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Abstract

Charities provide public benefits that are diffictd measure and often unverifiable
for the donors, creating a one-sided informatioficdeTo diminish this information
asymmetry, watchdog organizations provide donotk watings of charities based
on each charity’s financial performance. The infation can increase donor
awareness of individual charity performance andvigie® a metric of relative
performance.

Watchdog ratings, ranging from 0- to 4-stars i 8tudy, likely affect donor choice,
changing and redistributing donations among clexitiThis research measures this
informational effect on contributions for over 5@harities in the US. The data
contain eight years of ratings from the largestdtiparty charity evaluator and eight
additional years of tax data prior to the ratingke first approach uses differences
within-charity after the information is availabl&he second and pivotal tactic
calculates, using identical methodology of the eatdr, unpublished scores of each
charity from financial data before being rated. sThpproach isolates the effect of
observing the rating by creating a counterfactualuepublished information to
compare with the published. The third specificatamds regression discontinuity:
star-rating breakpoints have an underlying contisudaistribution of scores.
Charities with similar scores but a one-star ddfere in ratings have distinct
outcomes in contributions.

Counter to expectation, observed ratingsluce contributions, regardless of star
rating, by 3 to 30%, where annual donations aveff® million per charity per

year. The model and discussion describe how ratimays lead to donor scrutiny and
also how financial information relates to goods amivice output. These ideas
demonstrate potential unintended consequences iftfnghdonations based on
efficiency rather than effectiveness. The effeats particularly germane to the
relatively-smaller charities and those with far-owed goods, such as the
environment or foreign aid.
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1 Introduction

Charitable giving is a large sector in the US ecopowith private donations of
over $300 billion in 2008 (~2.1% of US GDP), despitenerous market failures.
A market functions well under particular conditipmme aspect is accurate and
complete information about the product. Charitieeviwle a diverse array of
goods and services, ranging from educational ocitrd¢a urban parks, low-
income healthcare to land conservation. Yet a conality among these
organizations is diffuse products that have leswjibtde benefits than typical
market goods. Charitable objectives are perceivgddbnors as inherently
positive, yet using celebrity galas for fundraisisgriticized as wasteful and, at
worst, reports of donation embezzlement undermiharity statug. These
problems stem from lack of information available donors — the inability to
discern and validate characteristics of charitieand, as theoretical literature
posits, impede efficient market functioh8/hen donors are unable to distinguish
charitable products and services, the market carapgropriately allocate

donations to deserving charities.

In order to provide oversight and indicate charasedibility, independent
watchdog groups have designed financial ratingshflemonprofit charity market.
The evaluators calculate this informational ratirsing various ratios of operating
costs and the donations received. The ratings eave Swo major purposes:
alleviating some information asymmetry for eachedatharity and creating an
index for comparison between charitfeshether or not the ratings succeed is

the focus of this study.

2 This research abstracts from the problems of riidership typical of public good provision,
focusing instead on information asymmetry. Howedenor-side demand and characteristics are
explored below, including reference to private smn of public goods from altruism, warm
glow, social pressure, etc.

% Thorough knowledge of charitable activities iseasible. There are nearly 1 million registered
public charities and 175 additional tax-exempt aigations recognized by the IRS every day.
This is approximately one organization for everg ¥énericans.

* Financial efficiency is not the only influence donations; other motivators are accountability
and charity impact. However, social impact is exidegly difficult to measure and not



Herein, I model the demand for charity under asytmménformation and also
the changes with the introduction of ratings: th#oimation effect. The
framework gives intuition and motivates the emgiridesign. Then using data
from the nation's largest evaluator of charitigsis tresearch measures the
reduced-form outcome of ratings by analyzing theat$ on charitable donations
from the levels of ratings, changes in ratings, eatohgs in years before and after
publication.

This information likely induces shifts in contrilbons, rewarding organizations
with good outcomes and punishing those with potinga. Publishing the ratings
to the general public could increase overall damatithrough appreciation of
rating availability or could lower aggregate cobtiions as a result of scrutiny.
The charities may also respond to the informatidmey can self-publicize good

ratings to enhance reputation and garner contabsti In response to the
feedback of negative ratings, organizations mayngbabehavior to improve

future ratings. Charities can respond through eiffegformance mechanisms —
changing operations toward financial efficiency amdrienting missions toward

donor demands — or strategic reporting mechanisoiarging the accounting on
tax forms® The charity-side effects are enveloped into theatel response.

The ratings indicate efficient organizations to ol@) but surprisingly, the effect
of this information is currently unidentifi€dwith hundreds-of-billions-of-dollars

in potential donations at stake annually in the tethiStates, determining the

commensurate between charities. We assume thatcfalaefficiency does indicate something
about charity reputation and quality. These issuediscussed further in the conclusion.

> A follow-up paper will also test this concept, tlie charities are using the feedback and
strategically improving their financial status, ahds the subsequent ratings, over time. Perverse
incentives for ‘gaming the system’ — will need twyide evidence. Some charities are audited
each year, but | am not sure these are availaBliso, there may be a pre-emptive effect if
charities know that operational expenses are arféat donors. These issues will be dealt with in
the next paper.

® Impact of charity ratings are not known, with #aeception of one unpublished research paper,
which will be reviewed, and a handful of generadti@uce articles. There are many studies that
address other aspects of charities, including gowent grant crowding-out/-in and competition.



marginal effect of this information is crucial. Bhiesearch sets up a basic model
of demand for risky contributions and donor resgotes improved information
through ratings in the charity market. The empiriegork measures the
information effect of ratings on contributions tbacities. The research uses
complete data from the largest third-party ratimgamization, ratings of more
than 5,400 large charity organizations longitudinahrough eight years. |
measure the value of information by exploiting thi¢hin-charity variations in
ratings, trend of ratings, and variation in timwfgoeing rated.

The full details are given below; however, the timent design is the pivotal
characteristic of the dataset. Ratings are detéstiarcalculations from publicly
available tax data. Using historical IRS finandata for eight additional years, |
calculate unobserved charity ratings previous tdlipation using identical
methodology of the evaluator. Organizations areeddégularly through time and
then rated each subsequent year, to create a grquanel for analysis. This
feature allows identification of time trends afiagt donor behavior beyond the
ratings and provides for tests of selection inte thted group. Then, annual
contributions are compared before and after therimétion becomes available,
isolating the effect of the rating publication. Téeculated unobserved ratings act
as a counterfactual treatment, controlling for sgiacrasies of the rating.

Despite information’s typical role of increasingnaend, observed ratings reduce
contributions, regardless of star rating, by 3 @93 where annual donations
average $18 million per charity. The conclusioncdégs an underlying cause for
the declines, that ratings may induce donor scyufdiscussion also covers how
financial information relates to the true missidncbarities: goods and service
output. These ideas demonstrate potential unintermd@sequences of shifting
donations based on efficiency rather than effenggs. The effects are also
discussed in reference to size and category oft@sarAdditionally, this research

gives a sense of the role of information policissaa intervention within the

charity market, as a whole.



The next section has background and literature.ob@emand for charity is
modeled in section three. Data descriptions arseition four, followed by a
section on methods and results. The final sectomtlades with discussion.

2 Whoistheinformed donor?

Motives for giving are diverse and complex. Coliegteach reason would be
prohibitive, as nearly 60 percent of US househgjgie annually and another 25
percent occasionally (Indiana U survéy&ertainly income, educational levels,
personal interests, and political beliefs havesobeit donors come from all these
spectrums. Giving USA, a nonprofit research grohpough University of
Indiana, performs an annual survey of donor types$ @ntribution behavior —
who donates and how much. Altruism seems primagpecpl stated motivations
are ‘helping society’ or ‘giving to a worthy cau§eMoral obligation and
reputation (Tullock 1966), sense of paying backl, gmilt (DellaVignaet al2009)
are also cited. These reasons interplay in an ienpuublic goods sense,
combining private benefits with the value of chabie goods provided.
Vesterlund (2006) reviews donor motivation withoart of the related economic
literature. She reconsiders the seminal work ofegoment crowd-out of public
goods, grounded in the public versus private b&nefi giving (Bergstromnet al
1986, Andreoni 1989 & 1990). She also provideslence from experiments
wherein donor types and motivations are testedgusiarefully constructed

contexts of donation opportunities.

