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Abstract

Identifying the effect of tax policy on the labor supply of individuals who would work
regardless has been a longstanding empirical challenge. This paper proposes a new strategy
for identifying workers’ intensive-margin labor supply elasticity using within-year varia-
tion in anticipated year-end tax rates. I modify the standard non-linear budget set approach
to include uncertainty about future employment. With uncertainty, households must fore-
cast their annual income in order to anticipate the average and marginal tax rates that apply
to their earnings. Using survey and administrative data, I find that low-income households’
labor supply responds more to expected tax rates at the end of the year, when certainty
about annual income is greatest. I use the excess sensitivity to tax incentives near the end
of the year, relative to other periods, to estimate an intensive margin labor supply elasticity
between .08 and .18. This response is identified largely from non-linearity in the Earned
Income Tax Credit (EITC) schedule and implies a larger intensive margin response to this
program than previous estimates.
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1 Introduction

Identifying the effect of taxes on the labor supply of individuals who would work regardless
has been a longstanding empirical challenge. Despite the incredible policy relevance of this
parameter (see, e.g., Saez, 2002), the micro literature lacks reliable estimates of the intensive
margin response to tax incentives. Identification is challenging, in part, because it is difficult to
isolate exogenous variation in marginal tax rates within non-linear tax schedules, and in part
because extensive margin responses to tax policy reforms can introduce selection bias. Further,
even credible average estimates mask important heterogeneous responses. We would expect
larger responses to short-term variation in tax rates that can be avoided via intertemporal sub-
stitution than to longer-term variation, and it is not clear which are identified by many existing
studies.

Concretely, understanding the impact of the Earned Income Tax Credit (EITC) on labor
supply is an important topic for policy purposes. The EITC is the largest means-tested cash
assistance program in the U.S. and largely shapes the tax policy facing lower-income work-
ers. Many studies demonstrate the program’s substantial effects on workers’ extensive margin
labor supply decision, but few find any effect on the intensive margin.1

A possible explanation for the lack of a response, and an important unresolved issue in the
labor supply literature, relates to workers’ information structure. Labor supply models of non-
linear budget sets (Hausman, 1982) estimate individuals’ responses to their estimated tax rates,
but it is not clear that workers are aware of the rates that they face. This is a particular concern
with non-linear, annual tax schedules: The marginal tax rate on an individual’s labor supply
one day depends on their total earnings throughout the year, and for many periods in a year,
those earnings have not yet been realized. It seems likely that many low-wage workers, whose
earnings are disproportionately volatile and whose income tax schedule is highly non-linear,
have trouble forecasting their annual income and thus their average and marginal tax rates.

In this paper, I propose a new strategy for identifying short-term labor supply responses to
taxation that exploits this uncertainty. At the beginning of the year, workers’ forecasts of their
annual earnings and their marginal tax rates are imprecise, but they gain more information
with each work day, meaning they can make more accurate estimates of the tax rate that will
ultimately apply to their earnings as the year progresses. As a result, we might expect workers’
labor supply to depend more strongly on their expected annual tax rates in the fourth quarter
of the tax year, when their employment history is nearly realized, than in the first.

I use this idea to obtain a new measure of the intensive margin Frisch elasticity. Leveraging

1One notable exception to the consensus finding regarding the extensive margin response is Kleven (2019), who
argues, in part, that welfare reform waivers were responsible for the labor supply increases observed in the 1990s,
as opposed to EITC expansions. If true, these waivers would also confound studies of intensive margin responses
to EITC reforms, even if those reforms did not have an extensive margin effect. See Schanzenbach and Strain (2020)
for a response to Kleven. The common finding regarding minimal intensive margin responses is also not wholly
convincing if large extensive margin responses to the EITC changes the composition of the workforce (Nichols and
Rothstein, 2015).
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the difference in awareness of true tax incentives between the beginning and end of the tax year,
I distinguish workers’ independent response to tax policy from standard serial correlation in
earnings. I interpret the excess sensitivity of earnings to likely tax incentives in the fourth
quarter, relative to other calendar quarters, to reflect workers’ intentional reallocation between
labor and leisure in response to those tax incentives.

I evaluate whether workers make these year-end adjustments, and I measure the size of this
response, using two data sources: the Survey of Income and Program Participation (SIPP) and
administrative earnings records for lower-income Californians enrolled in the Supplemental
Nutrition Assistance Program (SNAP). Both datasets contain within-year earnings and infor-
mation needed to identify households’ tax rates. I construct likely tax units from SIPP house-
holds and SNAP cases, measure each workers’ total earnings through multiple within- and
cross-year periods, and identify predicted marginal and average tax rates for each tax unit in
each of those periods using the National Bureau of Economic Research’s (NBER) TAXSIM pro-
gram. To measure households’ labor supply response to their expected tax rates, I relate earn-
ings in each period to the average tax rate that would apply to that period’s predicted earnings.
I distinguish apparent year-end responses to tax policy from other serial earnings patterns by
separately identifying this response in each calendar quarter, and evaluating whether the re-
lationship appears strongest in the final quarter of the tax year. To account for any lingering
omitted variable bias concerns, I identify this response within the same workers and house-
holds over multiple consecutive years.

I conclude that household labor supply is indeed more sensitive to expected tax incentives
at the end of the tax year. For a 10 percentage point increase in their predicted net of tax
wage rate (i.e., a 10 percentage point decrease in their predicted tax rate), households increase
earnings by 1 to 2 percent on average. This response is largely driven by households facing
the most negative tax rate at year’s end. When the same household expects to have especially
modest annual earnings, such that they would expect to be within the phase-in segment of
the EITC schedule, they tend to increase their earnings in the following quarter. This response
is most pronounced at the end of the tax year, suggesting that this adjustment is not due to
mean reversion or an attempt to maintain a minimal level of earnings. I find no evidence that
households facing steeply positive marginal tax rates – e.g., those with earnings within the
phase-out segment of the EITC – scale back their earnings.

My primary empirical strategy assumes that labor supply choices early in the year are not
made based on worker’s expectation of their end-of-year tax rate. While uncertainty about an-
nual earnings makes this likely to be close to accurate, it may not hold exactly. To assess the
importance of this assumption, I estimate an alternative model in which I test whether house-
holds adjust earnings earlier in the year based on their expectation of year-end tax incentives.
I find that my main result still holds; earnings responses are more sensitive to forecasted tax
incentives nearer the end of the tax year. This supports the interpretation of my main estimates,
in that they reflect a real response to tax policy rather than bias.
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My approach boasts several advantages over other strategies used to measure labor sup-
ply elasticity. First, I overcome classic econometric issues that plague most other empirical
approaches (See Keane, 2011, for a summary). I address the “taste for work” bias by control-
ling for to-date earnings and measuring adjustments within the same household over multiple
years. I address simultaneity by instrumenting for workers’ current net of tax wage using their
predicted year-end after-tax income. This instrument also addresses concerns about mismea-
surement of hours and earnings. Second, my approach overcomes the selection and compo-
sition issues that potentially bias difference-in-difference evaluations (Nichols and Rothstein,
2015); I use panel data to identify responses within the same households within and across tax
years. Third, I address external validity concerns inherent to investigations of unique tax re-
forms by studying a common and regular setting faced by many different workers in a variety
of circumstances over many different years. Fourth, I do not rely on a structural model with
strong parametric assumptions to interpret cross-sectional data.

To make this approach more tractable, I propose a finite, multi-period model of labor supply
in which a representative agent, who aims to maximize utility over consumption and leisure,
decides at the start of each period how much to work. The agent makes this decision given its
to-date earnings, uncertainty about being employed in this and future periods, a non-linear tax
schedule, and parameters governing preferences and probability of employment. In the first
period, the agent chooses a preferred bundle of work and leisure based on its expectation of
future employment. As the agent realizes its employment history and gains certainty about its
expected tax rate, its optimal labor supply choice becomes more sensitive to previous earnings.
I show that agents facing a less positive tax rate tend to increase labor supply in the final period
in order to maximize post-tax income, and workers facing a more positive tax rate will work
less. These adjustments result in greater bunching in proposed annual income as the tax year
progresses.

This paper makes a number of important contributions to several literatures in labor and
public economics.

First, this paper contributes to a substantial literature measuring labor supply and taxable
income elasticity using non-linear budget sets (e.g., Burtless and Hausman, 1978; Hausman,
1985; Moffitt, 1990; MaCurdy, Green, and Paarsch, 1990; Keane and Moffitt, 1998; Blundell and
MaCurdy, 1999; Blundell, Duncan, McCrae, and Meghir, 2000; Blundell, Brewer, Haan, and
Shephard, 2009), and a related literature using "bunching" at kink points in tax schedules to
measure the same elasticities (Saez, 2010; Kleven and Waseem, 2013; Blomquist and Newey,
2017). The non-linear budget set is the starting point for my model; I extend it by permitting
agents to adjust their labor supply choice over time. I provide important context to Saez’s
(2010) well-known result, arguing that individuals try to move toward kink points in the tax
schedule but are precluded from perfectly bunching by numerous frictions.

Second, this paper adds to a newer literature measuring the size and relevance of those
frictions. Chetty, Friedman, Olsen, and Pistaferri (2011) and Gelber, Jones, and Sacks (2020)
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both measure the importance of adjustment frictions in mitigating labor supply responses to
tax and transfer policy. One of these frictions is incomplete knowledge of the tax rate applied
to one’s earnings. Tax complexity and salience both matter to workers’ labor supply choices
(Chetty, Friedman, and Saez, 2013; Feldman, Katuščák, and Kawano, 2016; Miller, Mumford,
et al., 2015; Abeler and Jäger, 2015). Workers must also decide whether to optimize with re-
spect to expected marginal or average tax rates. I contribute to this literature by measuring
the relevance of uncertainty about future employment – an oft-cited but under-studied type of
an optimization friction – to labor supply choices. I also document that workers appear more
responsive to their expected average tax rate, as opposed to their expected marginal tax rate.

Third, this paper contributes to the literature investigating labor supply effects of the EITC.
Much of the non-linearity in tax incentives that I study is due to the EITC’s structure. Accord-
ingly, this paper can largely be understood as a study of households’ response to this program.
Most work finds that the EITC draws individuals into the workforce (Eissa and Liebman, 1996;
Meyer and Rosenbaum, 2001; Grogger, 2003; Hotz and Scholz, 2006; Gelber and Mitchell, 2011;
Schanzenbach and Strain, 2020), but that consensus has come under some question (Kleven,
2019). Most of the same studies find limited evidence of an intensive-margin response, despite
clear theoretical predictions that the program should have such an effect (Meyer, 2002; Hotz,
2003; Eissa and Hoynes, 2006; Saez, 2010).

