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Abstract

We build on previous work in the charitable giving literature by
examining not only how much subjects give to charity, but also which
charities subjects prefer. We operationalize this choice in an arte-
factual field experiment with a representative sample of respondents.
We then use these data to structurally model motives for giving. The
novelty of this design allows us to ask several interesting questions re-
garding the choices one undertakes when deciding both whether and
how much to give to charity. Further, we ask these questions in the
context of a standard utility framework. Given the unique set up of
this experiment, we also explore how these distributional preference
parameters differ by charity choice and from what we have observed
in the past. We find that there is more variation within demographics
and charity types than across distributions.

*Special thanks to Susan Laury, Charles Courtemanche, the RAND American Life
Panel, the John Templeton Foundation and the Science of Philanthropy Initiative
fCorresponding Author: dlee55Qrice.edu



I Introduction

In 1772, Alexander Hamilton famously arrived in New York City from
St. Croix as the result of charitable donations from the local populace. Over
200 years later, benevolent giving to charity now hovers at slightly above 2%
of US GDP and approximately 76% of Americans contribute to at least one
charitable organization each month (World Giving Index, 2013). However, we
still know very little about the decision to donate to charity, the motivations
behind it, and in particular, the mechanism behind one’s charitable choice.

In this paper we examine this mechanism by means of an economic exper-
iment. Charitable giving in many lab and field experiments (artefactual or
otherwise), has previously been modeled as a 2-dimensional dictator game.
That is, a game played between oneself and a charity. However, to the best of
our knowledge, no one has yet examined the mechanism behind one’s choice
of said charity or operationalized it these experimental environments. In
these giving experiments the charities to which a subject can donate tend to
be either anonymous, presented without a choice, or only selected through
what we call the restricted choice method (such as from an ad-hoc list of ten
charities). Accordingly, in this paper we run an experiment where the unsure
components are not only how much the subjects chose to give, but also to
which charities they chose to give. In this way, our experiment examines this
choice mechanism, and uses it to disentangle motives behind giving.

These charitable and philanthropic motives were first discussed by Becker
(1974). In this essay he outlines the following three rationales: improvement
of the general well being, receiving social acclaim, and avoidance of scorn.
In the years hence, we have come to think of these motives as desires for
efficiency, warm glow, and social pressures, respectively.

Whereas the formalization of social pressures remains relatively novel
(DellaVigna et al. 2012; Lazear et al. 2012), the concepts of efficiency and
warm glow, sometimes thought of a pure and impure altruism, have long been
discussed. In an effort to improve model predictions and comment on the
nature of individual donations, Andreoni (1989) introduces impure altruism,
and then (1990) formalizes a theory of warm-glow giving, where a person
exhibiting warm glow can have both altruistic and egoistic motives for giving.
Later papers have suggested alternate reasons for this warm-glow, such as
signaling benefits of giving to others (Bénabou and Tirole 2006, Ellingsen
and Johannesson 2008).

Taken in the context of our model, we can think of pure altruism (as



opposed to warm-glow) as dependent on the relative price of giving. One
notable implication of here, is that pure altruism is only concerned with the
amount of public good ultimately provided. As such, giving can be fully
crowded out by what other individuals, firms, or governments provide. In
a broad overview of the subject, Vesterlund (2006) further discusses these
motives for giving, citing observational and experimental evidence in the
context of a classical demand setting.

Distinguishing between these motives are important to both further our
economic understanding of giving and, subsequently, inform optimal policies.
Given these pro forma descriptions, economic experiments have previously
tried to disentangle motives for giving by focusing on design and design
choice. In particular, experiments have tended to use either linear public
goods games (e.g. Andreoni 1993; Goeree et al. 2002) or dictator games,
similar to the modified one we use in this paper!.

In the first paper to introduce real charities as a dictator recipient, Eckel
and Grossman (1996) vary receipts between anonymous subjects and the
American Red Cross. They find that subjects are more willing to donate
to charity and conclude (some form of) altruism is a motivating factor. To
disentangle altruistic motives, Crumpler and Grossman (2008) extend this
design, with the stipulation that the experimenter will fully crowd out any
amount donated to charity. As such, any subject still opting to donate is
taken as an incidence of warm glow.