Except in the laboratory setting, donating alsmlags a cost to the donor; the act
is giving away money. Thus, another factor is taguttibility — the subsidies on
donations financed from lost tax revenue. If cdnitions were a perfect
substitute for paying taxes, philanthropy would @iynbe voting for public

" http://www.shanghai.gatech.edu/academics/ECEMSt@drticles/11_householdsdonate.pdf

accessed 3/15/10 or http://www.philanthropy.iuplli/&®esearch/copps/panelstudy.aspx
&vww.forbes.com/2008/11/19/americas-largest-charitiecharities08-
cx_wb_1119charity land.html accessed March 11, 2010



services and goods with a dollar rather than thmostate representatives.
However, only a portion of donations is subsidibgdhe government, at the rate
of each household income tax bracket. Ranging meemes, the donor’s loss is
between 65 and 100%. Literature shows donor awsseniedeductibility (Prince

& File 1994) and extensively confirms response llanmges in charity tax laws,

although with conflicting outcomes (Randolph 1988 Autenet al 2002).

Added costs come from the search for sound chsyribiéen termed due diligence.
However because donations are a small portion n§étwold budget each yéear,
individuals likely put minimal effort into searclgnfor an acceptable charity.
Beyond their collegalma materor local religious affiliation, donors generally
look for those organizations that have both a prefecause and a reasonable
brand reputation. Advertising and fundraising dsivprovide some other
information that can affect which charity a dondwaoses. They may also be

concerned with scope of impact, from local to in&ional.

These benefits and costs are critical to determirtire market outcome of
charitable giving. The amount of information avhi&ato donors is part of the
equation. The quality and quantity of charitableoducts are typically
unknowable to the donors, both before contributemd after. Theoretical
literature on asymmetric information, beginning twidkerlof (1970) and used
cars, indicates this dearth impedes efficient mafikections. If credible proxies
for information can be instituted, they can as#i® market. There is a large
general literature measuring information effecesalth codes, audits, third-wave
information-based policies, and third-party cectition entities such as eco-

labeling.

Rather than addressing information, Rose-Ackernt8Z) explicitly models

competition between charities through fundraisimg, implicitly, she assumes an

° The average household donating in 2004 gave $2dd&ever, most of these contributions go to
religious groups, with an average of $1,858. Urditgrof Indiana study.



effect of information through donors respondingetificiency’ indicating the cost

of charities to raise a dollar. One study exgiiciheasures the effect of these
type of charity ratings (Gordomt al 2009) using tax data and the watchdog
organization’s rating used in this current studige Tesearchers measure changes
in contributions for a sample of 405 charities tluree-year periods between 2002
and 2006. Those authors find a strong positivdicgiship between higher ratings
and contributions in the following year, as intugtj yet the data limitations

therein produce somewhat misleading results.

This current research improves upon this study anyndimensions. First, this
research includes all charities rather than a $wrskalso includes all years since
the watchdog group began. This allows better ass=#sof the effect of ratings
and the possibility of changes in effect througle thears as ratings gain
credibility. Within this broader context, a distinget of models are applied to
determine effects. Second, the data include exat# df publication allowing
improved precision and measurement of the timingatihgs. Third, additional
historical tax record are appended permitting asseat of the value of ratings as
compared to before the ratings are available. Ast| the key identification here
uses identical methodology of the evaluator, cakod unpublished scores of
each charity from the financial data before beiatgd. This method creates a
counterfactual ‘would-have-been’ rating that digtirshes the rating signal of

observing the information from the underlying qtyali

3 Demand for charity with risk and infor mation

While the donors know the general reputation arelggof the organizations, they
frequently do not know the specific actions thatrdies take toward these goals.
Charitable products are typically intangible ane tinedibility of charities is often

uncertain. In addition, there is a often a distoctbetween the donor and the
direct beneficiary — the person or group feeling@ timpact; examples are
donations to organizations with projects in homatess, international aid or the
environment, in contrast to charities that prowitect returns to the donor, such



as public radio or art museums. The characteriaticsimpact of charity work are
difficult for the donor to assess. A donor hasléss knowledge of the programs
and services than the charity, a situation creatingisky investment. This
information asymmetry hampers consumer demand &stdrid these markets.
Furthermore, characteristics of these organizatéostheir charitable impact are
not easily comparable between charities. Ultimattig charities do not have a
clear signal of production for donors to effectivallocate contributions, which

may create a suboptimal equilibrium in giving.

The proposed solution is more and better infornmatAs an attempt to alleviate
this information asymmetry, charity watchdog grougreate ratings based on
financial performance of each charity. Howevere timformation must be
relevant, understandable, and credible. For vetific of these properties, there
must also be measurable variation in donor respomsine information. The
ratings operate directly by increasing donor knalgke and salience of charity
efficiency and may shift donations from lower-ratédward higher-rated
organizations. The information also could promparges indirectly by altering

charity response to either negative or positivengat

If the rating acts as a signal of charity qualdgnors will respond by changing
contributions. Setting up a simple model indicaesie relevant expected results.
The standard charitable giving modeUgx, G, g), where a potential donor has a
utility function over a private numeraire good, @bfpc good, and private giving
to the public good (Andreoni 1990). However, rathigan determine the Nash
equilibrium of giving in response to others donasiothis research is interested in
the effect of information on private giving. Furthenuch recent literature on
giving finds the marginal benefit of giving is paie (Vesterlund 2006f.
Therefore, this setup drops the public good asfecthis change makes the

utility functions independent, allows both droppihgi subscripts and creating a

1%1n the context of internet donations, it is reasua to assume pure warm glow — there is no
conspicuous giving, no reputation gains, and littdenection to either the public good or others
donations.



form of pure warm glow utilityU(x + &4).** A potential donor can choose an
allocation between the private good with known mesunormalized to 1 per dollar
spent and a donation with an uncertain return p#dadspent,6. The subjective
prior probability, determined by the donor, of tte¢urn on donations is random
variable 8 with cumulative distribution F{) and meary.*? With exogenously

given wealthaw, we can substitute the budget constraint into utigy, where

U'(w) > 0 andU"(a) < 0. LetA denote the fraction donated; then the decision
problem becomes

max Vi) = Er [U(w(A (6 - 1) + 1)].
0<A< 1 (1)

BecauseV is concave”= 0 if and only ifV'(0) <0, andA”= 1 whenV'(1) = 0.
Clearly, when the private good returns more thanetkpected charity gain,=ly,
thenA”= 0, no charitable giving. Note also that 1 impliesV'(0) > 0, therefore
a non-trivial allocation of giving charitable istopal only when these risk-averse
donors view the donation as subjectively favorablee V' is increasing ir6. Also
recall that contributions are tax deductible; indcs take this portion as non-
risky, a positive donation may result even whenr#étarn on the donation is less
than unity by the amount of the donor’s tax raigeg «w Furthermore, holding
other factors constant, it is reasonable tHéncreases if and only F is updated
to G, whereG is preferred in a stochastic dominance séh&n the contraryd”
decreases whdnis preferred to an updated distributi@nin other words, donors
who favor giving to charity may learn that returos donations are better or
worse than expected and may change contributioasesult.

The proportional change can defined as

- A7
i @

| am not excited about this functional form, ingsliperfect substitutes. | am thinking about
Cobb-Douglas or just leaving the form implicit.

!2 Given there are many charities, a randomly sedectarity has an unknown quality.

13 These results have been shown in the analog, defoarisky assets, dating back to Arrow
(1965) and as recently as Hollifield & Kraus (200Bhis model closely follows the seminal
treatment in Gollier (1995) and theorems will netrepeated here.



where A" gives the former allocation to charity when thexalodoes not have
objective information regarding quality, yet hasm®o subjective probability
measure of financial aptitude of charities throwgher means, such as personal
preference, advertisements and reputation. A€ represents the proportion
donated when new information in the form of ratilgypresented, and is based on
updating beliefs from distributioR to G. The updating, or learning, need not be
explicitly specified, but can be conceptualizediBayesian framework, wherein
the distribution of ratings is incorporated intcetpriors. Returning to many
donors with a fixed and exogenous distribution owealth, the next step is

aggregating théy’s to the expected average change in donations.

= 2
= I_I (3)
Denote this average change in response to infoomata, which is the variable
of interest measured empirically below, with topalpulationl. This average
includes all censored effects, those donors who raot affected by the

information and those who do not donate.

