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Abstract

Budget set kinks are much studied in economics, including in the context of “bunch-
ing” estimators that assume individuals react to the true marginal tax rate. We document
that individuals disproportionately “left-bunch” below rather than above kinks in the con-
text of the Social Security Earnings Test where incentives from its actuarial adjustments
should instead push many rational agents to bunch above kink. We show that the left
bunching cannot be explained through standard, rational reactions to the incentives. We
demonstrate that this represents the first empirical evidence consistent with “spotlight-
ing,” wherein individuals misperceive the local marginal tax rates as applying throughout
the tax schedule and therefore treat the kink as a notch. In the context of the Earnings
Test, this misperception provides an explanation for why literature has found large earn-
ings responses despite the fact that the Earnings Test typically creates weak incentives

for rational agents to adjust earnings. More generally, if individuals perceive kinks as
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notches, then we suggest that elasticities estimated from bunching at kinks where this

misperception may be at play may be significantly over-estimated.



1 Introduction

Nonlinear price schedules are common across a wide variety of economic applications, includ-
ing labor supply (e.g. Hausman, Hausman and Holl, 1981), health insurance (e.g. Einav and
Levin, 2015), electricity demand (e.g. Ito, 2014), and retirement savings (e.g. Bernheim, Frad-
kin and Popov, 2015). In particular, many price schedules and policies feature kink points,
which are discontinuous changes in the price of a good. For example, many means-tested
government transfer programs reduce or eliminate transfer benefits as income rises above
threshold levels, and the individual income tax in many countries generates a piecewise linear
budget set with kinks at each point at which the marginal tax rate (MTR) jumps. Previous
literature has developed methods for explicitly using kink points to estimate price or tax
elasticities (e.g. Burtless and Hausman, 1978; Hausman, Hausman and Holl, 1981; Hoynes,
1996; Saez, 2010; Chetty et al., 2011b; Kleven and Waseem, 2013; Bernheim, Fradkin and
Popov, 2015; Kleven, 2016, for a review).

These papers that estimate elasticities from kinks have generally assumed that individuals
respond to the marginal tax rate, as in standard models. However, outside the literature
on elasticities and bunching at kinks, other papers have suggested that individuals confuse
average and marginal tax rates (Liebman and Zeckhauser, 2004; Rees-Jones and Taubinsky,
2019). The notion that individuals react to the average tax rate, instead of reacting to the
marginal tax rate as in the standard models, has been proposed as an explanation for the
lack of “bunching” observed at some kink points (Ito, 2014). This still leaves unexplained why
bunching does occur at many other kink points that have been the focus of much literature.
Puzzlingly, when bunching does occur, it is often asymmetric, with much more bunching
below the kink point than above it, a phenomenon we call “left bunching.”

In this paper, we perform the first systematic analysis of left bunching, and explore two
classes of possible explanations. First, we note that if a kink is imposed in the presence of a
downward-sloping density of outcomes, standard theory implies that individuals should left-
bunch. The imposition of the kink causes the density to shift downward, which leads to fewer
bunchers above than below the kink. In principle, this could explain the left bunching that
has been observed in such circumstances. We call this the “standard” candidate explanation
for left bunching. Second, individuals could left-bunch because of some “behavioral” deviation
from standard theory, including misperceiving the tax schedule or other explanations.

We tease apart these classes of explanations in the key context of the U.S. Social Security
Earnings Test. The Earnings Test reduces Social Security Old Age and Survivors Insurance
(“Social Security”) benefits in a given year as a proportion of a Social Security claimant’s earn-
ings above an exempt amount in that year. For example, for Social Security claimants under
age 66 in 2019, current Social Security benefits are reduced by one dollar for every two dollars
earned above $17,640. Previous literature has found that Social Security claimants bunch at
this convex kink (Burtless and Moffitt, 1985; Friedberg, 1998, 2000; Song and Manchester,
2007; Engelhardt and Kumar, 2014; Gelber, Jones and Sacks, 2020), and that employment



falls due to the Earnings Test (Friedberg and Webb, 2009; Gelber et al., Forthcoming). In
addition to providing a laboratory for studying left bunching, the Earnings Test is important
to policy-makers in its own right. In the latest year of the available micro-data in 2003, the
Earnings Test led to an estimated total of $4.3 billion in current benefit reductions for around
538,000 beneficiaries, thus substantially affecting benefits and their timing. The importance
of the Earnings Test is now increasing as the affected age range — those at or below the
Normal Retirement Age (NRA)— expands gradually from 65 for cohorts born before 1938, to
age 67 for those born in 1960 and later.

Reductions in current benefits due to the Earnings Test sometimes lead to increases in later
benefits through an actuarial adjustment of benefits. In particular, there is a little-understood
“notch” in the budget set just over the exempt amount: when individuals earn just above
this level, their benefits once they reach the NRA are adjusted upward by five-ninths of one
percent. Thus, the incentives — understood properly — should lead Social Security beneficiaries
to locate just above the exempt amount, i.e. they should “right-bunch.” Moreover, benefits
after reaching the Normal Retirement Age are adjusted upward by five-ninths of one percent
for every month of Social Security benefits that experiences any reduction due to the Earnings
Test, which significantly dulls the incentives to bunch or reduce earnings (Social Security
Administration, Section 728.2, 2018; Gruber and Orszag, 2003). This has led to a longstanding
puzzle in the Earnings Test literature: why do earnings respond strongly to the Earnings
Test, despite the actuarial adjustment of benefits (Burtless and Moffitt, 1985; Gelber et al.,
Forthcoming)?

