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GOALS OF THIS LECTURE

1) Cover some empirical studies of labor supply and taxable income
responses to taxation (from earlier to more recent papers)

2) Understand key methodologies such as Diff-in-Diffs, RDD,
non-linear budget sets and “bunching at kinks/notches” which are
useful for a wide range of empirical work

3) Critically discuss papers’ methodologies and results so as to
practice our research skills
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ELASTICITY OF TAXABLE INCOME (ETI)

Taxable Income = Ordinary Income + Realized Capital Gains − Deductions

⇒ Each component can respond to taxes

Modern public finance literature focuses on taxable income elasticities
(ETI) instead of hours/participation elasticities

Two main reasons:

1) Policy: what matters for policy is the total behavioral response to
tax rates (not only hours of work but also occupational choices,
avoidance, etc.)

2) Data availability: taxable income is precisely measured in tax
return data

Overview of ETI literature: Saez-Slemrod-Giertz JEL’12
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CHANNELS OF TAXABLE INCOME RESPONSES

(1) Quantitative labor supply responses: hours worked, participation

(2) Qualitative labor supply responses: effort on the job, type of job,
training, education

(3) Changes in savings and portfolio choice

(4) Tax avoidance [legal tax minimization]. E.g., legal shifting of
income into untaxed or lower-taxed form

(5) Tax evasion [illegal under-reporting of income]
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TAX AVOIDANCE

Behavioral response to income tax comes not only from reduced work
effort and economic activity but also from tax avoidance.
Two main forms of tax avoidance:

1) Intertemporal substitution: Shift income over time to take
advantage of tax changes: Example: If tax rates increase next year,
shift income from next year into this year

2) Income shifting: Shift income to another tax base that is taxed
less. Example: shift business profits from corporate tax base to the
individual tax base if this is tax advantageous

Tax avoidance affects tax revenue through these other tax bases and
such revenue effects need to be accounted for in optimal tax analysis
(fiscal externalities)
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ETI AS A POLICY INSTRUMENT

▸ The ETI is not a structural parameter. It depends on avoidance
and evasion, which depend on the tax and enforcement system
(Slemrod and Kopczuk, 2002)

▸ The ETI will be low under (i) a broad tax base that offers limited
opportunity for income shifting, (ii) rigorous tax enforcement
that offers limited opportunity for evasion

▸ If the ETI is very high (Laffer rate very low), what is the best policy
response? (i.e., when people are very responsive to income tax)

▸ Two possibilities: (i) reduce MTRs, (ii) reduce the ETI.
Optimal policy depends on the mg costs/benefits of (i) and (ii)
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Labor supply responses to taxation

Labor supply responses to taxation are of fundamental importance for
income tax policy [efficiency costs and optimal tax formulas]

Labor supply responses along many dimensions:

(a) Intensive: hours of work on the job, intensity of work,
occupational choice [including education]

(b) Extensive: whether to work or not [e.g., retirement, migration]

(c) Short-run versus long-run: long-run response most important for
policy but hardest to estimate
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STATIC LS MODEL: SETUP (skip)

Baseline model (same as previous lecture): (i) static, (ii) linearized tax
system, (iii) pure intensive margin choice, (iv) single hours choice, (v)
no frictions

Utility u(c , l) increases with consumption c , and decreases with hours
worked l

Individual earns wage w per hour (net of taxes) and has R in non-labor
income [e.g., linear tax system with tax rate τ and transfer G :
c = wp

(1 − τ)l +G ]

Individual solves: maxc,l u(c , l) subject to c = wl + R
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LABOR SUPPLY BEHAVIOR (skip)

FOC: w∂u/∂c + ∂u/∂l = 0 defines uncompensated (Marshallian) labor
supply function lu(w ,R)

Uncompensated elasticity of labor supply: εu = (w/l) ⋅ ∂lu/∂w [%
change in hours when net wage w increases by 1%]

Income effect parameter: η = w∂l/∂R ≤ 0: £ increase in earnings if
person receives £1 extra in non-labor income

Compensated (Hicksian) labor supply function lc(w ,u) which
minimizes cost wl − c subject to constraint u(c , l) ≥ u

Compensated elasticity of labor supply: εc = (w/l) ⋅ ∂lc/∂w > 0

Slutsky equation: ∂l/∂w = ∂lc/∂w + l∂l/∂R ⇒ εu = εc + η
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BASIC CROSS-SECTION ESTIMATION

Data on hours or work, wage rates, non-labor income started becoming
available in the 1960s when first micro surveys and computers appeared:

Simple OLS (Ordinary Least Square) regression:

li = α + βwi + γRi +Xiδ + εi

wi is the net-of-tax wage rate

Ri measures non-labor income [including spousal earnings for couples]

Xi are demographic controls [age, experience, education, etc.]

β measures uncompensated wage effects, and γ measures income
effects [can be converted to εu, η]
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BASIC CROSS-SECTION RESULTS

1. Male workers [primary earners when married]
(Pencavel, 1986 survey):

Small effects εu = 0, η = −0.1, εc = 0.1 with some variation across
estimates

2. Female workers [secondary earners when married]
(Killingsworth and Heckman, 1986):

Much larger elasticities on average, with larger variations across studies.
Elasticities go from zero to over one. Average around 0.5. Significant
income effects as well

Female labor supply elasticities have declined overtime as women
become more attached to labor market (Blau-Kahn JOLE’07)
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ISSUE WITH OLS REGRESSION:
wi correlated with tastes for work εi

li = α + βwi + εi

Identification is based on cross-sectional variation in wi : comparing
hours of work of highly skilled individuals (high wi ) to hours of work of
low skilled individuals (low wi )

If highly skilled workers have more taste for work (independent of the
wage effect), then εi is positively correlated with wi leading to an
upward bias in OLS regression

Plausible scenario: hard workers acquire better education and hence
have higher wages

Controlling for Xi can help but can’t guarantee that we’ve controlled for
all the factors correlated with wi and tastes for work: Omitted variable
bias (OVB) ⇒ Tax changes provide more compelling identification
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Natural Experiment Labor Supply Literature

First, what’s identification?

Best identification method: exogenously change taxes/transfers with a
randomized experiment (usually infeasible1)

Literature exploits variation in taxes/transfers to estimate hours
elasticities and participation elasticities

● Large literature in labor/public economics estimates effects of taxes
and wages on hours worked and participation

● Let’s discuss some estimates from older and more recent literature

1But check this interesting study by Bergeron-Tourek-Weigel (2021)
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Negative Income Tax (NIT) Experiments

▸ NIT experiment conducted in 1960s/70s in Denver, Seattle, and
other cities (randomized experiment)

▸ First major social experiment in U.S. designed to test proposed
transfer policy reform

▸ Lump-sum transfers G combined with a steep phaseout rate τ
(50%-80%) [based on family earnings] for 3 or 5 years.

▸ Analysis by Rees (1974), Munnell (1986) book, Ashenfelter and
Plant JOLE’90, and others

▸ Several groups, with randomization within each; approx. N = 75
households in each group
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Raj Chetty () Labor Supply Harvard, Fall 2009 87 / 156

Source: Ashenfelter and Plant (1990), p. 403
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NIT Experiments: Findings

1) Statistically significant labor supply response but small overall

2) Implied earnings elasticity for males around 0.1

3) Implied earnings elasticity for married women around 0.5

4) Response of married women is concentrated along the extensive
margin

5) Earnings of treated married women who were working before the
experiment did not change much
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From true experiment to “natural experiments”
Income Effects on Lottery Winners

True experiments are costly to implement and hence rare

However, real economic world (nature) provides variation that can be
exploited to estimate behavioral responses ⇒ “Natural Experiments”

Natural experiments sometimes come very close to true experiments:

▸ Imbens, Rubin, Sacerdote AER’01 did a survey of lottery winners
and non-winners in Massachusetts matched to Social Security
administrative data to estimate income effects

▸ Lottery generates random assignment conditional on playing

▸ Find significant but relatively small income effects: η = w∂l/∂R
between -0.05 and -0.10

▸ Identification threat: differential response-rate among groups
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FIGURE 2. PROPORTION WITH POSITIVE EARNINGS FOR NONWINNERS, WINNERS, AND BIG WINNERS 

Note: Solid line = nonwinners; dashed line = winners; dotted line = big winners. 

type accounts, including IRA's, 401(k) plans, 
and other retirement-related savings. The sec- 
ond consists of stocks, bonds, and mutual funds 
and general savings.13 We construct an addi- 
tional variable "total financial wealth," adding 
up the two savings categories.14 Wealth in the 
various savings accounts is somewhat higher 
than net wealth in housing, $133,000 versus 
$122,000. The distributions of these financial 
wealth variables are very skewed with, for ex- 
ample, wealth in mutual funds for the 414 re- 
spondents ranging from zero to $1.75 million, 
with a mean of $53,000, a median of $10,000, 
and 35 percent zeros. 

