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Abstract

Relying on a quasi-experimental setting and a sample of Italian households, we study the role
of time preferences on donation choices. Specifically, we apply the generalized propensity score
methodology finding that both the amount and the probability of donating (i.e. altruism) vary non-
monotonically with impatience in intertemporal choice, declining at higher levels of impatience. We
then provide a theoretical model whose predictions are consistent, under fairly general conditions,
with these empirical findings. Consistent with previous experimental evidence, these results support

the view that psychological discounting matters for altruistic behaviour.
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1 Introduction

Altruism is a trait of mankind that cannot be ignored (Harman 2010; Kirchgéssner 2010). Nevertheless,
for long it hardly fitted in the homo ceconomicus scheme. In models populated by selfish individuals,
altruistic donations were one of the biggest puzzles in economics (Andreoni 2006). After Becker (1974)’s
seminal contribution on social interacting agents, however, the role of altruistic preferences in accounting
for individual choices has been more and more recognized by economic theory, and several forms of
other-regarding preferences have been put forward to cope with the economic puzzle of philanthropy
(Andreoni 2006; Bénabou and Tirole 2006). Typically, altruistic preferences are introduced in the standard
model of consumer choice by adding up an altruistic term - weighted by the degree of altruism - to one’s
own consumption (Shapiro 2010).

However, while the economic literature on the reasons behind altruism is well developed (see, for
example, Ottoni-Wilhelm et al. 2017), the literature on the drivers of altruism is still sparse, and mainly
focuses on the effect of tax systems on money donations.! The role of deep preferences remains much
less investigated. Yet, individual parameters and attitudes, generally not controlled for in many stud-
ies, seem to have an important role in affecting individual behavior, especially in countries where tax
incentives (e.g. tax deductions) are less important (see Cappellari et al. 2011) and social expenditure is
low (see Bauer et al. 2013); neglecting them may cause serious concerns in terms of omitted variables
(Albanese et al. 2013).

With this paper we aim to contribute to the literature on altruistic behaviour by studying the rela-
tionship between donations and a specific preference trait, i.e. impatience (the propensity to postpone
gratification in exchange of delayed rewards). To the best of our knowledge, only a few papers have
provided so far specific evidence about it.

In two field experiments, Breman (2011) shows that the amount donated increases when donors
commit to future donations; nevertheless, as the experiments cannot control for differences in individual
time preferences, it is not possible to disentangle whether this effect is due to differences in intertemporal
preferences or budget constraints. Andreoni and Serra-Garcia (2016) show that introducing time in the
process of giving (in their model individuals derive two distinct utility payoffs when they make a giving
decision and when they pay for the gift) can uncover important dynamics and heterogeneity in the

motivations for giving. In line with Breman (2011), their experiments find that donations increase when

IFor example, List (2011) studies international heterogeneity in donations with respect to differences in tax policies and na-
tional attitude towards social needs. The analysis shows that the likelihood of donating increases (non-linearly) with household
income and education.



individuals are asked to donate later.> On a theoretical ground, Dreber et al. (2016) find that an increase
in the cost of self-control will increase altruistic behaviour in a model of dual-self where a patient self
makes decisions in each period to maximize the discounted sum of utility net of a cost of self-control.

The only article providing empirical evidence on the pure effect of time preferences is Angerer et al.
(2014), who study altruism through a donation experiment based on a sample of primary school children.
They let children decide in a dictator-game like framework how many experimental tokens they want
to keep for themselves and how many they want to donate to a well-known charity. They find that the
level of donations decreases non-linearly with impatience.®> Though remarkable, these results emerge
under a very particular setting, based on donations made by primary school children. In this respect,
our work complements these findings and provides more external validity.

Against this background, we rely on quasi-experimental analysis adopting the generalized propen-
sity score methodology (GPS) proposed by Hirano and Imbens (2004), and similarly by Imai and Van Dyk
(2004), which is an extension of the propensity score methodology for binary treatments, the well-
established methodology for reducing bias caused by non-random treatment assignment in observa-
tional studies. Similarly to the binary propensity score method, the GPS approach requires that after
controlling for observable characteristics, any remaining differences in treatment intensities across in-
dividuals is independent of the potential outcome (i.e. the weak unconfoundedness assumption). This
implies that the GPS has a balancing property, i.e. for units belonging to the same GPS strata the level of
treatment examined can be considered as random. Therefore, in the same way of the standard method-
ology, the GPS methodology is subject to the major drawback that an unobservable factor may drive the
results, hindering any type of causal claims. However, differently from the standard approach, the GPS
method allows us estimating the so-called dose-response function, that is the (average) response in the
probability of donating to changes in the level of a continuous treatment variable (i.e. the level of im-
patience). This approach has already been successfully used in a variety of recent observational studies
(see Fryges and Wagner 2008; Becker et al. 2012; Giannetti 2019).

We apply the GPS to a very large panel dataset of adults from the Italian Survey on Household
Income and Wealth (SHIW). This survey contains information about whether and how much individuals
donate to any charity (our measure of altruism) along with direct measures of time (and risk) preferences,

which are often unobservable outside the laboratory and hard to proxy in observational studies. On top

2 Andreoni and Serra-Garcia (2016) also show that individual are dynamically inconsistent (they choose to give when the
choice is made in advance but reverse their choices when giving occurs immediately).
3They also find that altruism increases with age, and that girls are more altruistic than boys.



of that, our empirical strategy takes advantage of a crucial asset of our dataset, i.e. the presence of a large
set of relevant covariates, which are necessary for this estimation technique. Indeed, we can rely on a
full set of economic, social and demographic variables. Importantly, we are able to replicate the main
results over different waves and pools of subjects, both for the probability and the amount donated.