Using administrative tax data from the Internal Revenue Service (IRS) on a one-hundred
percent sample of the U.S. residents with a Social Security Number (SSN), born between 1939
and 1954, we show that nearly all bunching at the exempt amount is left-bunching. Several
pieces of evidence rule out the standard explanation as entirely accounting for this left bunch-
ing. First, left bunching does not only occur amid the downward-sloping densities postulated
in the standard explanation; it occurs even at ages when the distribution of earnings is close
to flat around the exempt amount. Second, an illustrative simulation of a rational model of
bunching indeed yields far less left bunching than we observe. Third, in a panel of data we
can proxy for individuals’ desired earnings in the absence of the Earnings Test by examining
their earnings in years just prior to reaching retirement age and facing the Earnings Test. We
show that individuals overwhelmingly left-bunch, particularly those whose earnings just prior
to reaching retirement age were substantially above the exempt amount. This contrasts with
behavior in the standard explanation, wherein these individuals would tend to right-bunch,
especially those initially locating far above the exempt.

Having dispatched the standard explanation as the sole origin of these patterns, we ex-
plore other explanations. One possibility is that some individuals exhibit “spotlighting,” in

which individuals perceive the local marginal tax rate to apply everywhere in the budget set



(Liebman and Zeckhauser, 2004)!. Individuals who spotlight believe that their average tax
rate increases discontinuously as they earn just above the exempt amount. In other words,
even though the Earnings Test in fact applies only to marginal earnings above the exempt
amount, in this explanation, spotlighters would perceive that the Earnings Test also applies
to infra-marginal earnings below the exempt amount, creating a notch, i.e. a discrete loss of
income at the exempt amount.

To substantiate this explanation, we document that there is a downward discontinuity in
the employment probability as a function of lagged earnings, which we show should occur in
the presence of a (perceived) notch in the budget set but not in the presence of a kink. We
also find that some individuals locate just above the exempt amount, implying that either
some individuals are inert to the perceived notch (Kleven and Waseem, 2013), or there is a
mixture of types in which some spotlight and others react according to the standard model.
As we find only a small discontinuity in employment, our results are most consistent with a
relatively small share of individuals who both spotlight and are inert on the intensive margin.
The downward discontinuity in the employment probability is also inconsistent with other
non-rational explanations that could be posited for left bunching, such as loss aversion to
the Earnings Test combined with “diminishing sensitivity” (see Rees-Jones et al. 2018 on loss
aversion and bunching in a public finance context).

To our knowledge, this is the first evidence of spotlighting. Spotlighting contrasts with
the “ironing” phenomenon documented in Ito (2014) and Taubinsky and Rees-Jones (2018).
Under spotlighting individuals perceive the local marginal tax rate as applying everywhere
(i.e. as being the average tax rate), whereas under ironing individuals react to the average
tax rate, instead of reacting to the marginal tax rate as a rational agent would. Ironing can
help explain the lack of bunching at many kinks, while leaving unexplained why bunching
occurs at other kinks; meanwhile, spotlighting can help explain the bunching at kinks that
have been used to estimate elasticities, which often features left bunching.

If bunching at other kinks is due to spotlighting, then estimates of elasticities based
on bunching at such kinks will not apply more generally. Much of the literature estimates
elasticities at kinks under the assumption of a standard reaction to the kink incentives.
This can could be considered a “policy elasticity” (Hendren, 2016)—but if many individuals
are instead reacting to a perceived notch, then the elasticity with respect to the perceived
marginal tax rate is much lower. In other words, the elasticity necessary to rationalize a given
amount of observed bunching is far lower with a (perceived) budget set notch than with a kink,
because a notch creates much sharper incentives than a kink. This suggests that, for example,
the elasticity with respect to a correctly-perceived tax rate on a linear budget set would be
much lower than the elasticity estimated by erroneously applying standard methodology to

bunching at a kink, rather than recognizing that some individuals perceive this kink as a

Liebman and Luttmer (2015) and Brown et al. (2013) document that many individuals do not understand
the Earnings Test or other aspects of Social Security, but do not specifically develop evidence on whether
individuals exhibit spotlighting or other specific types of systematic misperceptions.



notch. We argue that this could have broad implications for understanding bunching-based
elasticity estimates at kinks. Within the specific context of the Earnings Test, these findings
also provide a novel explanation for the strong earnings reaction to the Earnings Test despite
the actuarial adjustment: individuals misperceive the incentives to reduce earnings as being
much more severe than they are in reality.

We next describe the features of the Earnings Test in more detail, followed by a framework

for interpreting left bunching. Subsequently, we describe our data and our empirical results.?

2 Policy Setting

Social Security Old-Age and Survivors Insurance (OASI)---hereafter referred to simply as
"Social Security"---provides benefits to older Americans and survivors of deceased workers,
but delivery of benefits can be affected by whether one is currently working. For those who
are simultaneously working and claiming Social Security benefits, the Social Security Annual
Earnings Test (AET) reduces current benefits in proportion to earnings above an exempt
amount, while typically adjusting future benefits upward in an actuarial fair fashion. For
example, consider a 63-year-old earning $23,640 in 2019, receiving $1,000 in monthly benefits,
and facing a $17,640 exempt amount and a 50 percent benefit reduction rate (BRR). Her
current annual benefits would be reduced by $3,000 = ($23,640 - $17,640)x50%, equal to 3
months of benefits. In general, the exempt amount and the benefit reduction rate depend on
age. People can claim benefits on their own record as early as age 62, the Early Entitlement
Age (EEA), and the Earnings Test applies until one reaches the Normal Retirement Age
(NRA).

When current Social Security benefits are lost to the AET, future scheduled benefits may
be increased. For beneficiaries below the NRA, the benefit enhancement, also known as
the "actuarial adjustment," raises future benefits whenever a claimant earns over the AET
exempt amount.? Future benefits are raised by 0.55 percent per month of benefits withheld
during the years prior to the NRA. Returning to the example above, consider the 63-year-old
receiving $1,000 in monthly benefits due to the AET. Upon reaching the NRA, her monthly
benefits would increase by around $16.50 = 0.0055 x 3 x $1,000. On average, this adjustment
is roughly actuarially fair when considering the timing of claiming Social Security (Gruber
and Wise, 1999; Diamond and Gruber, 1999).

