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Abstract

Using Form 990 data reported by public charities, we document signi�cant bunch-

ing of nonpro�ts at near-zero net assets, the threshold for insolvency. Bunching oc-

curs despite the fact that creditors cannot force insolvent nonpro�ts into involuntary

bankruptcy. We show that the extent of bunching is greater among organizations that

rely more heavily on contribution revenue, and that by in�ating their net assets, bunch-

ing organizations are able to increase their contribution revenue relative to �rms that

report negative net assets. Charitable donors appear to use the net assets threshold as

a heuristic for a charity's �nancial health; nonpro�t managers, in turn, respond to the

preferences of their donors.
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I. Introduction

One of the key features that distinguishes for-pro�t and nonpro�t entities in the United

States is how federal law treats them in insolvency. The bankruptcy code permits creditors

of for-pro�t corporations to �le involuntary bankruptcy petitions, and consequently the

typical outcome for corporations that are unable to service their debts is either liquidation

or restructuring. This is not the case for nonpro�t �rms, whose creditors cannot initiate

involuntary bankruptcy proceedings. Instead, the decision to liquidate or re-structure lies

with a nonpro�t organization's board of directors (Peterman and Morissette, 2004).

As such, insolvency may be less immediately consequential for nonpro�t organizations.

This is especially the case with balance sheet insolvency, in which an organization's liabilities

exceed its assets. Balance sheet insolvency di�ers from cash-�ow insolvency insofar as an

organization may be �insolvent on the books� but still able to meet its near-term obligations.

Nevertheless, nonpro�t organizations that are balance sheet insolvent may face incentives to

report otherwise if doing so helps to preserve their reputation with important stakeholders.

In the case of nonpro�ts, the most important stakeholders are typically donors. Donor

contributions are the primary source of revenue for the average public charity; Internal Rev-

enue Service Form 990 data show the median nonpro�t receives 52 percent of its revenue

from contributions. Consequently, how donors allocate their charitable contributions has

signi�cant implications for the strategic decisions of nonpro�t �rms. If donors use balance

sheet solvency as a heuristic for assessing the �nancial health and viability of organizations

(rather than the underlying value of net assets) when deciding where to allocate their char-

itable dollars, insolvent organizations may have an incentive to report �nancials that place

them just above the insolvency threshold.

We investigate this question using data from the National Center for Charitable Statistics

Core Financial Files, which include all 501c(3) public charities in the United States - a panel

of nearly half a million public charities spanning 2005 to 2015. Using �nancial information

reported in the Internal Revenue Service's Form 990 or 990-EZ, we examine whether charities
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manipulate their income to avoid insolvency, and explore the consequences of this behavior.

We start by documenting two features of the distribution of nonpro�ts. First, a considerable

number of charities are balance sheet insolvent. Approximately seven percent of charities

report negative net assets, or more than 22,000 charities in 2015 alone. Second, we document

signi�cant bunching at zero net assets. We examine several explanations for this result

and �nd that the bunching is not solely a product of organization age, transfers between

organizations, or a desire to spend down resources. Instead, a substantial portion of the

bunching we observe appears to be due to income manipulation rather than any quirk of

nonpro�t �nancial reporting.

To quantify the magnitude of the behavioral response, we estimate the size of the excess

mass just above the insolvency threshold using methods from the bunching literature (Chetty

et al., 2011; Dee et al., 2019; Diamond and Persson, 2016; Kleven and Waseem, 2013). The

size of the excess mass suggests that 0.2 percent of all public charities engage in income

manipulation at the threshold. For context, this estimate is roughly twice the size of the

observed behavioral response to the requirement that nonpro�ts �le the Form 990 (Marx,

2018). This corresponds to an 8 percent probability that charities falling just below the

threshold in�ate their net assets so as to appear solvent.

Next, we explore the characteristics of bunching organizations using methods described

in Diamond and Persson (2016). We �nd that bunching is most common among smaller

organizations that receive a large proportion of their revenues from charitable contributions

rather than from program fees. We �nd that our bunching estimates increase monotonically

with the percent of revenues from contributions and that the extent of bunching is approx-

imately �ve times greater for organizations in the highest quartile of contribution revenue

than for �rms in the lowest quartile. These �ndings are consistent with a model in which

nonpro�ts are motivated to manipulate their �nancial reporting in order to appear balance

sheet solvent so as to appeal to their donor base.

Finally, we exploit the panel structure of our data to examine the consequences of bunch-
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ing by comparing outcomes in later years for charities that manipulated their �nancial re-

porting to the outcomes of charities that were eligible to bunch but did not. Motivated by

our prior �ndings, we �rst consider the e�ect of bunching on contribution revenue. We �nd

no evidence of an e�ect of bunching on contribution revenue in the year that an organiza-

tion bunches, consistent with the timing of the release of �nancial statements. However, we

observe that bunching leads to an increase in contribution revenue in subsequent years �

charities near the threshold in year t experience a signi�cant 7 percent increase in contribu-

tion revenue in each of the following three years, suggesting that donors are more likely to

contribute to charities just above the insolvency threshold. We also �nd that bunching leads

to small but statistically signi�cant increases in attrition. These exiting �rms are smaller

and more likely to report exactly zero net assets, evidence consistent with a model in which

a subset of �rms that bunch do so to deplete their assets in the year that they discontinue

operations. These extensive margin e�ects do not substantively change our �ndings on the

e�ects of bunching on contribution revenue.

Our analysis contributes to several strands of the literature on charitable giving and the

private provision of public goods. First, we document new features of donor preferences and

the allocation of charitable giving. Our �ndings are consistent with previous work showing

that donors consider the �nancial health of the organizations to which they contribute.

Prior research indicates that donors are sensitive to the amount of cash charities have on

hand (Calabrese, 2011), their degree of leverage (Calabrese and Grizzle, 2012), and the

amount of program revenue they earn (Okten and Weisbrod, 2000). Moreover, there is also

clear evidence that nonpro�ts shift their behavior in response to these donor preferences

(Calabrese, 2013; Krishnan and Yetman, 2011).

We also contribute to the behavioral economics literature on decision-making heuristics in

charitable giving. For example, Karlan and List (2007) suggest that donors use the presence

of a donation match as a heuristic for the price of giving: donors are more likely to contribute

when there is a match, but are insensitive to the size of the match. Yoruk (2016) documents
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a jump in contributions for charities just above the threshold for receiving an additional

star on Charity Navigator, a third-party rating agency, relative to charities just below the

threshold, suggesting that donors respond to simpli�ed benchmarks of �nancial health. In

our context, donors may regard balance sheet solvency as a heuristic for �nancial health,

which they use to simplify decision-making on how to best allocate scarce donative resources.

Our results are also consistent with �ndings that individuals bunch at salient reference points

� such as zero tax liability (Rees-Jones, 2017) or round-numbered marathon �nishing times

(Allen et al., 2016) � due to loss aversion (Kahneman and Tversky, 1979). Again, in our

context, this would suggest that loss-averse donors avoid charities whose net assets fall below

the donor's reference point of zero.

Finally, we build on a number of recent papers that have used bunching methods to study

income manipulation among nonpro�t �rms. Marx (2018) shows that the average charity

reduces reported income by $750-$1000 in order to avoid �ling the full version of the Form

990, the information return required by the IRS of all tax-exempt organizations. St. Clair

(2016) demonstrates how charities manipulate their revenues to avoid state audit require-

ments. While the current paper also uses bunching methods to understand the strategic

responses of �rms, it di�ers from these other papers in that the observed bunching is not

driven by a regulatory requirement, but rather by preferences of key stakeholders.