Similar to Chetty, Friedman, and Saez (2013) and Chetty and Saez (2013),2 I use differences
in workers’ awareness of their tax incentives to identify their labor supply response to the
EITC. Like these studies, but in contrast to much of the literature, I find a non-zero intensive
margin response to the program. Further, I find that this effect is driven entirely by households
who expect to have earnings within the phase-in segment of the EITC, but no evidence of labor
supply reduction by households predicted to face a highly positive marginal tax rate due to the
EITC’s phase-out segment.

Fourth, this paper contributes to a large literature studying both the extensive and intensive
margin Frisch elasticity (MaCurdy, 1981; Altonji, 1986; Pencavel, 1986; Angrist, 1991; Pistaferri,
2003; Card and Hyslop, 2005; Kimball and Shapiro, 2008; Manoli and Weber, 2016; Blundell,
Pistaferri, and Saporta-Eksten, 2016) and how transitory changes in wages and tax policy af-
fect labor supply choices (Camerer, Babcock, Loewenstein, and Thaler, 1997; Fehr and Goette,
2007; Farber, 2008; Crawford and Meng, 2011; Stafford, 2015; Powell, 2015; Martinez, Saez, and
Siegenthaler, forthcoming). Much of this work focuses on the relevance of those shocks in life-
cycle models (Heckman and MaCurdy, 1980; Keane, 2011; Keane and Rogerson, 2012). I study
how idiosyncratic wage shocks affect workers short-run labor supply behavior. My estimate

2Chetty, Friedman, and Saez (2013) estimate an average intensive margin earnings elasticity of .14 in the phase-
out region and .31 in the phase-in region of the EITC, identified from apparent variation in local knowledge about
the EITC schedule and labor supply changes to the birth of a child. Chetty and Saez (2013) evaluate an experiment
in which they inform some taxpayers about the EITC’s structure to test how awareness of the EITC’s incentives
affects labor supply. They find a small (3 percent) increase in average earnings among treated subjects, implying a
labor supply elasticity of .075 (Nichols and Rothstein, 2015).
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of the Frisch elasticity is similar to those in the micro-literature summarized by Reichling and
Whalen (2012).

Fifth, this paper extends a small literature that documents how workers’ labor supply can
vary within the tax year. Yang (2018) and Powell (2020) both document an important extensive
margin response from receiving a lump sum cash payment (i.e., EITC disbursement and 2008
stimulus payments). In contrast, this paper studies the relevance of the substitution effect to
households’ within-year labor supply behavior. More similar to this study, Wilson (2020) uses
the panel-nature of the CPS to document how EITC expansions decrease workforce exits and
increase overall months worked among single mothers. Looney and Singhal (2006) study how
losing a dependent exemption from aging children affects households’ labor supply behavior
in the short-term.

Finally, this paper makes an important contribution to policy-relevant discussions about
potential reforms to tax-based means-tested programs like the EITC. Policymakers continually
express interest in reforming the EITC so that it subsidizes households’ earnings throughout the
tax year instead of via one lump sum (Jones, 2010; Maag, 2019). If household earnings and tax
liabilities fluctuate enough, this raises important concerns about the viability of such reforms.
This study provides evidence about how households exhibit large changes in expected EITC
eligibility across and within years. I also demonstrate for which households these predictions
are likely to be most wrong.

The paper proceeds as follows. In Section 2, I describe my model. In Section 3, I describe
the SIPP and the California administrative data, how I convert households in these data to
tax units, and how I estimate households’ tax rates using TAXSIM. In Section 4, I use these
data to document the non-linear tax policy facing low-income households as well as variation
in household income and tax rates within and across tax years. In Section 5, I describe my
empirical analysis. In Section 6, I summarize my results. In Section 7, I conclude.

2 Model

Consider the quasi-linear and isoelastic labor supply utility model proposed by Saez, 2010. A
worker with ability n aims to maximize utility over consumption c subject to a cost from work-
ing, f(z), where z denotes workers’ pre-tax earnings (which are the product of the worker’s
wage w and labor supply h) and e indexes the worker’s compensated elasticity. Consump-
tion c equals net of tax earnings: z − τ(z). The worker faces a single-kinked tax schedule:

5



τ(z) = τ0 min(z, T ) + τ1 min(0, z − T ).3

u(c, z) = c− f(z)

= c− n

1 + 1
e

( z
n

)1+ 1
e

Saez’s (2010) model assumes each worker makes a single labor supply choice h∗ to maxi-
mize u(c, z). I modify the model to incorporate sequential choices of labor supply and uncer-
tainty about future earnings. Suppose a worker chooses a labor supply level h in each of D pe-
riods that comprise the tax year, and in each period, the worker is actually employed at h with
probability p. The worker earns pre-tax income zd = whd in period d if employed and 0 if not.
The worker only pays the cost of working, f(h), if she’s employed. She faces the same single
kinked tax schedule, τ(z), but the tax is applied on total earnings across allD periods, meaning
her consumption is a function of total earnings across allD periods: c =

∑D
d=1 zd−τ

(∑D
d=1 zd

)
.

The worker chooses h∗d in each period d to maximize expected total utility across all D
periods, treating ht as fixed for periods t < d, and knowing that she will adjust ht for t > d.
Given values for parameters p, τ0, τ1, n, and e, I can identify the agent’s labor supply choice
h for any level of yD−1 via dynamic programming. I solve the agent’s labor supply decision
recursively, beginning in period D and ending with period 1.

In period D, the worker chooses h∗D to maximize total consumption, subject to f(h) and
given actual hours worked in each period to date. h∗d denotes an optimal labor supply choice,
and h̄d denotes realized hours in period d. The agent takes an expectation over total consump-
tion and the cost of the optimal hours choice in the final period, given the (1 − p) probability
that it might not be employed.

max
hD

E[U(c, h̄1, h̄2, . . . , h̄D−1, hD)] =E[c(h̄1 + h̄2 + . . .+ h̄D−1 + hD)]︸ ︷︷ ︸
total consumption

− f(h̄1) − f(h̄2) − . . .− f(h̄D−1) − E[f(hD)]︸ ︷︷ ︸
cost from working in each period

This yields optimal labor supply choice h∗D(h̄1 + h̄2 + ... + h̄D−1). The agent chooses h∗D to
maximize utility given to-date hours. The agent solves this final period maximization problem
in nearly the same way an agent would solve the single period problem, using an expected
value calculation for their hours choice in period D.

Now, I move back one period to D − 1. The agent maximizes hD−1 given to-date earnings
and an expectation of its choice in the following period.

3Saez (2010) shows that, with a continuous ability parameter n, the size of the mass in the earnings distribution
clustered around z∗ is determined by the compensated elasticity e. Saez (1999) shows that if workers actually earn
z + ε, this bunching would appears more as a dispersed mass as opposed to an atom, but the model still predicts
taxpayers cluster at the kink T .
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max
hD−1

E
[
U(c, h̄1, . . . , h̄D−2, hD−1, hD)

]
=E

[
c(h̄1 + . . .+ h̄D−2 + hD−1 + hD)

]︸ ︷︷ ︸
expected total consumption

− f(h̄1) − . . .− f(h̄D−2) − E[f(hD−1)] − E
[
f(hD)

]︸ ︷︷ ︸
cost from working in each period

The agent chooses h∗D−1 to maximize expected utility. Both optimal labor supply and ex-
pected utility can be expressed as functions of to-date earnings: h∗d = g(hD−1), and EUd(hD−1).
This gives a general expression for expected utility EUd+1 in any period d given optimal la-
bor supply choices in subsequent periods. The agent chooses h∗d to maximize EUd+1 for every
period d.

Since EUd+1 is non-linear, I solve this model using grid search for a particular set of values
D, p, τ0, τ1, z

∗, and e.4 Figure 3 presents the labor supply choices in each period d for an agent
with n = 1. In each period, and for any hours worked to date, the agent has a unique optimal
labor supply choice h∗. In the second period, the worker is fairly insensitive to hours worked
in the first. As time progresses, the worker becomes more sensitive to average hours worked
to date. If average number of hours worked to-date is low, meaning the worker experienced a
number of unemployed periods and its earnings will likely be low enough that she will not face
the higher tax rate, she proposes to work her maximum number of hours in the next period. If
average hours worked is high, the worker scales back her hours choice.

Panel A in Figure 4 presents the same results but for three agents with different levels of
ability n. This means these agents incur different costs from work and will have different opti-
mal labor supply choices. Though levels and sensitivities vary, the overall pattern remains the
same. Regardless of hd=1, agents choose roughly the same h∗d=2 given an expectation of future
employment, but labor supply choices adjust in each subsequent period as their uncertainty
is resolved. If average hours to date are sufficiently low, All three agents choose to work their
hmax. And if to-date hours are sufficiently high, they work their optimal number of hours under
the higher tax rate.

Panel B in Figure 4 presents results for three agents with the same ability n but three dif-
ferent elasticities, e. Changes in e reflect agents’ sensitivity to the change in the cost of work.
Again, though levels and sensitivities vary, the overall pattern is the same. Agents choose h∗d=2

given their expectation of future employment, but labor supply choices change in each period
as that uncertainty is resolved. All three agents choose to work the maximum number of hours
if average hours to date are low, meaning they have a low chance of having a total income

4I present results from a model in which I use D = 12, p = .8, τ0 = 0, τ1 = .3, and e = .5, but results are
qualitatively similar for alternative values of each parameter. For each period, I construct a grid of discrete levels of
possible to-date earnings and hours choices, z × h, where z = [0, d× whmax] and h = [0, wn(1− τ0)e]. Specifically,
I use 200 possible hours choices and 5000 earnings possibilities. Using a coarser or richer grid would not affect my
main results.
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above T and facing tax rate τ1.
Next, I solve the model for 500 levels of n.5 For each n, I solve the full dynamic program-

ming model, saving all possible earnings and choices in each period. I then select a single
earnings sequence for each agent. I select a sequence by, first, identifying each agent’s h∗d=1.
For this period and all others, the agent’s actual hd = h∗d with probability p, and hd = 0 with
probability 1− p. I recover each worker’s proposed hours choice and actual hours in each sub-
sequent period given realized earnings to-date. This simulation yields one employment history
for all levels of n. I calculate each agent’s predicted annual earnings as of each period d, where
d < D : Ŷd = D

d

∑d
t=1 yt. I repeat this process for the same levels of e used above.