This model generates a few hypotheses. Firstlingatconvey value if and only
if they contain credible information the donor didt know, through learning or
imparting salience. Therefoewill be non-zero given there is sufficient valwe t
the information. Secondly, for two potential dopatiallocations, higher ratings
increase contributions more than lower ratingssisian artifact of model design,
increasing utility in increasing. Thirdly, a higher (lower) rating distribution Wil

increase (decrease) the distribution more than rdivgher) rating, given the
prior expectation is lower (highet.Lastly, a positive change i indicates the

donor had a less favorable view of charitable gjvprior to ratings, while a
negative change implies an overly auspicious priew of the charity market. In
the empirical section below, the sensibility ofstimnodel is further justified with

regard to the context of ratings and charitablangiv Given heterogeneity of

4 These premises abuse precision in notation anddhe recast in terms of stochastic
dominance.
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priors, the results are indicative of average pritirthese are spread, changes will

be more difficult to measurg.

4 Empirical Setting & Evidence

US 990 Tax Returnsfor Nonprofit Organizations

In the US, a public charity is an organization deated within tax law section
501(c)(3). Although not quite synonymous, this caxleften used as a common
name for these organizations. Charities are taxogx; however, each
organization with donation receipts of $25000 orrenenust file form 990
annually with the Internal Revenue Service (IRSparding revenue and
expenses® Nearly 280,000 charities filed in the 2007 taxrydde tax return has
more than 100 fields for reporting financial vatesb for each organization.
Revenue variables give an organization’s total imepcomposed of direct public
contributions, government grants, payments for mmog services, and
membership dues. Charities list expenses in baségories such as the costs for
programs and services the charity provides, theiradirative overhead, and the
cost of fundraising. The net of revenue and expeiséhe organization’s annual
excess or deficit. The organizations are non-piofitaw, indicating zero excess
over the long term. However, charities can maintagsets, investments, and
liabilities, which are reported. There are also yndascriptive variables such as
name, tax ID number, location, fiscal year end dgdar of incorporation, year of
IRS 501(c)(3) ruling status, and classification ed@dee appendix for further
detail) !’

15 Both risk-aversion and charitable tax deductidee aork against finding an empirical result.

16 Religious groups, nearly 400,000 in total, arenepiefrom filing. However, these groups may
voluntarily provide the information and about halb. Sourced, March 31, 2010, from
http://nccsdataweb.urban.org/kbfiles/797/Almana@blicCharities.pdf

' Organizations are classified by the National Tawop of Exempt Entities - Core Codes
(NTEE-CC). The hierarchical classification systeas 10 primary categories split into 26 major
groups (letters of the alphabet) with a finer dedition of these major groups into about 400 total
NTEE-CC sectors. For example, a primary categoryEisvironment and Animals” and ‘C’
indicates Environmental Groups, which is split ildenty NTEE-CC codes, such as C34: Land
Resources Conservation. For comparison purposese specifications will be analyzed at the
level of these NTEE-CC sectors. (? Maybe — alsteva! of CN categories, which correspond
loosely to the 10 primary categories)

11



As required by law, these tax returns are availabkbe public. However, donors
tend not to analyze them extensively. First, thdume of charities is
extraordinary: in 2005 there were 876,000 publiartles — over half of these
organizations were required to file with estimateisl revenue of $1.1 trillion for
those reporting® The numbers have grown significantly since thenesly one
million charities now are registered. Secondly, tae forms are complex and
confusing. These forms contain hundreds of fieldk arbitrary names, difficult-
to-assess relationships between the fields, andi@u worksheets for revenue
and expenses. Furthermore, the forms provide miagae for identifying ways of
comparing values between charities. Two recentrtepadicate a continued need
to link donors with pertinent, credible easy to ersiand information about

charities'®

Third-Party Ratings Data

Since April 2002, Charity Navigator (CN), the lasgeindependent charity
evaluator, has created measurements of charityonpeahce by synthesizing
financial information directly from the tax returnsThese metrics are then
summarized based on a scale of O- to 4-stars, plesimdex where higher ratings
are better, which can assist donors in making méat contributions. Due to
budget and time constraints, CN publishes ratingsfsubset of all US charities,
adding charities in monthly waves. CN is a thiedtp evaluator, meaning the
group is not typically directly involved in donoharity transactions and does not
act on behalf of the rated charitf@sCharities do not pay for ratings. CN is

funded as a private foundation, primarily througto tindividuals and some

18 http://nccsdataweb.urban.org/kbfiles/797/Alman@&ublicCharities.pdf

% There is still a need to bridge the informatiop:gd) Hewlett Foundation 2009 report on the
nonprofit marketplace and, (2) A 2009 report togress regarding top tax payer problems lists
‘relevant information about needs of nonprofitéiceessed March 23, 2010.
http://www2.guidestar.org/rxa/news/articles/201®mmfits-make-the-list-of-top-problems-for-
the-irs-but-barely.aspx?source=feb10nwsltr

0 Website visitors can link from CN to another sielonate; more discussion below.

12



advertising®* Also, the charities have no prior knowledge of first rating.
Rather CN aims to serve a broad set of donors, guilynfocusing on those
organizations with larger total public donationsdaselects charities toward

achieving this mission.

The selection process is given here and the patesdiection bias is addressed
below in methods and results. At minimum, orgamret must be granted tax-
exempt status under US section 501(c)(3) and difseoublic charities with four
consecutive years of completed IRS 990 forms fort€Metermine time-trends.
Most large charities meet this last criterion, ag arganization will have years of
historical growth to gain size and reputation. Ca$ fadditional criteria ensuring
the nonprofit actively solicits donations and degseion support from individual
givers, rather than government grants and foundsti&irst, CN does not rate
charities reporting $0 in fundraising expenses.o8dc the watchdog group
prefers charities with public support of more tHg800,000 in the most recent
fiscal year. Next, CN excludes charities that reeeia large portion of
contributions as government grants or charities liaze most income from fees
charged for programs & services; at least one thfrdotal contributions must
come from public support. CN also strives for cager among charitable causes
and across geographic regions, and, as necessdeyids the pool to largest
charities in underrepresented classifications. Tge these criteria for a CN-
qualified pool of candidates have the implicit effef narrowing the list to the
largest organizations, as measured by total cartobs. This subset still covers a
large portion of the total annual donations td 8l charities?

Adding new organizations in waves on a monthly §a€iN gradually expands

the number of evaluated charities to create a ‘grgvpanel’ of data and will

% However, CN recently offered a new option of ctyasponsorship, where donors choose a new
charity and pay CN'’s cost of calculating and pubiig the rating. This change occurred after the
end of the data set analyzed here.

22 For example for the 2007 tax year, due to hetereiggein charity sizes, the largest 5% charities

by donations received 87% of total US contributidssed to figure out what percent CN covers.

13



eventually evaluate all of those charities thatainin the qualified podl® Once
selected, CN rates the charity again approximaialyan annual cycle, when the

latest fiscal year of tax information becomes aldé. Table 1 gives summary

statistics.

TABLE 1: DATA DESCRIPTION

CHARITY NAVIGATOR SUMMARY STATISTICS
Rating Observations 30,629
Charities 5,474
Variable Mean SD Min Max
Observations/Charity 5.6 1 9
Fiscal Year(FY) 2000 2008
Publication Year 2002 2009
Publication Lag(mo) 13.3 3.7 3 33
Publication, Quarter in FY 2.3 1.2 1 4
Lag between Pubgmo) 11.9 3.9 0 65

CN only publishes ratings online: www.charitynat@acom. The website home
page provides general information, related newsyelsas an option for user to
search for specific charities by name, cause, dner @haracteristics. Each rated
organization has an individual link with summargancial data (see appendix).
The most prominent and advertised measure isvbeall rating based on a 0- to
4-star scale. The rating is a simple rescalingwadrall score(ranging from 0 to
70), which is derived by adding ten-point metricsni seven different aspects.
The scaling differentiates the charities by efingg in a systematic manner.
Overall rating for all charities in all years averages 2.8 st@se third of the
charities receive 3 stars, the median rating, aradher 29% are 4-star charities,
with only 1.4% getting O stars; this distributiandertainly an artifact of scaling
but is consistent through the time perf8dlhe star interpretations, as given by
CN from 0- to 4-stars, range over ‘exceptionallyopo ‘poor, ‘needs

improvement’, ‘good’, and ‘exceptional’. These awations relate the acceptable

% But CN no longer adds certain types of prograreseh as hospitals, higher education, and land
trusts.

4 gpecial scaling considerations are given to soategories, mostly due to differences in
overhead between sectors. This will be of note wimberpreting regressions and testing sub-
groups. There are differences in proportions begaty: International groups are well above the
average, Environment and Public Benefit are averageile Religion and Arts, Culture,
Humanities categories are lower rated, on average.

14



industry standards and performance of other clarii the same cause. Another
linked tab contains two years of the charity’s jjwasg ratings, if the previous
years were rate®. Charities cannot advertise on the CN website,cant put a
CN logo on their own website indicating the curreating.