This paper proceeds as follows. Section 2 provides background on insolvency and non-

pro�t �nance. Section 3 describes the data and provides summary statistics. Section 4

presents graphical evidence of bunching at zero net assets and quanti�es the size of the

behavioral response. Section 5 examines the characteristics of bunching charities and pro-

vides motivation for the empirical analyses. Section 6 evaluates the e�ects of bunching on

charitable contributions as well as other �nancial metrics. Section 7 concludes.
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II. Background on Nonpro�t Finance and Insolvency

An entity is generally recognized as insolvent when it is unable to meet its outstanding

obligations in full and on time. There are two versions of insolvency: cash �ow insolvency

and balance sheet insolvency. Cash �ow insolvency occurs when an organization is unable to

meet its near-term obligations due to liquidity constraints. Balance sheet insolvency occurs

when a �rm's total liabilities exceed its total assets; the organization is �insolvent on the

books� even if it is able to service its debts in the near term.1

Under federal law, bankruptcy �lings typically focus on whether or not an entity is

paying its debts as they become due, i.e. whether it is cash-�ow insolvent. In the private

sector, the �duciary duty of the directors of for-pro�t companies is to serve the interest of

their company's shareholders, who own the residual (surplus) value of assets over liabilities.2

Once a for-pro�t corporation is unable to pay its debts, its creditors gain standing to �le an

involuntary bankruptcy petition under the United States Bankruptcy Code. A company may

also voluntarily discharge its debts through liquidation under Chapter 7 of the United States

Bankruptcy Code or reorganize under Chapter 11, and there are also separate considerations

beyond liquidity that contribute to the decision to enter bankruptcy, including bankruptcy

costs, tax considerations, and the ranking of interest in distributing the company's liquidated

value (Bulow and Shoven, 1978; White, 1989). So long as a for-pro�t corporation is able to

service its debts in the near-term, its creditors may not necessarily have standing to petition

for involuntary bankruptcy, even if it is balance sheet insolvent (McCoid, 1987).

In the case of nonpro�t organizations, creditors are ineligible to force the �rm into

bankruptcy, regardless of whether it is cash-�ow or balance-sheet insolvent. While sol-

vent, the �duciary duty of nonpro�t directors is to ful�ll its chartered mission. Similar to

for-pro�ts, this duty expands to include the interests of the organization's creditors once

1Financial statements are typically prepared under the assumption that the reporting entity will continue
to operate as a going concern. If liquidation is imminent, then generally accepted accounting principles
require that �nancial statements be prepared under the liquidation basis of accounting (FASB, 2014).

2A company's residual value is captured in the shareholders' equity account on the balance sheet. Net
assets are the nonpro�t equivalent of shareholders' equity.
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the nonpro�t approaches insolvency. Regardless, federal law does not permit a nonpro�t's

creditors to sue nonpro�t directors, and U.S. courts have not recognized those creditors as

holding a residual interest in the organization (Elliot and Hollander, 2014). While the direc-

tors of an insolvent nonpro�t organization are advised to take their creditors' interests into

account, their legal duty is to ful�ll the organization's mission, even if that comes at their

creditors' expense (Peterman and Morissette, 2004).

If insolvency does not have immediate legal rami�cations for the nonpro�t sector, then

what incentives do organizations have to maintain positive net assets? Despite a lack of

owners to lay claim to surpluses (the �nondistribution constraint�) and research that �nds

that nonpro�ts are not revenue-maximizing (Okten and Weisbrod, 2000), nonpro�t managers

may wish to preserve the long-term viability of the organization so as to collect salaries and

continue the �rm's mission. This viability may be threatened if donors or other external

parties attach negative consequences to a designation of insolvency.

In this paper, we focus on balance sheet insolvency because it is directly observable

- and potentially salient - to anyone with access to �nancial information about the �rm.

The ability of donors and external parties to observe the �nancial position of nonpro�t

organizations has grown in recent years with the ubiquity of third-party rating agencies

such as Charity Navigator and GuideStar. These sites compile and report on the �nancial

position of nonpro�t organizations based on information extracted from their annual Form

990 information returns �led with the Internal Revenue Service. Indeed, GuideStar reports

speci�cally on whether an organization has reported negative net assets in the last �ve years,

while Charity Navigator reports on an organization's ratio of liabilities to assets. Thus, even

for unsophisticated donors with little �nancial knowledge, information on the insolvency

threshold is available and potentially salient.
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III. Data and Summary Statistics

Our data source is the National Center for Charitable Statistics' (NCCS) 2005-2015 Core

Financial Files for public charities, which are based on the IRS' annual Return Transaction

Files. The public charities core �les contain approximately 50 �nancial variables for all

501c(3) public charities reporting at least $50,000 in gross receipts that �led either the Form

990 or the Form 990 EZ.3 The public charities �les contain data only on 501c(3) public

charities, and consequently our analysis does not include private foundations or exempt

organizations that are not 501c(3)s4. The data contain information on 578,282 charities for

a total of just under 3.5 million annual returns.

A. Graphical Evidence of Bunching and Sample Selection

Figure 1a presents a density plot of public charities using the raw data, with the x-axis show-

ing net assets scaled by total assets and the y-axis showing the number of organization-years.5

The �gure shows substantial bunching just above the insolvency threshold. This bunching

occurs despite the fact that there is no discontinuity in policy such as the requirement for

organizations above a certain threshold to be audited, as in other analyses of bunching in

the nonpro�t sector (St. Clair, 2016; Marx, 2018).

To investigate whether the bunching we observe is due to income manipulation rather

than other factors unrelated to �rm responses, we impose several sample restrictions. Ap-

pendix Table 1 summarizes the restrictions and their e�ect on the size of the sample. These

restrictions are most likely conservative and, if anything, bias our bunching estimates down-

wards. First, to ensure that the bunching we observe is not simply a matter of data quality,

3The Form 990 is an information return required by the IRS of all tax-exempt organizations. Organiza-
tions with gross receipts of less than $200,000 and total assets of less than $500,000 can �le the Form 990
EZ, a simpler version of the form. Organizations with gross receipts of less than $50,000 can �le the Form
990-N (e-Postcard).

4Private foundations �le a separate return, the Form 990-PF, which contains similar information as the
Form 990. Because of di�erences in reporting and variable de�nitions, we do not include private foundations
in our analysis. However, we report on a separate analysis of Form 990-PF data in footnote 13.

5Scaling by total assets enables us to examine organizations of disparate size. For the remainder of the
paper we use `net assets' as a shorthand for net assets as a share of total assets.
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whereby missing observations are coded as exact zeroes, we exclude charity-year observations

with missing assets, observations with reported assets of zero or 1, and charities with con-

secutive years of precisely zero net assets.6 To ensure that bunching is not merely a feature

of �new� charities, which are unlikely to accumulate signi�cant net assets in their �rst year

of operation, we exclude organizations that have been in operation for less than �ve years,

where age is based on the year in which the IRS recognized the organization's tax exempt

status.7 Next, to allow for the possibility that some tax-exempt organizations may seek to

spend down their resources each year, we exclude organizations that report an average net

income of exactly zero and organizations that never report any contribution revenue. Finally,

we consider whether bunching may be driven by subsidiary organizations that transfer all

of their fund balance at year's end to a parent organization. We do �nd cases of charities

who provide specialized services in the form of fund-raising or investment management for a

closely related organization and who frequently transfer net assets. Consequently we remove

all charities that are deemed �supporting� public charities. These restrictions leave us with

a �nal sample of 2,182,693 observations and 331,568 distinct charities.