Figure 5 presents the kernel densities for Ŷd=4 and Ŷd=8, as well as actual total earnings, Y12.
There are three main takeaways from this simulation. The first is that agents exhibit greater
bunching in predicted annual earnings at the end of the year than earlier in the year. As of the
fourth period, the distribution exhibits limited mass at the kink point,6 but as time progresses
and labor supply decisions move toward each agent’s extreme, bunching increases. The second
takeaway is that the amount of bunching is affected by workers’ elasticity. Workers with higher
elasticity are more sensitive to tax policy, and exhibit greater bunching, as predicted. The third
takeaway is that, with a low elasticity, bunching is not conspicuous enough in any period to be
identified from the standard bunching estimator. However, the earnings distribution at year’s
end7 is distinguishable from the distribution of predicted annual earnings as of period 4, and
the difference between these distributions is due to the agent’s sensitivity to tax policy.

3 Data

3.1 SIPP

I use the 1996, 2001, 2004 and 2008 panels of the Survey of Income and Program Participation
(SIPP).8 The SIPP is a nationally representative sample of approximately 30,000 to 40,000 pri-
marily low-income households administered by the Census Bureau over the course of three
to four years. Respondents are interviewed about their employment, hours worked, wages,
earned and unearned income, and household composition, among much else, every four
months. Most important for my purposes, the SIPP asks respondents to report employment

5I sample random levels of n from ∼ N (1, .012).
6The distribution is bi-modal because some workers will propose to work more early in the year, anticipating

that they might become unemployed at some point, but in fact are employed in each period. This adjustment
captures a negative intensive margin response to τ1. An alternative set of parameter values could yield a mass of
workers with low proposed earnings who increase labor supply as the year progresses.

7One can think of this distribution as the total earnings that researchers observe in annual tax data.
8I do not use the most recent SIPP panel, which was first fielded in 2014. In the newly redesigned SIPP, respon-

dents are asked to recall employment, earnings, and program participation for each month in the calendar year. I
find that this reform tends to worsen cross-calendar year seam bias, which poses a unique threat to my approach. I
find that employment rates exhibit a distinct discontinuity within households between December and January that
I do not observe in other panels.
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and earnings information at the time of the survey and recall this information for each of the
three previous months. The SIPP is the only survey that captures individual and household
earnings at multiple continuous periods across multiple calendar years.

I identify likely tax units from SIPP survey units and narrow my sample to households for
whom I can credibly identify tax liabilities, who are likely to face non-linear tax policy, and
who are firmly attached to the labor force. First, I limit my analysis to households that con-
tain only one family, following Yang (2018). I further restrict to households for whom I have
complete information about earnings, employment, and household configuration throughout
each calendar year for all household members. This restriction ensures that my estimates of
tax liabilities are not confounded by either changes in household composition or missing earn-
ings information. I also restrict to households that include at least one working-age member
between the ages of 25 and 55, and I exclude households where siblings and adult children
have earnings, as opposed to just the household head and spouse, since these households may
contain more than one tax unit. Finally, I restrict to households who have non-zero earnings in
every calendar quarter, and whose total earnings in any set of three consecutive quarters is be-
tween $2,000 and $75,000. The purpose of these restrictions is to limit attention to households
who are more likely to face some uncertainty in their tax rates and focus only on the intensive
margin response.

My final sample includes earnings information for approximately 12,000 unique house-
holds and 18,000 unique tax units (i.e., households by tax year). Table 1 summarizes mean
values for key demographic characteristics in my sample, and how my restrictions affect the
composition of my sample.

For each tax unit, I identify each adult’s total earned income in each month from both wages
and self-employment. I sum both sources of earnings within each wave and quarter for each
tax year. I also identify each households’ unearned income each month.

SIPP households also complete various supplemental interviews in each panel. Two of
these topical modules ask respondents about variables particular to tax filing, including: their
property tax bill, amount of itemized deductions, retirement account contributions and de-
ductions, capital gains and losses, and child and dependent care expenses. When available, I
associate each adult in each tax unit with tax-relevant variables from these topical modules.

3.2 California Administrative Data

I start with program rosters for California’s instantiation of the Supplemental Nutrition As-
sistance Program (SNAP), known as CalFresh, between 2014 and 2017. These records capture
every recipients’ per month enrollment in the program, the cases in which they were enrolled,
and their demographic characteristics. In 2017, I observe approximately 5.6 million unique in-
dividuals across 2.9 million unique SNAP cases. Of these 5.6 million individuals, 2.5 million
were younger than 18. Total caseloads are fairly constant over the four years in my sample.
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I associate each adult enrolled in SNAP with their quarterly employer-reported earnings
records. These records are collected by the California Employment Development Department
(EDD), which administers the state’s unemployment insurance program. I observe the earnings
of each individual for six quarters prior to their enrollment in SNAP, every quarter in which
they’re enrolled, and 18 months after their last month enrolled. This means that even if an adult
is only enrolled for a handful of months in 2016, I still observe their earnings for most, if not all
of, 2015 and 2017.

I then match each individual in the SNAP program rosters to their California state tax re-
turns from 2015 to 2017. For each return, I observe basic information about the composition
of the tax unit, as well as all variables on the primary state tax form (Form 540). For e-filed
returns, I also observe all variables on the Form 1040. I also observe select variables from indi-
viduals’ information returns, including total wages reported on the W2. Together, these forms
allow me to observe all the relevant tax information (i.e., unearned income, deductions, capital
gains and losses, etc) necessary to identify income tax rates.

Between 30 and 35 million individuals appear on a state tax return in each tax year. Of the
5.6 million individuals enrolled in SNAP in 2017, about 3.7 million appear across 1.9 million
unique state returns in tax year 2017. Roughly 38 percent of those 3.7 million were a head or a
spouse on a return, and the remainder were dependents. These counts and fractions are fairly
stable over the three years in my sample. Of the 1.4 million individuals who enrolled in SNAP
and appear on a return as a head or spouse, 77 percent have positive EDD wages.

For my primary sample, I implement similar restrictions to those I applied to my SIPP
sample, again, in order to focus attention on working-age households firmly attached to the
labor force and for whom I can confidently estimate likely tax rates. I limit to households with
an adult between the ages of 25 and 55, who have non-zero earnings in all quarters in each tax
year, and whose earnings in any consecutive sequence of three quarters is between $2,000 and
$75,000. I further restrict to California tax units in which all members were enrolled in SNAP
for at least one month in the respective tax year and whose reported AGI matches their total
quarterly earnings. I limit my analysis to these households in order to ensure that I can infer
changes in true tax incentives only from changes in quarterly earnings. Table 2 summarizes
how these restrictions affect the characteristics of my sample.

3.3 TAXSIM

I use NBER’s TAXSIM program to identify households’ average and marginal income tax rates
and income tax liabilities (Feenberg and Coutts, 1993). TAXSIM allows users to input key tax-
related information for a given household, and returns income tax calculations using federal
and state income tax policies for any year between 1960 and 2023. I input filing status, state,
number of dependents, ages, earned and unearned income, and a variety of possible deduc-
tions. The program returns federal and state income tax liabilities and marginal tax rates (in-
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clusive and exclusive of FICA taxes), federal and state EITC amounts, and more for all house-
holds. I use TAXSIM to identify how households’ likely tax rates and liabilities change over
the course of the tax year by summing household earnings over various periods and inputting
these sums into TAXSIM. For example, to identify the likely tax rate on a household’s fourth
quarter earnings, I sum the household’s earnings through the first three quarters of a tax year
plus a predicted amount for the fourth quarter, and input this sum, as opposed to a households’
true annual income, into TAXSIM.

4 Motivation

4.1 Non-linear Tax Policy

I use output from TAXSIM to document cross-sectional variation in average and marginal tax
rates for households in the SIPP and SNAP samples.

Figure 6 illustrates how average and marginal tax rates vary by household income in 1997
versus 2012 for married SIPP households with 0, 1, 2 or 3+ dependents. I group households
into bins of $2,500, and within each bin, I calculate the average marginal and average income
tax rates (combining federal and state income taxes as well as payroll taxes) that all households
within that bin face on their annual earnings.

Households with children and very low earnings tend to face a steeply negative marginal
and average tax rate on annual income. In 2012, the average household with children and
annual earnings below $10,000 faced a marginal tax rate between negative 30 and 50 percent.
Income taxes boosted these households’ net income by 30 to 40 percent. When pre-tax house-
hold income eclipses about $45,000, the average tax rate settles to around 30 percent, regardless
of the household’s number of children.

In Figure 7, I plot the marginal and average tax rates by number of dependents and annual
income for single and married SNAP households in California in 2017. The patterns are similar
to those in the SIPP sample. For households with children and incomes below roughly $10,000,
marginal and average tax rates are steeply negative. Thanks to California’s supplement to the
federal EITC, they are even more progressive than the national averages. Households with
children and income in the phase-in portion of the EITC face both a marginal and average tax
rate between negative 50 and 75 percent.

Both figures make clear how important the EITC is for eligible households: Negative
marginal tax rates align with the phase-in part of the EITC schedule, and the highest marginal
tax rates align with the phase-out range. When household income exceeds the maximum eligi-
ble income for the EITC, average and marginal tax rates appear to converge and hold steady at
around 25 to 30 percent, regardless of household type. Figure 6 illustrates the impact of reforms
that increased the maximum credit amount. Households with dependents and incomes below
about $10,000 benefited from program expansions in 2001 and 2009, as well as the introduction
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of numerous state supplements.
The key takeaway, which is clear in both figures, is that similar households within a fairly

narrow income range can face starkly different tax incentives as a function of their to-date
earnings. As earnings rise from around $10,000 to $30,000, households quickly face steeper
positive marginal tax rates and increasing tax liabilities.

These different tax rates will only impact labor supply if households appreciate that tax pol-
icy is non-linear. Surveys and interviews of low-income workers suggest widespread aware-
ness that tax filing is often associated with receiving a refund (Halpern-Meekin, Edin, Tach, and
Sykes, 2015; Edin, Tach, and Halpern-Meekin, 2014; Smeeding, Phillips, and O’Connor, 2000),
but only half can recognize the EITC by name (Bhargava and Manoli, 2015) and a minority
are aware of the program’s benefit structure (Smeeding, Phillips, and O’Connor, 2000; Romich
and Weisner, 2002; Chetty, Friedman, and Saez, 2013). Still, these surveys and other ethno-
graphic evidence document an appreciation among EITC-eligible taxpayers that income tax
policy boosts income for households with modest incomes (Halpern-Meekin, Edin, Tach, and
Sykes, 2015). For income volatility to imply tax uncertainty, households must only grasp that
these benefits are reduced when earnings exceed some level. Caldwell, Nelson, and Waldinger
(2020) present some evidence of this awareness, showing that households update their expec-
tation of their likely refund amount using current year earnings.