Our empirical results indicate that the relationship between time preferences and altruism is non-
monotonic. In particular, we find that at lower levels of impatience both the probability and the amount
donated to charity are rather flat or decrease slowly with impatience, but then decline more sharply as
impatience grows at higher levels. Out of the effect of an observable factor that we try to address in
a number of different ways in the paper, these results support the hypothesis that — in addition to tax
incentives — individual parameters and attitudes do have an important impact on altruistic behaviors.

In addition, we provide a theoretical framework that allows under fairly general conditions non-
monotonic effects of time preferences on altruism, consistent with those emerging from the empirical
analysis. Though not aimed at rationalizing the only possible mechanism at work, the model shows
that non-monotonic effects may arise even in simple discounted utility model with common and general
assumptions on utility functional forms, where two typical motives for altruism are taken into account,
i.e.: joy of giving (Andreoni 1989, 1990) and the so called "pure altruism" (Becker 1974), combined with
the willingness to preserve own consumption above a certain level (Chatterjee and Ravikumar 1999;
Alvarez-Pelaez and Diaz 2005). As described in Section 6, the joy of giving utility originates from the
very act of donating, while the pure altruism utility is the beneficial reward enjoyed for the effect of
donation; therefore, they logically and practically refers to different times reflecting the inherently in-
tertemporal dimension of donation (Angerer et al. 2014). The theoretical model predicts that, at lower
levels of impatience, the effect of time preference on donations depends on the distribution of the two
motives among the population, thus being essentially an empirical issue. At higher levels of impatience,
however, it becomes more and more likely that the effect of time preference on altruism is unambigu-
ously negative.

As mentioned, our results complements previous findings by providing more external validity and
improves upon our understanding of the relationship between time preference and donations. Such a
topic has relevant implications. First, understanding the effect of time preference on donation is helpful
for the design of fund-raising and tax-deduction schemes for charity organizations and policy makers
(Cappellari et al. 2011; Andreoni and Serra-Garcia 2016). From a development viewpoint, it can im-

prove our comprehension of the channels through which patience may affect societies in a persistent



way (Galor and Ozak 2016): one of such channels - beside the well-known ones of human and phys-
ical capital accumulation (Knack and Keefer 1997, Glaeser et al. 2002,Barsky et al. 1997) - can be social
capital as this concept is strictly connected to altruism (Fehr 2009; Cox 2004).* Additionally, it may also
prove useful to gauge insights on the broader effects of preference-impacting shocks (Becchetti et al.
2017). More in general, it contributes to the growing empirical literature studying how patience help
shaping a large number of lifetime outcomes, such as health and labour earnings (e.g. Wang et al. 2016,
Golsteyn et al. 2014, Sutter et al. 2013).

The paper is organized as follows. Section 2 gives details on the data and illustrates the main vari-
ables of interest. Section 3 describes the methodology to estimate a dose-response function to evaluate
the effect of impatience on altruism, providing details about the common support condition and the
balancing of covariates. Section 4 provides the main empirical results from the GPS estimation, while
Section 5.1 contains several robustness checks. Section 6 presents our theoretical model. Section 7 con-

cludes.

2 Data Description

We select our data from the 2008, 2010 and 2012 SHIW surveys, the years in which questions about
individual discount rates were first introduced. The (biannual) survey is a large representative sample
of the Italian population and covers — for all three years — questions on several aspects of the individual’s
life, such as education, living and working conditions, as well as information on individual’s attitudes
toward risk and level of impatience. This survey has been extensively used in several studies to identify
micro-founded effects on a great variety of topics (see for example, Battistin et al. 2009; Jappelli and
Pistaferri 2000; De Blasio and Nuzzo 2010; Bottazzi et al. 2006). The sampling unit is the household, and
although the information are mainly available for the head of the household, there are also additional
information both at the household level and for each component.”

To keep control of the composition of our sample, we restrict our attention to those heads of house-
hold who participated in the study all three years (i.e. a balanced sample), i.e. about 40% of all heads of
household. However, we do not conduct a full panel data analysis for two reasons. Firstly, it is hard to

control for time-varying factors with the GPS methodology and a non-linear model. Secondly, the mea-

“Donation has also been extensively used as a measure of social capital: e.g. blood donation in Guiso et al. (2006).
SFor further information about the survey, see https://www.bancaditalia.it/statistiche/tematiche/
indagini-famiglie-imprese/bilanci-famiglie/index.html?com.dotmarketing.htmlpage.language=1



surement of discount rates (our measure of impatience) slightly changed across surveys (see below). In
order to check the robustness of our results over time and avoid confounding changes in impatience with
changes in measurements, we replicate each year the same analysis with the same sample of individuals.
Therefore, we first apply the GPS propensity score analysis to the impatience level derived from 2012
survey, using as (lagged) covariates data from 2010 survey. We then check the robustness of the results
relying on impatience level from survey 2010 and (lagged) covariates from 2008 survey. Nevertheless,
to further test the robustness of our results we will replicate the analysis of year 2012 also for the larger

sample of individuals appearing also in 2010 survey (but not 2008).

2.1 Covariates selection

In the following sections, we first describe in detail our outcome variable (i.e. our measures of altru-
ism) along with our measure of impatience (i.e. our “treatment measure”), while Table (1) describes
and summarizes our set of control variables. It has been shown that covariates that are influenced by
the treatment can cause the ignorability assumption to be violated and lead to larger biases when they
are included (Wooldridge 2016; Pearl 2012; Rosenbaum 1984). In other words, they are "bad controls".
Wooldridge (2016) also shows that matching on instrumental variables is also a bad idea as it leads to
more asymptotic bias than excluding the instrumental variables.