The critical assumption underlying our anal- 
ysis is that the magnitude of the lottery prize is 
random. Given this assumption the background 
characteristics and pre-lottery earnings should 
not differ significantly between nonwinners and 
winners. However, the t-statistics in Table 1 
show that nonwinners are significantly more 
educated than winners, and they are also older. 

This likely reflects the differences between sea- 
son ticket holders and single ticket buyers as the 
differences between all winners and the big 
winners tend to be smaller.15 To investigate 
further whether the assumption of random as- 
signment of lottery prizes is more plausible 
within the more narrowly defined subsamples, 
we regressed the lottery prize on a set of 21 
pre-lottery variables (years of education, age, 
number of tickets bought, year of winning, earn- 
ings in six years prior to winning, dummies for 
sex, college, age over 55, age over 65, for 
working at the time of winning, and dummies 
for positive earnings in six years prior to win- 
ning). Testing for the joint significance of all 21 
covariates in the full sample of 496 observations 
led to a chi-squared statistic of 99.9 (dof 21), 
highly significant (p < 0.001). In the sample of 
237 winners, the chi-squared statistic was 64.5, 
again highly significant (p < 0.001). In the 
sample of 193 small winners, the chi-squared 
statistic was 28.6, not significant at the 10- 
percent level. This provides some support for 
assumption of random assignment of the lottery 
prizes, at least within the subsample of small 
winners. 13 See the Appendix in Imbens et al. (1999) for the 

questionnaire with the exact formulation of the questions. 
14 To reduce the effect of item nonresponse for this last 

variable, total financial wealth, we added zeros to all miss- 
ing savings categories for those people who reported posi- 
tive savings for at least one of the categories. That is, if 
someone reports positive savings in the category "retire- 
ment accounts," but did not answer the question for mutual 
funds, we impute a zero for mutual funds in the construction 
of total financial wealth. For the 462 observations on total 
financial wealth, zeros were imputed for 27 individuals for 
retirement savings and for 30 individuals for mutual funds and 
general savings. As a result, the average of the two savings 
categories does not add up to the average of total savings, and 
the number of observations for the total savings variable is 
larger than that for each of the two savings categories. 

15 Although the differences between small and big win- 
ners are smaller than those between winners and losers, 
some of them are still significant. The most likely cause is 
the differential nonresponse by lottery prize. Because we do 
know for all individuals, respondents or nonrespondents, the 
magnitude of the prize, we can directly investigate the 
correlation between response and prize. Such a non-zero 
correlation is a necessary condition for nonresponse to lead 
to bias. The t-statistic for the slope coefficient in a logistic 
regression of response on the logarithm of the yearly prize 
is -3.5 (the response rate goes down with the prize), 
lending credence to this argument. 

Source: Imbens et al (2001), p. 784
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FIGURE 1. AVERAGE EARNINGS FOR NONWINNERS, WINNERS, AND BIG WINNERS 

Note: Solid line = nonwinners; dashed line = winners; dotted line = big winners. 

On average the individuals in our basic sample 
won yearly prizes of $26,000 (averaged over the 
$55,000 for winners and zero for nonwinners). 
Typically they won 10 years prior to completing 
our survey in 1996, implying they are on average 
halfway through their 20 years of lottery payments 
when they responded in 1996. We asked all indi- 
viduals how many tickets they bought in a typical 
week in the year they won the lottery.!1 As ex- 
pected, the number of tickets bought is consider- 
ably higher for winners than for nonwinners. On 
average, the individuals in our basic sample are 50 
years old at the time of winning, which, for the 
average person was in 1986; 35 percent of the 
sample was over 55 and 15 percent was over 65 
years old at the time of winning; 63 percent of the 
sample was male. The average number of years of 
schooling, calculated as years of high school plus 
years of college plus 8, is equal to 13.7; 64 percent 
claimed at least one year of college. 

We observe, for each individual in the basic 
sample, Social Security earnings for six years pre- 
ceding the time of winning the lottery, for the year 
they won (year zero), and for six years following 
winning. Average earnings, in terms of 1986 dol- 
lars, rise over the pre-winning period from 
$13,930 to $16,330, and then decline back to 
$13,290 over the post-winning period. For those 
with positive Social Security earnings, average 
earnings rise over the entire 13-year period from 
$20,180 to $24,300. Participation rates, as mea- 
sured by positive Social Security earnings, grad- 

ually decline over the 13 years, starting at around 
70 percent before going down to 56 percent. Fig- 
ures 1 and 2 present graphs for average earnings 
and the proportion of individuals with positive 
earnings for the three groups, nonwinners, win- 
ners, and big winners. One can see a modest 
decline in earnings and proportion of individuals 
with positive earnings for the full winner sample 
compared to the nonwinners after winning the 
lottery, and a sharp and much larger decline for 
big winners at the time of winning. A simple 
difference-in-differences type estimate of the mar- 
ginal propensity to earn out of unearned income 
(mpe) can be based on the ratio of the difference 
in the average change in earnings before and after 
winning the lottery for two groups and the differ- 
ence in the average prize for the same two groups. 
For the winners, the difference in average earnings 
over the six post-lottery years and the six pre- 
lottery years is -$1,877 and for the nonwinners 
the average change is $448. Given a difference in 
average prize of $55,000 for the winner/nonwin- 
ners comparison, the estimated mpe is (- 1,877 - 
448)/(55,000 - 0) = -0.042 (SE 0.016). For the 
big-winners/small-winners comparison, this esti- 
mate is -0.059 (SE 0.018). In Section IV we 
report estimates for this quantity using more so- 
phisticated analyses. 

On average the value of all cars was $18,200. 
For housing the average value was $166,300, 
with an average mortgage of $44,200.12 We 
aggregated the responses to financial wealth 
into two categories. The first concerns retirement 

" Because there were some extremely large numbers (up 
to 200 tickets per week), we transformed this valiable 
somewhat arbitrarily by taking the minimum of the number 
reported and ten. The results were not sensitive to this 
transformation. 

12 Note that this is averaged over the entire sample, with 
zeros included for the 7 percent of respondents who re- 
ported not owning their homes. 

Source: Imbens et al. (2001), p. 783
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Digression: Diff-in-Diff (DD) Methodology

Two groups: Treatment group (T) which faces a change [lottery
winners] and Control group (C) which does not [non winners]

Compare the evolution of T group (before and after change) to the
evolution of the C group (before and after change)

DD identifies the treatment effect if the parallel trend assumption
holds: absent the change, T and C would have evolved in parallel

DD most convincing when groups are very similar to start with

Should always test DD using data from more periods and plot the two
time series to check parallel trend assumption
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Labor Supply and Lotteries in Sweden

Cesarini et al. AER’17 use Swedish population-wide administrative data
with more compelling setting: (1) bank accounts with random prizes
(PLS), (2) monthly lottery subscription (Kombi), and (3) TV show
participants (Triss)

Key results:

1) Effects on both extensive and intensive labor supply margin, time
persistent

2) Significant but small income effects: η = w∂l/∂R ≈ −0.1

3) Effects on spouse but not as large as on winner
→ Rejects the unitary model of household labor supply:
maxu(c1, c2, l1, l2) st c1 + c2 ≤ w1l1 +w2l2 + R
⇒ only household non-labor income R matters
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Figure 1: Effect of Wealth on Individual Gross Labor Earnings 

 

 
Notes: This figure reports estimates obtained from equation (2) estimated in the pooled lottery sample with gross labor earnings as the dependent 
variable. A coefficient of 1.00 corresponds to an increase in annual labor earnings of 1 SEK for each 100 SEK won. Each year corresponds to a 
separate regression and the dashed lines show 95% confidence intervals. 
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TOP INCOME TAX RATE CHANGES

Tax rates change frequently over time. Biggest tax rate changes have
happened at the top:

The UK experienced dramatic changes. E.g., Thatcher tax cuts:

� Top rate ↓ from 83% to 60% in 1979

� and further ↓ to %40 in 1988

The US provides very interesting variation

� Reagan I: ERTA’81: top rate ↓ 70% to 50% (1981-1982)

� Reagan II: TRA’86: top rate ↓ 50% to 28% (1986-1988)

� Clinton: OBRA’93: top rate ↑ 31% to 39.6% (1992-1993)

� Bush: EGTRRA ’01: top rate ↓ 39.6% to 35% (2001-2003)

� Obama ’13: top rate ↑ 35% to 39.6%+3.8% (2012-2013)