4.2 Income variation

Next, I illustrate how pre- and post-tax income can vary significantly within and across tax year
for a substantial share of households. In the SIPP, I identify household income through each
month of the calendar year, and in the California administrative data, through every quarter.
I project households’ annual income as of each period assuming earnings in future periods
equal their to-date average. Using these income projections, I also identify each household’s
predicted year-end average tax rate as of each period.

In Table 3, I report the share of SNAP and SIPP households for whom the absolute difference
between their predicted annual income, predicted average and marginal income tax rates, and
predicted total EITC amounts as of the end of each calendar quarter are more than particular
values away from their year-end values. For one-third of households, predicted annual income
as of the end of the first quarter is more than $5,000 from their actual annual income. By the end
of September, however, this share falls to just 5 percent. Only three percent of households have
a total EITC amount that is more than $1,000 different than their predicted EITC value as of the
end of the third quarter. Table 3 also reports the average standard deviation for each variable
within each tax year across all SIPP and SNAP households. Figure 11 plots the distribution of
standard deviations in predicted earnings within tax years across all SNAP households.

Table 4 reports differences between, as opposed to within, tax years. Cross-year variation
is more significant than within-year variation, which reflects both how volatile earnings can
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be over longer time periods and how households gain clarity about likely earnings within
tax years. The various panels in Figure 8 plot the distributions of these differences. The red
dotted lines indicate the median of the absolute value of all the differences. Half of SNAP
households experience a year-over-year change in wage earnings of at least $4,500 (Panel A).
This corresponds to half of households experiencing an average tax rate one year that is more
than seven percentage points different than what they faced the year before (Panel B).

This variation does not necessarily imply unexpected volatility for all workers. Workers
might be able to anticipate future spikes and dips in work hours and wages, which a researcher
cannot observe.9 Workers might also choose to substitute when and how much they work in re-
sponse to changes in the personal opportunity cost of work, unrelated to tax incentives. Still, it
is reasonable to expect that, especially for lower-income households, these variations do reflect
some volatility. Unemployment spells can be unanticipated, both in their occurrence and their
length, which is why we have a large social program to insure against those risks. Firms also
exert significant control over many workers’ schedules, which translates into volatile hours
worked and total earnings (Golden, 2015; Maag et al., 2017; Gerstel and Clawson, 2018; Schnei-
der and Harknett, 2019). Even if wages are stable, year-end wage bonuses or unexpected div-
idends can also affect annual income and tax liability (Saez, 1999). I cannot distinguish which
of the households I observe in the SIPP or SNAP data are those whose change in earnings over
time represents unanticipated volatility or intentional labor supply decisions. I rely on others’
work demonstrating that volatility is common enough that a significant share of workers in
both samples experience these idiosyncratic wage shocks.

Figure 9 provides suggestive evidence that households do shift in the direction of maximiz-
ing their after-tax income. I plot the distribution of predicted annual earnings among SNAP
households with two dependents in 2017 as of the end of the first and third quarter, alongside
their actual earnings. The distributions look fairly similar, reflecting that average distribution
of quarterly earnings in the SNAP sample is fairly constant over time. However, note that a
greater mass of SNAP households are predicted to have very modest earnings at the beginning
of the year than later in the year. This mass appears to shift towards the center of the distribu-
tion, where households would maximize their total EITC receipt, by the end of the year. This
shift mirrors the predictions from my model. It is suggestive of an increase in labor supply over
the course of the tax year on the part of households facing a tax incentive to work more. Fur-
ther, a greater mass of taxpayers appears to be near the second kink point of the EITC schedule
as of the end of Q3, but that mass decreases in the following quarter. There is limited if any
evidence of any shift on the part of households with earnings predicted to be in the phase-out
portion of the EITC, however.

Figure 10 provides additional evidence that the change in the distribution in annual earn-

9As Card (1991) writes, “It is possible that individuals have better information with which to forecast future
wages than is available to an outside analyst. In this case, wage innovations in [a] statistical model...do not neces-
sarily represent new information."
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ings reflects a shift along the EITC schedule. For all SNAP households, I identify their predicted
state and federal EITC amounts as of the end of the third quarter, assuming that fourth quar-
ter earnings equal the average of the first three. I subtract this amount from the households’
actual EITC amount, and plot this difference over predicted annual income as of the end of
the third quarter. Households whose predicted earnings would place them within the phase-in
part of the EITC schedule exhibit the greatest difference between their actual and predicted
EITC amounts. These differences imply that these households increase their earnings, relative
to their to-date average, in the final quarter of the year.

Of course, the shifts identified in Figure 9 and Figure 10 might be due to mean reversion:
households with low past earnings bounce back to a more normal earnings level over time.
They might also reflect households with very low past earnings increasing their labor supply
in order to achieve a minimal level of earned income. They might also be noise. I distinguish
these explanations from an intentional response to tax incentives in my empirical analysis.

5 Empirical Framework

Consider the simple cross-sectional estimation of the elasticity of labor supply with respect to
net of tax wages:

li︸︷︷︸
labor

supply

= α+ βwi︸︷︷︸
net of tax
wage rate

+ γyi︸︷︷︸
non-labor

income

+ X ′iδ︸︷︷︸
demographic

controls

+εi (1)

β captures uncompensated wage effects on labor supply l, and γ captures income effects.
Estimates of β using cross-sectional variation inw are biased due to omitted variable and simul-
taneity: "taste for work" is correlated with w, and changes in l affect w via the tax rate the agent
faces. To overcome both concerns, recent work tends to estimate β by measuring employment
responses to tax reforms that affect similar workers differently and where changes in w are
plausibly exogenous. These analyses regularly use repeated cross-sectional surveys to identify
how employment rates change between treated and untreated workers. Since tax reforms can
affect the composition of these groups of workers, one generally cannot rely on these settings
to identify intensive margin effects. That these reforms might also affect the equilibrium wage
raises additional identification concerns (Rothstein, 2010).

I identify β by measuring how earnings change in response to changes in expected tax rates
faced by similar workers within the same tax year and the same worker across subsequent tax
years. I estimate this response across multiple specifications, but each approach borrows from
Equation 1 in that I regress a measure of labor supply, y, in a given period on an observation’s
expected net of tax earnings rate for that period, ω, along with a variety of controls. The models
differ in how I define and instrument for ω and how I test for varied earnings responses across
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the tax year.
First, I define my key independent variable: ω, the net of tax wage rate, or the fraction of the

next period’s projected earnings that the household expects to retain after taxes. The variable
is a function of household i’s earnings from the three previous quarters, z,10 and tax policy in
year y and state s.11 A one unit increase in this variable corresponds to a 100 percentage point
increase in the ratio of an observation’s predicted net-of-tax and pre-tax earnings.

ωiyq =
(1

3
ziyq

)−1
︸ ︷︷ ︸

average to-date
earnings

(
f(

4

3
ziyq)︸ ︷︷ ︸

post-tax predicted
quarter’s earnings

− f(ziyq)︸ ︷︷ ︸
post-tax previous

three quarter’s earnings

)
,

where f(y) = y − τys(y) and

ziyq =
−1∑
q=−3

yiyq

Figure 12 summarizes the distribution of ωq=4 for all SIPP and SNAP tax units.

5.1 Effect in Q4

First, I identify how each households’ earnings in the fourth quarter vary with households’
predicted net of tax earnings rate in the fourth quarter.

ln yiy,q=4︸ ︷︷ ︸
log Q4 earnings

= β ωiy,q=4︸ ︷︷ ︸
predicted
net of tax
wage rate

+γ ln ziy,q=4︸ ︷︷ ︸
log Q1-Q3
earnings

+ αi︸︷︷︸
household
fixed effect

+ θys + θh + θx︸ ︷︷ ︸
year × state,

household type,
demographic
fixed effects

+ εiy,q=4 (2)

I control for each household’s earnings from the three preceding quarters, z, as well as state-
by-year, household type and demographic fixed effects,12 and household fixed effects, α. The
parameter β is a measure of households’ earnings elasticity.

This approach addresses the simultaneity problem, because I identify how earnings in a
given period vary with predicted tax incentives in that period. I also account for unobserved
and fixed characteristics of each household by measuring this response within the same house-
hold over subsequent tax years. However, since ω is a function of previous earnings and despite
controlling for z, my estimate of β is confounded by relationship between earnings and lagged

10I predict household’s ω assuming earnings in the final period equal their to-date average. This approach has
the advantage of being straightforward, but it’s also just one to way in which I can define households’ predicted net
of tax wage rate in the next period.

11Note that I use y to denote quarterly earnings, as well as the tax year. When y is in a subscript, it denotes a tax
year. Otherwise, it represents earnings.

12Household type is the interaction between filing status (single versus married) and number of dependents (0,
1, 2 and 3+). Demographic fixed effects are the interaction of the household head’s race, binned age levels (25-34,
35-44, 45-54), language, and gender.
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earnings. Households with lower past earnings are likely to have lower future earnings. More-
over, the correlation between past and future earnings likely varies over levels of z and ω. For
example, households with especially low z or high ω might exhibit higher future earnings if
they are reverting back to average earnings level or working to achieve a certain minimal level
of earnings.

5.2 "Rolling Window" Approach

I distinguish households’ response to tax policy from serial correlation in earnings by compar-
ing their apparent earnings response to predicted tax incentives in actual tax years to the same
response in simulated tax years. I construct these simulated tax years comprised of all possible
sequences of four consecutive quarters, and I identify ω for each sequence.13 Figure 1 illustrates
how these sequences are constructed.

Figure 1: Constructing sequences of four consecutive quarters

y1, q1 y1, q2 y1, q3 y1, q4 y2, q1 y2, q2 y2, q3 y2, q4

Seq. A

Seq. B

Seq. C

Seq. D

Seq. E

z ω(z)

z ω(z)

z ω(z)

z ω(z)

z ω(z)

Notes. Figure 1 illustrates how I construct simulated tax years. Each sequence of four consecutive quarters with
earnings information is a simulated tax year, and I use the sum of the first three quarters’ earnings in this simulated
tax year z to predict earnings in the next quarter, and I identify ω as a function of z. Note that Seqs. A and E align
with true tax years.