As aresponse to Crumpler and Grossman, Tonin and Vlassopoulos (2014)
use multiple to decisions to identify warm glow, noting that otherwise the
observed effect could in fact be purely altruistic feelings towards the exper-
imenter. In doing so, they are able to place bounds on the magnitudes of
various motives for giving. However, these quantities are not parameter es-
timates, and the authors note that their results may not generalize to other
settings.

As such, we design our experiment to create a richness of data and subject
pool. This allows us to impose a standard utility (CES) framework and
estimate a structural model, to fully quantify (rather than rule out) motives
for giving.

Though this emphasis on structure is relatively novel in the literature its
importance has been clearly stated. Recent papers (e.g. Huck et al. 2015)
have used this methodology to focus on the fund raising side of philanthropy.

IFor this reason I will focus on dictator games in this brief review.



However, DellaVigna et al. (2012) stress the importance of these approaches
to estimate individual motives for giving. We extend this line of research to
examine these motives inframarginally.

Further, Vesterlund (2006) cautions against interpreting aggregate elas-
ticities when not all contributors experience the same changes in marginal
tax rate. Rather, to better inform tax policy, individual elasticity estimates
should be used. Chay et al. (2005) voice a similar concern that individual
elasticities are necessary for unbiased welfare estimates in the market for
clean air.

Taking these concerns into account, we set up our experiment such that
the data act as a lens to examine charitable choices, i.e. the choices one
undertakes when deciding where to give, whether to give, and how much to
give to charity. Previous dictator designs have tended to not vary the price of
giving, or subject income in the experiment. The novelty of our design, as well
as the richness of our data and that fact that we observe it at the individual-
level, allows us to impose a structure (discussed further below) that we use to
recover the deep parameters of these preferences for giving. In this note we
examine rationality of these choices and decompose our parameter estimates
across demographics and the types of selected charities.

We also take seriously the advice of DellaVigna et al. (2013) who note
the inherent difficulties of predicting which causes individuals will give to.
We ask experimental subjects to choose their most preferred charity from a
much richer set of organizations. In doing so we are also able to gather data
that inform us of charity preference. Though non-causal, we correlate these
data with subject demographics and estimated parameters. We ask if there
are interesting co-movements between distributional preferences and various
these chosen charities. If so, do these preference parameters for charitable
giving differ from what we have observed in the past with person-to-person
gifts? Finally, we ask if we can exploit this information and the in-subject
heterogeneity to increase charitable giving in the naturally-occurring world.

As such, our paper speaks to the literature in both public and behavioral
economics. Our contribution to these literatures is our development and
estimation of the structural model in the context of a richer set of both
givers and recipient organizations. In so doing, we estimate and comment on
full parameter distributions, rather than simple sample averages.

This paper proceeds as follows: Section 2 presents our contextual frame-
work, experimental design, and data. Section 3 discusses the consistency of
choices and our structural estimates. Section 4 looks at the mechanism of



charitable choice and selected charity. A final section concludes.

II Experimental Design

II.1 The ALP

For the purposes of structurally measuring distributional preferences in
our experiment, we required a large and diverse sample of subjects that dif-
fers from the standard undergraduate population. In this sense, we classify
our work as an artefactual field experiment to use the terminology of Har-
rison and List (2004). Accordingly, we chose to embed our software in the
RAND Corporation’s American Life Panel (ALP henceforth), and conduct
and incentivized experiment. The ALP is a 6,000 member, U.S.-based, In-
ternet panel. Its unique interface allows researchers to conduct sophisticated
experiments matched with individually rich demographic data. Panelists
are recruited through a number of different ways, including randomized re-
cruitment, providing us with a representative sample, as well as HRS-style
demographic dataZ.

The composition of our subject pool is described in table 1, which has
demographic information on those who completed the experiment, those who
started but did not finish, as well as comparative US population data from
the American Community Survey?.

Subjects in our experiment hail from every state except Alaska. They
range in age from 22 to 92. Our sample is 55% female and slightly less than
80% white. 45% of our subjects hold a college degree and the employment
figures are roughly similar to the US population as a whole.

I1.2 Charity Navigator

While there is vast anecdotal evidence that charitable givers prefer to give
locally, empirical evidence on the subject remains mixed. Furthermore, local
(as well as national) causes can be highly idiosyncratic in nature. As such,
we required a large and diverse set of charities in addition to the diversity of
our subject pool.