This research measures changes in contributiomesiponse to ratings within a
charity, requiring variation in ratings. Lookingtae overall historical trend, there
is a strong tendency to stay at or near the sartiegraas expected due to
consistent management and practices within a gh@réble 2). The left column
indicates the difference between stars from th&ipus rating. For example, ‘1’
is a change of one star greater and accessible ditbstar ratings except if the
charity is already at 4-stars. Each column givesgiobability of changing stars
at the ff' rating from the previous rating. The probabilitystaying at the same
star rating, ‘0’, increases through the series,siig demonstrating long term

stability in financial practices.

Transitional Probabilities by Changes in Star Rggin

Star Number of Years Rated Total
Changq 2 3 4 5 6 7 8 9 P(chng) Counts
-4] 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.0po 04000 2
-3] 0.003 0.003 0.002 0.002 0.002 0.002 0.000 0.0po 04003 63
-2| 0.043 0.042 0.038 0.028 0.021 0.022 0.017 0.0L4 0J034 857
-1} 0.216 0.222 0.195 0.191 0.168 0.159 0.159 0.1B3 0)197 34,95
0] 0.526 0.509 0.520 0.521 0.536 0.568 0.584 0.5p2 0/528 43,27
1 0.174 0.187 0.204 0.216 0.230 0.218 0.205 0.1p7 0200 5,037
2| 0.034 0.033 0.038 0.038 0.041 0.027 0.035 0.0[L4 04035 893
3| 0.003 0.004 0.003 0.003 0.002 0.002 0.000 0.0po 0J003 72
4] 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.0p0 0J000 4
Totall 5,280 5,118 4,734 4,074 2,803 2,102 973 7] L 25,155

Table?2

However, the expected probability of a charitysrigtichanging in any given
calendar year is 0.472, indicating adequate vandtr testing the effects. Cohort
and timing effects may also be present: thtahd ¥ ratings are statistically
more likely to go down one star than go up one, staile the &' and 7 ratings

are more likely to rise by one than fall by one. iWhhe table does not show

which charities are changing, this result indicatgsositive trend in ratings over

% However, this research uses all historical ratimgsr eight years of data, obtained from Charity
Navigator through a confidentiality and data agreetn
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many years. Star-changes of more than one areststally symmetric in both
directions over the years. Overall, the tabldidates the changes are not
random — not as if a die is cast in sequence -batalv | address the factors that
co-vary with the ratings.

Anther concern is reach and readership of thesegsta signal of how many
potential donors that CN impacts. CN has receivadhmmedia attention since its
inception, with interviews on network TV news pragrs and nearly 80 articles
mentioning the group in popular publicationsTéfe New York TimegVall Street
Journal and USA Today® Web search behavior and website visits are other
indicators of impact (Figure 3). Graphed on the deds, Google monitors trends
in web search and the phrase ‘charity navigatoowsh consistent activity of
potential donors. The pattern closely tracks we&kN website visits, provided
by CN, that range from 50,000 to 120,000 uniqus. lttuge responses are seen
during major world disasters and also at the enthe@fndividual tax year, which
coincides with the winter holidays. CN distributesewsletter at the beginning of
each month, eliciting noticeably increased resp@nd&'ebsite visits before
September 2006 are unavailable; the figure shomeally interpolated visits
based on the Google Trend index for the earliee tpariod. Visits are counted
daily-to-weekly and may include repeats, makingifficult to assess aggregate

audience viewing CN ratings, but the site appeatetknown by millions’

The contributions resulting from online ratings @awnique characteristics that
justify the above theoretical model. There argressure sales or social guilt, we
may assume these gifts are motivated by privateftisror desire to increase the
charitable goods. Secondly, these are large arghons so contributions of

others and overall public good provision do notegppto be factors. Lastly, the
ratings affect the contributions reported in tatadanly while publicly available.

% Reference count on lexisnexis.com, January 25)201

2" Charity Navigator self-assessment estimates oveniltion unique website visitors in 2008.
Source: http://www.slideshare.net/CharityNav/vadimpact-presentation-may-2009?src=embed,
accessed February 2, 1020
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FIGURE 1

Google trend searches of "Charity Navigator" (thick blue), actual weekly website visitors (thin red), and relevant World Events
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To respond, the donors must be aware of the infoomahrough posting on the
website. Therefore ratings for each charity are geérto tax records by
corresponding the publish date to the fiscal ydgacted (see data appendix for
more information). Summary of tax data used is giV@ble 3, for before and

after the ratings are available, dollar amountsstéd to 2007 equivalent.

TABLE 3: TAX DATA DESCRIPTION

SUMMARY STATISTICS BEFORE CN AFTER CN
Rating Observations 41532 20164
Charities 5468 4944
Variable Mean SD Mean SD
Fiscal Year(FY) 2000.0 3.00 2005.5 1.64

£ Total Contributions 11300 50900 23800 92000
§ Funraising Expenses 900 3847 1788 6461

‘S Program Expeneses 17300 109000 40000 199000
§ Assest 69000 547000 176000 1460000
S Liabilities 12500 96000 43000 571000

5 Effect of ratingson contributions

This study measures effects in two dimensions:d{gtinctions and changes
between stars ratings 0 to 4 as derived from agir@ii continuous score, and (ii)
before (unobserved) and after (observed) ratingsugh time. Combinations of
these two measures answer various aspects of hal ratings affect donations
— the value of receiving each star rating, thdéedéhce between ratings, the
ability of these scores to represent unobserve@rbgeneity of charitable
organizations, and the value after observing therimation — and determine if

these potential changes in contributions are causal

The following specification captures these aspealsng with parameters

accounting for other factors that drive annual gbations,Cont

Cont = d*Star;*Obs; + p*Scorg + Covarg + V + g + &

This regression controls for the different levels stars through a series of
indicators,Star*, whereK = 0, 1,..., 4; and these are our primary variables o

interest. The related underlying continuous vadab&core which runs from 0 to
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70. The interaction with Obs' indicates the rating is published to the public
rather than calculated. The data began in 1995 aosgrvedpublications of
ratings began in 200%. The covariates include annual expenses, assets, an
liabilities. The series of charity fixed effectg, remove characteristics of each
organization that remain constant through the stpdyiod. These include
founding year, year of IRS ruling the organizat@as a non-profit, location of
operations, general cause and clientele servedpes@d services, type of
management practices, month of fiscal year end,ngnaihers. Thed's are
annual intercepts that absorb the average timel todncontributions. Further
parameterization will allow distinct time interceptor each category, such as
environmental groups, as trendiness can be distirdifferent sectors. The model

also assessed separately for each category below.

The p gives the marginal slope of an additional unitSicoreon contributions.
Scoreis taken to be the true proxy for quality, a neetlesigned to index the
efficiency of charitiesSta‘’s, in contrast, are the signals that donors receive
determined at arbitrary breakpoints of teore Both Score and Star are
calculated for this research for the periods priexethe publication on the rating
group’s website. Howevegta' s are only included in the model for tbleserved
period, acting a visible signal, whilScore measures the inherent efficiency
throughout the entire study. The observed stangadverage is given bgx — ak-

1, the difference due to a rating of K-stars rekatte another category (below,
Sta’ is the baseline in some results). Bathand the difference betweem
andax., are expected to be positive (non-negative) valiltsmving a higher
published score or rating should increase coniobat Otherwise, we expect
them to be insignificant. However, a priori, thesebvation effect is unknown,
comparing publication relative to before publicatielow star ratings may have a

negative effect while high ratings a positive effféwt what is ‘high enough’ is an

28 Charities are added in monthly waves after Ap2, selected across strata of causes (e.g.,
industry) based on size, historical record, angyprtion of public contributions to revenue. This
selection process may be correlated with unobseadieslyncratic panel errors causing bias of
coefficients on ratings, which will be addressedflither research.
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empirical question. The effect of publication madgoachange through time as the
ratings gain esteem. These effects are given bkirlgoat eachak, which
measures the additional average in intercept dudservation of a star rating as

compared to not, by controlling f&corethrough all observatiorfs.

Before estimating this model, visually assessmétiieresiduals from the above
specification, less the ratings variables, givedications of the effects. Also, |
take the natural log of the dependent variableadihcbntinuous covariates so that

coefficients can be interpreted as percent changes.