� Trump ’17: top rate cut down to 37%+3.8% (2017-2018)
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Historically, high MTRs above 80% not unusual (See)
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LONG-RUN EVIDENCE IN THE US

Goal: evaluate whether top pre-tax incomes respond to changes in one
minus the marginal tax rate (=net-of-tax rate)

Focus on pre-tax income before deductions, excluding realized capital
gains (because they are taxed at lower separate rate)

Piketty-Saez QJE’03 estimate top income shares since 1913 [IRS
tabulations for 1913-1959, IRS micro-files since 1960]

Piketty-Saez-Stantcheva AEJ-EP’14 estimate the effect of top MTR on
top income shares in the US since 1913
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LONG-RUN EVIDENCE IN THE US

1) Clear correlation between top incomes and top income rates both
in several short-run tax reform episodes and in the long-run:
estimated elasticities are large (around 0.7 for long-run)

2) Correlation between tax rates and income shares largely absent
below the top 1% (such as the next 5%)

3) Top income shares sometimes do not respond to large tax rate cuts
[e.g., Kennedy Tax Cuts of early 1960s]

2) and 3) suggest that context matters (e.g., opportunities to
respond/avoid taxes matter). Response unlikely to be due to a universal
labor supply elasticity

Key problem: ∆tax correlated with non-tax factors driving top incomes
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KLEVEN AND SCHULTZ AEJ-EP’14

Important study finds relatively small TI elasticities in Denmark

Key advantages:

(a) Use full population of tax returns since 1980 (large sample size,
panel structure, many demographic variables, stable inequality)

(b) A number of reforms changing tax rates differentially across three
income brackets and across tax bases (capital income taxed
separately from labor income)

(a)+(b) ⇒ allows to overcome bias from (i) non-tax changes in
inequality and (ii) mean reversion

(c) Show compelling visual DD-evidence of tax responses around the
1987 large reform: Define T and C in year 1986 (pre-reform), follow the

same group in years before/after the reform (panel analysis)
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IV. Empirical Results

A. Graphical Evidence

This section presents graphical evidence on taxable income responses to the large 
1987 reform. Figure 4 shows the evolution of labor income (panels A–B) and capital 
income (panel C) between 1982–1993 for groups that were affected differently by 
the 1987 reform, demarcated by a vertical line.13 The figure is based on a  balanced 
panel  of individuals who are observed throughout the period. Panel A shows the 
effect on labor income using a simple treatment-control assignment based on the 
reform-induced tax variation shown in Figure 3: the treatment group includes those 
who experience an increase in the marginal net-of-tax rate on labor income due to 

13 The vertical line demarcates 1986, which is the last pre-reform year (as the reform was passed in parliament 
during 1986 and changed tax rates starting from 1987). Income levels in 1986 are normalized to 100 for all groups.
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Figure 4. Graphical Evidence on Taxable Income Responses to the Danish 1987 Reform

(continued )
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the reform (1986–1989 difference), while the control group includes those who 
 experience a reduction in the marginal net-of-tax rate on labor income due to the 
reform. Panel B also shows effects on labor income, but splitting the treatment sam-
ple into those experiencing the largest net-of-tax rate increases (at least 15 percent) 
and those experiencing smaller net-of-tax rate increases. Panel C shows the effect 
on positive capital income, with the treatment (control) group defined as those who 
experience an increase (decrease) in the marginal net-of-tax rate on positive capital 
income due to the reform. The figure also reports difference-in-differences estimates 
of the elasticities of taxable income with respect to the marginal net-of-tax rate, com-
paring treatment and control groups over the three-year interval from 1986 to 1989.14

The following main findings emerge from the figure. First, the income trends of 
treatments and controls are completely parallel in the years prior to the reform and 
then start to diverge precisely in 1987, the first post-reform year. The tax reform 
effect builds up gradually, with most of the effect materializing within about three 

14 The difference-in-differences estimates are based on 2SLS (two-stage least-squares) regressions of log 
income on an after-reform time dummy, a treatment-group dummy, and the log marginal net-of-tax rate, the latter 
variable being instrumented by the interaction of the after-reform and treatment-group dummies.
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Figure 4. Graphical Evidence on Taxable Income Responses to the Danish 1987 Reform (continued )

notes: The figure shows the evolution of labor income (panels A–B) and capital income (panel C) between 1982–
1993 for groups that were affected differently by the 1987 reform. The figure is based on a balanced panel of indi-
viduals who are observed throughout the period. The vertical line at 1986 denotes the last pre-reform year (as the 
reform was passed in parliament during 1986 and changed tax rates starting from 1987), and income levels in 1986 
are normalized to 100 in all groups. The treatment-control definition is based on the reform-induced tax variation 
for the different groups shown in Figure 3 (1986–1989 change for labor income and positive capital income), with 
treatments (controls) being an aggregation of groups who experience an increase (decrease) in the marginal net-of-
tax rate due to the reform. Panel B splits the treatment group for labor income into those who experience the larg-
est net-of-tax rate increases (Treatment L excludes the “stay middle” group in Figure 3) and those who experience 
smaller net-of-tax rate increases (Treatment S is the “stay middle” group in Figure 3). All panels show that income 
trends are very parallel in the years prior to the reform and then start to diverge precisely in 1987, the first year of tax 
cuts on the treatment groups. Most of the effect of the tax reform materializes within three years. The figure reports 
difference-in-differences estimates of the elasticities of taxable labor and capital income, comparing treatment and 
control groups over the three-year interval 1986–1989. The estimates D D L  and  DD S  in Panel B refer to treatment L 
and treatment S, respectively. The DD estimates in all panels are based on 2SLS regressions of log income on an 
after-reform time dummy, a treatment-group dummy, and the log marginal net-of-tax rate, the latter variable being 
instrumented by the interaction between the after-reform and treatment-group dummies.
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KLEVEN AND SCHULTZ AEJ-EP’14

Key Findings:

(a) Small labor income elasticities (.05 for wage earners, .10 for
self-employed)

(b) Bigger capital income elasticities (.3)

(c) Bigger elasticities for larger tax changes (overcome optimization
frictions suggested by Chetty et al QJE’11)

(d) Modest income shifting between labor and capital in Denmark (top
rates on labor and capital are carefully aligned)

⇒ Danish tax system optimized to have broad base and few avoidance
opportunities. Ensures modest behavioral responses
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UK OWNER-MANAGERS
(Miller-Pope-Smith, 2019)

Use linked UK tax records to estimate how personal taxes affect the
behaviour of company owner-managers (read Section 3!)

Two empirical strategies: (1) bunching at ’higher rate’ kink (MTR
goes from 20% to 40%); (2) diff-in-diff of policy reform that increased
MTR above £100k (since 2010-11)

� Responses to MTRs are in line with intertemporal income
shifting, and not to reductions in real business activity

� Taxable income is shifted across time to (i) smooth income that
fluctuates around tax kinks and (ii) to access preferential capital
gains tax rates (20% in higher-rate band)

� Also find large tax-induced retained profits; held as cash and
equivalent assets ⇒ do not lead to higher investment in capital
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due (the primary threshold), and from 20% to 40% at the higher rate threshold in

income tax – roughly £40,000. This structure is representative of the marginal rate

schedules in the tax years before 2009-10, albeit with small changes in the value

of thresholds over time. Since the 2010-11 tax year, there have been additional

marginal tax rate bands at £100,000 and £150,000 (fixed in nominal terms).17 The

right hand panel illustrates the schedule for the 2014-15 tax year.

There is clear evidence that owner-managers respond to the incentive to bunch

at the thresholds in the personal tax system. Figure 3.2 plots the distribution of

taxable income up to £90,000 in 2014-15, and the distribution of taxable income

from £90,000 to £180,000 across the period 2010-11–2014-15.18 There is strong

evidence of bunching at the higher rate threshold, as well as at the kink points at

£100,000 and £150,000 from 2010-11 onwards. The key objective of this paper is

to understand what drives the high responsiveness of owner-managers to changes

in the marginal tax rates they face.

Figure 3.2: Distribution of taxable income for company owner-managers

(a) Income ≤ £90, 000 (2014-15)
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(b) Income > £90, 000 (2010-11–2014-15)
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Notes: Black dotted lines indicate increases in marginal rates at the primary threshold (£7,956
in 2014-15), the higher-rate threshold (£41,865 in 2014-15), the beginning of the withdrawal of
the personal allowance (£100,000 in each year from 2010-11) and the additional-rate threshold
(£150,000 in each year from 2010-11). Due to disclosure requirements, we pool observations of
annual nominal taxable income across the years 2010-11 to 2014-15 for the right hand panel. Bin
widths in both panels are £1500.
Source: Authors’ calculations based on HMRC administrative datasets.