Figure 1b repeats the analysis in Figure 1a after cleaning the data (i.e., the �rst restriction

in Appendix Table 1), while Figure 1c shows the �nal sample. We �nd that the extent of

bunching declines due to these restrictions, as expected; however, we still observe substantial

bunching just above the insolvency threshold. This suggests that the bunching we observe

in our �nal sample is likely to be due to charities manipulating their net assets rather than

any structural features of nonpro�t �nancial reporting.

6While our �nal sample includes charities that report one year of precisely zero net assets, which could
be consistent with income manipulation, we continue to observe substantial bunching even when we remove
all exact zeros. Insofar as these exact zeros may be more likely to represent a reporting response rather than
true change in the net assets of the �rm, this �nding suggests that at least a portion of the bunching we
observe is due to a change in �rm operations.

7Appendix Figure 1 shows density distributions for charities that have been in operation for di�erent
lengths of time, ranging from 2 to 24 years. While the extent of bunching declines somewhat with age,
bunching persists even among organizations that have been in existence for decades.
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B. Summary Statistics

Table 1 reports summary statistics for the �nal sample. The �nancial variables are highly

skewed, and consequently for the analyses in sections 5 and 6 we apply log transformations

to the outcome variables of interest. There are two features of the data that are worth

highlighting. First, a very large fraction of public charities have either no or very low

liabilities. The median charity in our sample has a net assets to total assets ratio of 0.97,

implying that liabilities are only three percent of assets; the mean is 0.74. While only about

63 percent of the organizations in the sample earn program revenue � revenue earned through

the provision of goods or services to clients � those that do engage in revenue-generating

activities collect more revenue on average from their programs than from contributions. The

median charity in the �nal sample collects 52 percent of their revenues from contributions.

Second, approximately six percent of the charities in our analytic sample � and seven percent

in the raw data � report liabilities in excess of assets, i.e., are balance sheet insolvent.8

The relatively large proportion of insolvent �rms highlights that nonpro�ts can continue to

operate unimpeded with negative net assets.

IV. Bunching at Zero Net Assets

A. Measuring the Excess Mass

We employ standard methods for measuring the extent of bunching and the size of the

behavioral response. The bunching design was �rst introduced by Saez (2010) and further

developed by Chetty et al. (2011) and Kleven and Waseem (2013) to identify tax-induced

8Bowman (2011) draws a distinction between for-pro�t and nonpro�t balance sheet insolvency, arguing
that nonpro�ts are balance sheet insolvent when their unrestricted net assets, rather than total net assets,
drop below zero, since organizations with negative unrestricted net assets will be unable to discharge their
obligations to their creditors. However, we focus on total net assets because it is more salient to users of
�nancial statements and also because it is among the �nancial metrics highlighted by GuideStar and Charity
Navigator. Moreover, while we observe bunching at zero unrestricted net assets, the majority of charities
do not report temporarily or permanently restricted net assets, and consequently most of the bunching
observable in unrestricted net assets represents overlap with bunching in total net assets.
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behavior distortions using kink points in tax schedules. Although initially developed to study

the elasticity of taxable income, it has since been employed to study behavioral responses

in other contexts, including among small businesses (Onji, 2009) and nonpro�ts (St. Clair,

2016; Marx, 2018).

The basic bunching design divides the running variable into bins and counts the number

of observations within each bin. The number of excess bins on one side of the threshold is

then compared to a counterfactual distribution in which no bunching occurs, with the iden-

tifying assumption being that the counterfactual distribution is smooth across the threshold.

Borrowing the notation of Kleven (2016), we estimate bunching as follows:

cj =

p∑
i=0

βi · (zj)
i +

z+∑
i=z−

γj · 1[zj = i] + vj (1)

where cj represents the number of organizations in bin j and z represents the level of

scaled net assets (net assets / total assets) in bin j. The left-hand side of the equation repre-

sents the counterfactual, estimated as a polynomial function that expresses the association

between the organization count and net assets, with p as the degree of the polynomial. We

use a fourth order polynomial based on the Bayesian Information Criterion (BIC), which

decreases monotonically for polynomials of order one through four before increasing when

we add a �fth order polynomial (see Appendix Table 2). The right-hand side measures the

extent of bunching by estimating the di�erence in the bin counts around the threshold (be-

tween z- and z+) relative to the counterfactual, obtained using a series of dummy variables

for bins z- through z+. Bins z- to 0 represent the region of missing mass below the threshold,

while bins 0 to z+ represent the region of excess mass.

To identify the �manipulation range� or �exclusion window� in which the empirical distri-

bution departs from smoothness, we iteratively vary the bounds of the excluded region until

we satisfy the �integration constraint;� that is, we set the area under the counterfactual dis-

tribution equal to the area under the empirical distribution, or equivalently we set the excess

mass equal to the missing mass on the other side of the cuto� (Chetty et al., 2011; Diamond
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and Persson, 2016; Dee et al., 2019). This leaves us with an excluded window of -0.3 to

0.10 net assets. Figure 2 shows the density plot of public charities along with a �tted coun-

terfactual distribution based on this excluded range. As in Figure 1, we observe signi�cant

bunching to one side of the zero net assets threshold. The density distribution is asymmetric

around the threshold, with the region of missing mass extending further than the region of

excess mass, as is common in empirical distributions around notches (Kleven, 2016).9 As

noted previously, the bunching occurs despite the fact that there is no discontinuity in policy.

Table 2 reports our estimates of the size of the excess mass, and thus the extent of bunch-

ing. The main speci�cation uses an exclusion window of -0.3 to 0.1 and an estimation range

of -0.8 to 0.8. Following Dee et al. (2019), we provide estimates for both total manipulation

and in-range manipulation. Total manipulation is the excess mass as a percent of the total

sample size, which corresponds to the percentage of total charities in the sample that bunch.

In-range manipulation is the excess mass as a percent of the number of charities in the

counterfactual range in the region of missing mass (bins -z to 0), which can be interpreted

as the probability of bunching conditional on falling just below the solvency threshold. We

calculate standard errors using a parametric bootstrap procedure, similar to the one used in

Dee et al. (2019) and Chetty et al. (2011). We draw with replacement from the distribution

of residuals estimated in Equation (1) to generate a new density distribution from which we

generate bootstrapped estimates of the excess mass. The standard error we report is the

standard deviation of 200 of the bootstrapped estimates.

Column 1 presents our total manipulation estimate and shows that the number of excess

organizations above the threshold represents approximately 0.2 percent of all public charities.

This is equivalent to an 8 percent probability that charities falling just below the threshold

will manipulate their �nancial reporting so as to appear solvent (column 4). By comparison,

9Although the distribution appears to more closely resemble those of �notches,� in which agents face a
discontinuous jump in their choice set, rather than �kinks,� in which agents face a discontinuity in the slope

of their choice set, it is possible that the threshold is a combination of a kink and a notch. While it may be
advantageous for a nonpro�t to remain on one side of the threshold, there also may be a bigger di�erence in
donor perception between, e.g., -0.2 and -0.1 than there is between 0.1 and 0.2. We thank a helpful reviewer
for this insight.
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Marx (2018) �nds that the number of excess organizations above the �ling threshold for

the Form 990 is equal to 0.1 percent, or approximately half the size of our estimate.10 We

also provide robustness checks on our main speci�cation to ensure that our estimates are

insensitive to speci�cation choices, such as bin size and the order of the polynomial. Columns

2, 3, 5, and 6 show that these choices have very little e�ect on the estimated size of the excess

mass; the total manipulation estimates range from 0.193 to 0.203 percent.