Therefore, we select into our set of covariates only variable that are either unaffected by the treatment
(e.g. sex) or have been measured before our variable of interest was determined, i.e. they are predeter-
mined. In our robustness analysis, we however check our results by excluding from the set variables that
may appear problematic (e.g education). In particular, we rely on lagged values of our covariates (i.e.
year 2010) as these variables are predetermined with respect to the current time errors (i.e. 2012). As Ta-
ble (1) shows, the data contains a large number of covariates. In particular, we use information that have
been identified in previous studies as determinants of donation, such as individual and family income
(see for e.g. List 2011). Moreover, we have information on individual characteristics, such as individual
sex, education and age, as well as information on individual attributes, which are often unobservable
characteristics, such as individual attitude towards risk (see Angerer et al. 2014; Cappellari et al. 2011).
Concerning this latter variable, we both have a generic categorical measure of risk-tolerance, which is
available for all years, as well as a more sophisticated continuous variable which measures the degree
of risk-aversion (ranging from zero to 1), though only available in 2012. In particular, our categorical

measure of risk tolerance takes on 4 values according to whether the individual is willing to accept a



low-return for no risk, a fair-return for a good protection from risk, a good return for a fair protection
from risk, and a high-return for high risk (see Figure 1 and Tab 1). We checked that this measure corre-
lates well with the continous measure of risk. As this data highlights, only a small fraction of individuals

(around 20%) are willing to take on risk.

INSERT TABLE (1) HERE

INSERT FIGURE (1) HERE

The richness of the set of covariates makes the application of the GPS methodology to this dataset
appropriate. This methodology relies on the weak unconfoundedness assumption, which is not statisti-
cally testable, and requires that after controlling for observable characteristics, any remaining difference
in treatment intensity across individuals is independent of the potential outcome of interests (see further

below).

2.2 Measuring altruism

We develop our measure of altruism relying on the SHIW question on donation.® We can observe
whether the head (or any another member) of the family has contributed with money to charitable or-
ganizations but we cannot observe whether (s)he has also contributed with time. Previous research
has analysed the relationship between time and money donations finding evidence that individual un-
observed characteristics, such as their altruistic attitude, drive a significant and positive relationship
between time and money donation (Cappellari et al. 2011, Bauer et al. 2013). Differently from previous
studies, however, we also have information on the amount of donation to charitable contribution. More
specifically, the head of the household answered the following question:

“Did you or a member of the household make donations or other contributions (e.g. to non-profit associations,
voluntary organizations, charities)? (If "Yes”) What was the amount of the payments?

From this question we derive a dummy variable Donation equal to 1 if the individual answered yes,
and 0 otherwise, which we will use as dependent variable in our analysis of altruism. We also derived
a variable Donation Amount which is equal to the amount of money individuals gave for donations. The

assumption is that this measure is similar to that derived in dictator games in economic experiments

®For a discussion about altruism as charity, see for example Khalil (2004).



(i.e. the size of donation sent as a first mover). As shown in Table (1) and Figure (2), almost one fifth
of respondents has on average made a donation in 2012 (the share was basically equal in 2010). This
is in line both with the share of 17% documented by Bauer et al. (2013) using international survey data
and also with the average share of money contributors reported in Cappellari et al. (2011) using Italian
data.” Conditional on having given, the amount donated is rarely above 500 Euro (see Figure 2), with
the average amount donated being 322 Euros, which corresponds to 1.2% of the contributors” average

income (1.7% of the overall average income).®

INSERT FIGURE (2) HERE

2.3 Measuring impatience

As stated above, an important feature of our study is having a direct measure of time preferences. Specif-
ically, the level of discount rates to measure individual impatience were elicited relying to following
question asked to the head of the family:

“You have won the lottery and will receive a sum equal to your household’s net yearly revenue. You will receive
the money in a year’s time. However, if you give up part of the sum you can collect the rest of your win immediately.
To obtain the money immediately would you give up 10% of your win?”

A series of alternative questions were asked depending on the answer given to that question (see
Figure 3). For example, if the respondent’s answer to 10% discount was “yes”, the interviewer asked for
a discount of 20%, whereas if the answer was “no” the interviewer asked for a discount of 4%. In this
latter case, if the answer was again “no” the interviewer also asked whether the head of the family was
willing to give up the money for a discount of 2%, while if the answer was “yes” the interviewer asks
for a discount of 7%.° To determine the level of impatience in each year (i.e. the implied discount rate),
we use the midpoint of the range of two discount values. Thus, for example, if a respondent was willing
to accept a reduction of 10% but did not accept a discount of 20%, the midpoint is 15%. Moreover,
if the respondent provided the same reply in the survey, i.e. was always willing to accept a discount

or to reject one, we set the discount rate at the two limits, i.e. 30% or 0%. These boundary cases are

7Cappellari et al. (2011) using the year 2000 wave of the Indagine Multiscopo sulle famiglie - Aspetti della vita quotidiana by the
Italian National Statistical Office (ISTAT) report an average of 19.3% for women and 21.7% for men.

8For the US, Andreoni (2006) documents an average share ranging between 1.5% and 2.1% between 1968 and 2001.

91t must be noticed that time preference is measured at the individual level, while questions about donations are asked
at the household level. This could potentially create a problem if time preference of singles are systematically different from
individual living in a household. We check the for this issue in Section 5.1.



specifically accounted for in our model specification of the generalized propensity score (i.e. we rely on
a two-limit Tobit). In 2010 this question was slightly different, allowing for a bit less of variability in
discount rates,i.e. there were only 5 categories instead of 8 (with a range between zero up to 20%), while

in 2008 this question was also administered to a random subset of households.
INSERT FIGURE (3) and (4) HERE

Overall, the distributions of time preferences across years are quite similar (see Figure 4). In 2012
about 35% of the respondents had a discount rate above 8.5%, and about 7% had a discount rate equal
and above 30% (i.e. the upper limit). A large fraction of respondents (about 35%) would not be willing
to accept any discount rate. In 2010 about 30% of the respondents had a discount rate above 7.5%, and
about 20% had a discount rate equal and above 20% (i.e. the upper limit), and about 30% of the partic-
ipants would not be willing to accept any discount rate. As highlighted above, to avoid to account for
additional time-varying confounding factors inborn in panel-data analysis, as well as to avoid changes in
measurement in discount rates, in the following we focus on data derived from surveys 2012, although
checking the robustness of our results in year 2010.