2For more information on the ALP, please visit: https://mmicdata.rand.org/alp/.
3For the purposes of GARP and CES analysis, we consider a “complete” experiment
as completing 45 or more dictator allocations.



Table 1: Subject Demographic Averages

Variable Completed Started US Adults
Female 0.55 0.566 0.58
Age (Median) 57 57 37.4
18-44 0.229 0.217 0.599
65+ 0.269 0.29 0.137
Caucasian 0.799 0.783 0.763
African American 0.1 0.11 0.137
Native American 0.012 0.016 0.017
Asian or Pacific Islander 0.022 0.022 0.063
Hispanic or Latino 0.169 0.165 0.169
HS Diploma 0.955 0.955 0.862
College 0.448 0.446 0.267
Employed 0.553 0.54 0.577
Unemployed 0.059 0.051 0.058
Not in the Labor Force 0.389 0.409 0.361

Note: US Population Data come from the American Community Survey

http://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml

To develop this set we turned to the website Charity Navigator, an agency
used to rate charitable organizations*. Founded in 2001, Charity Navigator
rates over 7000 charities and is the largest and most used rating agency in the
United States. Using information from IRS form 990 returns, Charity Nav-
igator assigns each charity a star rating on the bases of efficiency (financial
health), and accountability (transparency)®. Empirical evidence suggests a
positive impact of these star ratings on charitable behavior (Gordon et al.
2009; Brown et al. 2014).

The Charity Navigator website is organized as follows. Each rated charity
is placed into one of nine categories, and each category has as associated list
of (between 2 and 6) unique causes. For instance, “Patient and Family
Support” is a cause in the “Health” category. At the time of this writing,
the top rated charity in that cause is Camp John Marc.

For the purposes of this experiment, we scraped the Charity Navigator

4http:/ /www.charitynavigator.com.
SFor a more detailed yet concise description of this star rating methodology, please
refer to Table I in Gordon et al. (2009).



website for the top 10 ranked charities within each cause, providing us with
a list of 340 charities in total. The complete list (with associated categories
and causes) can be found in appendix A.

I1.3 Experimental Procedures

As such, subjects in this experiment were first obliged to select their
preferred charity from this list (that is, the charity to which they wish to do-
nate). Immediately after, each subject makes a series of allocation decisions
reflective of a charitable contribution. These decisions each consist of a mod-
ified dictator game played between the subject and his or her chosen charity.
In the standard dictator game, an active player (the dictator) is given an
endowment of wealth, w, and divides it between herself and a passive player
such that total payoffs are given by m;+ 7, = w. This stipulation necessarily
restricts the slope of the budget line to —1.

We differ from this standard dictator framework in two crucial ways.
Firstly, the passive player is a charity of the dictator’s own choosing. Sec-
ondly, we follow the generalization of the dictator game developed by An-
dreoni and Miller (2002). Budget sets are still linear in this game form, but
the price of giving (donating) varies such that total payoffs are now repre-
sented as x; + py,g9 = w where z; is the payoff to oneself and p, is the relative
price of donating to charity. The purpose of this variation is twofold. First,
we answer the seminal question: can this giving be consistent with individ-
ually rational behavior? That is, are patterns of giving are consistent with
the axioms of revealed preference? Secondly, the price and income variation
over several decisions allows use to trace out each subject’s preferences for
giving.

When subjects first log onto the experimental interface, they are given a
instructions and a broad overview of the experiment. We explain to them that
they will be selecting a charity of their choice and then given opportunities
to allocate between themselves and that charity. To select a charity, subjects
are taken through a set of expandable and collapsible tables adapted from the
charity navigator website. The tables consist of populated lists. A subject
is first instructed to pick a category. Each choice of category feeds into its
associated list of causes. The selection of a given cause expands the list to
the top 10 highest rated charities (as determined by the Charity Navigator
website) for that particular cause. From there the subject is instructed to
pick his or her preferred charity. If the subject so desires, or if no charity is



Figure 1: Average Fraction Donated
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to his or her liking, a charity write-in option is provided.

