportional to reported positive income and 5 percent
to reported negative incomes (by type of income).
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Marius Brülhart and Raphaël Parchet. Alleged tax competition: The mysterious death of bequest
taxes in Switzerland. Journal of Public Economics, 111:63–78, March 2014. ISSN 00472727.
doi: 10.1016/j.jpubeco.2013.12.009. URL https://linkinghub.elsevier.com/
retrieve/pii/S004727271300251X.

Marius Brülhart, Jonathan Gruber, Matthias Krapf, and Kurt Schmidheiny. Behavioral Responses
to Wealth Taxes: Evidence from Switzerland. American Economic Journal: Economic Policy,
14(4):111–150, November 2022. ISSN 1945-7731, 1945-774X. doi: 10.1257/pol.20200258.
URL https://pubs.aeaweb.org/doi/10.1257/pol.20200258.
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