I stack these sequences for each household, and estimate the following variation of Equa-
tion 2.

ln yiyq︸ ︷︷ ︸
log earnings

= βωiyq+πq ωiyq ∗Q︸ ︷︷ ︸
predicted net of
tax wage rate ×
quarter dummy

+γ ln ziyq︸ ︷︷ ︸
log sum of last
three quarters’

earnings

+ αi︸︷︷︸
household
fixed effect

+ θys + θh + θx︸ ︷︷ ︸
year × state,

household type,
demographic
fixed effects

+ εiyq (3)

13This means that I have four measures of ω and z for each tax year, one for each quarter, for every tax unit. If I
observe a household for three tax years, I have twelve observations for that household.
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The difference between Equation 3 and Equation 2 is that I interact ω with an indicator
for calendar quarter, Q. The coefficient on this interaction, π, captures the unique relationship
between ln y and ω, or the excess sensitivity of ln y to ω, in calendar quarters 2, 3 and 4 rela-
tive to quarter 1. If serial correlation in earnings does not have a systematic seasonal pattern,
then each πq should equal zero. If households adjust earnings to predicted tax incentives when
those incentives are more binding at year’s end, then πq=4 will be positive. Indeed, my pre-
ferred estimate of labor supply elasticity will be my estimate of πq=4 from this model. This
coefficient identifies the relationship between log earnings and predicted net of tax wage rate
in the fourth quarter, netting out the common period-to-period relationship between past and
future earnings captured by β.

I then estimate four additional variations of Equation 3.
First, the linear parameters πq mask important heterogeneity in the response across both

earnings and values of ω. To identify whether responses estimated in Equation 3 are driven by
households facing particular levels of ω, I re-estimate Equation 3, but replace the continuous
measure of ω with binned levels of ω. I group households into those with ω less than .55, greater
than 1.1, and increments of .05 in between.

ln yiyq = βΩiyq + πqωΩiyq ∗Q+ γ ln ziyq + αi + θys + θh + θx + εiyq (4)

Next, to illustrate how this response varies with income as opposed to tax rates, I replace
binned values of ω with binned values of predicted annual income, ζ, where predicted annual
income equals earnings from the previous three quarters, z, plus predicted income in the next
quarter, 4

3z. I group households into $2,000 bins. I interact values of ζ with indicators for
calendar quarters 2, 3 and 4.

ln yiyq = βζiyq + πqζζiyq ∗Q+ αi + θys + θh + θx + εiyq (5)

Third, to evaluate whether households respond to their expected average tax rate or their
expected marginal tax rate, I re-estimate Equation 3 but replace ω with households’ predicted
marginal tax rate on the last predicted dollar earned in the subsequent quarter.

Finally, to test whether Equation 3 identifies a change in the amount worked, as opposed
to earned, I use log hours as the outcome variable, as opposed to log earnings. I only observe
reported hours in the SIPP, meaning I can only estimate this response in that sample.14

5.3 Instrumenting for ωq=4

Thus far, I have assumed workers understand their final period’s net of tax wage rate only af-
ter realizing their likely annual income. In actuality, households have more information about
what their true tax rate is likely to be even if they are ignorant of their future earnings. House-

14SIPP respondents only report average hours worked in a representative week in the calendar month.

17



holds may make reasonable estimates of their annual income and their likely net of tax wage
rate on January 1st using other information, some of which is observed by the researchers (e.g.,
household composition, state, year, occupation, age) and some of which is not (e.g., full work
histories, preferences, understandings of their local labor market, or agreements with employ-
ers).

I test whether households exhibit this behavior by estimating the relationship between labor
supply in each calendar quarter, yq, and households’ expected year-end net of tax wage rate
ωq=4 as of each quarter. I instrument for each household’s ωq=4 with similar households’ actual
ωq=4. I regress each households’ actual ωq=4 on a vector of household characteristics (age, race,
gender, state, year) and their predicted year-end income given their to-date earnings within the
tax year, z̃, as of four different periods: the start of Q1, the end of Q1, the end of Q2 and the end
of Q3.15 Figure 2 illustrates how these sequences are constructed.

Figure 2: Instrumenting for ω̂ as of the start of each quarter

Seq. A

ω̂ = f(θys, θh, θx) y

Seq. B

ω̂ = f(zq=2, θys, θh, θx) y

Seq. C

ω̂ = f(zq=3, θys, θh, θx) y

Q1 Q2 Q3 Q4

Seq. D

ω̂ = f(zq=4, θys, θh, θx) y

Notes. Figure 2 illustrates the sequences for which I identify ω̂q . In Seq. A, I use non-earnings information observ-
able before the tax year begins, including indicators for filing status by number of dependents, year by state, and
demographic characteristics. I identify the household’s likely ωq=4 from these variables, and then identify whether
yq=1 positively covaries with this prediction. In Seq. B, I use the same information as in Seq. A and add in predicted
earnings information from quarter 1, and so on.

I stack each sequence for each tax unit, and regress each tax unit’s actual ωq=4 on earnings
as of the start of each period as well as various fixed effects.

15Since households have no earned income as of the beginning of the tax year, I do not include a control for
earnings when predicting ω at the start of the tax year.
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ωiy,q=4︸ ︷︷ ︸
household i’s

true ωq=4
in year y

= z̃iyq︸︷︷︸
earnings as of
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qtr q in year y

+ θys + θh + θx︸ ︷︷ ︸
year × state,

household type,
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+ εiyq (6)

Using estimated coefficients from Equation 6, I can predict each tax unit’s year-end ω̂ as of
every sequence. I then estimate Equation 7.

ln yiyq = βω̂iyq + πqω̂iyq ∗Q+ γ ln ziyq + αi + θys + θh + θx + εiyq (7)

As in Equation 3, I control for, z, the log of the three previous quarter’s earnings to account
for dynamic earnings processes. The coefficient, πq, on the interaction of ω and the quarter Q,
identifies whether there is a unique relationship in a particular period between one’s expected
year-end net of tax wage rate and one’s earnings in the following quarter. If workers can fore-
cast their year-end ωq=4 accurately, we might expect each value of πq to be zero. Households
can respond to their year-end tax incentives but that response does not have to principally
occur at year’s end. If πq tends to increase as the tax year progresses, this suggests that house-
holds value the additional information they gain about their likely tax incentives and adjust
their labor supply accordingly.

6 Results

6.1 Main Results

Table 5 and Table 6 summarize estimates of β and π across different versions of Equation 3
among SIPP and SNAP households, respectively. When I do not account for previous earnings,
I find that, in both samples, households with lower previous earnings tend to have low earnings
in the final quarter as well. When I control for z, earnings response is positive in the SNAP
sample, but statistically insignificant in the SIPP sample. When I include the household fixed
effect, I estimate an earnings elasticity in the SNAP sample to be .07; the counterpart estimate
in the SIPP sample is negative, but highly insignificant.

Again, these estimates are likely biased because Equation 2 does not account for serial cor-
relation issues. To address this concern, I estimate Equation 3. Table 7 and Table 8 summarize
estimates of β and π across multiple versions of Equation 3 among SIPP and SNAP households,
respectively. Though magnitudes differ, overall patterns are similar in both samples. When I do
not account for z, I find that households with higher ω have lower earnings in the subsequent
quarter, which captures the serial correlation issue raised above: Households with lower past
earnings are expected to continue to have low earnings, despite their high ω. If I include z but
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only account for heterogeneity across households by controlling for demographics, household
type, and state-by-year effects, θx, θh, and θys, I find almost no relationship between short-term
tax incentives and earnings. However, when I include the household fixed effect, αi, I recover
the predicted pattern. When the same household faces a higher ω, they tend to earn more in
the next period, and this relationship is strongest at year’s end when ω is most binding. Recall
that my preferred estimate of the intensive margin labor supply elasticity is πq=4; this param-
eter identifies the excess sensitivity of earnings to ω at the end of the real tax year, netting out
the period-to-period relationship between earnings levels captured by β. In the SIPP sample, I
estimate an intensive margin labor supply elasticity of .08. In the SNAP sample, I estimate the
same elasticity to be .18.

Figure 13 plots estimates of πqω from Equation 4. The positive relationship between earn-
ings and the predicted net of tax wage rate is driven largely by households facing an ω greater
than one, and this relationship is strongest in the fourth quarter. This response is observable
in both samples, though it’s clearest in the larger SNAP sample, where earnings are measured
with greater accuracy and there are a greater share of households with especially low earnings.

Figure 14 plots estimates from Equation 5 and further illustrates that this response is largely
driven by incentives created by the EITC. I overlay these estimates on the EITC schedule for
single filers with two dependents in 2017. For Panel B, I use the combined federal and state
EITC schedule. The non-linear relationship between ln y and levels of predicted income, ζ,
suggests that households who expect to be in the phase-in range of the EITC are especially
likely to increase earnings in the following quarter. That this effect is particularly pronounced
in the fourth quarter suggests households are responding to tax incentives, and my estimate
are not confounded by other serial patterns.

Table 9 and Table 10 summarize estimates from Equation 7. Results are similar across the
four models, because ω is a function of these controls. Despite the alternative definition of ω,
my results are quite similar to those summarized in Table 7 and Table 8. Households still appear
to increase subsequent labor supply when they expect to face a positive ω and this response is
strongest at the end of the year.

6.2 Supplementary Results

6.2.1 Response to Marginal Tax Rate

I estimate another version of Equation 3 where I use households’ predicted combined federal
and state marginal income tax rate as my independent variable. Results from this estimation are
summarized in Table 11 and Table 12. In the SIPP, I find no relationship between earnings and
marginal tax rate. In every model, the effect is near zero. This is likely due to my SIPP sample
having too few households with low enough earnings to face steeply negative tax marginal
rates. My preferred estimate in the SNAP sample, however, recovers the expected negative
relationship, and the effect is again clearest at the end of the year. The response is much more

20



limited, which suggests that households are more responsive to their expected average tax rate,
mirroring Rees-Jones and Taubinsky’s 2019 result.

6.2.2 Change in Hours Worked

Table 13 summarize estimates of Equation 3 in which I use log hours as my outcome variable in
Equation 3, as opposed to log earnings. Results are similar to those summarized in Table 7, but
I cannot rule out that the fourth quarter response is the same as the response in the second or
third quarter. I interpret these findings to suggest that labor supply plays a role in the earnings
elasticity reported in Table 7, but measurement issues in the SIPP make it difficult to draw a
strong conclusion.

6.2.3 Subgroups

Next, I test whether these responses vary by filing status and presence of dependents. Estimates
from analyses within these subgroups are summarized in Table 14 and Table 15. I find that
married households are more sensitive to their predicted net of tax wage at year’s end, which
is consistent with previous literature. Results differ between the SIPP and administrative data
for households with or without children.16

Table 16 summarizes results from additional estimates of Equation 3 restricting to the fol-
lowing subgroups in the SIPP.