After selecting a charity, each session consists of 50 independent dictator
problems. The number number of choices allows us to generate the rich data
needed for individual level statistical inference®. In each round, the subject
is asked to allocate tokens between two accounts: the personal account of the
participant (henceforth self), and the account of the chosen charity (hence-
forth charity). Each decision problem starts by having the computer select a
budget line randomly from the set of lines that intersect at least one axis at
or above the 50 token level and intersect both axes at or below the 100 token
levels. The budget lines selected for each subject in his decision problems are
independent of each other and of the budget lines selected for other subjects
in their decision problems.

6This number reflects the Bronars calibration in Choi et al. 2007 who show that the
distribution of consistency values is skewed to the left as the number of budget sets in-
creases.



Next, the subject chooses an allocation along the budget line. To choose
an allocation, subjects use the mouse or the arrows on the keyboard to move
the pointer on the computer screen to the desired allocation. This point-
and-click design is adapted from Fisman et al. (2007). The benefits to using
this software are manifold. Among them, the ability to represent consumer
choice problems graphically is simple and easy for subjects to understand,
and the choice environment allows for the generalization of individual pref-
erences. Additionally, the design can be easily adapted to many other kinds
of individual choice problems. A subjects view of the computer program
dialog window is shown in the attached experimental instructions located in
appendix B.

The payoff for each decision round is determined by the number of tokens
each account (self and charity). At the end of the experiment, the computer
randomly selects one decision round for payment for each participant. The
subject is then paid the amount earned in that round using to the conversion
rate 2 tokens = 1 dollar.

The average subject passed 54% of her tokens. Figure 1 shows this dis-
tribution of percent of tokens donated to charity at the subject level.

III Results

Broadly speaking, motives for giving tend to reflect either the efficiency
or “warm-glow” concerns discussed above. We can think of the parameters
for these concerns as boiling down to whether or not the act of giving itself
is independent of the price of giving. Accordingly, in this section we examine
the parameters within this analytical framework.

III.1 Rationality

However, before we can examine these equity /efficiency tradeoffs, we must
first confirm that the data generated by each experimental subject are gov-
erned by the principles of utility maximization. Given that each subject has
preferences over herself, z; and the charity, g, we want to know whether
observed choices can be expressed via a utility function U; = w;(z;, g), and
subsequently, maximize said function. That is, are the data consistent with
the Generalized Aziom of Revealed Preference or GARP. The practice of



seeing if the data satisfy GARP follows Varian (1982).

Figure 2: Distribution of Aftriat’s CCEI
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In order to see if, how, and to what extent the data comply with GARP
we use Afriat’s (1972) Critical Cost Efficiency Index (CCEI) as follows:

Define a generalization of the revealed preference relation R (e!)
such that x'RP(e!)x iff e'plat > plz, that is, o would not be
affordable at a fraction e’ of the income available when the person
chose x'. Define R(e!) as the transitive closure of R”(e!). Then
define GARP(e') as “if 2'R(e")z*, then e'p*z® < p*z'.” Then the
CCEI is the highest value of €' such that there are no violations
of GARP(e). (Andreoni and Miller 2002)

In short, the CCEI measures the extent to which budget constraints need
to be relaxed in order for violations to no longer violate. By construct, it is

"Note that we restrict our analysis to Walrasian budget sets and therefore implicitly
treat preferences as well-behaved.



bounded between 0 and 1, with scores closer to 1 being closer to satisfying
GARP. That is, scores closer to 1 are “more rational”. Among those who
completed the experiment, the distribution of CCEI scores are illustrated as
a histogram in figure 2.

In our data subjects exhibit significant rationality. Over 75% of the data
have a CCEI score greater than 0.8. The mean CCEI score is 0.883, and the
modal score in the histogram’s highest bin®.

Given this consistent behavior on the part of our panel it is appropriate to
think of charitable giving as a standard utility maximizing activity. Further,
we have generated enough data to estimate these standard parameters at
the individual level. As such, we now test the structural properties of each
subject’s individual utility function.

I11.2 Structural Model

Similar past experiments (e.g. Fisman et al.; 2015) have shown that
subjects exhibit remarkable heterogeneity. Given these demonstrations and
our observed pattern of CCEI scores sufficiently close to 1, we hereby treat
the data as generated by a well-behaved utility function, ug.