?Because the policy environment and data are similar to Gelber et al. (Forthcoming), Gelber, Jones and
Sacks (2020), and Gelber et al. (2020), the corresponding sections of this paper have overlap with those
previous papers.

3Social Security Administration (2012); Gruber and Orszag (2003).



3 Conceptual Framework

We begin by noting evidence that individuals tend to left-bunch across a variety of contexts.
Kleven (2016) notes that a number of papers find more bunching below the threshold of a
kink than above — citing the examples of Devereux, Xing and Maffini (2016), Gelber, Jones
and Sacks (2020), and Seim (2017) — though none of these papers note the left bunching
themselves, and neither these papers nor Kleven (2016) explores left bunching further. These
papers span the disparate contexts of corporate taxes in the U.K., earnings responses to So-
cial Security in the U.S., and wealth responses to wealth taxes in Sweden. Other examples
are plentiful, including Peng, Wang and He (2019), studying income taxes in China, Le Bar-
banchon (2016), studying unemployment insurance in the U.S., and others (Asatryan and
Peichl, 2018). Moreover, we have not yet observed a context with significant right-bunching.
However, in all of the left bunching cases above, the density is downward-sloping, leading to
the question of whether the left bunching is due to the shape of the density in a standard
model or due to non-standard factors like misperceptions.*

In this section, we sketch a basic framework that is helpful in interpreting left bunching

and highlighting the types of underlying models that could generate this phenomenon.

3.1 Baseline Case

We first begin with a standard model of bunching in the presence of a kink, as in Saez (2010).
In anticipation of our empirical application, we adapt the setting to incorporate features
of the Earnings Test, where a convex kink is created by a reduction in current benefits, as
opposed to the standard jump in marginal tax rates. As in Saez (2010), agents draw utility
from consumption ¢ and disutility associated with earning income z (i.e. the disutility of

labor supply). These two outcomes are linked through the budget constraint:
c(z)=2—-T(2)+ B(2)

where the function 7 (-) represents the tax and transfer system, which we will assume is
locally linear. The function B (-) represents the flow of current Social Security benefits and

captures the earnings test:

By if z <z*

By — BRR-(z—2%) ifz>2z*

B(z) =

In particular, current benefits are reduced at the benefit reduction rate (BRR) for every dollar
earned above the exempt amount z*, creating a kink in the budget set where the marginal

return to earning an additional dollar discontinuously reduces. We add one additional fea-

4Other papers appear to find relatively symmetric bunching. Our conclusions in this paper do not appear
to apply in such cases.



ture to the baseline case to better capture the reality of earnings data: diffuse bunching.
Empirically, bunching at kinks tends to be humped-shaped, rather than a sharp mass point
exactly as the kink (Kleven, 2016), which could be due to a number of optimization frictions.
Following Saez (1999), we model this with a two-step process: first, the agent chooses a level
of earnings z, and disutility of earnings is realized. Second, the realized levels of earnings
that determines the level of consumption, net tax and transfers, and benefit reduction will be
z + €, where € ~ N (0,0,) is an uncertain component of earnings. We now can characterize

the baseline maximization problem:

max, [u(c(z+e€),2) f(€)de
where c(z+¢)=z+e¢—T(2+¢€)+ B(z+¢)

As has been covered in previous literature (Saez, 2010; Kleven, 2016), the kink in the
budget set results in a set of agents who choose earnings at or near the kink, in response
to the higher implicit marginal tax rate above the exempt amount. Importantly, under this
model, there is no inherent incentive for agents to bunch to the left or right of the kink: the
costs of small misoptimization in either direction symmetrically vanish as one gets close to
the kink.

3.2 Extensions to the Baseline Case

We now introduce a number of behavioral extensions to the model that might induce asym-
metric bunching near a kink. First, and most simply, we can generate the appearance of
left bunching in the case where the distribution of earnings, even in the absence of a kinked
budget set, is steeply downward sloping. This creates more mass to the left than to the right
of any point on a downward-sloping portion of the earnings distribution. Next, we consider
the case of spotlighting, where agents misperceive marginal tax rates as average tax rates. In
the case of a kink in the budget set, this implies that a discontinuous change in the marginal
tax rate is mistaken for a discontinuous change in the level of tax liability. We represent this

with a perceived benefit schedule B (z), defined as follows:

. By if z<2*
B

(1— BRR)-By ifz> 2"

Now, instead of reduction in benefits proportional to the marginal dollar, the agent believes
a discrete fraction, BRR, of benefits will be loss when earnings exceed the exempt amount z*
by even a dollar. As explained in detail in Kleven and Waseem (2013), this induces a strong
incentive for those just above the threshold to locate on the left side of the tax change.
Third, there is the phenomenon of reference-dependent preferences, originally pioneered
by Kahneman and Tversky (1979) and reviewed extensively by O’Donoghue and Sprenger

(2018). In particular, agents with reference-dependent preferences may exhibit loss aversion,



where the disutility of losses, relative to a reference point, loom larger than equally sized gains.
We can introduce this feature into our baseline model, and also incorporate the phenomenon
of diminishing sensitivity, where the curvature of the gain-loss utility function differs on either
side of the reference point. Importantly, we additionally modify reference-dependence in our
setting: rather than model a general aversion to losses in income, which amplify both marginal
tax rates and benefit reduction rates, we instead only add a gain-loss utility function over
benefits, relative to the reference point of baseline Social Security benefits. This is done via

a modified, “effective” consumption function:

c(2) =2z =T(2) + B(2) +g(B(2) - Bo)
—_———

gain/loss utility

The gain/loss utility function is as follows:

% ifx>0

g(x) = _
“A—=2)* ifz<0

where A is the loss aversion parameter and acaptures diminishing sensitivity. Reference-
dependence has been related to bunching behavior in the setting of bunching in effort by
marathon runners (Allen et al., 2017) and in the case of manipulation of reported taxable
income (Rees-Jones et al., 2018).