Resig = In_Cont;, — (Inm + 0+ ’5)

Plotting the residuals over the continuous scoreialbe gives descriptive
evidence that contributions respond to the inforomat For those years of
contributions affected bgbservedatings, the residual variation shows an overall
negative trend as score increases, an indicatioth@fsign of p, Figure 2.
Additionally, average lines for each star-ratingdurce a distinct stair-step-down
pattern, rejecting the hypotheses about— ax.1. The line for 4-stars is the

exception. Downward trends over the ratings arprging and discussed below.

FIGURE 2: AVERAGE EFFECTS OFRATINGS ONCONTRIBUTIONS, LN. OBSERVEDY EARS.
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2 Score is also published on the website, but rgiilitjhted: the media cites only the star-ratings;
the CN website uses the stars to rank charitiistsrather than the underlying score; and
charities self-advertise only if they receive 4rsta
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To confirm the above figure, results from the moidelthe observedperiod are

given below, Table 4; all models exclude thmbserveddata. Each charity has

multiple ratings at various points in time, thubge tstandard errors may be

inefficient from a common random effect occurringhin a charity. Clustering

on charities corrects this. (Unfortunately, bothiadecorrelation, which is likely

positive therefore understating SE’s, and seledbias may still be issues. | can

address the former through tests of autocorrelamhFE-GLS. A Heckman-type

selection model might alleviate the latter. Neithas been attempted, yet.)

TABLE 4: ESTIMATED EFFECTS OFRATINGS ON CONTRIBUTIONS, LN. OBSERVEDY EARS.

1) (2) (3) (4) (5) Star-diff (6) Star-diff
0-Star,obs  a-e-aaao-- omitted category - -------------
0.085 0.148
1-Star, obs 0.058 0.087 0.085 (0.048) 0.148 | (0.049)
(0.044)  (0.046) (0.048f - -0.020 (0.049)" "\ 0.027
2-Star, obs 0.065 0.116 0.065  (0.011)" 0.175 (0.015)
(0.045)  (0.050) (0.048) - -0.011 (0.052)" . 0.033
3-Star, obs 0.072 0.144 0.053 | (0.008)  0.208 | (0.013Y
(0.045)  (0.056) (0.049) - -0.035 (0.057)" ~ 0.004
4-Star, obs 0.059 0.148 0.018 ' (0.009)°  0.212 (0.011)
(0.046)  (0.062) (0.050) (0.062)
Score, obs  -0.000 -0.002 -0.002 -0.005
(0.001) (0.001) (0.000)" (0.001)"
In_fundraising 0.049 0.049 0.049
(0.011)° (0.011Y (0.011)"
In_prog_exp 0.426 0.424 0.427
(0.028)"  (0.028Y (0.028)"
In_assets 0.274 0.274 0.275
(0.054)"  (0.054Y (0.054)"
In_liabilities -0.017 -0.017 -0.017
(0.005)"  (0.005Y (0.005)"
Observations 20147 20147 20147 20137 20137 20137
Charities 4944 4944 4944 4944 4944 4944
R-squared 0.02 0.02 0.02 0.19 0.19 0.19

Robust SEs in parenthesés:;, and” significant at 10%, 5%, and 1%, respectively.

The model

Each model includes charity and annual fixed e$fect

improves on the figure by controling fall covariates

simultaneously, giving average marginal effectsvathin-charity variation of

contributions.

Column (1) uses onfcore as the indicator of quality and

measures the average slope. The second resultsncl)de observedratings of

stars and removeScore while (3) has both star-rating ai@tore Models (4)

through (6) repeat the previous models in the samter, but include the

covariates. This exercise illustrates the relatignof the covariates, expenses
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and assets, with the ratings. Table 4 also repbdsdifferences between star-

ratings and related significance for specificati(B)sand (6).

Because of the log-linear model form and indicatamiables, thestar effects are
approximate percent chang@sThese results confirm some of our intuition from
above, but also offer surprises. The differencaéséenobservedstar ratingsak

— ak-1, are positive (non-negative) values when undeglytore is also present
(3) and (6). Having a higher published rating @ases contributions: observing
3- rather than 2-stars gives a 3.3% increase itribotions, while 2- to 1-stars is
2.7%, and so on. The on observed Scoreés predicted to be positive, however,
these models indicate a small negative slope —iwehch rating or without the
other controls; a higher score decreases contoibsitslightly. This is also true of
the star-rating when the continuous score is othittligher ratings, lower scores.
One explanation is that higher score is correlatgd lower fundraising and thus
lower donations; however, the negative relationgi@mains with and without

including the fundraising covariate. More underdtag of this result is needed.

To distinguish betweewbservedand unobservedall the residuals are plotted
through time, Figure 3. Because charities are dhiced to the ratings at different
times, the data must be aligned relative to thst fjrear rated, graphing the
coincident timing of publication. The x-axis derothen™ rating, where 9, by
definition, is the year before the charity’® ibclusion. The left trend line shows
that average residual variation increases overeguent observations as the
introduction of ratings approaches. However, thilipation of ratings appears to
cause an abrupt decrease in contributions. The-aigla slope then continues at
about the same increase as the pre-publicatiod.tiethe graph only includes 7-
9 years of pre-rating data, as symmetric with thst{pating data, the slope for

years prior to introduction of ratings is steeped ¢he downward jump larger.

% None of the reported percents are corrected fldtylinear/dummy-variable bias: exg'— 1.
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FIGURE 3: AVERAGE TREND OFRATINGS EFFECTS ONCONTRIBUTIONS, LN. BEFORE& AFTER

The full model estimates each of these aspectsngsbefore and after, at the
same time while holding the others constant. Tdhldelow, shows the full
results with specifications mirroring the previcaisalyses in Table 4; clustered
standard errors are reported. Column (1) S=wefor the entire time, calculated
for period prior to ratings; (2) includesbservedratings of stars and removes
Score while (3) has both star-rating astoregiving differences between stars
ratings for observed period, and slope of the oomtus score, for both before and
after publication of ratings through time. Againpaels (4) through (6) repeat the
previous models in the same order, but includectvariates. Table 5 also reports
the differences between star-ratings and relatifgiance for specifications (5)
and (6).

In all cases, estimated effects of ratings arerpnéted as weighted averages of
the effects ofobservedratings in all years of publication and this i€ thignal
value. These are the coefficients observedratings whenunobserveddata is
included in the model for reference. Contrary te #xpectation of information,
all ratings have a negative effect, but less sdhasratings improve from O-
through 4-stars. In specifications (2) and (5), sehenly dummies control for

ratings, having a published 4-star rating cannotdiferentiated from being
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unpublished. In model (6), inclusive of the contina Score having a published

4-star rating is 2.4% worse than being unpublished.

TABLE 5: ESTIMATED EFFECTS OFRATINGS ONCONTRIBUTIONS, LN. ALL YEARS.

(1) (2) (3) (4) (5) Star-diff (6) Star-diff
0-Star, obs -0.443 -0.305 -0.270 -0.236
(0.059)  (0.058) (0.046) 0.060  (0.046) - 0.050
1-Star, obs -0.409 -0.306 -0.211 | (0.046)  -0.186  (0.046)
(0.018)°  (0.018) (0.016) 0.052  (0.016) - 0.040
2-Star, obs -0.282 -0.229 -0.158 (0.013) -0.146  (0.014)
(0.014)  (0.013) (0.012) 0.064  (0.012) . 0.051
3-Star, obs -0.165 -0.164 -0.094 (0.009) -0.095  (0.009)
(0.012)°  (0.012) (0.010¥ 0.082  (0.010) . .07077
4-Star, obs -0.006 -0.050 -0.013  (0.010) -0.024  (0.010)
(0.014)  (0.014) (0.011) (0.011)
Score, obs 0.008 0.007 0.003 0.002
(0.000) (0.000)  (0.000) (0.000Y
In_fundraising 0.035 0.034 0.034
(0.003)  (0.003y (0.003Y
In_prog_exp 0.043 0.046 0.044
(0.003)  (0.003y (0.003Y
In_assets 0.363 0.361 0.358
(0.023)  (0.023y (0.023Y
In_liabilities 0.010 0.010 0.010
(0.003)  (0.003y (0.003Y
Observations 61604 61604 61604 61561 61561 61561
Charities 5468 5468 5468 5468 5468 5468
R-squared 0.19 0.18 0.20 0.36 0.37 0.37

Robust SEs in parenthesés:;, and” significant at 10%, 5%, and 1%, respectively.
Each model includes charity and annual fixed effect

As a falsification test of the theory that stare argnals — effective only when
published — | can include calculated, but unpulelisktars and determine if these
ratings determine contributions when unseen. Tkfsets, weighted averages of
the effects of unobserved ratings prior to publication, are statistically
insignificant, and are not reported. With scoretaahng for efficiency qualities
captured by the rating design, the unpublisheds sépparently do not capture

charity characteristics intrinsically know to dosdhat affect contributions.