17The non-convex nature of the schedule at £100,000 is a result of a policy that withdraws the
personal allowance above £100,000: an individual loses 50p of personal allowance for every £1 she
earns above £100,000 until the personal allowance has been reduced to zero.

18In Appendix B we show the taxable income distributions for all years.

16

Source: Miller, Pope, Smith (2019)
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which allows us to check whether the pre-trends across the treatment and control

groups look similar.

Figure 5.5: Coefficients from differences-in-differences specification

(a) Taxable income and profit
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(b) Shareholder’s equity
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Notes: Left hand panel: black markers show the estimated βtaxable
s coefficients from equation (5.1);

grey markers show the estimated βprofit
s coefficients from equation (5.2). Right hand panel: the

grey markers show the estimated βequity coefficients from equation (5.3). In both cases the omitted
year is 2009. Error bars show 95% confidence intervals. Years on the horizontal axis refer the
calendar year in which the tax year ends i.e. 2007 refers to the tax year April 2006 to April 2007.
Table of coefficients is available in Appendix D.3.
Source: Calculations based on HMRC administrative datasets.

Figure 5.5(a) shows the estimated coefficients from equations (5.1) and (5.2);

these are relative to 2009, the omitted year. Taxable income evolves similarly for

the treatment and control group in the pre-reform period; for profit, there is some

evidence of a decline in the treatment relative to the control group in the pre-reform

period, but these differences are not significantly different from zero. We see no

statistically significant reduction in the corporate profit of companies with treated

owner-managers compared with the control group following the introduction of

higher marginal rates on high incomes after 2010. That is, the amount of underlying

economic activity among the treated companies does not changing in response to

the reform. However, the figure shows a clear fall in taxable income for treated

owner-managers. This effect persists over the following four years.

These results indicate that owner-managers must have responded to the reforms

by retaining income within their companies and is therefore consistent with the

bunching evidence that the high responsiveness of company owner-managers to

marginal tax rate changes is entirely explained by intertemporal income shifting.

Figure 5.5(b) shows this directly. The year-on-year change in shareholders’ equity

was higher for the treatment group relative to the control group in the post-reform

period. That is, following the reforms (which increased the difference between

34

Source: Miller, Pope, Smith (2019)
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likely that a company will subsequently undertake a significant investment. We

estimate:

ĩt =
∑

s 6=2009

βisDf × 1[yeart = s] + ϕt + αf + νft (5.4)

where the sample and variable definitions are the same as those used in Section

5.1. Figure 5.8 shows that there is no difference in the capital investment of the

treatment compared with the control group following the reform. The fact that we

see no change in investment, alongside an increase in shareholders’ equity (Figure

5.5(b)), suggests that the additional retained profits are held as cash rather than

invested in productive capital.

Figure 5.8: Coefficient estimates from differences-in-differences specification, in-
vestment
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Treatment definition: taxable income between 95000 and 200000.
Control definition: taxable income between 50000 and 95000.

Notes: The markers show the estimated βi
s coefficients from equation (5.4); the omitted year is

2009. The dependent variable is a dummy equal to 1 if there is an increased in fixed assets greater
than 20% of the fixed assets stock. Error bars show 95% confidence intervals. Years on the
horizontal axis refer the calendar year in which the tax year ends i.e. 2007 refers to the tax year
that runs from April 2006 to April 2007. Tables of coefficients are shown in Appendix D.3.
Source: Calculations based on HMRC administrative datasets.

Finally, there is evidence that owner-managers retain income in their companies

in cash or equivalent assets for long periods in order to access lower tax rates

(accountants in the UK refer to this practice as “moneyboxing”). Those owner-

managers with average total income above the higher rate threshold who wish to

or “lumps” (Doms and Dunne (1998), Cooper and Haltiwanger (1993), Caballero (1999), Cooper
et al. (1999), Nilsen and Schiantarelli (2003), Cooper and Haltiwanger (2006)). Disney et al.
(2019) use the same UK data, measure an investment “spike” as a change in fixed assets of at
least 20% and discuss this choice.

38
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High-wage earners’ responses to an ‘income tax holiday’
Tortarolo, Cruces, Castillo (2020)

How do high-wage earners respond to a period with no taxes?

▸ Argentina’s income tax schedule deteriorated in the 2000s
(inflation + no indexation) – See lecture 1

▸ After losing primary legislative elections, the president wanted to
quickly provide a tax relief to income taxpayers

▸ Govt exempted a group of wage earners with pre-reform earnings <
15k pesos

▸ No taxes for eligible workers for 2.5 years

▸ Perfect reform to measure intertemporal LS responses!
▸ Findings: a very precise small response from wage earners

▸ Larger responses for overtime hours (albeit small)
▸ Executive workers and switchers are more responsive
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Tax variation & data allow for a RDD and DiD analysis

TIME

LINE
Jan 1st

2013

Aug 28th

2013

Tax Cut

Announced

(Decree 1242)

Sep 1st

2013

Tax cut

Begins
(RG 3525)

May 5th

2015

Tax Cut

Reconfirmed

(RG 3770)

Oct 25th

2015

Presidential

Elections

Feb 22nd

2016

Tax cut

Ends
(Decree 394)

Reference Period: Jan-Aug’13 Earnings fully untaxed if eligible (2.5 years)

Fully exempt if wage earnings≤fixed threshold (≈p70–p85 untaxed).
Two simple rules:

1. Wage earners in Jan-Aug’13:
{Highest monthly wage btw Jan-Aug 2013} ≤ AR$ 15,000

Backward-looking rule that precludes manipulation Ô⇒ RDD

2. Non-wage earners in Jan-Aug’13:
{First monthly wage} ≤ AR$ 15,000

Contemporaneous rule subject to manipulation Ô⇒ “notch”
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Theoretical first stage

0% MTR & ATR for eligible workers btw Sep’13-Feb’16
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Empirical first stage

Temporary and sharp tax cut, visible in aggregate macro series
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Empirical first stage

Temporary and sharp tax cut, visible in aggregate macro series
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Tax variation is pretty unique

▸ Large/unprecedented tax cut on high-wage earners

- Tax changes usually small and plagued w/ identification difficulties
(e.g., mean reversion)

- Hard to come up with RDDs in tax research

▸ One of the cleanest quasi-randomized experiments to date to study
real (intertemporal) responses of upper-wage earners

▸ Rich employer-employee administrative data (e.g., observe monthly
overtime hours)
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Findings

(1) Large and salient decrease in tax rates:

● ↓ MTR from 27% to 0% for single workers (below the threshold)
● ↓ ATR from 7% to 0% for single workers (below the threshold)

Much bigger than other studies

(2) Very small and precise response of upper-wage earners to a 2.5
year-long income tax cut (hours and monthly wages: e ∼ 0.02)

(3) Low responses might be driven by labor demand constraints and
labor market rigidities (ej. fixed hours, centralized wage-setting)
▸ overtime hours (e ∼ 0.2)
▸ job switchers (e ∼ 0.1)
▸ managers/executives (e ∼ 0.3, possibly avoidance)
▸ new entrants (enter strategically below 15k; stronger for executives)
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Observed response after 2 years

RD estimate:
AR$ 638 (416)

%∆(1-τt) = 32.1%
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0.3 ×%∆(1 − τit), where τit is the individual empirical MTR pre and post reform (Aug’13 and Dec’15). 20 equally spaced

bins of AR$ 250 on each side.
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Thought experiment (with e = 0.3)

RD estimate:
AR$ 20,595 (419)
%∆(1-τt) = 32.1%
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Earnings growth w.r.t. 2013
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Earnings growth w.r.t. 2013
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Evolution of RD estimates, 2011-2017

Pre-reform Reform Post-repeal
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Note: with e = 0.3 (thought experiment), excess earnings growth would be 7.5%.
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Overtime hours per month (Oct’15 vs Apr’13)

b = 1.12
s.e. = .299

N left = 170470
N right = 116337
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by bins of the running variable (width AR$500).
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Managers and Executives: earnings growth (DinD)

Pre-reform Reform Post-repeal
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Note: this figure shows the excess earnings of T vs C group relative to 2013.