Several techniques are available to elicit individual discount rates and there is no consensus on best
practices and methodologies (Hardisty et al. 2013, Cohen et al. 2020). Eliciting individual discount rates
as in the SHIW surveys (i.e. through multiple staircase choice-method) has advantages with respect
to previous methods because it avoids answer inconsistencies and appears easier for participants to
understand (Hardisty et al. 2013). Differently from economic experiments, individual choices are not
incentivized. While at first glance, this may appear a drawback, this type of measure is less subject to
the concern that respondent’s trust in future payments will affect the response. Nevertheless, Falk et al.
(2014) have shown that these measures correlate well with experimental measures when the number of
survey items increase (see also Cohen et al. 2020). Finally, in our case there is no need to infer ex-post the
discount rates (and thus imposing a functional form for preferences) as participants are directly asked

the value of their discount rates (i.e. the percentage).

3 Model Specification

In the absence of experimental data, matching methods provide an appealing alternative. The main

feature that makes matching methods such an attractive empirical tool is the possibility of mimicking



an experiment ex-post. In particular, Rosenbaum and Rubin (1983) showed that conditioning on the
propensity score is sufficient to balance treatment and comparison groups. Subsequently, the literature
has extended the propensity score methods to the cases of multivalued treatments (Imbens 2000, Lechner
2001) and, more recently, to continuous treatments (Hirano and Imbens 2004 ;Imai and Van Dyk 2004).

The approach developed by Hirano and Imbens (2004) is particularly suited for our paper. They pro-
posed estimating an entire “dose-response function” of a continuous treatment, i.e. a relationship between
the exposure to a continuous treatment and an outcome variable. In the following we briefly recall this
approach. Readers already familiar with this procedure, may directly move to the next section.

We define a set of potential outcome {Y;(t)} for t € T, where T represents the continuous set of po-
tential treatments (in this paper, the level of impatience) defined over the interval [t, f1], and Y;(¢) is
referred to as the unit-level dose-response function (in the paper, the probability of donating). For each
individual i = 1,..., N, we observe a k x 1 vector of covariates, X;; the level of treatment delivered, T;;
the corresponding outcome Y; = Y;(T;).

Hirano and Imbens (2004) define weak unconfoundedness for continuous treatments as

Y(#)LT|X forallT (1)

which is a generalization of the concept of unconfoundedness for binary treatments. That is, indi-
viduals are different in terms of their characteristics X: some are more/less likely than others to have
higher discount rates (i.e. level of impatience). Weak unconfoundedness implies that, once it has been
controlled for observable characteristics X, any remaining difference in the level of impatience (i.e. T)
across individuals is independent of the potential donation (i.e. Y (t)).

The generalized propensity score is defined as

R =7(T|X) 2)

where r(t,x) = fr|x(t|x) is the conditional density of the treatment given the covariates. The gen-
eralized propensity score is assumed to have a balancing property (likewise the propensity score for
binary treatments), i.e. the probability that T = t does not depend on the value of X within strata r(t, x).
In other words, if we look at two individuals with the same ex-ante probability of having a particular
level of impatience (i.e. discount rate), once we condition on observable characteristics X, their actual

level of impatience is independent of X. The propensity score summarizes thus all the information in a
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multi-dimensional vector X so that

XLUT =t} |r(t, X) 3)

The balancing property implies, along with the weak unconfoundedness, that assignment to treat-

ment is weakly uncounfounded given the generalized propensity score. Then, for every ¢

fr(tr(t, X),Y(8)) = fr(tlr(t, x)) (4)

The GPS can thus be used to eliminate any bias associated with differences in the covariates by first
estimating the conditional expectation of the outcome (i.e. in our case the probability of donating) as
a function of the treatment level T (i.e. the discount rates) and the generalized propensity score R ( i.e.
B(t,r) = E[y |T = t, R = r]). Then, the dose-response function is estimated by averaging — at a particular

level of the treatment intensity — the estimated conditional expectation over the generalized propensity

score (i.e. u(t) = E[B(t,r(t, X))]).

3.1 Practical implementation

1) Estimation of the propensity score. Hirano and Imbens (2004) specified the treatment intensity re-
lying on a normal distribution. However, in this context, our treatment variable T, i.e. the level of
impatience, is a fractional variable bounded between [0, 0.3]. Therefore, we cannot specify it as a normal
distribution. Moreover, we cannot even resort to a fractional logit regression as in Papke and Wooldridge
(1996). By doing so, we would not be able in the subsequent steps to fully specify the density function
of the treatment estimates. Likewise, by having several observations at limits, we cannot assume that
the treatment intensity follows a Beta distribution as in Bia et al. (2014). We therefore specify for the

treatment intensity the following two-limit Tobit Model:

Ti|Xz' ~ CD(Ll — xilB/(T)dO . 1/0’4)(% — xiﬁ/a)dl . q)(Lz — xiﬁ/a)dz

where ®(.) is the standard normal cumulative distribution function, ¢(.) is the standard normal
probability density function, o is the standard deviation, x; is a row vector of covariates and 81 a column
vector. L; and L, are the lower and upper limits of the censored distribution (in our case 0 and 0.3

respectively). The observed values within the limits are denoted with y. For each observation, depending
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upon whether the observed value is either equal to or within the two limits, only one of the exponents
d; (j = 0,1,2) assumes the value of one.™
2) Common support condition and balancing of covariate. We test the common support condition as
follows. First, we split the sample into three groups j = 1,2, 3, which are defined according to the dis-
tribution of the impatience level (i.e. discount ratio). We then calculate the median treatment intensity
Twj for each treatment group j, and evaluate the GPS for the whole sample at median treatment in-
tensities using the estimates for g and ¢ derived from the estimation of the propensity score. For each
group and each observation i = 1,.., N we calculate R(TM]-, X;). We then divide into three blocks the
GPS we obtained. We test the common-support condition by plotting the GPS values R(TMj, X;) for each
block against the distribution of the GPS (i.e. R(TMj, X;)) for the rest of the sample. We then drop those
observations that will lye outside the common support.
As in Hirano and Imbens (2004), we also test the balancing property applying the blocking approach
As above, we again divide the sample into three groups according to the distribution of the impatience
level (i.e. discount ratio). Then, we evaluate the GPS at the median values of the treatment variable (i.e.
discount ratio) within each group. We then split each group into five blocks according to the quintiles
of the GPS evaluated at the median level.!! We compare the mean difference of each covariates within
each of these blocks, with respect to individuals who have a GPS such that they belong to that block (i.e.
the same predicted treatment intensity) with those who are in the same block, but have a different actual
treatment intensity (i.e. groups). In other words, we assign each individual to the respective GPS block
- as evaluated at the median level - and we compare the means of covariates of those individuals who
belong to a different treatment level but have similar GPS (i.e. in the control group).
3) Estimate the conditional expectation of the outcome. Once we obtain the GPS estimates of the first
stage R, we estimate the conditional expectation of the outcome Y; as a flexible function:

E{(Y;|T;,, R)} = h(wo + a1 Ti + aa T? + asT? + asR; + asR? + a6R3 + a7 TiR;)

of the GPS terms ( which control for selection into treatment intensities) and the observed treatment
intensities T;. We estimate these parameters relying on a Probit model. It is important to stress that
the estimated coefficients have not direct causal interpretation but only suggest whether the covariates
introduce any bias (Hirano and Imbens 2004). If the estimated coefficients of the GPS terms are equal to

zero the GPS is not relevant to reduce any bias. On the contrary, if the GPS terms are (jointly) significant,

0For a similar issue and specification, see Giannetti (2019).
'We groups are defined according to the following cutpoints: 0-0.035;0.035-0.125; 0.125-0.3. Choosing a finer or coarser
specification does not change significantly the results.
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their introduction significantly reduces the bias of the estimated response of the probability of donating
to changes in individual level of impatience.

4) Obtain the dose-response function. Finally, we average the estimated regression function over the
score function by evaluating it at the desired level of the treatment. Given the estimated parameters
&, the observed level of impatience T; and the estimated GPS R, the average potential outcome (i.e. the
average probability) is obtained as

E{Y(H)} = LN h(t, RLR) = LYN h(Ro + &1 Ty + 8o T2 + &3 T2 + &ar(t, X;) + 57 (£, X;)2 + &er(t, X)? +
&y Tir(t, X;))

We obtain the entire dose-response function by estimating for each level of the treatment this average
potential outcome. As result, for each individual we evaluate the GPS for each level of the treatment,
thus having as many propensity scores as there are levels of treatment. We then obtain the average
response by averaging over all the individual responses at each level of the treatment. To take into
account estimation of the GPS and the &-parameters, we use bootstrap methods to obtain the standard
errors. We finally display the derivative of the dose-response function with respect to impatience level

—which is commonly referred to as the treatment-effect function. This latter is the object of our interest

as it has a causal interpretation.

4 Results

Before presenting the main results of the GPS methodology, we first explore the relationship between
the individual parameters and the probability of donating in year 2012 by using a probit model. In
Table (2), we start with a basic model including only impatience, to then include their squared and cubic

interactions. We report regression results for both coefficients and marginal effects.

INSERT TABLE (2) HERE

INSERT FIGURE (5) HERE

In column a, we observe that impatience significantly decreases the probability of donating (-24%). In
column b, we include the squared, while in column ¢ the cubic term for impatience. However, we refrain

from interpreting the coefficient on the interaction terms as tests about partial effects and interaction
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terms are not necessarily informative in non-linear model, and it can also be economically misleading
(see Greene 2010). We therefore directly report the overall marginal effects for each variable. The results
now suggest that impatience positively (although not significantly) affects the probability of donating
(4.6%). In columns c, results are substantially analogous (24%). While — at a first look — they might
appear contradictory, these results highlight non-monotonic relationships between impatience and the
probability of donating, as highlighted in Figure (5). We therefore turn to a more useful analysis of the
dose-response function.

In Table (3) we report the results of step 1 that estimates the propensity score relying on the Tobit
specification. These results suggest that better educated, risk tolerant, and richer individuals are less

impatient. They also suggest that older and employed individuals are less patient.

INSERT TABLE (3) HERE

In Figure (6) and Table (4) we report the results related to step 2 testing the common support and
balancing property. For example, in Figure (6) - panel a - we plot the distribution of the GPS for group 1
(see the black bars) against the distribution of the GPS for the rest of the sample, i.e. group 2 and 3 (see
the white bars). Similarly for group 2 and 3 (see Figure 6, panel b and c). By inspecting the overlap of
these distributions, we find that there are 27 participants whose GPS is not among the common regions
of the three groups. We thus impose the common support by dropping those participants (less than 2%

of our sample), for a total of 2948 observations in 2012.