As a tool to summarize the incentives created by both the kink and uncertainty in earnings,
we can make use of an effective budget set, as in Saez (1999). That is, we find the nonlinear tax
schedule, T (z), that generates the same optimal earnings decision as our more complicated
optimization problem with potentially behavioral preferences and a budget set that features

taxes, transfers, and Social Security benefits, as well as income uncertainty:

N

u(z—f(z),z) E/u(z—l—e—T(z—}—e)+B(z+e)+g(B(z+e)—Bo),z)f(e)de

By plotting the effective budget set and comparing it to the actual budget, we can get a
sense of how different features of the model-—misperceptions of the budget set, non-standard
preferences, uncertainty, etc.—might cause behavior to deviate from a standard model of

bunching.

3.3 Summary of Predictions

We now detail the expected distribution of earnings varies as we introduce the various ex-
tensions to the baseline model. To illustrate our results, we carry out numerical simulations,
featuring agents with a particular set of preferences, uncertainty in income, and perceptions
of the budget set. We eitehr assume a uniform distribution of ability, which results in a

uniform distribution of earnings in the absence of a kink in the budget set, or, in one case,



a downward sloping ability distribution, as discussed above. In each case, we have a set of
agents who are completely inert and just choose the level of earnings that would be chosen in
the absence of a kink. This captures the empirical fact that some subset of agents appears to
not be able to respond on the margin to kinks and or notches in budget sets (Chetty, 2012;
Kleven and Waseem, 2013; Gelber, Jones and Sacks, 2020).

In Appendix Figure (A.1), we simulate the baseline model. Panel A.1a shows a dashed line,
which represents a budget set with a kink at $20,000. The solid line shows the effective budget
set, which has a less pronounced kink, due to the uncertainty in income. This effectively
smooths out any nonlinearities, since agents on the lower marginal tax rate side of the kink
can end up on the higher marginal rate side, and vice versa, once earnings are realized. In
Panel A.1b, we show the resulting distribution of earnings. There is diffuse bunching at the
kink, with a slight skew toward right-bunching.” In Panel A.lc, we instead use a downward
sloping distribution in the presence of a kink. In this case, the appearance of left bunching
does begin to appear.

Next, in Appendix Figure A.2, we simulate a model with a “weak” form of loss aversion.
Importantly, we first set the diminishing sensitivity parameter, «, to 1, suppressing this
feature of reference dependence. Note that loss aversion magnifies the size of the kink in
the budget, in Panel A.2a. We deem this loss aversion “weak,” because it is not enough to
generate a downward slope in the budget set. The bunching response to weak loss aversion
is qualitatively similar to the baseline case, as seen in Panel A.2b. This makes intuitive
sense, since for any loss aversion parameter A, there is an equivalent benefit reduction rate
that generates the same economic incentives. In particular, this model does not generate left
bunching.

We now turn to a key model that predicts left bunching: a model of spotlighting. In
Panel A .3a of Figure A.3, we show in the dashed line the perceived budget set, which features
a notch—i.e. a discontinuous drop in net income at z* = $20,000. In the solid line, we
also plot the effective budget set, once we account for uncertainty in earnings. The resulting
earnings distribution in Panel A.3b now features a disproportionate amount of bunching to
the left of the earnings threshold z*. Note that in a frictionless model, a notch would also be
predicted to generate a hole in the earning distribution within a dominated region just above
z*. However, in practice, it is often observed that a subset of agents nonetheless locate in this
dominated region (Kleven, 2016). As mentioned above, we achieve this by setting a fraction
of agents to be inert.

We next show that there are two additional versions of our model that can generate left
bunching. First, if we increase the amount of loss aversion enough, the budget set actually
slops downward to the right of z*, which generates behavior similar to that of a notch, as

shown in Figure A.4. Second, if we add diminishing sensitivity to our model with weak loss

®Saez (1999) shows that when earnings are uncertain, as in our model, the effective kink in the modified
budget set moves slightly to the right, which actually pushes agents away from left bunching.
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aversion, we can similarly generate left bunching. In this case, the reason is that the convex
loss function, which operates as one earns above z* and faces benefit reduction, generates a
segment of the effective budget that is non-convex, again generating behavior akin to that of
a notch. We show this in Figure A.5.

Thus far, we have presented multiple models that might generate left bunching. We
therefore turn to another outcome that might allows us to distinguish between these cases:
extensive margin behavior, i.e. the decision to work or not. For this result, we rely on previous
theoretical predictions from Gelber et al. (Forthcoming), who show that in the presence of
a kink and intensive margin inertia, the employment rate of workers should also exhibit a
kink. We extend their model to our setting, and it can be shown that in all the above cases, a
kinked budget set will continue to generate a kinked, but continuous pattern of employment of
workers. However, in the case where workers perceive a notched budget set, the employment
rate will feature a discontinuity in the employment rate among workers inert on the intensive
margin. We use this prediction to help determine whether a misperception of the kink as a

notch, i.e. spotlighting, is at play in our setting.

4 Data

We use data derived from the IRS population files. These collections of tax returns go back
to 1999 and contain all information returns as well as income tax returns. We supplement
the IRS files with birth and death information from Social Security’s Death Master File. We
start with a 100 percent extract of all people with a social security number, born between
1939 and 1953, limited to ages 60-64, with at least one year of positive earnings (necessary
for defining our running variable). We focus on 1939-1953 birth cohorts because these are the
cohorts for which we can construct a balanced panel of earnings between ages 60 and 64, i.e
two years before and after age 62, when claiming Social Security is first possible.