T: (10k, 15k]; C: (15k, 25k]; Depvar: (yi,t − yi,2013)/yi,2013
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INTERNATIONAL MIGRATION
Public debate concern that top skilled individuals move to low tax
countries (e.g., in EU) or low tax states (US). Migration concern bigger
in public debate than supply-side concern within a country

Optimal top tax rate with migration elasticity of top earners (ηm) and
intensive elasticity (e) is: τ∗ = 1/(1 + a ⋅ e + ηm)

⇒ The possibility of migration from top earners can decrease significantly the

ability of EU countries to tax high incomes

Interesting variation due to proliferation of special low tax schemes for
highly paid foreigners in Europe:

⇒ Kleven et al AER’13 look at football players in Europe (highly mobile group,
many tax reforms) ⇒ Find significant migration responses to taxes after European
football market was de-regulated in ’95

⇒ Akcigit-Baslandze-Stantcheva AER’16 look at innovators (using patent data)
mobility and find significant tax effects for top innovators

US states: Moretti-Wilson AER’17 ’19, Rauh-Shyu ’19
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Kleven-Landais-Saez-Schultz QJE’14

Exploit the 1991 tax scheme in Denmark: immigrants with high
earnings (≥ 103,000 Euros/year) taxed at flat 25% rate (instead of
regular tax with top 59% rate) for 3 years

Use population wide Danish tax data and DD strategy: compare
immigrants above eligibility earnings threshold (treatment) to
immigrants slightly below threshold (control)

Key finding: Scheme doubles the number of highly paid foreigners in
Denmark relative to controls

⇒ Elasticity of migration with respect to the net-of-tax rate above
one (much larger than the within country elasticity of earnings)

⇒ Tax coordination will be key to preserve progressive taxation in the
European Union
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Figure 3: Total number of foreigners in different income groups
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Responses to Low-Income Transfer Programs

Particular interest in treatment of low incomes in a progressive
tax/transfer system: are they responsive to incentives?

Example: 1996 US Welfare Reform

▸ Largest change in welfare policy: modified AFDC cash program to
provide more incentives to work (renamed TANF)

a) Requiring recipients to go to job training or work
b) Limiting the duration of benefits (5 year max lifetime)
c) Reducing phase out rate of benefits

▸ EITC expanded during this period: shift from welfare to “workfare”

Did welfare reform and EITC increase labor supply?
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FIGURE 1: LONG-RUN EVOLUTION OF EITC AND CASH WELFARE
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Earned Income Tax Credit (EITC) program

The largest US means-tested cash transfer program [$75bn in 2019,
30m families recipients]. Started small in the 1970s but was expanded
in 1986-88, 1994-96, 2008-09

1) Eligibility: families with kids and low earnings

2) Refundable Tax credit: administered through income tax as annual
tax refund received in Feb-April, year t + 1 (for earnings in year t)

3) EITC has flat pyramid structure with phase-in (negative MTR),
plateau (0 MTR), and phase-out (positive MTR)

4) Theoretically, EITC should encourage labor force participation
(extensive labor supply margin)
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EITC Schedule in 2017
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Theoretical Behavioral Responses to the EITC

Extensive margin: EITC makes work more attractive (relative to
non-work) ⇒ (+) effect on Labor Force Participation

Intensive margin: earnings conditional on working:

1) Phase in: (a) Substitution effect: work more due to 40% increase
in net wage, (b) Income effect: work less
⇒ Net effect: ambiguous; probably work more

2) Plateau: Pure income effect (no change in net wage)
⇒ Net effect: work less

3) Phase out: (a) Substitution effect: work less, (b) Income effect:
also work less
⇒ Net effect: work less
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0 pre-tax income z

EITC and intensive labor supply

𝑐= z-T(z)

z	

Budget with EITC
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EITC Maximum Credit Over Time
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Welfare Reform and EITC Expansion: Labor supply

Kleven (2019) looks at the participation of single women (aged 20-50)
with kids (treatment) vs without kids (control) in the US

� Large increase in labor force participation of single mothers during
the 1990s during welfare reform and EITC expansion

� Unlikely that the EITC can explain it fully because other EITC
changes haven’t generated such large effects

� Sociological evidence shows that welfare reform “scared” single
mothers into working. Single moms in the US were suddenly
expected to work

� Maybe a unique combination of EITC reform, welfare reform,
economic upturn, and changing social norms lead to this shift

Bastian AEJ-EP’20: 1975 introd of the EITC ↑ maternal employment
by 6% (∼1m mothers; participation elasticity of 0.58)

55 / 80



Labor Force Participation of Single Women
With and Without Children
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Labor Force Participation of Single Women
By Number of Children
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Labor Force Participation of Single Women
By Number of Children

Tax Reduction
Act of 1975 TRA86 OBRA90 OBRA93 ARRA

But no increase here
by those with 3+ kids

40
50

60
70

80
90

La
bo

r F
or

ce
 P

ar
tic

ip
at

io
n 

(%
)

-1 -.5 0 .5 1

68 70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 00 02 04 06 08 10 12 14 16 18
Year

0 children 1 child 2 children 3+ children

Source: Kleven (2019)

56 / 80



The Rise of Working Mothers and the 1975 EITC

Bastian AEJ-EP’20: 1975 introd of the EITC

▸ Uses March Current Population Survey data and a dynamic
difference-in-differences (DD) approach

▸ ↑ maternal employment by 6% (∼1m mothers; participation
elasticity of 0.58)

▸ Finds suggestive evidence that influx of working mothers affected
social attitudes and led to higher approval of working women

▸ States with larger EITC responses had larger increases in
preferences for gender equality after 1975
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response and the predicted response (based on preexisting state demographic traits 
to help alleviate concerns about the potential endogeneity of  gender-equality prefer-
ences and EITC response), I find that states with larger EITC responses had larger 
increases in preferences for gender equality after 1975. Preference changes occurred 
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Figure 1

Notes:  Employment is defined as positive income.  Best fit lines are shown for  1969–1975,  1975–1979,  1979–1985. 
Regression-adjusted employment gap estimates are from a logit, and the full set of controls are from Table 2, col-
umn 4. The estimates are jointly statistically insignificant for all years before 1975 (  p-value 0.42). “ High-impact” 
sample includes all women  18–50 and excludes married women with spousal earnings above $36,000 in 2013 dol-
lars (corresponding to the 1975 EITC income limit),  full-time students, disabled women, and retired women. Kids 
are  0–18 years old or  19–23 if a student. Standard errors are computed by the delta method, robust to heteroskedas-
ticity, and clustered at the state level.

Source: 1969–1986 March CPS data
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EITC and Intensive Labor Supply Response:
Bunching at Kinks

1) Basic labor supply theory predicts that we should observe bunching
of individuals at the EITC kink points:

▸ Some individuals find it worthwhile to work more when subsidy rate
is 40% (2 kids) but not when subsidy rate falls to 0% ⇒ Utility
maximizing labor supply is to be exactly at the kink

2) Amount of bunching is proportional to compensated elasticity

εc =
dz/z∗

dτ/(1−τ) (excess mass at kink / change in net-of-tax rate): if labor
supply is inelastic, then kinks in the budget set are irrelevant and do not
create bunching
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elasticity e would no longer be a pure compensated elasticity, but a mix of the com-
pensated elasticity and the uncompensated elasticity. Four points should be noted.

First, the larger the behavioral elasticity, the more bunching we should expect. 
Unsurprisingly, if there are no behavioral responses to marginal tax rates, there 

Panel A. Indifference curves and bunching
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Figure 1. Bunching Theory

Notes: Panel A displays the effect on earnings choices of introducing a (small) kink in the budget set by increasing 
the tax rate t by dt above income level z*. Individual L who chooses z* before the reform stays at z* after the reform. 
Individual h chooses z* after the reform and was choosing z* + dz* before the reform. Panel B depicts the effects of 
introducing the kink on the earnings density distribution. The pre-reform density is smooth around z*. After the reform, 
all individuals with income between z* and z* + dz* before the reform, bunch at z*, creating a spike in the density dis-
tribution. The density above z* + dz* shifts to z* (so that the resulting density and is no longer smooth at z*).

Source: Saez (2010), p. 184
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Bunching at Kinks (Saez AEJ-EP’10)

1) Uses individual tax return data (IRS public files) from 1960 to 2004

2) Finds bunching around:

(a) First kink point of the EITC, especially for self-employed

(b) At threshold of the first tax bracket where tax liability starts,
especially in the 1960s when this point was very stable

3) However, no bunching observed around all other kink points

⇒ Bunching likely due to cheating to maximize tax refund (and not
labor supply)
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indexes earnings to 2008 using the IRS inflation parameters, so that the EITC kinks 
are perfectly aligned for all years.

Two elements are worth noting in Figure 3. First, there is a clear clustering of tax 
filers around the first kink point of the EITC. In both panels, the density is maximum 
exactly at the first kink point. The fact that the location of the first kink point differs 
between EITC recipients with one child, versus those with two or more children, con-
stitutes strong evidence that the clustering is driven by behavioral responses to the 
EITC as predicted by the standard model. Second, however, we cannot discern any 
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Figure 3. Earnings Density Distributions and the EITC

Notes: The figure displays the histogram of earnings (by $500 bins) for tax filers with one dependent child (panel 
A) and tax filers with two or more dependent children (panel B). The histogram includes all years 1995–2004 and 
inflates earnings to 2008 dollars using the IRS inflation parameters (so that the EITC kinks are aligned for all years). 
Earnings are defined as wages and salaries plus self-employment income (net of one-half of the self-employed pay-
roll tax). The EITC schedule is depicted in dashed line and the three kinks are depicted with vertical lines. Panel A 
is based on 57,692 observations (representing 116 million tax returns), and panel B on 67,038 observations (repre-
senting 115 million returns).