Changes in ratings, rather than levels, are alstyaed by defining the absolute
change relative to the previous rating, such asosenifrom 3- to 4-stars. This
gives 25 indicator variables labeleatingaws WhereA is the previous rating and

B is the current® This approach has the added advantage of usirifiebahat

31 A—to-B combinations are rarer as the difference get®tasych as 1-to—4, and therefore not all
25 coefficients are statistically viable, as seeresults.

24



remain at the same ratings. To determine the &ffe€tobserving a change,
ratingas IS interacted wittObs Using the full specification from above, Table 6
gives the coefficients oratinga,s* Obs the percent changes in contributions due
to an observed change in stars from the previoas yelative to the pooled
unobserved data. The coefficients should increasard the right along rows or
down-right on a diagonal, and for the most partytde. Again, all significant
coefficients are negative, indicating a decreassimtributions due to publication
of ratings. If included, none of thaenobservedstar-changes in ratings are
significantly different than zero (model not rematt but acts as a falsification

test).

TABLE 6: ESTIMATED EFFECTS OFCHANGES INRATINGS ON CONTRIBUTIONS, LN.

n-1" \ n" 0-stars 1-stars 2-stars 3-stars 4-stars
0-stars -0.374 -0.126 -0.165 -0.241 -0.458
(0.087)" (0.094) (0.122) (0.183) (0.334)
1-stars -0.215 -0.175 -0.165 -0.055 -0.251
(0.050" (0.022)” (0.023§ (0.033) (0.154)
2-stars -0.143 -0.167 -0.136 -0.086 -0.094
(0.122) (0.023) (0.017)" (0.017y (0.029§
3-stars 0.118 -0.131 -0.119 -0.081 -0.035
(0.187) (0.034y (0.015§ (0.013)” (0.016)
4-stars -0.360 -0.043 -0.059 -0.050 0.021
(0.041 (0.121) (0.026) (0.014Y (0.013)

Observations: 54624, Charities: 5459, R-square 0.
Robust standard errors in parentheses; *, andgtiicant at 5%, and 1%, respectively
The model includes the covariates from specificatibove and Score (with a coefficient of
0.002"), charity and annual fixed effects. Unobservedqusrcompose the comparison groups.

The effect of having observed low scores (0- otalsy two years in a row is
quite costly, with a 17.5% to 37.4% decrease intrdmutions. Unfortunately,
even moving from a 3- to a 4-star rating reducedrdmutions relative to before
publication. One would expect that a star increaseld be better than a star
decrease, but the two seem the same.

Again using the preferred specification from abovahle 7 gives the coefficients
by category, the percent changes in contributiams td an observed star rating
from relative to the pooled unobserved data. Theegmaies are based on

classification codes from the tax forms, the NTHifles, and represent broad
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sectors. While each category has a general ainmitielawithin the sectors can
range over many types such advocacy or action grolipe results of estimation
show higher star-ratings are better. Yet even witlaitegory, most coefficients on
stars remain negative and significant, indicatirdparease in contributions due to
publication of ratings. However, a few are positirelicated in bold — religion

and health sectors gain increased contributionghiey observation of higher
ratings. Still, these categories along with edwratand human services are

hardest hit by O-star ratings.

TABLE 7: ESTIMATED EFFECTS OFRATINGS, BY CATEGORY ONCONTRIBUTIONS, LN.

Animals Art, Education  Envrnmt Health Human Internat’l Public Religion
Culture, Services Benefit
Humanities
0-Star, obs  -0.143 -0.163 -0.258 -0.279 -0.256 -0.327 -0.120 .180  -0.284
(0.123) (0.104) (0.123) (0.250)  (0.104) (0.097)°  (0.184) (0.117)  (0.112)
1-Star,obs  -0.224 -0.140 -0.173 -0.235 -0.150 -0.149 -0.249 170 -0.175
(0.063)  (0.043)  (0.050)  (0.058) (0.044)  (0.039)  (0.059)  (0.037) (0.042)
2-Star, obs  -0.190 -0.133 -0.150 -0.150 -0.105 -0.132 -0.199 132 -0.046
(0.054)°  (0.028)  (0.038)  (0.048) (0.034) (0.027y  (0.045)°  (0.028)  (0.032)
3-Star, obs  -0.128 -0.073 -0.123 -0.116 -0.033 -0.112 -0.095 -0.084  0.047
(0.042)  (0.027)  (0.030)  (0.040y  (0.028) (0.024)  (0.044)  (0.025) (0.028)
4-Star, obs  -0.064 -0.092 -0.054  -0.055 0.066 -0.035 0.026 -0.072  0.138
(0.043)  (0.034Y (0.033)  (0.038)  (0.030)  (0.024) (0.046)  (0.030) (0.043)”
Score, obs  -0.000 -0.000 0.003 -0.000 0.002 0.003 0.001 0.002 0.002
(0.001) (0.001) (0.00I) (0.001)  (0.001) (0.001)  (0.001)  (0.001) (0.001)
In_fund 0.044 0.028 0.033 0.029 0.047 0.035 0.040 0.027 170.0
(0.008)  (0.007)  (0.007)  (0.009) (0.010)  (0.005)  (0.010)  (0.006)  (0.005)
In_prog_exp  0.034 -0.002 0.036 0.029 0.043 0.073 0.064 0.040 0540.
(0.008)" (0.006) (0.010)  (0.008)° (0.008)  (0.008)  (0.010y  (0.008) (0.011)
In_assets 0.323 0.408 0.310 0.471 0.360 0.373 0.327 0.389 300.2
(0.123)°  (0.071y  (0.086)  (0.027) (0.061)  (0.021)  (0.041)  (0.046) (0.053)
In_liabilites ~ -0.010 0.005 0.023 0.019 0.023 0.005 0.014 0.011 0040.
(0.006) (0.010) (0.009) (0.008) (0.007)  (0.006)  (0.005)  (0.011)  (0.006)
Observations 4539 8072 6519 3745 6656 12858 5300 9877 3995
Charities 393 676 563 337 583 1150 514 893 359
R-squared 0.34 0.27 0.30 0.40 0.44 0.45 0.48 0.37 0.40

Robust SEs in parenthesés:;, and” significant at 10%, 5%, and 1%, respectively.
Each model includes charity and annual fixed effect

Preliminary work on size of charity indicates largeegative results for smaller
charities, but all results are consistent with dkerall findings. Results for only
the Staf coefficients are reported in Table 8, where sizélés are distinguished
using a charity’s average contributions over thir@time period. The first tertile
includes the smaller charities, second is mediurd,third is largest. The percent

changes for smallest charities are typically largegach star rating, except for O-
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stars. In the 4-star category, the small chariiesthe only one with a strongly

significant negative result.

TABLE 8: ESTIMATED EFFECTS OFRATINGS, BY SIZE ON CONTRIBUTIONS, LN.

Small Medium Large
0-Star, obs  -0.251 -0.308 -0.162

(0.070 0.040° (0.070y 0.11% (0.121)  -0.008
1-Star,obs -0.211 -0.195 -0.170

(0.026) 0.002 (0.028) 0.048°  (0.033) 0.058
2-Star, obs  -0.209 -0.147 -0.112

(0.023) 0.083° (0.019) 0.065  (0.026)  0.009
3-Star, obs  -0.126 -0.082 -0.103

(.019)° 0.076  (0.018) 0.053°  (0.024]  0.064
4-Star, obs  -0.050 -0.029 -0.039

(0.022) (0.021) (0.023Y

Robust SEs in parenthesés:, and significant at 10%, 5%, and 1%, respectively.
Each model includes all covariates, and charityamtlial fixed effects.

Finally, an additional empirical model use regressiiscontinuity, which simply

looks at those charities near the star-rating lpeisks. Analogous to grades in a
classroom where an 89% is a 'B' yet a 90% is agrchidrities with similar scores
but a one-star difference in ratings can haverdistbutcomes in contributions. In
this model, the differences between stars ratimgssaaller, and there is no
difference between 0- and 1-stars. However, thejtmn2-stars is 2%. Then the
step up to 3-stars is 4%, and an additional discony of 4% at 4-stars. These

findings are consistent with the average margiaéle/ results in Table 5.