The resulting sample, which we call the full sample, consists of 58 million people. In
our main analyses, we limit the sample to people with no self-employment income at age
61. We limit the sample this way because self-employed people can more easily manipulate
reported income, and we want to avoid confounding our estimates of labor supply behavior
with income reporting behavior. The resulting main sample consists of 53 million people.

We construct several variables from these data, including age in each year as of December
31 and an indicator for being identified as female in the the Death Master File. We also observe
several key outcomes related to retirement. In addition, we have several measures of annual
income. Our primary measure is total W2 income, as reported across all employers. We
measure self-employment earnings as total Medicare-taxable earnings reported on Schedule
SE. We observe Old Age and Survivor’s Insurance (OASI) income, and (separately) Social
Security Disability Insurance (DI) income.

We emphasize several appealing features of our data. First, our earnings measures are ad-

11



ministratively collected and not subject to reporting error as survey data would be. Second,
our primary earnings measure is simply W2 income (not including self-employment income),
which is reported by a third party and cannot be manipulated by claiming deductions. Varia-
tion in this measure therefore likely reflects true earnings variation and not reporting effects.
Third, our sample consists of a balanced panel of people ever in the tax system. We do not
drop observations with zero income, for example, nor do we condition on filing an information
return. We therefore do not select a sample on the basis of reported income.

We report summary statistics on person-level variables in Table 1, and we report summary
statistics of time-varying variables by age for the main sample in Table 2. Half the sample
is identified as female, the average claim age is about 61.9.° and about a 6 percent of our
main sample ever has self-employment income. Earnings and (especially) the probability of
having any earnings fall with age, slowly from 57-61 and then rapidly from 62-66. DI income
is relatively rare, with 10-12 percent of the sample having any. OASI income is rare until age
62 and then becomes common; a quarter of the sample has some OASI income at age 62 and

70 percent has some by age 66.

5 Empirical Results

5.1 Left bunching is nontrivial

We begin our empirical analysis by documenting in Figure 1 left bunching at the Earnings
Test Exempt Amount. The figure plots the distribution of income relative to the exempt
amount, by age, for ages 60, 62, 63, and 64. As a comparison we overlay the age 61 earnings
distribution in gray. At age 60, before anyone is eligible for OASI, the earnings distribution
is smooth and no bunching is apparent. At ages 62, 63, and 64, there is a clear excess mass
around the exempt amount. The distribution increases sharply beginning a few thousand
dollars below the exempt amount, and then falls discontinuously above the exempt amount.
There is clearly more mass just to the left of the exempt amount than just to the right. We
note that, although the density drops off discontinuously above the exempt amount (especially
at ages 63 and 64), there is otherwise not a strong trend in the density, and therefore it is
unlikely that a downward sloping density drives the observed left bunching. Indeed the age
60 and 61 densities are actually slightly upward sloping over this range.

Quantifying left bunching—or right or total bunching—requires measuring excess mass
relative to some counterfacutal density. Early approaches to measuring bunching calculated
counterfatual densities by estimating a smooth polynomial using data away from the ex-
empt amount, and interpolating near the exempt amount (Chetty et al., 2011a; Kleven and
Waseem, 2011; Kleven, 2016). We show such a smooth fit as the black line in Figure 1. We

exclude observations within $4,000 of the exempt amount. Given this counterfactual earnings

5Tt is possible for a person to have Social Security income at ages younger than 62 because they may be
claiming as a surviving beneficiary.

12



distribution, it is straightforward to calculate left and right bunching as the actual fraction of
observations in the excluded region (below or above the threshold), less the predicted value
from the smooth fit. We report left and right bunching in Table 3. We estimate essentially
zero left bunching at age 60, 1.8 percent at age 62, and over 4 percent at ages 63 and 64. We
estimate zero or negative right bunching at all ages. Left bunching is statistically significant
at ages 62-64.7

Although it is standard in the literature to estimate a counterfactual density using polyno-
mial interpolation, recent research has cautioned against it. Blomquist, Bartolino and Waldo
(2019) point out that any interpolation or extrapolation ends up identifying bunching in part
form functional form assumptions, and in general bunching amounts are not well-identified
from a single cross-section. As an alternative counterfactual, we therefore use the age 61 in-
come distribution. We plot this distribution as gray circles in Figure 1, and we report left and
right bunching relative to this counterfactual in the last two columns of Table 3. We continue
to find substantial left bunching at ages 62-64. We acknowledge that this counterfactual is
only valid if underlying ability distributions do not change too much from year to year and
if there are no extensive margin responses to the Earnings Tests - both assumptions that are
likely to be violated in this context, at least to some extent. Nonetheless we view this as
a useful check on the functional form assumptions implicit in our polynomial fits. Overall,
we find visually clear evidence that left bunching is substantial, especially relative to right
bunching. Quantitatively, we estimate large amounts of left bunching and small amounts of

right bunching across a range of possible counterfactual densities.

5.2 Left bunchers come from far above the exempt amount

The evidence so far shows substantial left bunching, in the sense that the excess mass just
below the exempt amount is much larger than the excess mass just above it. This left bunching
is surprising from the perspective of standard models, which do not predict asymmetric
bunching. Our interpretation is that this left bunching reflects misperceptions: some people
confuse the kink for a notch. There are however simple, innocuous interpretations of left
bunching. Perhaps people with income just above the exempt amount are reducing their
incomes very slightly to end up just below it. Or perhaps lumpy adjustment causes people
to over adjust and end up below the exempt amount rather than exactly it at. We rule out
these interpretations by showing that left bunchers overwhelmingly come from far above the
exempt amount, i.e. their age 61 earnings are quite high. This is inconsistent with small or
lumpy adjustment, since small adjustment could not cause high earners to bunch at all, and
lumpy adjustment of high earners should not bias bunching towards the left. We show this in
two ways. First, we look at the distribution of age 64 earnings conditional on different levels
of age 61 earnings, which shows left bunching is common among high earners. Second, we

show age 61 earnings as a function of age 64 earnings, which shows where bunchers typically

"We estimate standard errors using the bootstrap procedure of Chetty et al. (2011b), resampling residuals.
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come from.