Further, to maintain consistency with the previous literature, we assume
ug is both separable and homothetic. These two assumptions taken in con-
cert with the restriction imposed by our design that choices must be budget
balanced imply that ug is of the family of CES utility functions (equation
1). In fact, we estimate these CES utility functions using non-linear tobit
MLE (discussed in turn below), and find that this subject heterogeneity is
more pronounced within demographics and charity types, rather than across
them. )

uq = |amg + (1 —a)rf]? (1)

This utility function only has 2 components. Since people are behaving
consistently (maximizing) we choose to keep the model parsimonious and
do not include additional parameters. However, given that some subjects
are inconsistent, future research would perhaps benefit from imposition of
additional parameters or more flexible functional forms.

Within the context of a CES framework, these two parameters of interest
are p and a. Previously, these parameters have been interpreted in terms
of person-to-person giving (see e.g., Fisman et al., 2007). However, they

8i.e., the bin closest to (and inclusive of) 1.
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are also immensely important in terms of charitable giving, and can easily
generalize to other settings as well.

The parameter p represents the curvature of each individual’s indifference
curves, and thereby her sensitivity to price’. Further, o represents the rela-
tive weight one puts on self as opposed charity. As such, we interpret o as
the warm-glow parameter.

For any p, when a = % the subject equally weights the payoff to herself
and her selected charity. Meanwhile, when p > 0 charitable preferences are
weighted towards efficiency—increasing total payoffs or the “size of the pie”.
When p < 0 preferences are weighted towards equity—reducing differences in
payoffs or the “slices of the pie”!%. For these reasons, we extend previous
interpretations of p and tie it in closely with the concepts of “pure” altruism
in previous giving literatures and “efficiency” in the public goods literature.

Figure 3: Distribution of Estimated Rho (p)
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9Tt follows that ﬁ = o is the (constant) elasticity of substitution.
10j e. the elasticity of substitution is < —1.
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Figure 4: Estimated Median Rho (p) Values by Subgroup
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Dots indicate median values, circles indicate 25'% and 75*P percentiles, bars indicate 95% confidence
intervals for medians

II1.2.1 Rho (p)

The mean estimated p is -2.70 and the median is -0.259. However, the
distribution of estimated rho parameters (depicted in figure 3) is perhaps
more informative. The distribution is noteworthy in that is highly skewed
left with a large spike at p =~ —20. Most subjects either have a 612 subjects
(58%) have a p < 0, while 441 (42%) have p > 0. In figure 4 we decompose
the p distributions with socio-demographic data collected by the ALP. While
the medians differ by subgroup, overall, the distributions appear similar.

We examine this further with pairwise distributional (Kolmogorov-Smirnov)
tests in table 2. In these tests, the comparison group is all subjects not in the
specified subgroup. For instance, the comparison group for men is women,
for a college degree it is everyone with less than a college degree. P-values
for the p distributions are shown in the 3'¥ column of the table. While some
subgroups (7 out of 22) exhibit statistical difference in their distributions,

12



this is likely an artifact of multiple hypothesis testing. Further, there are
fewer differences in distribution, then there are differences in means.

I11.2.2 Alpha («)

Similar to p we interpret « in a slightly different fashion than previous
work. Whereas similar person-to-person giving functions have interpreted «
as fair-mindedness, in our context (charitable giving and contribution to a
public good) we find “warm-glow” to be a more appropriate interpretation.

The distribution of estimated alpha parameters is depicted in figure 5.

Figure 5: Distribution of Estimated Alpha («)

Again, the full distribution appears to be more informative than the sum-
mary stats. The mean estimated « is 0.46, and the median is 0.49, both of
which are in line with Fisman et al.’s (2007) interpretative definition of “fair-
mindedness”. However. Interestingly however, the distribution appears to
be tri-modal with large spikes at 0, 0.5, and 1. Overall, 366 subjects (34.7%)

13



have an a between 0.45 and 0.55, while just 75 (7%) have o > 0.95. Again,
we decompose the a distributions with socio-demographic data In figure 6.
The results are striking in that the means are very close to 0.5 with tight
confidence bounds.

Figure 6: Estimated Mean Alpha (a) by Subgroup
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P-values for the distributional tests on « are shown in table 2, column 5.
The tests were calculated the same way as above. As above, there are fewer
differences in distribution, then there are differences in means. Further, 10
out of the 22 subgroups exhibit statistical significance, although again, no
corrections were made for multiple testing.