INSERT FIGURE (6) HERE

INSERT TABLE (4) HERE

Table (5) illustrates the group and block structure. For instance, we compare the covariates of 292
observations in group 1/block 1 to the observations in control 1/ block 1. Taking the sum over all
blocks and adding the respective control groups yields the total number of observations (i.e. 2955) in
the common support regions. If adjustment for the GPS properly balances the covariates, we would
expect all differences not to be statistically significant. Table (4) reports the mean t-statistics for each
group across all covariates. There is evidence that the balancing property is satisfied, with only 1 out
33 t-values significant after controlling for the GPS. We thus conclude that the estimated generalized

propensity score perform well in reducing potential treatment bias.
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INSERT TABLE (5) HERE

In Table (6) we report estimation of the dose response function from step 3. As highlighted above, the
estimated coefficients have no direct causal interpretation. However, we note that the coefficients of the
GPS are highly significant and different from zero, suggesting that the GPS procedure allows to remove

potential bias introduced by the covariates.

INSERT TABLE (6) HERE

Our main results from step 4 are presented in Figure (7), where the left panel indicates that there is a
non-monotonic relationship between the level of impatience and the probability of donating. In particu-
lar, the probability of donating is initially rather flat or mildly decreasing, to then decline more sharply at
higher levels of impatience. In other terms, the marginal increase in the level of impatience significantly
affects the probability of donating only at medium-high level of impatience. This can be seen from the
derivative of the dose-response function with respect to impatience level in the right panel of Figure
(7). The 90% confidence band of the treatment effect function always excludes the zero for level of the
discount ratio between 19% and 27%. Within this range, an increase in the individual impatience will
significantly reduce the probability of donating (i.e. the variation in the probability of donating is nega-
tive) around 2%. This effect is also economically significant, if we consider that the sample probability
of donating is 19% (see Table 1), corresponding to a reduction of about 10%. For values below this range

the effects are any longer significant and unambiguous.

INSERT FIGURE (7) HERE

The dose-response function for the amount donated in 2012 (see Figure 8) exhibits a similar shape as
for the probability of donating. Importantly, consistent with the analysis of the probability of donating,
the marginal increase in the level of impatience (i.e. the pair-effect function depicted in the treatment-
effect function) significantly affects the amount donated only at medium-high level of impatience, ap-
proximately between 22%-27%. Within this range, the variation in the amount donated is negative. That
is, an increase in the level of impatience will reduce the amount donated up to 25 Euro. This effect

is economically significant, considering that the sample average (conditional) amount of a donation is

12 At the very extreme values of the (empirically) observed range of impatience the effects are somewhat irregular, mostly
likely because at these corner values we have very different type of observations.
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about 322 Euro (see Table 1), resulting in a reduction of about 8%. Below this range the effects of higher

impatience tend to be small and scarcely insignificant.

INSERT FIGURE (8) HERE

5 Robustness checks

It is fair to recall that the weak uncounfoundness assumption cannot be tested. As stated above, the
major drawback of our empirical strategy is the existence of an observable factor that may drive both
the probability to donate as well as individual impatience. To generate a bias, however, such a factor
should not only affect donations but should also vary with the intensity of impatience differently in the
treatment and in the control groups. Although it would not be possible to completely rule the existence
of this factor, in the following we will try to assess the robustness of our results to a number of model
specifications, sample selection, as well as measurement issue. Taking into account this empirical ev-
idence, we then move in Section 6 to the theoretical part of our analysis, where we develop a simple

model that could generate a non-monotonic relationship between impatience and donation.

5.1 Unobservable factors and individual trust

We now check whether the results appear robust over different years and over a different sample of
individuals.

To begin with, we replicate all the same steps of the previous analysis but using, as outcome variables,
the probability of donating in 2010 (but the same pool of subjects, see Section 2 for a description of the
sample selection). For the sake of brevity, we now only report the main results from step 4 and for the
probability of donating in Figure (9). As Figure (9) highlights, even though in 2010 the question about
discount rates does not allow for the same level of variability (see Section 2.2), the results are consistent
with the previous analysis: the 90% confidence band of the treatment effect function always excludes the
zero for medium-high level of discount ratio, i.e. between 14% and 19%. Within this range, a marginal
increase in the individual impatience will significantly reduce the probability of donating. Below this

range, the effects are any longer significant and unambiguous.

INSERT FIGURE (9) HERE
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Although reassuring, these results however cannot tell us anything about the role of an unobservable
factor, as we are relying on the same sample of subjects. For instance, time preference may reflect “trust”
rather than pure time preference. As stated above (see Section 2.2), our measures of time-preferences are
hypothetical and therefore less subject to the coufonding effect of trust in future payments. However,
as any other studies of altruism based on donation to charitable organizations, we indeed suffer from
the possibility that individuals may differently trusts the organizations. In particular, individuals with
very high rates of impatience and lower donation rate may have a greater distrust than individuals with
lower levels of impatience, thus resulting in a lower probability to donate.

Therefore, we replicate the same analysis but this time relying on the entire pool of subjects available
only in 2012 and 2010 (i.e. thus including also those individuals we were not able to track back in time
in 2008). Even this case (about 4600 individuals), we find exactly the same type of relationship between
individual impatience and time discounting (results available upon request). Although this result is not
a direct test of the existence of an observable, it is good to find it out that a different pool of subjects
(with possibly different degree of variation in trust) exactly exhibit the same shape of the dose-response
function over all levels of impatience. To further account for other confounders like trust, we additionally
include among the set of regressors a set of regional dummies (results available upon request and at
author’s webpage). Even in this case, the results are identical. Nevertheless, we acknowledge that we

cannot entirely rule out the existence of such an unobservable factor.