6 Discussion

This research gives strong evidence that donosoresto these rankings. As
expected, higher stars give higher contributionetire to lower stars. However,
there are a few surprising results. First, contrdns do not appear as related to
the efficiency performance of the charity, measubgdscore, as much as the
signal of the star rating: when only the observemtadare analyzed the
organizations that rank highest in efficiency bprecreceive a smaller share of
donations in those periods. Second, when comparamgributions before and

after information is available, the ratings seenfrdcse the bar' of scrutiny — most
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charities will see donations decline, no matter stegs earned. Furthermore, the
research shows that the relationship between dmsatiand changes in
performance is identical if a group goes up one @talown one star, indicating
donors may update their prior expectations withrage ratings instead of looking

at only the most recent.

Accordingly, the overall donations to the ratedriles fall after being rated. We
might wonder where this money goes. One indicatiomes from the ability to
“donate now” at the CN website. The link redirecklsnors to an aggregate
payment site, calletletwork for Good This site allows donations using credit
cards and payment for multiple charities simultarsp However, there is an
implicit agreement with the respective charity thietr the donations are given;
Network for Goodreceives three percent of each donation. This cabunts
almost perfectly for the loss in 4-star charitieSherefore, CN could assist by
directing donors to the specific charity to giveéhex thanNetwork for Good
Additionally, aggregate donations (including undatdarities) do not seem to fall
during same time period. Donors maybe substitutiiogations to non-rated
charities from rated charities. As this paper depelfurther, the research will
consider contribution shifting between rated andated charities. For future
work, the time-series of aggregate US contributiwilisbe used to test the overall
economic impact of charity evaluation. These rasulemonstrate potential
unintended consequences of shifting donations basedfficiency rather than
effectiveness. The primary finding is that donovereevaluate charities, relative
to these ratings, and may not want to know.
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Appendix: Data Composition and Calculations

This section explains the collection, compositiand calculations of the data.
The core data are from the largest US charity etaty Charity Navigator (CN),
which creates ratings by synthesizing many findnaaiables directly from the
tax returns. These ratings are summarized intoake of O0- to 4-stars, a simple
index where higher ratings are better, which camsagdonors in making informed
contributions. | classify this baseline set of iahles into three categories,
explained further below: IRS 990 financial reportata, CN calculations, and
CN ratings. Each is explained in more detail in gketions that follow. The first
group indicates that charities report the data aliywon tax forms; these are
historical and longitudinal financials used to ¢eetie ratings. The second class
denotes intermediary performance criteria CN chedeetarget for the ratings,
including the seven metrics that funnel into thengs. And the final category

OMB No. 15450047

Fom 990 Return of Organization Exempt From Income Tax

Under section 501(c), 527, or 4947(a)(1) of the Internal Revenue Code (except black lung
benefit trust or private foundation)

Open to Public

Dapartment of tne Treasury

Interral Revenue Sanice » The organization may have to use a copy of this return to satisty state reporting requirements. hspacﬂnn

A For the 2008 calendar year, or tax year beginning ., 2008, and ending , 20

B Check f applicable: | Please C Nama of erganization D Employer identification number
J Address change ;;:rg?: Belng Msiita A

j Name changs Dt’;"xe.m Nurriber and streat (or P.O, bex if mail is mot deliverad to street address) Boom/suite E Telephone number

it return Bk l )

Specific i AF b ate ar eoye ane + 4
O Temmination It City or town, state or eountry, and ZIP

tions,
J Amended return -
] tpesication panding | F MName and aadress of principal officer:

G Gross receipts §
tatestl_Ives [INo

Hia) s this a greup red

Hib) Are al ed? [ves [Iho
| Tax-exemptstatus:  []501(g)( e (finserino) [ 4847@t)or [ 527 If “No,” at (see instructions)
J Website: » Hie) Group exemption number &

K Typsof arganlzat-m'E Corporation [ frust ] Assacation [ Other » | L Ysar of formation: M State of lega domicile:
Summary

1 Briefly describe the organization's mission or most significant activities:
é 2 (Check this box » [ if the organization discontinued its operations or disposed of more than 25% of its assets,
= | 3 Number of voting members of the governing body (Part VI, line1g). . . . . . . .8
_§ 4 MNumber of independent voting members of the governing body (Part VI, line 1b) . . . . 4
2| 5 Total number of employees (Part V, line2a). . . . . . . . . . . . . ., . . 9]
4| 6 Total number of volunteers (estimate if necessary) . . . . . . . . . . . . . . . ®

7a Total gross unrelated business revenue from Part VI, line 12, column {C). . . . . . . 7a

b Met unrelated business taxable income from Form 990-T, line34. . . . . . . . . . |7
Prior Year Current Year

o | 8 Contributions and grants (Part VIll, line th) . . . . . . . . . . . .|
HIE:) Program service revenue (Part Vil line2g) . . . . . . . . . . . .
E 10 Investment income (Part VIll, column [A), lines 3, 4, and 7d} . . . . . .

11 Other revenue (Part VIll, column (A), lines 5, 8d, 8¢, 9¢, 10c, and 11g)

12 Tntal reveninie—ardd lines B thrnonh 11 fmost armial Bart Vi eolomn (81 line 121

Figure Al: IRS Form
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describes the three ratings, split into efficienagd capacity scores, then

summarized by overall score.

USIRS 990 Form, Tax Data

These variables are fields from the tax form petuabove, digitized and named

accordingly.

charity name often has variations
from year to year (e.g. Fnd
versus Foundation)

ein: unigue US tax/employee
identification number

fye fiscal year end of the associated
financial data

total contributions public and
government grant support

program service revenusales from
goods or services

membership duesncome from club
membership, distinguished from
donations

other revenueincome other than
contributions, dues, and program
revenue

CN Calculations

total revenuerevenue from all
sources

program expensesosts of
programs/services

administrative expensesgperational
costs

fundraising expensesosts of raising
funds and capital

payments to affiliategransfers to
associated organizations

total expensedotal of the four
above costs

total assetsbalance sheet of
valuable cash and capital

total liabilities: balance sheet of
owed claims against organization

These variables, performance measures targeted\hyac@ calculated from the
above data. Charity Navigator provides descriptiofsall calculations as a
transparency policy. All calculations and scaleg aescribed in detail at
http://www.charitynavigator.org/index.cfm/bay/conteiew/catid/2/cpid/48.htm
(accessed September 15, 2009). The seven perfoenmaetics directly used in
ratings are marked: _efficieneyeasures are underlined, capaaityasures double
underlined

category CN designations of the
broad area of charitable activity,
related loosely to IRS NTEE-CC
classifications

orgid: CN identification number
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cause CN designations, sub-
classification of categories.

state US state location of charity,
does not indicate region of
impact

scope Region of impact;
local/regional, national,
international

publish datethe calendar date
information made available to
public

functional expensesum of
program, administrative, and
fundraising expenses

program expense ratigproportion of
programmatic costs to total
functional expenses

administrative expense ratio
proportion of administrative
costs to total functional expenses

fundraising expense ratigroportion
of fundraising costs to total

fundraising efficiencyratio of
fundraising costs to functional
expenses, interpreted as the
average cost to raise a dollar

primary revenue sum of three fields
from the 990 form (total
contributions, program service
revenue, and membership dues)

primary revenue growthaverage
annual change in primary

revenue over T years

program expenses growthverage
annual change in program

expenses over T years

working capital current net liquid
assets, sum of six assets fields
from the 990 form (cash, savings,
accounts receivable, pledges,
grant, investments) less three
liabilities fields (accounts
payable, grants payable, other)

working capital ratio estimates how
many years working capital can

functional expenses sustain the current total expenses

CN Scores and Ratings

The most prominent, advertised measure, and thasfo€ this analysis, is the
overall rating based on a 0- to 4-star scale. The rating ismglsi rescaling of
overall scorg(ranging from 0 to 70), which is derived by addieg-point metrics
from seven different aspects. (See schematic, &i@dr). As noted above, the
calculations group into ‘expense data’ and ‘treradad The four measures of
expenses are each converted to a ten point scdleadaled to determine the
efficiency scorg0 to 40 points). Charity Navigator then convdtie numeric
scores to a 0- to 4-star system, dficiency rating The three measures of ‘trend
data’ calculate growth and asset capacity of aamregtion; again, they are each
converted to a ten point scale and added to deterthiecapacity scorg0 to 30
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points) the numeric scores are converted to Os@es, theeapacity rating®? The
overall rating also O- to 4-star values, is simply a scalingiaen thresholds of

the overall score which is the sum of capacity and efficiency rgénranging

Trend data
Expense data —

— ~~_ fundraising efficiency / capital ratio= net
program expenses = fund costs revenue growth assets/total exps
programmatic /contributions = (rev_tfrev_t - 1)
costs/total func exps

fundraising expenses program exp growth
administrative . fund costs/total func = (prog_t/prog_t, - 1)
expenses admin  exps
costs/total func exps \_ —~ _/
N _/

efficiency rating capacity rating

=0 - 40, scaled to 0- =0 - 30, scaled to 0-

to 4-stars \ / to 4-stars

overall rating
= efficiency ratingt+ capacity rating
=0-70, scaled to 0O- to 4-stars