We show in Figure 2 the distribution of income relative to the exempt amount at ages
62-64, among people with high age 61 earnings. Specifically, we condition on having age
61 earnings at least $30,000 above the exempt amount. Relative to all earners, this group
has much higher modal earnings, unsurprisingly. These high earners also exhibit bunching—a
slight amount at age 62, and then more at ages 63 and 64. Perhaps surprisingly, this bunching
is highly asymmetric: there is a clear excess mass just below the exempt amount, and much
less mass below the exempt amount. Looking closely, we can see that at ages 63 and 64,
the bins just below the exempt amount are slightly elevated relative to higher levels. Thus,
the figure shows small amounts of right bunching and large amounts of left bunching. By
construction, this left bunching comes exclusively from people with high earnings at age 61,
and therefore is unlikely to be driven by lumpy adjustment. Figure 2 focuses on very high
earners, similar patterns are evident at intermediate age 61 earnings amounts, as we show in
Appendix Figures A.6-A.8.

Thus, left bunching is typical among high earners, measured by age 61 earnings. Next,
we show the converse: left bunchers typically have high age 61 earnings, relative to right
bunchers. We show this graphically in Figure 3. The figures plot average 61 earnings (relative
to the exempt amount), given age 62, 63, 64, or pooled 63-64 earnings (relative to the exempt
amount). As earnings are highly autocorrelated, we expect a strong relationship between
these variables. Indeed, there is a clear, positive, and roughly linear relationship on either
side of the exempt amount. There is also, however, a clear downward discontinuity in age 61
earnings as age 63 or 64 earnings cross the exempt amount. We do not see this discontinuity
at age 62, but this reflects the fact that there is relatively little OASI claiming or bunching
at age 62.

To quantify the discontinuity in age 61 earnings, we estimate linear regression discontinuity

models of the following form:

Distance; 1 = fo + p1Distance; o + faabove; o + B3 Distance; , x above; 4 (1)

+ BaAtExempt Amount; o + €; 4.

where Distance; , is person i’s earnings at age a relative to the exempt amount, above; ,
is an indicator for distance;, > 0, and AtExemptAmount;, is an indicator for having
earnings almost exactly at the kink, specifically within either $50 or $100 of it. This is
a standard regression discontinuity model, except that we include the AtExzemptAmount
indicator. The reason for this indicator is that people with earnings exactly at the exempt
amount appear unlike others—they have very high age 61 earnings. (Some indication of this
can be seen in Figure 3, as the bins immediately above and immediately below the exempt
amount are a bit off the fit line.) Including the AtExemptAmount control ensures that our

RD estimates are not driven by these very sharp bunchers. However we show results that
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omit AtExempt Amount.

We estimate Equation (1) using the Calonico, Cattaneo and Titiunik (2014) optimal
bandwidth (the “CCT-optimal bandwidth”). We estimate separate models for ages 62, 63,
and 64. The results are in Table 4. There is no discontinuity in age 61 earnings as age 62
earnings cross the exempt amount. However, ages 64 and 64 there is a clear discontinuity:
average age 61 earnings fall by about $1,000 as age 63 earnings cross the exempt amount,
and $1,500 as age 64 earnings cross the exempt amount. This indicates that left bunchers
have higher earnings than right bunchers, and hence adjust from farther above the exempt
amount. Sharp bunchers have substantially higher earnings than either group, but our RD

estimates are not sensitive to the inclusion of the AtFExemptAmount control.

5.3 Employment responses

The results so far show clear left bunching, with left bunchers often adjusting from high
levels of earnings. These results are inconsistent with standard models of bunching, but they
could be rationalized either with misperceptions (in particular, spotlighting), or with either
“strong” loss aversion or loss aversion with diminishing sensitivity, as show in Section (3.3).
The key to distinguishing these explanation is the extensive margin response: spotlighting
implies that employment responds discontinuously to the perceived notch in the budget set,
but loss aversion does not.®

We therefore investigate how employment at ages 62-64 varies with age 61 earnings. Figure
4 plots the probability of employment (i.e. positive earnings) at ages 62, 63, and 64, given
age 61 distance to the exempt amount. The figure plots a range of earnings corresponding
to the CCT-optimal bandwidth. The idea behind this plot, which we lay out in more detail
in Gelber et al. (Forthcoming), is that earnings at age 61 are a good proxy for earnings at
age 62 and beyond (in part because not everyone can easily adjust their earnings from on
year to the next, Gelber, Jones and Sacks (2020)). People with age 61 earnings just above
the exempt amount are “treated” in the sense that they are subject to the Earnings Test if
they do not adjust their earnings. People with age 61 earnings just below the exempt amount
likely have similar employment propensities but are “untreated.” Thus, this plot can give a
clean indication of the effect of the Earnings Test on employment among people with age 61
earnings close to the exempt amount. A kink and a discontinuity are both evident in the
plot, although the discontinuity appears small.

We quantify the discontinuity by estimating regression discontinuity models of the follow-

ing form:

1{Earnings;, > 0} = Bo+ Bpistance; g1+ P2above; 61+ B3 Distance; g1 X above; 61+¢€iq. (2)

8Standard models imply an employment response as well, but not a discontinuity, see Gelber et al. (Forth-
coming) and Gelber et al. (2020)
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The outcome is an indicator for positive earnings at age a, and the running variable is age 61
earnings relative to the exempt amount. We estimate the model separately for ages 62, 63, 64,
and 63-64 pooled, and we use the CCT-optimal bandwidth. We do not expect employment
responses at age 62 because our employment outcome is an indicator for having no earnings
for the entire year, and whole-year responses would not manifest until people have claimed
OASI for an entire year, which is not possible at age 62. In general, we would expect the
discontinuity to grow with age as OASI claiming increases.