5.2 Measurement issues and bad controls

As stated above, time preferences are measured at the individual level, while the questions about dona-
tions are asked at the household level (i.e. “Did you or a member of the household ..”). This measure-
ment issue could potentially create a problem if time preference of singles are systematically different
from individuals living in a household. The first thing to notice is that the propensity score already
accounts for it, as within our set of covariates the family status is included among the set of covariates.
Nevertheless, to further check for this issue, we first perform a Kolmogorov test: it rejects the hypothe-
sis that both time preferences and donations are different by family status. Furthermore, we repeat the
above analysis by restricting our sample to family with only one member as income holder. The results
are even this case substantially identical (available upon request). On top of that, we repeat the same
analysis but using different dependent variables: the amount of the donation per income holder, as well

as the amount of the donation as an income share (see Meer and Priday 2020). In both cases, results are
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economically analogous (available upon request and and at author’s webpage), although we lose a bit
of statistical significance in the case of income share.

Another issue is related to some of our controls, such as education, income and risk preferences,
as they might be simultaneously affected by individual time preferences. For example, several studies
have shown how impatience can be an important determinant of education (see for example Sutter et al.
2013). Therefore, even though these controls are predetermined in our regressions (as they are measured
in 2010), we check the robustness of our results by repeating the entire analysis and excluding each of

them. Even in the case, results are analogous (available upon request and at author’s webpage).

6 The theoretical setting

In order to assess the relationship between time preference and donation, we develop an intertemporal
model with two periods. The model shows how a non-monotonic relationship between time preference
and donations may arise in a relatively simple discounted utility model featuring two forms of altruism
extensively considered in the literature and the willingness to preserve own consumption above a certain
level.

Namely, we consider that altruistic behaviour can increase the donor’s utility through two channels,
well-known in literature (Becker 1974; Andreoni 1990): the “good feeling” coming from the very act
of donating (the so-called “joy of giving” or “warm-glow” channel), and the reward associated to the
beneficial effect that the donation will bring to the receiver (the so-called “pure altruism” channel).

We assume that the former brings utility as soon as donation is made (i.e.: at the same time as cur-
rent consumption), because it is inherently connected with the act of giving. The latter channel is instead
assumed to unfold its effect later, in the second period of our model, together with future consump-
tion; this is consistent with channels of altruistic behaviour operating through affinity and identification
(Wade-Benzoni and Tost 2009; Cialdini et al. 1997; Batson 1995; Aron et al. 1991). Since the pure altruism
effect is delayed, it is related to the concept of patience (mentioned in the introduction) as the propensity
to postpone gratification in exchange of delayed rewards. This intertemporal intrinsic nature of altru-
ism cannot be neglected as brain regions associated with the ability of projecting oneself into the future
are also connected with the attitude of projecting oneself into the perspective of others (Yi et al. 2011;
Buckner and Carroll 2007). From a modelling viewpoint, assuming that each motive is associated only

to one period simplifies the algebra but it does not drive per se the qualitative results, which would

18



remain valid even if both motives’ effects occurs in both periods as long as warm glow is relatively more
relevant in the present and pure altruism is relatively more relevant in the future.'®

We also assume that a minimum level of own consumption (either present or future) has to be pre-
served (Chatterjee and Ravikumar 1999; Alvarez-Pelaez and Diaz 2005; Rosenzweig and Wolpin 1993).
In our model minimum consumption has not to be strictly interpreted as a subsistence level but it broadly
refers to the willingness to keep own consumption above a minimum target, which may vary according
to different socio-economic contexts. This implies that donating is possible only provided that at least a
4

certain amount is left for consumption.!

We formalize what described above with the agent’s objective function:

U= (1—a)u(c) +ayj(a) + [(1 = a)u(d) + ago(a)] ®)

1+p

where ¢ is consumption in the first period, a is the donation amount, p > 0 is the intertemporal discount
rate,!® d is consumption in the second period. The utility from consumption, u(+), is strictly increasing
and concave in its argument.

The function j(a) refers to the “joy of giving” effect; it is associated with the parameter v € (0,1)
capturing the weight of this altruistic motive. The function v(a) is the “pure altruism” effect and its
weight is captured by the parameter ¢ € (0,1). The functions j(-) and v(-) are assumed strictly increas-
ing and concave in their arguments: this warrants that altruism cannot be detrimental but also cannot
improve utility at increasing rates. We also assume that j(-) and v(-) are well defined in zero, allowing
for the possibility of no donation.!® As implicitly shown in Eq. (5), we assume that utility from own
consumption and donation is additively separable.!”

The parameter « € [0,1/2] is associated to the importance of altruism relative to selfishness. It can

13In other words, the model is not suited only for the extreme case where all the pure altruism takes place instantaneously,
and in such cases other theoretical frameworks should be considered. However, such situations are quite extreme, and the
model remains valid for the vast majority of cases.

141t is important to notice that in our empirical analysis we do not include the consumption level but we are able to include
family income among our set of regressors in the generalized propensity score.

15We model the intertemporal utility as in the standard discounted utility model & la Samuelson (1937). For a critical review
on models of time discounting see Frederick et al. (2002). We assume the same discount factor for both private consumption
and donations. Dreber et al. (2016) assume that individuals are more impatient towards donations than towards private con-
sumption, while Ebert and van de Kuilen (2015) suggest that discount rates can potentially vary by domain. In our model
assuming higher discount rate on donation would have results similar to a decrease in the parameter ¢. The general results
would remain valid, but the parameter range where the relationship between discounting and donation is negative is reduced.