B. Size of the Behavioral Response

Our measurement of the excess mass enables us to estimate another behavioral parameter

of interest: the extent of avoidance behavior demonstrated by charities at the threshold.

By measuring how far the excess mass can be distributed into the counterfactual density

distribution below the threshold, we can estimate δ, the distance that the average buncher

�traveled" to move above the threshold.

δ =

( z+∑
i=0

γj · 1[zj = i]
)
· ρ

f(0)
(2)

Speci�cally, we multiply the number of excess organizations that we obtain from our

preferred speci�cation (column 1, table 2) by ρ, the size of the bins (0.02 in our speci�cation),

and divide this by the height of the counterfactual density distribution at the threshold, f(0).

This follows the practice in other bunching studies of assuming that because the density is

not very steep at the threshold, the counterfactual density distribution is approximately �at

in a narrow range around the threshold. Equation (2) yields an estimate of 0.017, suggesting

that the average buncher in�ates their net assets by an amount equivalent to 1.7 percent of

their assets. Using the values we obtain in the next section, this response is equivalent to

$1,241 for the average (mean) buncher.

10Relatedly, we investigated whether the re-design of the Form 990 in 2008 impacted the extent of bunching
we observe. We observe little di�erence in the size of the excess mass before and after 2008, suggesting that
our results are not driven by a quirk in either version of the IRS form.
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V. Who are the Bunchers?

In this section, we turn away from estimating the extent of manipulation and focus instead

on characterizing the bunchers in our sample. We seek to understand why certain types of

charities might be motivated to bunch and what distinguishes the bunchers from charities

that are otherwise in similar �nancial health. In the next section, we explore the downstream

consequences of bunching.

We follow the general approach of Diamond and Persson (2016). This involves comparing

the mean characteristics of the bunchers to those charities that fall just below the insolvency

threshold and might have chosen to bunch but did not. We �rst estimate a counterfactual by

�tting a set of polynomials to the region of the data outside the manipulation region, i.e., re-

estimating Equation (1) for the outcome of interest rather than for the density distribution.11

This allows us to calculate the average values for the bins above the threshold in the region of

excess mass (Y up_all) as well as the average values for the bins in the empirical distribution in

the region of the missing mass (Y down). Y up_all represents the average values of a combined

group consisting of the �compliers� (i.e., the bunchers), and the �always-takers� (i.e., those

charities that would have reported net assets just above the threshold even in the absence

of income manipulation).

After calculating the average characteristics for both the empirical distribution and the

counterfactual by multiplying the estimated outcome for each bin by the number of charities

falling into that bin, we can distinguish the characteristics of the compliers from those of

the always-takers by using the counterfactual to determine the average characteristics of the

always-takers:

Ȳcompliers =
N tot

up

N tot
up −Nup

∗ Ȳ up_all − Nup

N tot
up −Nup

∗ Ȳ up (3)

11Because we focus on pre-determined variables in this section, we �t a single polynomial to the data outside
of the manipulation region. However, in the next section, when examining outcomes that may be a�ected
by bunching, we �t polynomials separately on both sides of the threshold and allow for a discontinuity.
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where N tot
up represents the total number of charities above the threshold in the empirical

distribution, Nup represents the number of charities above the threshold in the counterfactual,

Ȳ up_all represents the mean value of charities in the region of excess mass in the empirical

distribution, and Ȳ up represents the mean value of charities in the region of excess mass in the

counterfactual. As described in the previous section, the region of excess mass extends from

net assets of 0 to 0.10. We calculate standard errors using the same parametric approach

in the previous section, except that each simulation now includes a multi-step procedure:

estimating the frequency counts as well as the outcomes of interest for the empirical and

counterfactual distributions.

Table 3 reports our results. In the �rst �ve rows, we report the types of charities that

bunch. In the bottom seven rows, we examine their �nancial characteristics. The nature of

the charity is of course pre-determined. This is not the case with the �nancial metrics; as

we show in the following section, bunching does a�ect the �nancial attributes of charities.

To limit the potential endogeneity of the �nancial characteristics, we consider lagged values

from the year t-1.

Column 1 presents the characteristics of the bunchers. Column 2 presents the mean

characteristics of the charities falling just below the threshold, and column 3 presents the

di�erence. The charities that bunch are less likely to be health or human-services charities

(such as hospitals, Boys & Girls clubs, YMCA's, and the Boy Scouts of America) and more

likely to be charities in the �other� category (including environmental, international, public

bene�t, and religious organizations). The bunching charities also appear to be signi�cantly

smaller than the charities that do not bunch, with substantially fewer assets and lower

revenue.

One characteristic of note is that bunching charities receive a higher proportion of their

revenue from contribution revenue. The Form 990 breaks down revenue into three main

categories: contribution revenue, program revenue, and other. Contributions include cash

and non-cash amounts received as voluntary contributions from the public, government units,
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or foundations. Program revenue includes income earned by the organization in exchange for

providing a good or service, such as charging admission to a museum, while �other� revenue

includes investment incomes and rental income.12 That bunching charities would receive a

higher proportion of their revenue from contributions is consistent with the nature of the

charities in the �other� category; environmental and international organizations typically

rely on donor contributions to support their activities rather than fees charged for speci�c

services provided, as is the case with non-pro�t hospitals. To further probe the association

between bunching and reliance on contribution revenue, Figure 3 splits the sample into four

quartiles according to the percentage of revenue that charities receive from contributions

and replicates the density distributions from Figure 1 separately for each quartile. While we

observe graphical evidence of bunching in all four quartiles, the extent of bunching appears

more pronounced among charities in the fourth quartile.

Table 4 provides the corresponding in-range manipulation estimates by contribution rev-

enue quartile. Overall, we �nd that the extent of bunching grows monotonically with the

reliance on contribution revenue. Among charities in the bottom two quartiles, we �nd a 5-6

percent probability that charities falling just below the threshold manipulate their �nancial

reporting in order to cross the insolvency threshold. This estimate increases to 10 percent

for charities in the third quartile. However, for charities in the top quartile, we observe a

substantial increase in the extent of bunching � 27 percent of charities falling just below the

threshold manipulate their income to appear solvent.13

12Government grants are considered contributions if they help an organization maintain services to the
public, and are not considered contributions if they represent a payment for a service. Similarly, membership
dues can consist of a charitable contribution portion as well as a separate portion that represents payments
for bene�ts received (IRS, 2018).

13Our analytic sample focuses only on public charities; however, private foundations also receive contribu-
tion revenue. We conducted a separate analysis of private foundation data obtained from the NCCS over the
same time period. When we apply the same sample restrictions to the foundation data, we end up with a
small sample (about 73,000 observations), however we do observe bunching above the threshold, particularly
among foundations that collect most of their revenue in the form of contributions. If we relax our restrictions
to expand the sample, we continue to observe a positive relationship between the extent of bunching and
reliance on contribution revenue . Though we are reluctant to draw �rm conclusion given the small number
of observations and di�erences in reporting between foundations and public charities, we see this as a helpful
corroboration of our main �ndings.
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VI. E�ect of Bunching

In this section, we investigate the e�ects of bunching, that is, we examine the outcomes

for public charities that manipulated their �nancial reporting so as to remain balance sheet

solvent and compare these outcomes to charities that were eligible to bunch but did not.