At age 62, we estimate an insignificant discontinuity of -0.2 percentage points. This grows
to -0.4 percentage points at ages 63 and 64. Only this last estimate is statistically significant.
When we pool ages 63-64 (the ages at which we would expect to see an employment response),
we estimate a statistically significant employment discontinuity of -0.5 percentage points.
Thus, we find statistically significant discontinuities in employment. We show graphical
evidence of employment responses in Figure 4. Consistent with fairly small discontinuities,
the graphs show only slight drops in earnings above the exempt amount.

Although these responses are small, arguably any discontinuity here is surprising. This is
for two reasons. First, the RD estimate compares people with age 61 earnings just above and
just below the exempt amount. The “treated” group has exactly the same work incentives
as the untreated group, so we would expect no employment response. Second, even under
misperceptions, we should expect employment discontinuities only for people who cannot
adjust on the intensive margin (Gelber et al. (Forthcoming)), so the employment discontinuity
is scaled down by the fraction of the population that both mispercieves and cannot adjust on

the intensive margin.

6 Conclusion

Using administrative data on earnings, we perform the first systematic exploration of the
puzzling left bunching phenomenon that has been noted across a number of economic contexts.
In this context, we find that left bunching cannot be explained through standard reactions
to incentives. Instead, we find that mis-perceptions of incentives explain the data well, in the
cases of both the intensive and extensive margin responses. We have shown several patterns
that are consistent with a model of spotlighting at this kink: the existence of left bunching,
the observation of left bunching even with an earnings distribution that is nearly flat, the
fact that left-bunchers are drawn from every part of the counterfactual earnings distribution
and especially those with high counterfactual earnings, and the downward discontinuity in
employment at the exempt amount.

Our findings have two key implications. First, for Social Security claimaints, the mis-
perception of the Earnings Test can be a costly one. For one, the true policy features a
notch with a discontinuous increase in Social Security benefits at the exempt amount equal

to 0.55 percent of benefits after reaching Normal Retirement Age. Beneficiaries are therefore
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leaving substantial “money on the table” by locating just below the exempt amount. Thus,
the spotlighting is a mis-perception of the true benefit schedule in two senses, first a kink in
current benefits is misconstrued as a notch, and second, an actual upward notch in benefits
is apparently overlooked by the majority of claimants.

Second, to the extent that such misperceptions also explain left bunching in other contexts,
this has wide-ranging implications for our understanding of elasticities as they have been
estimated from bunching at kinks. As explained in Kleven (2016), the implied elasticity for
a given amount of bunching in repsonse to a notch is much smaller than the same amount
of bunching in the presence of a kink. These estimates are typically used to evaluate the
efficiency costs of various taxes and implicit taxes, and also are used to derive optimal tax
and transfer systems. It is therefore important that estimates apporpriately consider the
underlying model of behavior. Such a model should involve several factors. First, it will be
necessary to estimate the fraction of the population that mis-perceives the kink as a notch,
and the complementary fraction that correctly perceives the kink. In principle, each of these
two groups could exhibit different elasticities, which could also be estimated. Moreover,
within the mis-perceiving group, some individuals may be inert to the notch as in Kleven and
Waseem (2013), and this fraction could also be estimated. Developing a model that could
credibly estimate all of these parameters — given enough empirical moments — will be a worthy
challenge for future work. Another challenge for future work will be to explore the reasons
why, as discussed above, left bunching appears clear in many circumstances, but bunching

appears relatively symmetric in others.
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Figure 1: Distribution of earnings relative to exempt amount, by age
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Notes: Figure plots the number of observations in each bin of earnings (relative to the exempt amount), by
age. Sample is anyone born 1939-1954 with a Social Security number and in the tax system in 1999-2018, and
no age 61 self-employment income. The gray dots show the number of observations at age 61. The smooth
black line is a degree 5 fit estimated using all data from the indicated age except in the range (-4000, 4000).
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Figure 2: Earnings distribution at ages 62-64 among people with high age 61 earnings
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Notes: Figure plots the earnings distribution, at the indicated age, among people whose age 61
earnings was at least $30,000 greater than the exempt amount. Figure also reports the fraction of
people with zero earnings or earnings outside the range. Sample is anyone born 1939-1954 with a

Social Security number, and no age 61 self-employment income.
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Figure 3: Left bunchers have higher earnings than right bunchers at age 61
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the exempt amount) number of observations in each cell of earnings, by age. Sample is anyone born 1939-1954
with a Social Security number, no age 61 self-employment income, and positive age 61 income.

24



Figure 4: Discontinuity in probability of having earnings
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Table 1: Person-level summary statistics

Sample Full Main
Female 0.498 0.511
Year of birth 1947.4 1947.4
Claim age 61.9 61.9
Retirement age 60.0 60.0
Ever has SE earnings 0.141 0.061
N people 58,451,246 53,473,042

Notes: Full sample is anyone born 1939-1954 with a Social Security number, and at least one year of positive
earnings age 60-64. Main sample conditions on no self-employment income at age 61. Claim age is the
youngest age at which we observe non-zero OASI or DI income. Retire age is the youngest age at which we
observe a disbursement from a tax-advantaged retirement account.