Source: Saez (2010), p. 191
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systematic clustering around the second kink point of the EITC. Similarly, we cannot 
discern any gap in the distribution of earnings around the concave kink point where the 
EITC is completely phased-out. This differential response to the first kink point, versus 
the other kink points, is surprising in light of the standard model predicting that any 
convex (concave) kink should produce bunching (gap) in the distribution of earnings.

In Figure 4, we break down the sample of earners into those with nonzero self-
employment income versus those zero self-employment income (and hence whose 
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Figure 4. Earnings Density and the EITC: Wage Earners versus Self-Employed

Notes: The figure displays the kernel density of earnings for wage earners (those with no self-employment earnings)
and for the self-employed (those with nonzero self employment earnings). Panel A reports the density for tax fil-
ers with one dependent child and panel B for tax filers with two or more dependent children. The charts include all 
years 1995–2004. The bandwidth is $400 in all kernel density estimations. The fraction self-employed in 16.1 per-
cent and 20.5 percent in the population depicted on panels A and B (in the data sample, the unweighted fraction 
self-employed is 32 percent and 40 percent). We display in dotted vertical lines around the first kink point the three 
bands used for the elasticity estimation with δ = $1,500.

Source: Saez (2010), p. 192
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Digression 1: Value of Administrative data

Important development in empirical micro in recent years: shift from
survey to admin data (Card-Chetty-Feldstein-Saez’10 and Einav-Levin NBER’13)

Key advantages of admin data:

1) Size (often full population available)

2) Longitudinal structure (can follow individual across years)

3) Ability to match wide variety of data (tax records, payroll records,
family records, health outcomes, education records)

Argentina is lagging behind [no data access, hard to match across agencies]

Private sector also generates valuable big data (Google, Credit Bureaus,

Personnel/health data from large companies, hospitals, etc)
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Digression 2: Bunching at Notches

Taxes and transfers sometimes also generate notches (=discontinuities)
in the budget set

▸ Average Tax Rate ↑ discretely: if you earn/report £1 more above
the notch, you face the tax rate on your entire income (rather than

on the marginal £1 above the threshold, as with MTR)

▸ Such discontinuities should create bunching below the notch and
gap in density just above the notch

Kleven and Waseem QJE’13 pioneered tax notch analysis in the case of
the Pakistani income tax

▸ Find evidence of bunching (primarily among self-employed) but size
of the response is quantitatively small

▸ Unresponsive taxpayers to notches likely due to lack of information
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Why not more bunching at kinks? Why are LS responses small?

1) True intensive elasticity of response may be small

2) Randomness in income generation process: Saez (1999) shows that
year-to-year income variation too small to erase bunching if
elasticity is large

3) Frictions: Adjustment costs and institutional constraints (Chetty,
Friedman, Olsen, & Pistaferri QJE’11; Kostol & Myhre AER’21)

4) Information and salience: Chetty-Friedman-Saez AER’13 show how
information about EITC affects bunching at kink point
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Chetty, Friedman, Olsen, and Pistaferri QJE’11
Question: How much are elasticity estimates affected by frictions?

▸ If workers face adjustment costs, may not reoptimize in response to
tax changes of small size and scope in short run

(a) Search costs, costs of acquiring information about taxes

(b) Institutional constraints imposed by firms (e.g. 40 hour week) that
does not apply to the self-employed or workers with more flexibility
(e.g. secondary earners)

▸ Chetty et al use matched employer-employee panel data for full
population of Denmark

▸ Sample restriction: Wage-earners aged 15-70, 1994-2001

▸ Approximately 2.42 million people per year
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Chetty et al. QJE’11: Results

1) Search costs attenuate observed behavioral responses substantially:
find larger elasticities around large kink points

2) Groups with more flexibility respond more (secondary earners,
self-employed)

3) Overall elasticities estimated from bunching are small in magnitude
(perhaps because frictions prevent full response)

⇒ Bunching methods are good to detect behavioral responses but not
necessarily to pin down magnitude of a long-run response to a large tax
reform
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Kostol & Myhre AER’21

▸ Optimization frictions attenuate earnings responses to ∆s in
financial incentives (e.g., Chetty 2012 and Kleven and Waseem 2013)

▸ Is it due to demand- or supply-side constraints in labor markets?

▸ They quantify the relative importance of info about financial
incentives vs other types of frictions in shaping earnings responses

1. Frictions: notches in the Norwegian disability insurance (DI) system
→ part-time employed DI recipients in the dominated region

2. Earnings elasticity shaped with info policy? SSA letter informed
location and slope of the kink to some recipients in May 2015:
Those likely to locate above the kink by Dec’15

3. Compare bunching around the kink with additional info (treated) to
a baseline info case (untreated)

4. Pin down role of info: compare elast change due to info treatment
in 2015 vs structural elast identified from the notch in 2014
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Measuring frictions using share of non-optimizers at the notch
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Our second approach fits a flexible polynomial to the histogram of earnings to 
obtain an estimate of the counterfactual distribution (see, e.g., Chetty et al. 2011). 
We follow standard practice and estimate

(3)   c  j   =   ∑ 
i=0

  
p

     β i     ( z  j  )    i  +   ∑ 
k= z   L 

  
 z   U 
     γ k   1 ( z  j   = k)  +  ε j  , 

where   c  j    is the number of recipients in income bin  j,    z  j    is the earnings level of  
bin  j,  and   z   L   is determined by visual inspection. The indicator variables for each bin 
in the excluded range ensure that the polynomial is estimated without considering 
the range of earnings [  z  L  ,  z  U   ] below and above the SGA. The procedure for deciding   
z   U   differs for kinks and notches. For kinks,   z   U   is determined by visual inspection. 
The counterfactual density function is then adjusted so that the estimated missing 
mass above the kink is equal to the estimated bunching mass at the kink.22 We 
cannot determine   z   U   by visual inspection for notches due to the thin right tail of 
the DI recipients’ earnings distribution. Instead, we assume no extensive margin 
response. This assumption implies the missing mass above the SGA threshold must 
equal the bunching mass below the SGA threshold. We identify the upper bound by 
increasing it in small increments, and the equation above is  re-estimated until the 
estimated missing mass is equal to the estimated bunching mass. Another choice is 
the order of the polynomials  p . We leverage identification from the  nonparametric 
approach and choose a polynomial order that minimizes the distance between the 

22 This is done by first calculating the fraction of number of individuals in the bunching region over the esti-
mated counterfactual,   c ˆ   =  ∑ k= z   L    z   U     ∑ i=0  p     β i     ( z  k  )    i  . Then, we calculate the ratio of the actual frequency and estimated 
counterfactual above the bunching region. These two ratios should equal to ensure that the sum of the bins in the 
histogram equals one. This is achieved by upward shifts in the counterfactual distribution to the right of the kink, 
which is done in increments until the counterfactual satisfies the integration constraint.

Figure 3. Illustration of  Nonparametric Approach

Notes: Panel A illustrates the earnings distributions in 1996 and 1997, and panel B illustrates the earnings distribu-
tions in 1996 and 1998. The  light-gray shaded region and  long-dashed line denote the dominated region in 1996. 
The dark shaded region and short dashed lines denote the lower part of the dominated region in which we can iden-
tify the fraction of nonoptimizers for in 1996. Using 1997 as a counterfactual for 1996, it covers 20 percent of the 
dominated region (left panel). Using 1998 as a counterfactual for 1996, it covers 44 percent of the dominated region 
(right panel). The lower dominated region share is calculated by comparing the total range frequency in 1996 over 
the counterfactual frequency (i.e., 1997/1998). The standard error in parentheses is calculated with 500 bootstrap 
repetitions. The solid red (dashed) line denotes the old (new) SGA threshold. The sample consists of DI recipients 
with full (100 percent) benefits at the beginning of the calendar year from 1996 to 1998. Earnings are adjusted using 
the average wage growth and are reported in 2015 dollars (NOK/$ = 7.5).
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peoples’ ability to adjust. We examine this concern by assessing how our estimates 
change if we control for individual heterogeneity using education levels as prox-
ies for ability. Online Appendix Figure A.4 shows that our estimates are virtually 
unchanged if we adjust for observed heterogeneity.25