A. Main Results

We start by once again using the general framework outlined by Diamond and Persson

(2016). We construct an estimate of what outcomes would have looked like for charities in

the exclusion window absent income manipulation. We then compare this counterfactual to

the actual distribution of outcomes for charities in the same range. The di�erence between

these two estimates represents the reduced form e�ect, an intent-to-treat (ITT) estimate of

the e�ect of falling in the manipulation region. We then scale this e�ect by the ��rst stage,�

the probability of being a buncher, which we previously calculated and reported in Table 2 as

the estimates of in-range manipulation. This constitutes the local average treatment e�ect

(LATE) of bunching. The di�erence between these two estimates stems from separating the

characteristics of the always-takers from the compliers. We estimate the counterfactual by

�tting polynomials to the region of the data outside the manipulation region. We estimate

the polynomials separately on both sides of the cut-o�, and allow for the possibility of a

discontinuous jump in the outcome at the threshold.

One challenge we face is that the �nancial outcomes we are interested in studying are

mechanically related to net assets; by de�nition, bunching organizations �in�ate� their net

assets by somehow increasing their reported revenue, decreasing their reported expenses, or

some combination. If we focus on outcomes that are themselves subject to manipulation, the

estimates we calculate may not be the e�ects of bunching but rather the cause. However, the

panel nature of the data gives us some insight into which variables are subject to manipulation

as well as which variables are a�ected by manipulation. Speci�cally, we assume that it is
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not possible for bunching to have any causal e�ect in year t, the year in which manipulation

occurs. Therefore, any �e�ect� that we observe in that year may be part of the mechanism

by which charities in�ate their net asset position. In contrast, if we do not observe any

distortion in the outcome distribution in year t, but observe e�ects in subsequent years,

this would suggest that the outcome in question was not subject to manipulation, but may

instead have been a�ected by the decision to bunch. In e�ect, by examining outcomes across

a variety of years, we can use our estimates from year t (the year in which bunching occurs)

as a benchmark against which to compare the e�ects of bunching in future years.14

We examine several �nancial variables as outcomes. First, motivated by our descriptive

�ndings in the previous section, we examine the e�ects of bunching on contribution revenue.

Consistent with the panel approach discussed above, if charities appear solvent by in�ating

their reported contribution revenue (for example, by increasing fund raising e�orts to avoid

insolvency), we should see an increase in contribution revenue across the threshold in year

t. In contrast, if contribution revenue is not the source of income manipulation but rather

donors are more likely to donate to solvent charities, we would expect to see an increase

in contribution revenue in the years following the decision to bunch, but not in the year in

which bunching occurs. Our assumptions regarding the timing of donor response are based

on the dynamics of the release of �nancial information to the public. Speci�cally, �nancial

statements and Form 990s are not completed and released until several months after the �scal

year-end. Moreover, websites that disseminate information regarding the �nancial health of

charities, such as Charity Navigator or GuideStar, do not obtain or publish this information

until many months after �nancial statements are released. It follows that if bunching has an

e�ect on contribution revenue, it would not be observable until one or more years later.

Tables 5a and 5b provide estimates of the impact of falling in the manipulation region

(ITT) and the impact of bunching (LATE) on contribution revenue in years t through t+4

14This would seem to suggest event study methods as an alternative empirical strategy. However, it is not
feasible to precisely identify which speci�c public charities are bunching at any point in time.
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using the methodology described above.15 Column 1 shows that in the year that bunching

occurs, the estimated impact of falling just above the threshold is positive, but small and

not statistically signi�cant. In contrast, we observe larger positive estimates in the two years

after bunching occurs. Speci�cally, organizations that fall in the manipulation region in year

t receive 7 log points more in contribution revenue in year t+1, 7.4 log points in year t+2,

and 7.3 log points in year t+3. When the reduced form e�ect is scaled by the probability

of bunching, the LATE indicates that bunching organizations increase their contribution

revenue by 87 to 91 log points in years t+1 through t+3.16 The e�ect of bunching on

contribution revenue appears to fade in year t+4 � the coe�cient reverses sign and is no

longer signi�cant.

Figure 4 complements the regression analysis by plotting charitable contributions in year

t+1 as a function of net assets. The �gure shows a sharp increase in log contributions at

the zero net assets threshold. A �donut� regression discontinuity analysis (Barreca et al.,

2011) that uses the same bandwidth and excluded window as our main speci�cation �nds

that there is an e�ect of crossing the insolvency threshold equal to 90 log points in year

t+1, very similar to the LATE estimate we report in Table 5b. This suggests that the e�ect

of bunching on contribution revenue is largely driven by the exogenous e�ect of crossing

the solvency threshold. If instead the donut RD estimates di�ered substantially from our

LATE estimates, it would imply that bunching �rms engaged in behavior to increase their

contribution revenue, such as increasing their fund-raising e�ort. The results we observe are

consistent with the hypothesis that donors exhibit preferences for solvent �rms.

Tables 6 and 7 repeat the analysis in Table 5 for expenses and program revenue respec-

15Appendix Table 3 repeats the analysis in Table 5a for each sample restriction described in Appendix
Table 1. We �nd that our results are not sensitive to the exclusion of any individual sample restriction.

16Although these LATE estimates are quite large, the average buncher is fairly small, with median revenue
and contribution levels signi�cantly lower than the mean values reported in Table 3. For example, looking
at the distribution of (non-transformed) contribution revenue, we see that charities falling just below the
threshold report median contribution revenue of $74,000 (compared to a mean value of $1.2 million). Based
on the results in Table 3, we observe that the bunchers are even smaller in terms of assets and overall
revenue than charities falling below the threshold. Given that there is substantial within-charity variance in
contribution revenue, our LATE estimates are large, but not implausible.
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tively. Again, if �rms in�ate their net assets by manipulating their expense reporting, we

would expect to see a negative impact on expenses in the year that bunching occurs. Sim-

ilarly, if �rms bunch by manipulating their program revenues, we would expect to see an

increase in program revenues in year t. If instead, bunching has an e�ect on expenses or pro-

gram revenue, di�erences should emerge in the years following bunching, but not necessarily

in the year that bunching occurs.

In both tables, columns 1 through 3 estimate the e�ect of bunching in year t through

t+4, respectively. For both expenses and program revenues, the e�ects of bunching are not

statistically signi�cant in the year in which manipulation occurred nor in any follow-up year.

The fact that we do not obtain statistically signi�cant results for any variable in year t

may appear puzzling: in order to bunch, �rms must in�ate revenues or decrease expenses.

However, our earlier results suggest that bunchers in�ate their net assets by a very small

amount. Speci�cally, we found that the average buncher in�ates their net assets by 1.7

percent of assets, or approximately $1,200. Therefore, our analysis may not be su�ciently

powered to detect changes in any one �nancial characteristic that allows a �rm to bunch.

B. Extensive Margin Responses

One concern with our analyses in this section is that there may be extensive margin responses

at the threshold, i.e., nonpro�ts may cease operations or fail to �ll out the Form 990 as a

result of becoming insolvent. In the presence of extensive margin responses, our analyses

may be biased if the charities on one side of the threshold are systematically di�erent from

charities on the other side. In this section, we test for the presence of extensive margin

responses and present results from alternative speci�cations that use an imputation strategy

to account for charity exit.