Table 2: Summary statistics by age, main sample

Age 60 61 62 63 64
Earnings (Medicare covered)

Mean (if pos) 57200 56300 54500 52900 51800
25th percentile (if pos) 19700 18600 16000 13300 12300
50th percentile (if pos) 39500 38400 36200 34000 32400
75th percentile (if pos) 68500 67400 65300 63900 62800
Pr(any) 0.537 0.509 0.476 0.426 0.387
Exempt amount

Mean (if pos) 15800 15900 16000 16200 16200
25th percentile (if pos) 15500 15700 15700 15700 15800
50th percentile (if pos) 15800 15800 16000 16300 16300
75th percentile (if pos) 16300 16300 16400 16400 16600
DI income

Mean (if pos) 16000 16200 16000 16100 16100
25th percentile (if pos) 10400 10600 10300 10500 10700
50th percentile (if pos) 14700 14900 14900 15100 15200
75th percentile (if pos) 20500 20800 20900 21000 21100
Pr(any) 0.103 0.110 0.120 0.124 0.124
OASI income

Mean (if pos) 8300 11300 6900 12300 12900
25th percentile (if pos) 3800 6600 2700 7800 8300
50th percentile (if pos) 7300 11000 5600 11400 12100
75th percentile (if pos) 11500 15700 9900 17300 18100
Pr(any) 0.029 0.037 0.254 0.353 0.392
N obs 53.473,042 53,473,042 53,473,042 53,473,042 53,473,042

Notes: Sample is anyone born 1939-1954 with a Social Security number, at least one year of positive earnings
age 60-64, and no self-employment income at age 61. All dollar amounts are 2018 real and rounded to \$100
to avoid disclosing individual taxpayer incomes.
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Table 3: Excess mass around the exempt amount, by age, main sample

Counterfactual  Smooth quintic Age 61

Left Right Left Right
(1) (2) (3) (4)

Age 60 0.001  0.001 -0.004  0.002
(0.001) (0.001) (0.001) (0.001)
Age 62 0.018  0.001  0.022 -0.003
(0.001) (0.001) (0.005) (0.005)
Age 63 0.043 -0.001  0.052  -0.020
(0.001) (0.001) (0.015) (0.013)
Age 64 0.045 -0.003  0.058 -0.024

(0.002) (0.001) (0.015) (0.016)

Notes: Sample is anyone born 1939-1954 with a Social Security number, at least one year of positive
earnings age 60-64, and no self-employment income at age 61. Excess probabilities in a given bin are
calculated as the actual bin probability less the counterfactual probability. Left and right excesses are the
total excess amounts between [-4000, 0) and [0, 4000). We consider two counterfactuals: the fit from a
smooth quintic (estimated using data from (-12000, 12000) but excluding the range (-4000, 4000)), and the
age 61 earnings distribution. Bootstrapped standard errors (resampling residuals) in parentheses..
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Table 4: RD estimates of discontinuity in age 61 earnings (relative to exempt amount) given age 62-64 earnings (relative to

exempt amount

Age for running variable 62 62 62 63 63 63 64 64 64
Width for “at exempt amount"" Omit 50 100 Omit 50 100 Omit 50 100
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Above exempt amount 90.7 85.6 87.4 -871.6 -924.7 -902.4 -1307.5 -1383.6 -1356.2
(272.5) (270.7) (271.2) (118.3) (118.5) (118.5) (122.3) (123.4) (122.6)
At exempt amount 373.5 362.8 2029.4 1347.7 2979.9 2129.7
(172.7) (185.6) (132.2) (113.1) (240.5) (170.9)
BW 2847.7 2847.7 2847.7 3160.0 3160.0 3160.0 31724 31724 31724
N 1,948,933 1,948,933 1,948,933 2,065,678 2,065,678 2,065,678 1,916,671 1,916,671 1,916,671

Notes: Sample is anyone born 1944-1951 with a Social Security number and in the tax system in 1999-2018, and no age 61 self-employment income, and positive
age 61 income. Table reports estimates from a linear RD regression of age 61 earnings on distance to exempt amount at the indicated age, plus an indicator for
“at exempt amount", defined as earnings within the indicated range of the exempt amount. Robust standard errors in parentheses. We use the CCT bandwidth.



Table 5: RD estimates of discontinuity in employment at ages 62-64, given age 61
distance

Outcome age 62 63 64 Pool 63-64
(1) (2) (3) (4)
Discontinuity ~ -0.0023 -0.0037 -0.0044 -0.0048
(0.0012)  (0.0014)  (0.0016) (0.0015)

BW 1,867 2,232 2,171 1,988

N 1,224,577 1,458,505 1,419,539 2,604,784
Notes: Sample is anyone born 1944-1951 with a Social Security number and in the tax system in 1999-2018,
and no age 61 self-employment income. Table reports estimates from a linear RD regression of an indicator
for positive earnings at the indicated outcome age on age 61 distance to the exempt amount. Robust standard
errors in parentheses. We use the CCT bandwidth.
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Figure A.1: Simulations in Baseline Case
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Downward-Sloping Ability Distribution
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Figure A.2: Simulations w/ Weak Loss Aversion
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Figure A.3: Simulations w/ Notch Misperception
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Figure A.4: Simulations w/ Strong Loss Aversion
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Figure A.5: Simulations w/ Diminishing Sensitivity
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Figure A.6: Even people with high age 61 earnings left bunch (age 62, sort of left
bunching)
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Notes: Figure plots the earnings distribution, at age 62, conditional on age 61 distance to exempt amount.
The plotted figure (plus the reported amount) reflect the full set of people with age 61 distance in the indicated
range. Sample is anyone born 1939-1954 with a Social Security number and in the tax system in 1999-2018,
and no age 61 self-employment income.
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Figure A.7: Even people with high age 61
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Notes: Figure plots the earnings distribution, at age 63, conditional on age 61 distance to exempt amount.
The plotted figure (plus the reported amount) reflect the full set of people with age 61 distance in the indicated
range. Sample is anyone born 1939-1954 with a Social Security number and in the tax system in 1999-2018,
and no age 61 self-employment income.
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Figure A.8: Even people with high age 61
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Notes: Figure plots the earnings distribution, at age 64, conditional on age 61 distance to exempt amount.
The plotted figure (plus the reported amount) reflect the full set of people with age 61 distance in the indicated
range. Sample is anyone born 1939-1954 with a Social Security number and in the tax system in 1999-2018,
and no age 61 self-employment income.
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