IV Charity Selection

Since Eckel and Grossman (1996), standard experimental practice has
been to give to actual charities. However, within these experiments there
is often not enough data to comment on charity preference. Several studies
offer no choice at all (e.g. Davis et al. 2005) Furthermore, in studies that
offer no choice, several conceal the charitable organization. Harrison and

14



Table 2: Pairwise Kolmogorov-Smirnov Tests by Subgroup

Rho (p) Alpha («)
Variable D P-Value D P-Value
Male 0.0399 0.778 0.986 0.013**
Less than HS 0.2307 0.014** 0.1833 0.086
HS Diploma 0.0669 0.604 0.1515 0.006***
Some College 0.0566 0.538 0.0549 0.577
College 0.0849 0.112 0.0607 0.448
Age<=37 0.2504  0.00%** -0.1753  0.001***
Age 38-50 0.0945 0.092 0.0854 0.161
Age 51-60 0.048 0.701 0.0343 0.957
White (Non-Hispanic) 0.0823 0.091 0.2195 0.00***
African American 0.0923 0.366 0.1308 0.069
Hispanic/Latino 0.1144  0.037** 0.2161 0.00%**
Lower Income 0.0699 0.239 0.1073 0.014**
Middle Income 0.0953  0.019** 0.0963 0.017%*
Upper Income 0.1439  0.00%*** 0.1344 0.00%*#*
Employed 0.0646 0.228 0.0691 0.167
Unemployed 0.1317 0.241 0.1042 0.516
Retired 0.1039  0.018%* 0.0749 0.182
Disabled 0.0915 0.322 0.1565 0.01°%**
Homemaker 0.1245 0.183 0.0864 0.606
Never Married 0.1082 0.067 0.1367  0.009%**
Married 0.0836 0.056 0.0783 0.086
Separated, etc. 0.1148  0.009*** 0.0606 0.428

Note: Comparison group is all subjects not in the specified subgroup, *** p<0.01, ** p<0.05
g J

Johnson did not identify their charity (the ACLU of South Carolina) in
their experiment, but afforded subjects the opportunity to examine the check
written. Similarly, Buchheit and Parsons (2006) disguise the name of the
charitable organization. Furthermore, in papers with choices, the choice at
hand is necessarily reflective of the actual choice one makes in charitable
giving. For instance, donors inMcDowell et al. (2013) are only given a choice
of two charities. In what has become something of a standard, Eckel and
Grossman (2003) provide a list of ten charities to choose from. They note
that:

15



The charities were selected to reflect as broad a range of ser-
vices and client groups as possible. The sample included interna-
tional charities (African Christian Relief, Doctors Without Bor-
ders USA, and Feed The Children); national charities (I Have A
Dream Foundation); and local organizations (Women’s Haven of
Tarrant County and American Red Cross, Tarrant County Chap-
ter). The charities covered health (AIDS Outreach Center and
Cancer Care Services); environmental (Earth Share Texas); and
social service charities (YMCA of Arlington). Charities were
selected from the Texas State Employee Charitable Campaign
booklet for 1997, which was provided to state employees during
the workplace charity campaign. All charities included in the
booklet meet state tax eligibility standards. A brief description
of each charity was given to the subjects, taken verbatim from
the Texas State Employee Charitable Campaign booklet.

(Eckel and Grossman 2003)

Italics are my own. Other charitable giving papers following this proce-
dure include Grossman et al. (2012), Tonin and Vlassopoulos (2013), and
Harrison and Phillips (2013).

We account for these previous restrictions of choice by allowing subjects to
not only select from a markedly broader list of charities, but also by allowing
them the option to switch their charitable choice once they know the rules
of the game.

Table 3: Selected Categories and Causes

Category N Top Cause N
Animals 328 Rights,Welfare, & Services 272
Arts, Culture, & Humanities 42 Performing Arts 19
Education 131 Other Programs & Services 101
Environment 65 Protection & Conservation 59
Health 298 Medical Research 109
Human Services 307 Food Banks & Distribution 97
International 31 Development & Relief Services 13
Public Benefit 26 Advocacy & Civil Rights 12
Religion 93 Media & Broadcasting 29

Given our diverse subject pool, it follows that subjects have a wide range

16



of charitable concerns. Table 3 gives information on the distribution of se-
lected types and the most popular cause within each type. The three most
popular charitable categories are, respectively, Animals, Human Services,
and Health. Three divisions which by conventional wisdom, rely on very
different donor types!!