To test for extensive margin responses, we �rst re-visit our measurement of the coun-

terfactual density by estimating separate polynomials on both sides of the threshold, as

suggested by Kopczuk and Munroe (2015) and Marx (2019). In the presence of extensive

20



margin responses, the size of the missing mass would exceed the size of the excess mass,

provided that the two are not constrained to be equal. Using a two-sided speci�cation with

cubic polynomials, we obtain estimates of 0.186 for the excess mass and 0.169 for the miss-

ing mass. The excess mass exceeds the missing mass, and the di�erence is not statistically

signi�cant (with a t-statistic of 0.26). Based on this test, we do not see evidence of extensive

margin responses.

However, we further explore the issue by plotting attrition in year t+1 against the running

variable (Appendix Figure 2). While we do not observe a discontinuity in exit rates at the

threshold, there does appear to be an outlier caused by higher rates of exit among �rms

that report exactly zero net assets. One explanation for why we observe a higher exit rate

for �rms reporting exactly zero net assets may be that these organizations are purposefully

depleting all of their assets by year end. Alternatively, there may be some �rms that exit

the sample out of a concern for their ability to maintain contribution revenue in the future,

potentially biasing our estimates upward.

As an alternative to the two-sided test above, we examine the e�ect that falling in the

manipulation region has on exit rates in future years using the same methods from Diamond

and Persson (2016) as in the prior subsection. Speci�cally, we measure the e�ect on perma-

nent exit from the sample in year t+1.17 Table 8 shows that there is a small, but statistically

signi�cant positive e�ect on the likelihood of exiting. When we remove the exact zeroes from

the sample, this e�ect declines but does not disappear completely. Falling in the manipula-

tion region increases exit rates in year t+1 by 0.8 to 1.7 percentage points, while bunching

increases the rate of exit by 11-21 percentage points.

In order to better interpret our �ndings, we once again estimate the characteristics of the

bunching charities, except this time we estimate the characteristics using data from above

as well as below the threshold. In the presence of extensive margin responses, estimating the

characteristics of bunching charities using data above the threshold will reveal information

17To measure permanent exit, we exclude the last three years of our sample, so that a charity that is
deemed to permanently exit is missing for at least three years before it goes unobserved.
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about all charities that manipulate their �nances, including those who exit, while estimating

the characteristics of bunching charities using data below the threshold will reveal informa-

tion about only those charities that manipulate their �nances and remain in the sample.

The results are in Appendix Table 4. Consistent with extensive margin responses, there are

some statistically signi�cant di�erences between the estimates. The bunchers appear to be

smaller (in assets and in revenue) when estimated using data above the threshold than when

estimated using data from below, implying that the charities that manipulate their �nances

and then exit are smaller than the charities that manipulate their �nances and remain in

the sample. The charities that exit are also less likely to report program revenue and high

levels of compensation.

One interpretation of these results is that, for many �rms, bunching is an indication that

the �rm is choosing to unwind its operations. If the exit rates we observe were due to higher

rates of bankruptcy and involuntary closure in the wake of bunching, then we would expect

the exiting �rms to be larger charities weighed down with future �nancial commitments.

Additionally, more than half of the attrition e�ect we estimate is driven by �rms that report

exactly zero net assets; the very fact that they report exactly zero net assets may itself be a

signal that they are discontinuing operations. In the absence of more information, we cannot

de�nitively establish this interpretation, but we believe it is consistent with what we observe

about the exiting charities.

Having shown that some charities in the manipulation region do exit the sample at higher

rates, we next gauge the extent to which extensive margin responses may bias our estimates

in Table 5. To do so, we use an imputation approach to account for the missing outcomes

of �rms that exit the sample.18 Speci�cally, we calculate the percentage change in contribu-

tions that each �rm experienced during its last year in the sample. For example, if a �rm

experienced a 5 percent drop in contributions between year t-1 and year t before exiting in

18In addition to permanent exits, charities may temporarily exit the sample as a result of falling below the
reporting threshold. We impute missing outcomes for charities that exit both permanently and temporarily,
however we see no e�ect of falling in the manipulation region on temporary exit.
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year t+1, then we assume the �rm would experience a continued 5 percent drop in all subse-

quent years.19 We regard these assumptions as conservative, particularly in the later years.

The results are presented in Appendix Table 5. Our estimates do decrease in magnitude,

with the largest decreases in year t+2. Nonetheless, our estimates of the treatment e�ects

in years t+1 and t+3 shrink by less than 20 percent of the original magnitude and remain

statistically signi�cant. Thus, while we �nd some evidence of selective attrition from the

sample, we do not believe the potential bias arising from extensive margin responses alters

our substantive conclusions.

VII. Discussion

In this paper, we document signi�cant bunching of public charities at the zero net assets

threshold. This bunching persists even after limiting our sample to �rms that are unlikely

to have a mechanical reason to report zero net assets, suggesting that �rms may manipulate

their income to appear balance sheet solvent. This is somewhat surprising given the lack of

direct �nancial penalties for reporting negative net assets.

We estimate the characteristics of the bunchers and show that the �rms that in�ate

their �nancial position tend to be smaller charities that earn most of their revenues from

donations. We �nd that bunching charities report higher contributions from donors in the

years after bunching than they otherwise would, suggesting that one motivation for bunching

is to appeal to donor preferences.

These �ndings are consistent with prior research indicating that donors care about the

�nancial health and viability of the charities they donate to. Speci�cally, it relates to a

literature in which donors rely on heuristics to simplify their decision-making about where

to spend their contribution dollars (Karlan and List, 2007; Yoruk, 2016). Our results suggest

that donors may not wish to give to insolvent organizations, even though there may be very

19If a �rm exits the sample but does not report an observation for t-1, then we extrapolate the growth
rate using the most recent lagged value, e.g., t-2.
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little di�erence between a charity that is just barely solvent and one that is just barely

insolvent, potentially due to loss-averse preferences. The emphasis of the insolvency threshold

as a binary metric of �nancial health may be fostered in part by third-party rating agencies,

such as GuideStar, which track performance metrics, including speci�cally whether charities

have reported negative net assets. In the face of these donor preferences, nonpro�t managers

respond by in�ating their reported �nancial health.

What, if any, conclusions can we draw about welfare? If the use of heuristics and third-

party ratings lead to the misallocation of charitable dollars, for example, as a result of loss-

averse donors over-emphasizing solvency relative to more meaningful indicators of a �rm's

�nancial health, then the use of simpli�ed �nancial metrics in the nonpro�t sector may have

negative welfare consequences. Alternatively, if the use of these heuristics improves the al-

location of charitable donations, they may enhance the e�ciency of public goods provision.