C. Bunching Elasticity

Under the assumption of no anticipation effects, we can use the  nonparametric 
approach to identify the counterfactual density of earnings around the new kink in 
2015,    h ˆ   0   (K)  .26 We plot histograms of earnings distributions in 2014 and 2015 for 
the  notch sample (i.e., awards after to January 1, 2004) in Figure 6 panel A and for 
the  kink sample (i.e., awards prior to January 1, 2004) in Figure 6 panel B. Earnings 
are grouped into bins with $267 (2,000 NOK) increments. The solid line is the new 
SGA threshold at $8,000 and the dashed line is the threshold from 2014, at $12,000. 
We see that the two densities are very similar for earnings bins below $6,000 in both 
samples. After this point, it is somewhat unclear where the bunching segment starts. 
We set the  lower bound,   z  L   , represented by the lower  short-dashed line to approx-
imately $7,000. We set the  upper bound   z  U    to the point where the two earnings 
distributions intersect at just below $9,000, represented by the upper  short-dashed 
line. Next, we calculate the excess mass by integrating the area above the earnings 
distribution in 2014 and divide by the average height of the density in the bunching 
region. This ratio gives us a normalized bunching mass (denoted b) of 3.2 for the 

25 We estimate the probability to bunch with a logit specification including a dummy for each age, and education 
level, gender, and year of award. We then  reweight observations following the procedure in Kline (2011).

26 The earnings response is subsequently inferred from the total amount of bunching, which is approximately 
equal to    h ˆ   0   (K) Δz . Since earnings are grouped into bins, the earnings response is equal to the normalized excess 
mass, or total bunching, multiplied by the bin width  $266 ⋅  (B /   h ˆ   0   (K) )  .

Figure 6:  Nonparametric Evidence of Bunching Elasticity in 2015

Notes: Panel A illustrates the earnings distributions in 2014 and 2015 for DI recipients with awards from after 
January 1, 2004 (i.e., notch sample), and panel B illustrates the earnings distributions in 2014 and 2015 for DI 
recipients with awards from before January 1, 2004 (i.e., kink sample). The solid line is the new SGA threshold, 
and the dashed line is the SGA threshold from 2014. The sample consists of DI recipients with full (100 percent) 
benefits during 2014 and 2015. Earnings are adjusted using the average wage growth, and are reported in 2015 dol-
lars (NOK/$ = 7.5).
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that bunching among the informed grows slightly, whereas the earnings distribution 
among the  noninformed is gradually shifting to the right. By the end of the year, the 
two distributions differ primarily in the region between the new kink and old SGA 
threshold.31

Next, we apply the bunching approach from Section IV to estimate the informa-
tion letter’s impacts on bunching behavior. By comparing bunching at the end of the 
year, we can infer the extent to which the information letter led to sharper bunching. 
Figure 9 displays the distribution of cumulative earnings in December 2015 of the 
informed and  noninformed, where the counterfactual distribution is obtained from 
fitted values from the polynomial approach, and is visualized by the gray dashed 
lines for the informed in the left panel and the  noninformed sample in the right 
panel. The actual earnings distribution is illustrated by the solid lines, and shows 
that bunching at the new kink (i.e., vertical solid line) is significantly sharper among 
the treated than the  nontreated whose earnings are more likely to remain around the 
old SGA threshold (i.e., the  long-dashed line to the right).

31 Note that we cannot use the  nonparametric approach because of the sample of eligible recipients conditions 
on having earnings over a certain threshold in May 2015. If we used annual earnings in 2014 as a counterfactual, 
we would underestimate the height of the earnings density in 2015. Moreover, we are unable to reconstruct a com-
parable sample of eligible in 2014 due to missing data (i.e., the monthly earnings data was introduced in 2015).

Figure 9: Earnings Distributions around the SGA Threshold in 2015

Notes: Panel A shows the distribution of annual earnings in 2015 around the SGA threshold (marked by the 
red solid line; the red dashed line indicates the SGA threshold in 2014) in $267 (2,000 NOK) bins for the sam-
ple of recipients (PAE above the cutoff) who received the information letter from SSA in June 2015. Panel B 
shows the earnings distribution in 2015 for eligible individuals who did not receive the information letter in 

June 2015, with the sample being weighed by propensity score weights  w (x)  =   Pr (I = 1 | x)  _ 
Pr (I = 1)      

1 − Pr (I = 1)   _  
1 − Pr (I = 1 | x)     where  

 Pr (I = 1)   denotes the probability of receiving the information treatment.  Pr (I = 1 | x)   is estimated with a logit 
model using DI benefits, AIE, age, years on DI, gender, cohabitation status, number of children, and years of 
schooling as control variables. In all figures, the gray dashed line illustrates a seventh degree polynomial fitted to 
the empirical distribution. The excluded bunching region is indicated by the vertical gray lines. The sample consists 
of fully disabled recipients awarded DI before January 1, 2015 who were eligible to receive the information letter 
(PAE above the cutoff). Earnings are measured in 2015 dollars (NOK/$ = 7.5).
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Misperceptions of the tax-benefit schedule account for +30% of total frictions
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EITC Empirical Studies

Some evidence of response along extensive margin but little evidence of
response along intensive margin (except for self-employed)

⇒ Possibly due to lack of understanding of the program

Qualitative surveys show that:

Low income families know about EITC and understand that they get a
tax refund if they work

However very few families know whether tax refund increases or
decreases with earnings

Confusion might be good for the govt as EITC induces work along
participation margin without discouraging work along intensive margin
(Liebman-Zeckhauser ’04, Rees-Taubinsky ’16)
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Chetty, Friedman, Saez AER’13 EITC information

Use US population-wide tax return data since 1996

1) Substantial heterogeneity fraction of EITC recipients bunching (using
self-employment) across geographical areas

⇒ Information about EITC varies across areas

2) Places with high self-employment EITC bunching display wage
earnings distribution more concentrated around plateau

⇒ Evidence of wage earnings response to EITC along intensive margin

3) Omitted variable test: use birth of first child to test causal effect of
EITC on wage earnings
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Earnings Distribution in the Year Before First Child Birth for Wage Earners  
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Earnings Distribution in the Year of First Child Birth for Wage Earners  
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Many Recent Bunching Studies

Bunching method applied to many settings with nonlinear budgets with
convex kink points or notches (Kleven ’16 survey):

● Individual tax (Bastani-Selin ’14 Sweden, Mortenson-Whitten ’16 US)

● Payroll tax (Tazhitdinova ’15 on UK)

● Corporate tax (Devereux-Liu-Loretz ’14 on UK, Bachas-Soto ’17)

● Wealth tax (Seim ’17, Jakobsen et al. ’17, Londono-Velez and Avila ’18)

● Health spending (Einav-Finkelstein-Schrimpf ’13 on Medicare Part D)

● Retirement savings (401(k) matches)

● Retirement age (Brown ’13 on California Teachers)

● Housing transactions (Best and Kleven ’17 on UK)

General findings:

− Clear bunching when info is salient and outcome easily manipulable.
Bunching comes often from avoidance/evasion rather than real behavior

− Bunching almost always small relative to conventional elasticity estimates
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Social Determinants of Labor Supply

Strong evidence that labor supply l(w ,R) is not purely an individual
decision based on standard invariant utility u(c , l)

Social norms play large role. So, women’s market labor supply responses
to taxes and transfers likely affected by social norms

US female labor force participation during World War II: 50% increase
from ’40 to ’45 (2/3 reversed afterwards)

Child penalties in female earnings vary a lot across countries (Kleven et
al. AEA PP’19) and are not due solely to monetary incentives but also
to norms about working moms
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VOL. 109 123CHILD PENALTIES ACROSS COUNTRIES: EVIDENCE AND EXPLANATIONS

The first term on the right-hand side includes 
event-time dummies, the second term includes 
age dummies (to control for life cycle trends), 
and the third term includes year dummies (to 
control for time trends). We omit the event-time 
dummy at  t = − 1 , implying that the event-time 
coefficients measure the impact of children rela-
tive to the year just before the first childbirth. We 
are able to identify the effects of all three sets of 
dummies because, conditional on age and year, 
there is variation in event time driven by varia-
tion in the age at which individuals have their 
first child. Kleven, Landais, and Søgaard (forth-
coming) lays out the identification assumptions 
underlying this approach, compare its results to 
alternative approaches in the literature, and pro-
vides evidence of its ability to identify the causal 
effect of parenthood.