Log In | New User? Register now to access expanded features,

‘l}\_ CHARITY NAVIGATOR

Donats to

MY CHARITIES  TOP TEN LISTS HOT TOPRICS Charity Navigator
HOME METHODOLOGY TIPS STUDIES ARTICLES PRODUCTS ABOUT US LINK TO US CONTACT US
enter charity name ar keywords here [] Name Only .n--v'fu]“ | Advanced | A-Z Directory | 4-Star Charities | World Map

' A Access to capital is just one way we give P .
& entrepreneurs the Upper Hand. M!CHl(JAN

‘ij‘ - C!icﬁkvon MichiganAdvantage.org and find out how. . UPPER HAND
r AOLL OVER ND

Charity Rating F Intemational : Humaniarian Relef Suppiies

Direct Relief International i i 7
et e Direct Relief Intemnational

Santa Barbara, CA %3117 . 4 o

tel: (BOS) 964-4767 Healthy pecple. Better world. Since 1948,

fax: (B05) 681-4838

EIN: 85-1831118 Current Rating Historical Data Comments (2} News

Email
Site Rating Charts

Page Tools Expenses Breakdown
Overall Rating %k X %X
: I (62.39)
Organizational Efficiency
T g Program Expenses 98.9%
i Administrative Expenses 0.7%
Fundraising Expenses 0.3%
Fundralsing Efficiency $0.00
£ SHARE of 0y Efficiency Rating e %k &
FAs (39.89)
Organlizational Capacity
How do you evaluate charities?

Primary Revenue Growth 17.0%

Figure A2: Website screen capture of a charity, Direct Relie
International; their most receoverall ratinc is 4-stars.

%2 Co-linearity of expenses and capacity may occdrsiould be addressed.
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from O to 70 raw score. The threshold ranges dtrarily assigned and constant
through the study period: StarO = 0-24.9, Star’s=32.9, Star2 = 40-49.9, Star3
= 50-59.9, Star4 = 60-70.

Additional Data

To create ratings prior to the initiation of ChariNavigator, further historical data
are necessary. No single alternative source pre\bdéh the ideal time length and
the needed breadth of variables. Digital filing lwedy recently been available,
making paper filing the source of data and creatingeed to digitize after the
fact. The National Center for Charitable Statis{i€CS), a project of the Urban
Institute partially digitizes the annual 990 formbsitted by each charity into
Core Files — meaning not all variables from thetem form are available in these
data sets. Particularly, while decades of data aeffered for purchase,
unfortunately, not all the necessary componentshi®@ICN ratings are included in
this source. The pertinent variables available frimtea NCCS Core Files are
charity name ein, fye, total contributions program service revenuenembership
dues other revenugtotal revenug fundraising expensggotal expensestotal
assets andtotal liabilities. To complete the calculations, three further espen
variables are needegrpgram expensesadministrative expensepayments to
affiliates), as well as many variables for determining wogkicapital ¢ash,
savings, accounts receivable, pledges, grant, tnwests, accounts payable,
grants payable, other liabilitigs These NCCS Core Files are designated by the
year the organization filed and currently run tlgiol2007. This research uses
available files since 1993.

In an attempt to supplement the NCCS Core Filassemble data from two other
sources. Guidestar.org is a nonprofit web-servitat tgathers and provides
information about charities to donors and reseasch&cademic access allows
viewing of digital copies of 990 forms and additbndigitized variables.

Combined with the Core Files, these variables ohelall data for creating CN

metrics, but the Guidestar data for each charést # 1997 or later.
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| also append IRS Statistics of Income files, aldé from 1992, a subset in
returns produced by the department to analyze eltnod the tax system. These
data have all the variables necessary for ratingutzions, filling in historical

variables missing from the other sets, but are lsraadom samples from each
year of the complete population of filed charityur@s. The missing data problem
is improved, yet remains. Most CN charities areindhe file in any given year.

This sampling leaves regression results unbiasad, dffects regression

efficiency.

Unpublished Ratings and I nter polating missing data

The pivotal estimation compares ‘would-have-beenstdnical ratings to
published ratings. Creating historical unpublishatings follows CN ratings
calculations exactly when all the essential vagaldre available. As a validation
of correct calculations, | first attempt to reptedahe known ratings, which | can
do with R of 0.999 and MSE of 1.2. The supplementary taya qabvide a
historical trend of unpublished ratings for mostities. However, there are
many observations for which most of the historatatia are available but not each
of the metrics necessary for the calculation. Bseaa longer time trend will
better comparison of unpublished verses publisagdgs (and will help alleviate
unobserved variable bias), it may be useful torpukate the missing values. |
then calculate further unpublished ratings fromséhenterpolated variables.

Results excluding these interpolated ratings aadlave upon request.

Figure A3 compares the distribution for all chastiof unpublished, calculated
overall-scores including the interpolated scoreft ¢panel) for the historical data
to the published overall-scores (right panel). Tm#ributions are very similar,

lending credibility to both method of calculationdainterpolation. The means and
medians are nearly identical, while the spreadhefdalculated score is slightly
larger. The two distributions need not be the sheause the underlying data

represent two distinct time periods, pre-CN and@néCN periods.
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HISTOGRAMS COMPARINGSCORES
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Figure A3

Despite missing data, interpolations are reasonédnlemany reasons. When
variables are missing from various sources, theytysically the fields related to
working capital and the components axpenses Secondly, | can assume
‘missing’ occurs at random, due to same valueshsiabg digitized for many
charities in the source dataset while other conteameous variables are
digitized. This allows unbiased interpolation. Twaive interpolations fill in
values for a charity using simple within-averages #ime-moving averages of
available data. While both these approaches retheerariation by restricting
predictions to the known value range, the latteroaamodates a time trend. A
more sophisticated approach models and predictggusigressions of related,
contemporaneous variables. | created an indicdtdhe fraction of the rating
components out of the twelve interpolated variabtasging from 0 to 1. The

median interpolation weight is 0.08 and the aveiage18>*

The interpolations leave coefficients unbiaseddaut create inconsistent standard

errors. If interpolation is created from variatiithin each group, | can use fixed

33 Double check these values.
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effect GLS on the charity panels to create an gppate variance structure. If the
entire dataset is used to construct missing ddtdlow Shao and Sitter (1996) to
correct the standard errors: bootstrap on charitiepute data and run the
regression of interest within the bootstrap, us® 28petitions, and output

corrected standard errors.

Merging theratingsto the affected fiscal year

Published ratings are merged to tax records bygusia employer identification
number, which uniquely identifies each organizatiamd then aligning the
publish date with the fiscal year affected for eatlarity. Figure A3 gives an
example for one organization, demonstrating théihga are calculations from
past financial records (the year in parentheses)affiect contributions during the
publication period, which can vary in length. Thiggnment must be reconciled

for appropriate results.

Rating(2001) Rating(2002) Rating(2003) Rating(2004) Rating(2005
Year 2003 Fiscal Year 2004 Fiscal Year 2005 Fiscal Year 2006 Fiscal Y
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
[ 2003 I 2004 I 5 I :
CALENDAR YEARS -
Figure A3

Changesin fiscal year

Unlike individuals who have an April 15tax deadline, each charity can choose
the end of its fiscal year (FYE). For the majoritiyorganizations in the data set
the FYE does not change — the accounting period endsame date each year.
However, 802 charities (14.6%) do change at leasé @aluring the 16 year study
period. If management changes the FYE, the chariigt file a short-year return
for the interim months. These changes are explicithe data set shown as
changes in the month filed, unfortunately, the slyear data are unavailable for
many years, creating difficulty for assessmentudrig misspecification of the
fixed effect. The changes are not made in anti@padr response to ratings, but

rather due to changes in management; thereforeep khe data when it remains

36



unchanged. When the change occurs within the Chbgheanalysis includes the
charity’s data prior to the change. When the chaageirs prior to CN existence,
analysis includes the charity’s data after the geamogether, adjusting causes
loss of 5.2% of the observations. If these 802 itkarare dropped altogether,
15.5% of the data is lost. Dropping data with fisggar changes should not bias

the results.
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