Additionally, if the increase in charitable contributions that we document re�ects an increase

in overall donations for the sector as a whole, it is possible bunching could actually increase

public goods provision. In the absence of clear performance metrics, it is di�cult to de�ni-

tively conclude that bunching �rms operate less e�ciently. Moreover, we have con�ned our

analysis to a speci�c region of the data and our �ndings may have limited generalizability

to �rms in better �nancial condition. We leave to future work to expand on the implica-

tions of donor preferences and the use of heuristics for the allocative e�ciency of charitable

contributions.
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Figure 1a: Bunching in Raw Data
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Figure 1b: Bunching After Data Cleaning
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Figure 1c: Bunching in Final Sample
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Note: Figure 1b shows the density distribution of public charities after cleaning the data
but before placing any restrictions on the sample. Figure 1c shows the distribution for our
analytic sample after imposing a series of sample restrictions.
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Figure 2: Bunching at Near-Zero Net Assets
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Note: This �gure shows the density distribution of public charities in the vicinity of zero
net assets. The dashed line beneath the observed distribution is a fourth degree polynomial
�tted to observations outside the manipulated region (-0.3 - 0.10). Each point represents the
number of charity-years in a bin of size 0.02.
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Figure 3: Bunching by the Percentage of Revenues from Contributions
(Quartiles)
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Note: This �gure shows heterogeneity in the extent of bunching by splitting the sample into
quartiles according to the percentage of revenues that charities receive from contributions.
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Figure 4: Log Contributions, Year t+1
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Note: The �gure plots log contributions in year t+1 by net assets in year t where year t is
de�ned as the year in which bunching occurs. Each observation represents the local sample
mean for bins of size 0.03. The dashed-lines are linear trends �t to the observations that fall
outside of the manipulation range.
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Table 1: Summary Statistics

Analytic Sample
Mean Median SD
(1) (2) (3)

Assets (millions) 11 0.25 233
Liabilities (millions) 4.4 0.008 96
Net Assets / Assets 0.74 0.97 0.55
Contributions (millions) 1.3 0.074 18
Program Revenue (millions) 4.8 0.022 108
Contributions/ Revenue 0.51 0.52 0.39
Expenses (millions) 6.1 0.20 112
Age of Organization 24 19 16
Insolvent (Net Assets < 0) 0.06 0 0.24

Note: Data come from the National Center of Charitable Statistics' (NCCS) 2005-2015 core
�les for public charities. N = 2,182,693 observations, 331,568 charities. The ratio variables
have been windsorized at the top and bottom 1 percent of the distribution.
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Table 2: Measures of Bunching

Total In-Range
Manipulation Manipulation

(1) (2) (3) (4) (5) (6)

Excess Mass 0.196** 0.193** 0.203** 8.06** 7.93** 8.44**
(0.020) (0.014) (0.019) (0.835) (0.587) (0.817)

Bin Size 0.02 0.01 0.02 0.02 0.01 0.02
Polynomial Fourth Fourth Fifth Fourth Fourth Fifth

Note: ** p < 0.01 and * p < 0.05. This table presents estimates of the manipulation in
the sample under alternative measurement assumptions. Manipulation is measured by the
excess mass to the right of the solvency threshold. Total manipulation is the excess mass as
a percentage of all charities in the sample. In-range manipulation is the excess mass relative
to the counterfactual distribution in the range of the missing mass, or the probability of
manipulation conditional on reporting net assets just below the cut-o�. Standard errors are
calculated using the parametric bootstrap procedure described in the text. The exclusion
window ranges from -0.3 to +0.1 net assets / assets. N = 2,182,693 (total sample), N =
625,241 within the range of estimation (-0.8 to +0.8 net assets/ assets).
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Table 3: Characteristics of Bunchers

Bunching Falls in Region Di�erence
Charities of Missing Mass

(1) (2) (3)
Type of Charity
Arts, Culture, & Humanities 0.094 0.072 0.022**

(0.009)
Education 0.183 0.113 0.070**

(0.023)
Health and Human Services 0.316 0.670 -0.353**

(0.047)
Other 0.407 0.146 0.262**

(0.026)
Financial Characteristics
Log Assets, t-1 12.2 13.7 -1.55**

(0.153)
Log Revenue, t-1 13.3 13.8 -0.449

(0.275)
Percent Revenue from Contributions, t-1 0.746 0.398 0.348**

(0.024)
Reported Program Revenue (Yes/No), t-1 0.259 0.827 -0.568**

(0.041)
Total Compensation as Percent of Expenses, t-1 0.253 0.314 -0.061

(0.034)

Note: ** p < 0.01 and * p < 0.05. This table presents characteristics of the bunching
charities and compares these characteristics to all charities that fall just below the threshold
and thus also might have chosen to bunch. The characteristics of the bunching charities are
distinguished from the charities that otherwise fall above the threshold (the �always-takers�)
by using an estimated counterfactual to determine the characteristics of the always-takers. To
obtain the counterfactual estimates, we �t polynomials to the observed distribution outside of
the manipulation region. Column 3 presents the di�erence between the estimates. Charities
in the �other" category include environmental, international, public bene�t, and religious
organizations. Standard errors are calculated using the parametric bootstrap procedure
described in the text.
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Table 4: Bunching by the Percent Revenues from Contributions (Quartiles)

First Quartile Second Quartile Third Quartile Fourth Quartile
(1) (2) (3) (4)

Excess Mass 5.40** 5.54** 9.54** 26.5**
(0.976) (1.10) (1.84) (3.49)

N 529,013 529,010 529,007 529,003

Note: ** p < 0.01 and * p < 0.05. This table presents measurements of the excess mass by
quartiles of the percentage of revenue that charities receive from contributions. All estimates
re�ect in-range manipulation, i.e., the probability of manipulation conditional on reporting
net assets just below the cut-o�. Standard errors are calculated using the parametric boot-
strap procedure described in the text. We remove observations with percentages less than
zero or greater than one.
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Table 5a: Reduced Form: Impact of Falling in Manipulation Region on
Contribution Revenue

Log Contributions
Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Intent-to-Treat 0.025 0.070* 0.074* 0.073* -0.037
(0.025) (0.027) (0.031) (0.035) (0.037)

Table 5b: Impact of Bunching on Contribution Revenue (LATE)

Log Contributions
Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

LATE 0.306 0.868* 0.913* 0.904* -0.460
(0.315) (0.353) (0.398) (0.446) (0.480)

Note: ** p < 0.01 and * p < 0.05. Table 5a presents estimates of the impact of falling in
the manipulation region on log contributions, while Table 5b presents estimates of the e�ect
of bunching on log contributions. The counterfactual is estimated from linear regressions
of log contributions on net assets, estimated separately on both sides of the cut-o�. The
counterfactual uses only data from outside the manipulation region. Standard errors are
calculated using the parametric bootstrap procedure described in the text.
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Table 6a: Reduced Form: Impact of Falling in Manipulation Region on
Expenses

Log Expenses
Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Intent-to-Treat 0.004 0.025 0.055 0.067 0.073
(0.042) (0.044) (0.044) (0.046) (0.047)

Table 6b: Impact of Bunching on Expenses (LATE)

Log Expenses
Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

LATE 0.048 0.304 0.682 0.830 0.907
(0.532) (0.557) (0.557) (0.585) (0.602)

Note: ** p < 0.01 and * p < 0.05. Table 6a presents estimates of the impact of falling
in the manipulation region on log expenses, while Table 6b presents estimates of the e�ect
of bunching on log expenses. The counterfactual is estimated from linear regressions of log
expenses on net assets, estimated separately on both sides of the cut-o�. The counterfactual
uses only data from outside the manipulation region. Standard errors are calculated using
the parametric bootstrap procedure described in the text.