• Hourly workers. We might expect this response to be clearest among hourly workers,
since they are more subject to scheduling volatility and have greater flexibility in adjust-
ing shifts and schedules in a particular quarter. Column 1 in Table 16 presents estimates
of Equation 3 limited to households in which the head or spouse is an hourly worker.
Though the effect is slightly higher, the estimates are not dramatically different.

• Self-employed workers. Saez (2010) shows that self-employed workers exhibit much
more significant bunching at the first kink-point in the EITC schedule than wage-earners,
which implies they have a higher taxable income elasticity. To test whether this bunching
is due to a true earnings response or tax manipulation, I estimate my model among the
small number of households in my SIPP sample in which a head or spouse reports having
some self-employment earnings in the tax year. I find that the response to year-end tax
incentives is indeed much higher among households with a self-employed workers. My
estimate of πq=4 is .24, which is three times larger than the main result reported in Table 7
(Column 2). However, when I test whether that response is driven by changes in self-
employed earnings, the effect disappears (Column 3). Together, these estimates paint a

16Recall that ω accounts for the significantly different tax incentives facing parents versus single adults. This
analysis is comparing the earnings response between parents and non-parents who are facing similar tax incentives,
and not those with similar levels of earnings.

21



mixed picture about whether greater bunching among self-employed workers reflects a
real labor supply response. That said, my sample size is small and there are reasonable
concerns about measurement of self-employment earnings in the SIPP.

• Excluding retail workers. One concern with my approach is that there are significant
changes in labor demand and supply around national holidays at the end of the calendar
year. For example, if lower-wage retail employees are more likely to work overtime, re-
ceive higher wages, or work more frequent shifts in the holiday season independent of tax
incentives, this increase in earnings could bias my result. By controlling for occupational
fixed effects in the SIPP, as well as household and worker fixed effects in both samples,
I should account for this concern. To the extent those concerns remain, however, I also
re-estimate Equation 3 in the SIPP excluding retail workers entirely from the sample. My
results do not change.

• Addressing seam bias. Responses in the SIPP suffer from well-recognized seam bias.
Changes in hours worked and wages are reported at the time of each survey. Respon-
dents tend to project their current employment situation backwards, instead of accurately
recalling each month’s unique values. I address this concern, in part, by restricting my
sample to households whose waves align with the tax year, meaning a wave does not
stretch from Q4 of one year to Q1 of the next. Results from this model are reported in
Column 5 of Table 16. Results are nearly identical to those from Table 7, suggesting this
concern is not a significant problem.

6.2.4 Dynamic Panel Bias

My approach raises standard concerns with studies involving dynamic panels and lagged de-
pendent variables. Even though neither of my models include an actual lagged value of y as
a regressor, both ω and z are functions of lagged values of y. My preferred version of Equa-
tion 3 uses panel fixed effects, which risks introducing a mechanical relationship between the
lagged dependent variable and the error term, biasing my estimated coefficients on ω and ln(z)

(Nickell, 1981).
Alternative estimation strategies involving dynamic panel data account for heterogeneity

across households without using fixed effects. Estimating these models in my setting presents
some challenges. First, available tools for implementing the GMM estimators assume the en-
dogenous term is a single lagged dependent variable. My approach involves five separate
endogenous regressors: ω and the interactions with each calendar quarter, plus z, the log of
the three quarters’ earnings. Instrumenting for each of these variables with their lagged levels
and differences yields not only a proliferation of instruments, but also involves differencing
lagged values across tax years, as opposed to subsequent quarters. Second, even though I have
information about earnings for up to twelve periods for some households, I am interested in
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the unique effect in particular calendar quarters. This means I only have a maximum of three
periods for each household. GMM estimators are more useful when more past and future real-
ization of the dependent variable are available.

Notwithstanding these issues, I estimate the Anderson-Hsiao estimator, which does not re-
quire using multiple lagged and future values of the dependent variable (Anderson and Hsiao,
1982).17 I instrument for ∆ωiyq and ∆ ln ziyq – the difference between each household’s value of
ω and ln z in the final tax year and the value from the penultimate tax year – with the furthered
lagged values of ωq and ln z. I then relate the first difference between ln yiyq in the final and
previous period with the instrumented values of ∆ωiyq and ∆ ln ziyq.

∆ ln yiyq = πqω̃iyq + γ ˜ln ziyq + θys + θh + θx + viyq (8)

Table 17 summarizes the results from this estimation among SIPP and SNAP households.
The results differ from those summarized in Table 7 and Table 8. Among SNAP households,
despite noisy estimates, it remains the case that even instrumented earnings tend to increase
as the tax year progresses, though the largest response now appears in the third quarter as
opposed to the fourth. Among SIPP households, my estimates are dramatically different. The
earnings response are substantially lower in the fourth quarter, the opposite of my main result.
However, none of these estimates are statistically significant. In addition to the lack of statistical
significance, and all of the issues about applying this estimator in my setting, there are other
reasons to be cautious in interpreting these results. First, the true values of each parameter
should fall between the biased estimates from the OLS and the fixed effects models (Bond,
2002), but all of my estimates in the SIPP sample, and all but my estimate of γ in the SNAP
sample, are outside these bounds, suggesting my instruments are not valid. Second, I fail the
over-identification test in both versions.

7 Conclusion

This paper studies the impact of tax policy on household labor supply using differences in
uncertainty about annual income and tax incentives. Using survey and administrative data, I
document significant within and cross year variation in household earnings and the implied
tax rates on those earnings. I use the fact that some uncertainty about tax rates is resolved over
the course of the tax year to identify the effect of tax policy on labor supply. I relate household
earnings in the final quarter of the tax year to the share of the households’ predicted earnings
they expect to retain after taxes. I distinguish this response to tax incentives from standard
serial correlation in earnings by comparing this response in other quarters, as though those

17The "Difference GMM" and "Systems GMM" estimators promise increased efficiency over the Anderson-Hsiao
estimator by leveraging additional information about the evolution of the lagged dependent variable from addi-
tional past of future values of that variable. Given my short panel, I am unable to implement these more popular
estimators.
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quarters were the end of a tax year. I also identify this response within the same households
in consecutive tax years, in order to account for omitted variable bias. I interpret households’
excess sensitivity to their predicted net of tax wage rate in the fourth quarter as a measure of
their labor supply elasticity. I conclude that households exhibit a small but non-zero intensive
margin response to tax policy. My preferred estimate of the intensive margin labor supply
elasticity is .08 in the SIPP sample and .18 in the SNAP sample. Finally, I conclude that this
effect is driven largely by the steeply negative tax rates created by the phase-in part of the
EITC.

This study makes an important contribution to the academic literature studying labor sup-
ply response to tax policy. The most common approaches to identifying intensive margin la-
bor supply elasticity suffer from important identification challenges, which my approach over-
comes. Leveraging unique panel data, I identify how the same household adjust earnings when
tax incentives change within and across tax years. I conclude labor supply elasticity is small,
consistent with the rest of the micro literature.

My findings also provide useful guidance to policymakers on two policy issues related to
the EITC. For policymakers interested in reforming the EITC to pay out benefits in advance
of the tax filing season, I provide evidence about how likely those forecasts are to be wrong.
For policymakers interested in encouraging eligible non-filers to claim the EITC or interested
in pre-filling their tax returns, I provide evidence about how well within-year earnings can be
used to identify likely eligible households and predict their year-end EITC amounts.

Second, I provide evidence about the EITC’s effect on intensive margin labor supply. The
negative marginal tax rate created by the EITC’s phase-in is supposed to increase households
hours choice via the substitution effect, and minimize negative labor supply distortions driven
by the program’s income effect. If the program does not have the intensive margin effect, then
the consequence of the program’s structure – that the lowest-income households receive lim-
ited to no assistance – is less justified. This paper provides evidence that the EITC’s phase-in
does increase labor supply, as intended. Whether this pro-work effect warrants limiting re-
distribution to the lowest income households, and whether a basic credit could be efficiently
incorporated into current policy, remains an open question. Finally, I find limited evidence
that households facing steeply positive marginal tax rates reduce their labor supply. This find-
ing suggests that concerns about significant work disincentives created by some means-tested
programs for a small subset of workers might be overstated.
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8 Tables and Figures

Table 1: Demographic characteristics for household head in SIPP sample

Full SIPP Sample Wages>0 Restricted Sample
mean mean mean

Age 45.9 41.5 39.6
Female 0.52 0.49 0.41
Non-white 0.19 0.19 0.21
College grad 0.33 0.36 0.34
Married 0.45 0.49 0.49
Have kids 0.63 0.72 0.52
Annual wages (2017 $) 28,432 36,506 43,827
Observations 274,899 214,287 134,594

Notes. Table 1 summarizes the average value for select characteristics of the primary filer in each SNAP house-
hold/tax unit pooled over the three tax years in our sample, 2015-2017. Wages are reported in 2017 dollars.
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Table 2: Demographic characteristics for primary taxpayer in SNAP sample

SNAP + Tax Filer Wages>0 Restricted Sample
mean mean mean

Age 35.5 34.5 36.1
Female 0.57 .58 0.67
Non-white 0.78 .79 0.79
Married 0.19 .20 0.14
Have children 0.53 0.59 0.79
Annual wages ($) 11,700 22,358 21,223
Observations 2,102,483 1,227,227 106,636

Notes. Table 2 summarizes the average value for select characteristics of the primary filer in each SNAP house-
hold/tax unit pooled over the three tax years in my sample, 2015-2017. Wages are reported in 2017 dollars.
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Table 3: Share of households whose predicted income, average and marginal tax rates, and
EITC amounts as of each quarter differ from their year-end actual values by more than identi-
fied ranges

|ẑ − z| > $5k |τ̂ − τ | > 10pp | ˆEITC− EITC| > $1k | ˆMTR−MTR| > 10pp

SIPP
March .28 .06 .13 .15
June .18 .03 .03 .11
September .06 .01 .01 .06

σ̄ $2,321 1.4 $93 2.5

SNAP
March .36 .25 .13 .32
June .21 .15 .08 .22
September .05 .06 .03 .12

σ̄ $2,651 4.1 $240 7.1

Notes. Table 3 summarizes the share of households in each sample, as of the end of each quarter, whose: (1)
predicted annual income z is more than $10,000 from their year-end income, (2) predicted annual tax rate τ is more
than 10 percentage points from their actual year-end average tax rate, (3) predicted total EITC refund is more than
$1,000 from their year-end amount, and (4) predicted marginal tax rate is more than 10 pp from their year-end
marginal tax rate. I limit to households who have positive earnings and no more than $75,000 in annual income
through each listed quarter. The final row reports the mean standard deviation for each predicted value over all tax
units.
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Table 4: Share of households whose predicted income, average and marginal tax rates, and
EITC amounts as of each quarter differ from their year-end actual values by more than identi-
fied ranges

|ẑ − z| > $5k |τ̂ − τ | > 10pp | ˆEITC− EITC| > $1k | ˆMTR−MTR| > 10pp

SIPP
Year over year .46 .13 .08 .23
Min to max .59 .19 .11 .31

σ̄ $6,298 5.70 $210 5.35

SNAP
Year over year .46 .41 .27 .44
Min to max .53 .46 .31 .50

σ̄ $4,818 9.57 $620 12.6

Notes. Table 4 summarizes the share of households whose earnings, average and marginal tax rates, and EITC
amounts in one year are particular values different than in other years. In Row 1, I report the share of households
whose (1) maximum annual income z is more than $10,000 from their minimum year-end income, (2) maximum
annual tax rate τ is more than 5 percentage points from their minimum year-end average tax rate, (3) maximum
total EITC refund is more than $1,000 from their lowest EITC amount, and (4) maximum marginal tax rate is more
than 10 pp from their lowest marginal tax rate. In Row 2, I report the same shares but compare differences between
subsequent years, meaning I count households that appear in multiple tax years more than once in the denominator.
I limit to households who have at least positive earnings and no more than $75,000 in annual income through each
listed quarter. The final row reports the average standard deviation of each variable among households who appear
for at least two tax years.
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Table 5: Log earnings response in Q4 to predicted net of tax earnings, given Q1-Q3 earnings,
SIPP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