Our main outcome variable is gross labor 
earnings, excluding taxes or transfers, spec-
ified in levels.3 We convert the estimated 
level effects into percentages by calculating 
  P  t  

g  ≡   α ˆ    t  
g /E [  Y ̃    ist  

 g   ∣ t]   where    Y ̃    ist  
 g    is the predicted 

outcome when omitting the contribution of the 
event dummies.4 Having estimated the impacts 
of children on women and men separately, 
we define the child penalty at event time  t  as  
  P t   ≡  (  α ˆ    t  

m  −   α ˆ    t  
w ) /E [  Y ̃    ist  

 g   ∣ t]  . This measures the 
percentage by which women are falling behind 
men due to children.

II. Child Penalties: Results

Figures 1–3 show the effects of parenthood 
on earnings across the different countries. The 
results confirm that the existence of large child 
penalties is a pervasive phenomenon. In each 
country, the earnings of men and women evolve 
similarly before parenthood—after adjust-
ing for life cycle and time trends—but diverge 
sharply after parenthood. Women experience a 
large, immediate and persistent drop in earnings 
after the birth of their first child, while men are 

3 We specify equation (1) in levels rather than in logs to be 
able to keep the zeros in the data (due to  nonparticipation). 
In the online Appendix, we present separate results on the 
extensive margin impacts of children.

4 To be precise, we define    Y ̃    ist  
  g   ≡  ∑ k       β ˆ    k  

  g  ⋅ 1 [k =  age is  ]  + 
 ∑ y      γ ˆ    y  

g  ⋅ 1 [y = s]  . Hence,   P  t  
g   captures the year- t  effect of chil-

dren as a percentage of the counterfactual outcome absent 
children. 

 essentially unaffected. Ten years after childbirth, 
women have not recovered and at this point the 
series have plateaued.

Despite these similarities, the graphs also 
reveal some striking differences. First, the 
size of the long-run child penalty (defined as 
the average penalty from event time five to 

Figure 1. Child Penalties in Earnings in Scandinavian 
Countries

Notes: The figure shows percentage effects of parenthood 
on earnings across event time  t  for each gender  g , i.e.,   P  t  

g   
defined above. The figure also displays long-run child pen-
alties, defined as the average penalty   P t    from event time five  
to ten. Earnings are unconditional on employment status and 
the effects therefore include both the extensive and inten-
sive margins.
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and the third term includes year dummies (to 
control for time trends). We omit the event-time 
dummy at  t = − 1 , implying that the event-time 
coefficients measure the impact of children rela-
tive to the year just before the first childbirth. We 
are able to identify the effects of all three sets of 
dummies because, conditional on age and year, 
there is variation in event time driven by varia-
tion in the age at which individuals have their 
first child. Kleven, Landais, and Søgaard (forth-
coming) lays out the identification assumptions 
underlying this approach, compare its results to 
alternative approaches in the literature, and pro-
vides evidence of its ability to identify the causal 
effect of parenthood.

Our main outcome variable is gross labor 
earnings, excluding taxes or transfers, spec-
ified in levels.3 We convert the estimated 
level effects into percentages by calculating 
  P  t  

g  ≡   α ˆ    t  
g /E [  Y ̃    ist  

 g   ∣ t]   where    Y ̃    ist  
 g    is the predicted 

outcome when omitting the contribution of the 
event dummies.4 Having estimated the impacts 
of children on women and men separately, 
we define the child penalty at event time  t  as  
  P t   ≡  (  α ˆ    t  

m  −   α ˆ    t  
w ) /E [  Y ̃    ist  

 g   ∣ t]  . This measures the 
percentage by which women are falling behind 
men due to children.

II. Child Penalties: Results

Figures 1–3 show the effects of parenthood 
on earnings across the different countries. The 
results confirm that the existence of large child 
penalties is a pervasive phenomenon. In each 
country, the earnings of men and women evolve 
similarly before parenthood—after adjust-
ing for life cycle and time trends—but diverge 
sharply after parenthood. Women experience a 
large, immediate and persistent drop in earnings 
after the birth of their first child, while men are 

3 We specify equation (1) in levels rather than in logs to be 
able to keep the zeros in the data (due to  nonparticipation). 
In the online Appendix, we present separate results on the 
extensive margin impacts of children.

4 To be precise, we define    Y ̃    ist  
  g   ≡  ∑ k       β ˆ    k  

  g  ⋅ 1 [k =  age is  ]  + 
 ∑ y      γ ˆ    y  

g  ⋅ 1 [y = s]  . Hence,   P  t  
g   captures the year- t  effect of chil-

dren as a percentage of the counterfactual outcome absent 
children. 

 essentially unaffected. Ten years after childbirth, 
women have not recovered and at this point the 
series have plateaued.

Despite these similarities, the graphs also 
reveal some striking differences. First, the 
size of the long-run child penalty (defined as 
the average penalty from event time five to 

Figure 1. Child Penalties in Earnings in Scandinavian 
Countries

Notes: The figure shows percentage effects of parenthood 
on earnings across event time  t  for each gender  g , i.e.,   P  t  

g   
defined above. The figure also displays long-run child pen-
alties, defined as the average penalty   P t    from event time five  
to ten. Earnings are unconditional on employment status and 
the effects therefore include both the extensive and inten-
sive margins.
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Figure 2. Child Penalties in Earnings in English-
Speaking Countries

Note: See the notes to Figure 1.

Source: Kleven et al. AEA-PP 2019
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ten) differs substantially across countries. The 
Scandinavian countries feature long-run pen-
alties of 21–26 percent, the English-speaking 
countries feature penalties of 31–44 percent, 
while the German-speaking countries feature 
penalties as high as 51–61 percent. Second, the 
short-run dynamics of child penalties show some 
interesting differences. For example, while the 
Scandinavian countries are roughly similar in 
the long run, the short-run child penalty is about 
twice as large in Sweden as it is in Denmark. 
Swedish mothers catch up with Danish mothers 
over time such that their child penalty is only 
slightly larger after 10 years.5 Sweden is also the 
only country where childbirth is associated with 
a small short-run effect on men, although there 
are no long-run consequences. When consider-
ing the United States and the United Kingdom, 

5  Angelov, Johansson, and Lindahl (2016) estimate child 
penalties for Sweden using a different event-study specifica-
tion. An advantage of implementing the same specification 
across countries is that it allows for direct comparisons. The 
fact that Denmark and Sweden are so different is a priori 
surprising. We note that our earnings measure in general 
includes any (non-mandated) parental leave benefits paid 
by the employer, implying that cross-country comparisons 
partly reflect variation in such benefits. While employ-
er-provided parental leave benefits do tend to be higher in 
Denmark than in Sweden, this is likely to have a modest 
impact on the relative child penalties for two reasons. One is 
that such employer-provided benefits were relatively small 
during the period we study (in Denmark we are considering 
first child births between 1985–2003), and the other is that 
those benefits are provided only during event times 0 and 1.

we see that these countries feature less dramatic 
short-run effects, but that the effects are growing 
over time.

In general, the earnings penalties can come 
from three margins: the extensive margin of labor 
supply (employment), the intensive margin of 
labor supply (hours worked), and the wage rate. 
In the online Appendix, we provide evidence 
on child penalties along the extensive margin. 
While parenthood reduces female employment 
everywhere, the importance of this margin 
varies across countries. In the Scandinavian 
and Germanic countries, the extensive margin 
effects are significantly smaller than the earn-
ings effects, implying that a  substantial fraction 
of the earnings penalty is driven by the inten-
sive margin and wage-rate effects. In the United 
States and the United Kingdom, the employ-
ment penalty is much closer in magnitude to 
the earnings penalty, suggesting that the exten-
sive margin is a key driver of penalties in those 
countries.6

III. Child Penalties: Explanations

One set of explanations for the differences 
in child penalties focus on government poli-
cies. These include taxes, transfers, and family 
policies such as parental leave and childcare 
provision that directly affect mothers’ incen-
tive to work. There is a voluminous litera-
ture on the impact of such policies on female 
labor supply and gender gaps (see Olivetti and 
Petrongolo 2017 for a review). Of particular 
relevance, Kleven et al. (2019) considers the 
impacts of parental leave and public childcare 
on the dynamics of child penalties. Their setting 
is Austria, a country where the combination of 
rich administrative data and a series of parental 
leave reforms and childcare expansions allow 
for compelling quasi-experimental analyses of 
these questions.

6 Since we do not condition our samples on having only 
one child, the long-run child penalties will include the 
effects of subsequent children and therefore depend on total 
fertility. However, differential fertility is unlikely to drive the 
variation in child penalties across countries. For example, 
the German-speaking countries exhibit the largest penalties 
despite being characterized by the lowest realized fertility 
at event time ten. See Table A.I in the online Appendix for 
descriptive statistics in each country.

Figure 3. Child Penalties in Earnings in German-
Speaking Countries

Note: See the notes to Figure 1.
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