37



Table 7a: Reduced Form: Impact of Falling in Manipulation Region on
Program Revenue

Log Program Revenue
Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Intent-to-Treat 0.014 0.025 0.038 0.064 0.069
(0.059) (0.059) (0.059) (0.060) (0.065)

Table 7b: Impact of Bunching on Program Revenue (LATE)

Log Program Revenue
Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

LATE 0.177 0.311 0.470 0.788 0.858
(0.747) (0.753) (0.748) (0.766) (0.832)

Note: ** p < 0.01 and * p < 0.05. Table 7a presents estimates of the impact of falling in the
manipulation region on log program revenue, while Table 7b presents estimates of the e�ect
of bunching on log program revenue. The counterfactual is estimated from linear regressions
of log program revenue, estimated separately on both sides of the cut-o�. The counterfactual
uses only data from outside the manipulation region. Standard errors are calculated using
the parametric bootstrap procedure described in the text.
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Table 8a: Reduced Form: Impact of Falling in Manipulation Region on Sample
Exit

Permanently Missing from Sample, t+1
After Removing

Full sample Exact Zeroes
(1) (2)

Intent-to-Treat 0.017** 0.008**
(0.002) (0.002)

Table 8b: Impact of Bunching on Sample Exit (LATE)

Permanently Missing from Sample, t+1
After Removing

Full sample Exact Zeroes
(1) (2)

LATE 0.211** 0.114**
(0.033) (0.030)

Note: ** p < 0.01 and * p < 0.05. Table 8a presents estimates of the impact of falling
in the manipulation region on permanent exit from the sample, while Table 8b presents
estimates of the e�ect of bunching on permanent exit. The counterfactual is estimated from
linear regressions of charity exit, estimated separately on both sides of the cut-o�. The
counterfactual uses only data from outside the manipulation region. Standard errors are
calculated using the parametric bootstrap procedure described in the text.

39



Appendix Figure 1: Density Distribution by Age
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Note: This �gure presents the density distribution by net assets for charities of di�erent ages.
The age of the charity is based on the year in which the IRS recognized the organization's
tax exempt status, as reported on the Form 990.
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Appendix Figure 2: Extensive Margin Responses
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Note: This �gure plots the running variable (net assets in year t) against a measure of sample
attrition (whether the �rm permanently exited the sample in year t+1 ).
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Appendix Table 1: Sample Restrictions

Restriction Number of Sample Size
Observations Lost

Full Sample 3,485,306

Exclude charity-year observations with missing assets, -320,178 3,165,128
reported assets of zero or 1, or charities with consecutive
years of exactly zero net assets.

Exclude charities in operation for less than �ve years or -491,616 2,673,512
lacking data on year of IRS recognition.

Exclude charities that report an average net income of -165,993 2,507,519
exactly zero or average contributions of exactly zero.

Exclude �supporting� public charities -325,826 2,182,693

Note: The raw data consists of 3,485,306 observations and 578,282 charities and comes from
the National Center of Charitable Statistics' (NCCS) 2005-2015 core �les for public charities.
The �nal sample consists of 2,182,693 observations and 331,568 charities.
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Appendix Table 2: BIC for Di�erent Polynomial Choices

Polynomial Order BIC
First -203.0166
Second -249.8154
Third -254.8452
Fourth -275.8825
Fifth -275.5269
Sixth -271.1752

Note: The table reports the Bayesian Information Criteria for a series of regressions of
nonpro�t frequency on various polynomials of net assets.
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Appendix Table 3: Sensitivity of Impact Estimates to Sample Restrictions

1. Exclude charity year observations with missing assets, reported assets of zero or one,
and charities with consecutive years of exactly zero net assets. This step cleans the data
and ensures that the bunching we observe is not the spurious result of data entry errors.

Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Log Contributions 0.039 0.068* 0.072* 0.056 -0.023
(0.026) (0.027) (0.031) (0.033) (0.037)

2. Exclude charities in operation for less than �ve years or lacking data on year of IRS
recognition. As new organizations are more likely to report near-zero net assets, we limit
our sample to organizations in existence for at least �ve years to ensure that the bunching
we observe is not caused by the entry of new charities.

Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Log Contributions 0.030 0.073* 0.076* 0.060 -0.035
(0.026) (0.028) (0.032) (0.034) (0.036)

3. Exclude charities with zero average income or zero average contributions. We remove
charities that report zero average income so as to address the possibility that some
nonpro�ts cluster at zero as a result of a deliberate strategy of spending down all of their
resources every year, as opposed to bunching in response to the zero net assets threshold.

Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Log Contributions 0.034 0.076** 0.079* 0.063 -0.032
(0.026) (0.028) (0.032) (0.034) (0.036)

4. Exclude �supporting� public charities. This restrictions ensures that the bunching we
observe is not due to subsidiary organizations that transfer all of their fund balance at
year's end to a parent organization.
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Year t Year t+1 Year t+2 Year t+3 Year t+4
(1) (2) (3) (4) (5)

Log Contributions 0.025 0.070* 0.074* 0.073* -0.037
(0.025) (0.027) (0.031) (0.035) (0.037)

Note: ** p < 0.01 and * p < 0.05. This table shows the sensitivity of our estimates in Table 5
to the sample restrictions detailed in Appendix Table 1. After each restriction, we re-estimate
the impact of falling in the manipulation region on log contributions. The last table shows
the results for the full sample, reproducing the results from Table 5a. The counterfactual is
estimated from linear regressions of log contributions on net assets, estimated separately on
both sides of the cut-o�. The counterfactual uses only data from outside the manipulation
region. Standard errors are calculated using the parametric bootstrap procedure described
in the text.
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Appendix Table 4: Characteristics of Bunchers

Estimated Estimated Di�erence
from Above from Below

(1) (2) (3)
Type of Charity
Arts, Culture, & Humanities 0.094 0.098 -0.004

(0.020)
Education 0.183 0.337 -0.154**

(0.061)
Health and Human Services 0.316 0.275 0.042

(0.118)
Other 0.407 0.291 0.116

(0.061)
Financial Characteristics
Log Assets, t-1 12.2 13.4 -1.28**

(0.324)
Log Revenue, t-1 13.3 16.8 -3.41**

(0.697)
Percent Revenue from Contributions, t-1 0.746 0.767 -0.021

(0.066)
Reported Program Revenue (Yes/No), t-1 0.259 0.641 -0.382**

(0.084)
Total Compensation as Percent of Expenses, t-1 0.253 0.611 -0.359**

(0.083)

Note: ** p < 0.01 and * p < 0.05. This table presents characteristics of the bunching
charities. Column 1 reproduces the �rst column of results from Table 3 in which we estimate
the characteristics of bunching charities using data above the threshold. Column 2 estimates
the characteristics of the bunching charities using data below the threshold. Column 3
presents the di�erence between the estimates. Standard errors are calculated using the
parametric bootstrap procedure described in the text.
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Appendix Table 5a: Reduced Form: Impact of Falling in Manipulation Region
on Contribution Revenue with Imputation of Missing Outcomes

Log Contributions
Year t+1 Year t+2 Year t+3 Year t+4

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

Intent-to-Treat 0.067* 0.048 0.060* -0.035
(0.025) (0.029) (0.029) (0.031)

Appendix Table 5b: Impact of Bunching on Contribution Revenue (LATE)
with Imputation of Missing Outcomes

Log Contributions
Year t+1 Year t+2 Year t+3 Year t+4

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

LATE 0.832* 0.590 0.749* -0.440
(0.311) (0.355) (0.359) (0.397)

Note: ** p < 0.01 and * p < 0.05. The tables reproduce the results from Table 5 except that
it imputes missing outcomes for charities that exit the sample. The imputation approach
assumes that organizations continue the growth trend that they were on prior to their exit.
For example, if a �rm saw a 5 percent decrease between year t-1 and year t before exiting in
year t+1, then we assume contributions continued to decrease at a 5 percent rate in future
years.
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