ω
-1.959∗∗∗ -2.008∗∗∗ 0.023 -0.074
(0.037) (0.040) (0.033) (0.128)

z
0.950∗∗∗ 0.367∗∗∗

(0.008) (0.044)
Observations 18309 18289 18289 10614
Households 12321 12312 12312 4649

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.24 0.38 0.72 0.88

Notes. Table 5 summarizes estimates of Equation 2 in the SIPP sample. I limit to sequences that coincide with the
actual tax year. Standard errors are clustered at the household-level, and I use household-level weights. The final
row reports the p-value from the F-test that estimates of πq are equal to each other.
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Table 6: Log earnings response in Q4 to predicted net of tax earnings, given Q1-Q3 earnings,
SNAP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

ω
-1.368∗∗∗ -1.491∗∗∗ 0.019 0.073∗∗

(0.007) (0.007) (0.012) (0.022)
z

0.821∗∗∗ 0.432∗∗∗

(0.006) (0.013)
Observations 175953 175951 175951 119804
Households 106638 106637 106637 50490

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.22 0.35 0.45 0.76

Notes. Table 6 summarizes estimates of Equation 2 in the SNAP sample. I limit to sequences that coincide with the
actual tax year. Standard errors are clustered at the household-level.
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Table 7: Log earnings response in each quarter to predicted net of tax earnings, simulated using
three previous quarters’ earnings, SIPP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

ω
-1.867∗∗∗ -1.908∗∗∗ 0.027 -0.070
(0.029) (0.030) (0.017) (0.047)

ω×
Q2

0.019∗∗∗ 0.019∗∗∗ 0.009 0.035∗∗∗

(0.005) (0.005) (0.005) (0.004)
Q3

0.028∗∗∗ 0.027∗∗∗ 0.006 0.057∗∗∗

(0.006) (0.006) (0.007) (0.006)
Q4

0.043∗∗∗ 0.043∗∗∗ 0.006 0.081∗∗∗

(0.006) (0.006) (0.007) (0.006)
z

0.883∗∗∗ 0.073∗∗∗

(0.005) (0.018)
Observations 73239 73239 73239 73239
Households 12321 12321 12321 12321

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.24 0.38 0.70 0.81
P-value from F-test 0.00 0.00 0.79 0.00

Notes. Table 7 summarizes estimates of Equation 3 in the SIPP sample. Standard errors are clustered at the
household-level, and I use household-level weights. The final row reports the p-value from the F-test that esti-
mates of πq are equal to each other.
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Table 8: Log earnings response in each quarter to predicted net of tax earnings rate in that
quarter, simulated using three previous quarters’ earnings, SNAP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

ω
-1.165∗ -1.368 -0.001 -0.051∗∗∗

(0.004) (0.004) (0.007) (0.009)
ω×

Q2
0.039 0.034∗∗∗ 0.015∗∗∗ 0.105∗∗∗

(0.002) (0.002) (0.002) (0.002)
Q3

0.034 0.024∗∗∗ -0.008∗∗∗ 0.150∗∗∗

(0.002) (0.002) (0.002) (0.002)
Q4

0.038 0.027∗∗∗ -0.015∗∗∗ 0.180∗∗∗

(0.002) (0.002) (0.003) (0.002)
z

0.667∗∗∗ 0.040∗∗∗

(.004) (.006)
Observations 703,792 703,792 703,792 703,791
Households 106,636 106,636 106,636 106,635
Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X
R2 0.22 0.37 0.46 0.65
P-value from F-test 0.00 0.00 0.00 0.00

Notes. Table 8 summarizes results from estimations of Equation 3 in the SNAP sample. Standard errors are clustered
at the household-level. The final row reports the p-value from the F-test that estimates of πq are equal to each other.
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Table 9: Log earnings response in each quarter to predicted net of tax earnings rate in final
quarter, SIPP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

ω̂
-4.032∗∗∗ -6.236∗∗∗ -1.525∗∗∗ -0.074
(0.041) (0.045) (0.057) (0.041)

ω̂
Q2

0.003 0.017∗∗ 0.019∗∗∗ 0.024∗∗∗

(0.005) (0.006) (0.004) (0.003)
Q3

0.016∗∗ 0.032∗∗∗ 0.014∗∗ 0.037∗∗∗

(0.006) (0.007) (0.005) (0.004)
Q4

0.003 0.057∗∗∗ 0.024∗∗∗ 0.055∗∗∗

(0.006) (0.007) (0.005) (0.004)
z

0.660∗∗∗ 0.126∗∗∗

(0.008) (0.010)
Observations 102191 102168 102052 99458
Households 17840 17826 17826 15238

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.31 0.55 0.70 0.82
P-value from F-test 0.00 0.00 0.03 0.00

Notes. Table 9 summarizes estimates of Equation 7 in the SIPP sample. Standard errors are clustered at the
household-level, and I use household-level weights. The final row reports the p-value from the F-test that esti-
mates of πq are equal to each other.
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Table 10: Log earnings response in following quarter to predicted year-end net of tax earnings
rate, SNAP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

ω̂
-2.312 -2.941 -1.639∗∗∗ -0.021∗

(0.007) (0.008) (0.009) (0.010)
ω̂×

Q2
0.138 0.152 0.101∗∗∗ 0.122∗∗∗

(0.002) (0.002) (0.002) (0.002)
Q3

0.198 0.220 0.109∗∗∗ 0.161∗∗∗

(0.002) (0.002) (0.002) (0.002)
Q4

0.225 0.251 0.112∗∗∗ 0.179∗∗∗

(0.002) (0.002) (0.002) (0.002)
z

0.352∗∗∗ 0.072∗∗∗

(.003) (.002)
Observations 847,139 847,102 703,792 833,627
Households 135,871 135,856 135,856 125,926
Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X
R2 0.18 0.35 0.41 0.61
P-value from F-test 0.00 0.00 0.00 0.00

Notes. Table 10 summarizes results from estimations of Equation 3 in the SNAP sample. Standard errors are
clustered at the household-level. The final row reports the p-value from the F-test that estimates of πq are equal to
each other.
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Table 11: Log earnings response in each quarter to predicted federal and state marginal income
tax rate, SIPP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

MTR
0.016∗∗∗ 0.016∗∗∗ -0.001∗∗∗ -0.001
(0.000) (0.000) (0.000) (0.000)

MTR ×
Q2

0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.000) (0.000) (0.000) (0.000)
Q3

0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.000) (0.000) (0.000) (0.000)
Q4

0.002∗∗∗ 0.002∗∗∗ 0.002∗∗∗ 0.001∗∗∗

(0.000) (0.000) (0.000) (0.000)
z

0.885∗∗∗ 0.089∗∗∗

(0.005) (0.017)
Observations 73239 73239 73239 73239
Households 12321 12321 12321 12321

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.19 0.33 0.70 0.81
P-value from F-test 0.00 0.00 0.00 0.00

Notes. Table 11 summarizes estimates from a version of Equation 3 in which I replace household’s ωq with the
households’ predicted marginal income tax rate in that quarter. Standard errors are clustered at the household-
level, and I use household-level sampling weights. The final row reports the p-value from the F-test that estimates
of πq are equal to each other.
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Table 12: Log earnings response in each quarter to predicted federal and state marginal income
tax rate, SNAP sample

(1) (2) (3) (4)
ln y ln y ln y ln y

MTR
0.867∗∗∗ 0.891∗∗∗ -0.276∗∗∗ -0.004
(0.006) (0.006) (0.007) (0.008)

MTR
Q2

0.273∗∗∗ 0.274∗∗∗ 0.280∗∗∗ 0.012∗

(0.007) (0.007) (0.007) (0.005)
Q3

0.450∗∗∗ 0.444∗∗∗ 0.407∗∗∗ -0.016∗

(0.007) (0.008) (0.007) (0.007)
Q4

0.521∗∗∗ 0.505∗∗∗ 0.425∗∗∗ -0.020∗∗∗

(0.008) (0.007) (0.007) (0.007)
z

0.689∗∗∗ 0.098∗∗

(0.003) (0.007)
Observations 703815 703815 703815 703815
Households 106640 106640 106640 106639

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.21 0.32 0.43 0.63
P-value from F-test 0.00 0.00 0.00 0.00

Notes. Table 12 summarizes estimates from a version of Equation 3 in which I replace household’s ωq with the
households’ predicted marginal income tax rate in that quarter. Standard errors are clustered at the household-
level. The final row reports the p-value from the F-test that estimates of πq are equal to each other.
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Table 13: Log hours response in each quarter to predicted net of tax earnings, simulated using
three previous quarters’ earnings, SIPP sample

(1) (2) (3) (4)
lnh lnh lnh lnh

ω
-0.626∗∗∗ -0.597∗∗∗ -0.078∗∗ -0.001
(0.024) (0.024) (0.027) (0.030)

ω×
Q2

0.010∗ 0.010∗ 0.008 0.011∗∗

(0.004) (0.004) (0.004) (0.004)
Q3

0.011 0.011∗ 0.006 0.015∗∗

(0.006) (0.006) (0.006) (0.005)
Q4

0.005 0.006 -0.004 0.013∗

(0.005) (0.005) (0.005) (0.005)
z

0.238∗∗∗ 0.046∗∗

(0.008) (0.014)
Observations 70876 70876 70876 70817
Households 12224 12224 12224 12165