Figure 7: Word Cloud of Selected Charities
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Of course, the universe of selected charities within these categories presents
even finer, and more diverse bins. As a means of description, figure 7 dis-
plays a word cloud comprised of the names of every selected charity in our
dataset. Clearly the most prominent words are related to our top categories
(e.g. Rescue, Research and Cancer), but an interesting observation is also
the high number of geographic indicators in the cloud (e.g. Southeastern,
Greenville, Downtown).

11 We have more data on charitable selection than structural estimates as most subjects
classified as not completing the experiment still selected a charity (N=1321).
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IV.1 Rationality Across Type

Above, we noted that subjects exhibit rational, utility maximizing be-
havior. We build on this analysis further by asking the follow-up question:
does this rationality differ across charity type? By way of example, we ask
is a subject who prefers to donate to charities supporting education more
consistent in those charitable choices (as indicated by CCEI score) than one
who donates to religious causes? In this way, we follow the framework of
Choi et al. (2014).

Figure 8: Distributions of CCEI Scores
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Figure 8 illustrates the distributions of these scores across all charitable
categories. First we note that every type of charity has a mean CCEI greater
than 0.84. Further, while that leaves the door open for some slight variation
in means, the distributions of rationality are all very similar.

We continue to explore this observation using OLS in table 4, where
only one category (Arts, Culture & Humanities) exhibits significantly more
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Table 4: Correlation between CCEI and Selected Category (OLS)

Category Coefficient
Arts, Culture & Humanities — 0.0414***
(0.0140)
Education -0.0291*
(0.0150)
Environment 0.00620
(0.0179)
Health 0.00225
(0.0108)
Human Services -0.00445
(0.0109)
International 0.0264
(0.0260)
Public Benefit 0.00210
(0.0297)
Religion -0.00179
(0.0207)
Constant 0.884***
(0.00730)
Observations 1051
R? 0.01

Robust standard errors in parentheses
¥ p<0.01, ** p<0.05, * p<0.1

rationality than the reference group (Animals). Kolmogorov-Smirnov testing
confirms this difference (p = 0.046).
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IV.2 Structural Estimates Across Type

Given the rationality exhibited both throughout the dataset and within
specific charitable types, we follow the logic from the previous section and
examine estimated parameters across charity type.

Again, we compare the distributions of the key parameters (namely p
and «) across charitable categories. Figure 9 shows the distributions of our
imputed parameters. An observation of note is that there appears to be more
within category variation than across category variation.

Figure 10: Classifying Subjects’ Preference over Own Income
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Using Fisman et al.’s 2015 definitions of fair-mindedness and selfishness,
we further compare & distributions in figure 10. Interestingly enough, the
givers to religious charitable causes have the highest number of selfish par-
ticipants.

We further examine a subject’s equity-efficiency trade offs by means of
p distributions in figure 11. For the purposes of Again, Religious causes
provide interesting insight into motives for giving, where givers preferences
for equality vastly outnumber those who are efficiency-focused. Compare this
to givers of Public Benefit causes, where we see almost the exact opposite.
Public Benefit Charities (e.g. The United Way) are the only category which
efficiency-focused subjects outnumber those who are equality focused .
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Figure 11: Classifying Subjects’ Preference over Total Income
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V Concluding Remarks

This paper examines motives for giving, and further decomposes those
motives based on where subjects actually prefer to donate.

Our study concerns an experimental design that is strongly informed by
theory. In doing so, we create a rich data set that allows us to impose the
structure of a standard utility function (CES) to better understand these
motives.

The benefits of this design are manifold. In particular, we are able to
estimate parameters at the individual level, and thereby comment on full
parameter distributions, rather than simple sample averages.

Further, decomposing by charity is a necessary step to build on previous
literature. Rather than rely on conventional wisdom, we find that differences
within outnumber differences across demographic and charity types. In doing
so, we reveal empirical evidence for how charities can best target potential
donors.

As such, our paper speaks to multiple literatures including public and
behavioral economics, and structural econometrics. Of course, more work
in this area is needed, and this paper is merely the first in a series of rich
questions to be asked. In forthcoming projects, we aim to further disentangle
motives for giving and better inform policy by adding extra dimensions to the
charitable choice such as highlighting individual receivers within a charitable
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organization.
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