Demographics X X X
# of deps × marital status X X X
State × year X X X
Household FE X

R2 0.05 0.25 0.30 0.70
P-value from F-test 0.39 0.52 0.06 0.58

Notes. Table 13 summarizes estimates of Equation 3 in the SIPP sample, in which I replace the outcome variable
with the log of the average hours worked per week, summed over the respective quarter. Standard errors are
clustered at the household-level, and I use household-level weights.The final row reports the p-value from the
F-test that estimates of πq are equal to each other.
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Table 14: Earnings response in each quarter to predicted net of tax earnings rate, simulated
using three previous quarters’ earnings, by household type, SIPP sample

Marital Status Presence of Children

(1) (2) (3) (4)
Single Married No Kids Have Kids

ω
-0.077 -0.044 0.101 -0.052
(0.068) (0.061) (0.159) (0.048)

ω×
Q2

0.020∗∗ 0.054∗∗∗ 0.026∗∗∗ 0.044∗∗∗

(0.006) (0.006) (0.006) (0.006)
Q3

0.035∗∗∗ 0.086∗∗∗ 0.049∗∗∗ 0.067∗∗∗

(0.008) (0.008) (0.007) (0.009)
Q4

0.062∗∗∗ 0.105∗∗∗ 0.073∗∗∗ 0.091∗∗∗

(0.008) (0.009) (0.008) (0.009)
z

0.046 0.095∗∗∗ 0.049 0.080∗∗∗

(0.028) (0.021) (0.030) (0.022)
Observations 37539 35084 35751 37488
Households 6287 5925 6001 6420

Demographics X X X X
# of deps × marital status X X X X
State × year X X X X
Household FE X X X X

R2 0.84 0.76 0.82 0.81
P-value from F-test 0.00 0.00 0.00 0.00

Notes. Table 14 summarizes results from estimations of Equation 3 in the SIPP sample. Standard errors are clustered
at the household-level, and I use household-level weights. The final row reports the p-value from the F-test that
estimates of πq are equal to each other.
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Table 15: Log earnings response in each quarter to predicted net of tax earnings rate, simulated
using three previous quarters’ earnings, by household type, SNAP sample

Marital Status Presence of Children

(1) (2) (3) (4)
Single Married No Kids Have Kids

ω
-0.058 -0.031 -0.194 -0.039
(0.064) (0.052) (0.050) (0.042)

ω×
Q2

0.102∗∗∗ 0.125∗∗∗ 0.157∗∗∗ 0.097∗∗∗

(0.006) (0.004) (0.006) (0.002)
Q3

0.145∗∗∗ 0.180∗∗∗ 0.205∗∗∗ 0.143∗∗∗

(0.007) (0.005) (0.007) (0.002)
Q4

0.178∗∗∗ 0.192∗∗∗ 0.229∗∗∗ 0.174∗∗∗

(0.007) (0.005) (0.007) (0.002)
z

0.041∗∗∗ 0.046∗∗∗ -0.029∗ 0.048∗∗∗

(0.005) (0.016) (0.026) (0.007)
Observations 602837 100692 149859 553956
Households 92599 13906 26984 82103

Demographics X X X X
# of deps × marital status X X X X
State × year X X X X
Household FE X X X X

R2 0.62 0.64 0.62 0.62
P-val from F-test 0.00 0.00 0.00 0.00

Notes. Table 15 summarizes results from estimations of Equation 3 among married vs. single households and
households with and without children in the SNAP sample. Standard errors are clustered at the household-level.
The final row reports the p-value from the F-test that estimates of πq are equal to each other.
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Table 17: Anderson-Hsian estimator for earnings response in each quarter to predicted net of
tax earnings, SIPP and SNAP sample

SIPP SNAP
ω̃q=1

1.086∗ -.381
(1.466) (0.111)

ω̃q=2

0.346 0.118∗∗∗

(1.436) (0.126)
ω̃q=3

2.217 0.521∗∗∗

(4.193) (0.113)
ω̃q=4

-2.161 0.126∗∗∗

(5.800) (0.126)

z̃ .977 .630
(.312) (.067)

Observations 5,288 75,300
Households 1,322 18,825
Demographics X X
# of deps × marital status X X
State × year X X
Household FE
R2 0.22 0.03
P-value from F-test 0.87 0.00
Hansen J-stat 0.00 0.00

Notes. Table 17 summarizes results from Equation 8. In both models, I cluster standard errors at the household-
level. In the SIPP, I apply household weights. The final row reports the p-value from the F-test that estimates of πq

are equal to each other.
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Figure 3: Agent’s predicted hours choice based on average hours worked to date

Notes. Figure 3 plots proposed hours in each of 11 periods given average hours worked per period to date for a
representative agent with ability n = 1 and elasticity e = .25.
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Figure 4: Agent’s predicted hours choice based on average hours worked to date, by n and e

(a) By ability n

(b) By elasticity e

Notes. Figure 4 plots proposed hours in the subsequent period given average hours worked per period to date for
a set of representative agents. In Panel A, I plot choices for three workers with different ability parameters n. These
workers have the same elasticity e = .3 and face the same tax policy (τ0 = 0, τ1 = .3). In Panel B, I plot choices for
three worker, all with n = .9, but with elasticities of .1, .25 and .4.
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Figure 5: Distribution of proposed annual income as of three periods

Notes. Figure 5 presents results from a three simulations of the model summarized in ??. I plot the distributions
of predicted annual income as of three periods for 500 agents with various levels of n. For each agent, I simulate
responses using an elasticity e of .1, .25 and .4. The other parameter values are: p = .8, τ0 = 0, τ1 = .3, and z∗ = 7.6.
The light dotted line indicates predicted earnings as of d = 4, the dashed line is as of d = 8, and the solid line is the
last period, d = 12.
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Figure 6: Combined marginal and average tax rates for married households, 1997 vs 2012, SIPP
sample

(a) Marginal income tax rate

(b) Average income tax rate

Notes. Figure 6 illustrates how marginal and average tax rates vary for married households with 0, 1, 2 or 3+
dependents in 1997 versus 2012. By year and for each number of dependents, I group households into annual
income bins of $2,500. In each bin, I calculate the average and average marginal tax rate faced by households at
year’s end.
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Figure 7: Combined marginal and average tax rates for married households, by number of
dependents and annual income, SNAP households, 2017

(a) Marginal income tax rate

(b) Average income tax rate

Notes. Figure 7 summarizes how average and marginal tax rates vary by household income and number of depen-
dents for single and married filers enrolled in SNAP in California in 2016. I group tax units into bins of $2,000 in
annual income by filing status and number of dependents, and within each bin, identify the mean marginal and
average tax rate.
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Figure 8: Distribution of cross-year differences in household income, average tax rate, and
predicted ω, SNAP sample

(a) Annual earnings

(b) Average tax rate
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(c) Predicted final quarter net of tax wage rate

(d) Marginal tax rate

Notes. Figure 8 illustrates the differences in household income, average tax rate and ω across tax years within the
same SNAP households. For all households, I subtract the value from the value from the previous tax year. I plot
the kernel density of all these differences. For household income, I use a bandwidth of $100 and limit to differences
within $25,000. For average tax rate, I use a bandwidth of half a percentage point and limit to differences within 50
percentage points. For predicted net of tax wage rate on fourth quarter earnings, I use a bandwidth of 5 percentage
points and limit to differences within 75 percentage points. For the marginal tax rate, I use a bandwidth of 2.5
percentage points and limit to differences within 50 percentage points. The red dotted lines indicate the median
absolute value difference, meaning half of households exhibit a difference between those bounds and the other half
exhibit a difference outside those bounds.

53



Figure 9: Distribution of annual income and predicted annual income as of the end of the first
quarter, SNAP households with two dependents, 2017

Notes. Figure 9 plots kernel density distributions of predicted annual wage earnings as of the end of the first quarter
and third quarter, as well as the distribution of actual wage earnings, for SNAP households with two dependents in
2017. I use a bandwidth of $500 and limit to households with a maximum of $50,000. I overlay these distributions
on the combined federal and state EITC schedule for a single filer with two dependents in 2017. From the first
quarter to the last, the distribution of earnings shifts such that fewer households are located towards the beginning
of the phase-in region and more are clustered at the top of the EITC range.
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Figure 10: Predicted total EITC amounts versus final total EITC amounts, SNAP sample

Notes. Figure 10 illustrates how those differences vary by predicted annual income. Each dot represents one SNAP
households’ predicted and actual EITC amount. I use a five percent sample of SNAP households in tax years 2015
to 2017
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Figure 11: Distribution of standard deviations in predicted earnings, SNAP households, 2015-
2017

Notes. Figure 11 illustrates the distribution of standard deviations across households in their predicted earnings
over four quarters of each tax year. I implement the same restrictions as in the rest of my analysis. I predict annual
earnings as of each quarter by extrapolating from to-date earnings (i.e., predicted earnings as of June equal double
the income earned in the first two quarters). For each household in each tax year, I calculate the standard deviation
over the four predicted values, where the final value is equal to the household’s actual earnings.
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Figure 12: Distribution of ω in Q4 in the SIPP and SNAP samples

(a) SIPP sample

(b) SNAP sample

Notes. Figure 12 illustrates the distribution of values of ω, the predicted net of tax wage rate for subsequent quar-
ter’s earnings, for the fourth quarter in both the SIPP and SNAP sample.
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Figure 13: Difference in log earnings adjustment between quarters 2, 3 and 4 relative to quarter
1 over predicted net of tax wage rate in subsequent quarter

(a) SIPP sample

(b) SNAP sample

Notes. Figure 13 plots estimates of πqω from Equation 4. I bin households into twelve levels of ω: below .55, above
1.1, and in between, groups of .05. I implement the same restrictions described above. I limit to households whose
earnings in three previous quarters are between $2,000 and $75,000, and with positive earnings in all quarters in a
tax year. I also restrict to households whose total EDD wages equal their state AGI. Standard errors are clustered at
the household-level.

58



Figure 14: Difference in log earnings adjustment between quarters 2, 3 and 4 relative to quarter
1 over predicted annual income

(a) SIPP sample

(b) SNAP households

Notes. Figure 14 plots estimates of πqz from Equation 5. The coefficients identify the difference in log earnings by
predicted annual income between each calendar quarter relative to the first quarter. I overlay the estimates from
the SIPP sample on the EITC schedule for a family with two dependents in 2008. I overlay the estimates among
the SNAP households on the combined EITC schedule in California for a household with two dependents in 2017.
Standard errors are clustered at the household-level.
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