16We rule out Inada type conditions lim, o' (a) = +co that would prevent a solution with no donation. A simple example
of a functional form satisfying our assumption is j(x) = In(1 + x)

7In order to keep things simple, we abstract from idiosyncratic shocks and uncertainty; nonetheless, introducing them in
presence of risk averse individuals would reinforce our qualitative result making more tightening the constraint effect on
donation.
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be broadly interpreted as an inverse measure of interpersonal distance, related to the concept of social
discounting (Rachlin and Jones 2006; Wade-Benzoni 2008): basically, if others are less important, it is as
if altruism towards them is more heavily discounted and hence valued less (« goes down) in the utility
function. The parameter a concerns both types of altruism, as also the joy of giving is higher when the
receiver is perceived as closer. We constrain « to be less than a half to exclude the unlikely case that
donation matters more than own consumption; however, such a restriction can be removed without
affecting the results.

The maximization of Eq. (5) occurs under constraints: the first one is the budget constrain stating
that the income y > 0, which the individual is endowed with in the first period, has to be shared among
consumption ¢, donation 4 and savings s. The savings, increased by the exogenous interest rate r > 0,

are used to fund the second period consumption d:

y = c+a+s 6)

d = s(1+4v7r) (7)

Moreover, a non negativity constraint holds for donation, i.e.: 2 > 0. As far as consumption is concerned,
we assume that a stricter requirement holds: a minimum level of consumption k > 0 has to be satisfied,
ie:c>kandd > k18

We focus on how the maximization problem’s solution (c*,d*,a*) varies with p. First, we consider
the solution when the consumption constraint is not binding: it turns out that this is the case for a
“sufficiently” low level of p : (p < p). Then we consider the maximizing solution under the case p > p

and assess the role of increasing impatience in this case as well.

Case a: minimum consumption constraint is not binding

The optimization of Eq. (5) at interior solutions has to satisfy the first order conditions:

ou

P ”/(C):1+pw(d)(1+r) (®)
0
T 0+ e (@) = (- @)1+ ) ©)

where we have taken into account the budget constraint. The first order conditions hold with equality

18We assume that income is high enough to ensure that both minimum consumption requirements can be met, i.e.: y >
k(24 71)/(14r), otherwise the problem would’t be worth studying.
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only provided that ¢ > k and d > k. In order to gain in algebraical tractability, we assume that j(-) =
v(-). Hence, we let the “joy of giving” and “pure altruism” effects differ only with respect to their
intertemporal implications and their weights (4 and ¢) but not to the functional form: this allows to
make results unconfounded by any difference in the functional forms.

Concerning the role of impatience, as usual (and formally shown in Appendix), current consumption
c* turns out to be increasing in the discount rate p whilst the opposite holds for future consumption 4*.

As regards donation, we have the following Lemma:

Lemma 1. When c* > k and d* > k, the effect of the discount rate p on donation amount a* is ambiguous and

its sign depends on a comparison between the weights of the altruistic motives, as follows:

<0 & y<O¢ (10)

2
. 1 ! (d¥)
with ® = (—J_;) ) > 0.

In case of CRRA-type utility function, i.e.: u(x) = ’{%_g with 6 > 0, the condition becomes

0—-1

1+7r\ 7
<0 & 7§<1+p> ¢ (11)

when the utility function is logarithmic, i.e.: u(x) = In(x), ©® = 1 and the condition boils down into

<0 & y<¢ (12)

Proof. See Appendix A.1 O

Lemma 1 expresses the effect of impatience on donation as a relationship on the relative importance
of the two altruistic motives: if pure altruism is sufficiently important compared to joy of giving, then
donation decreases with impatience. The intuition behind the result is as follows: a lower impatience
implies that the future is discounted less, so it also implies that a higher weight is attached to the second
period in the intertemporal utility. The second period is when the pure altruism effect occurs: if it is
sufficiently high compared to the effect of the joy of giving, then giving more importance to the second
period implies more donations. Conversely, if it is joy of giving that matters more than pure altruism,
then a lower impatience, by increasing the weight of the future, attenuates the effect of the most impor-

tant channel of altruism for utility (i.e.: joy of giving in this case) and so it leads to lower donations.
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Conditions (10) and (11) show that under pretty general assumptions the comparison of  and ¢
is weighted by a factor ©, that depends on the level of time preference p with respect to real interest
rate  and on the curvature of consumption utility, which can be related to preferences for consumption
smoothing and consumption intertemporal elasticity of substitution. These parameters affects quantita-
tively the threshold for the comparison between y and ¢ but, unless under a very limit case, do not rule
out the qualitative result.

In particular, under the CRRA case, the parameter 8 > 0 represents the preference for consumption
smoothing and the inverse of consumption intertemporal elasticity of substitution. When 6 is very high,
e.g.. 0 — +ooin the limit case of a Leontief function with zero intertemporal elasticity of substitution,
we have that ®@ — %, which is above or below 1 according to whether p is below or above . However
for realistic values of both of them this implies just shifts of ® around 1, when p ~ 7, then ® ~ 1
irrespective of 6. Allowing for a higher intertemporal elasticity of substitution and letting 6 decrease
toward 1, ©® becomes closer to unity (from above or below according to whether p is below or above r)
and it eventually equals 1 when 6 — 1, which coincides with the case of logarithmic utility (Condition
12). With even higher values of intertemporal elasticity of substitution (0 < 6 < 1), the preference for
consumption smoothing is lower, the curvature of the utility function less pronounced and the agents
are more reactive to differences in p and r: ® is more sensitive further changes in 6, however unless the
level of 6 is extremely low, the shift in ® at most changes the threshold for the comparison between the
two altruistic motives (and the less so as long as p and r are similar) but do not rule out the main result
of Lemma 1, i.e.: the possibility of divergent effects of time preferences on donation according to the
relative importance of the altruistic motive. Only approaching the limit case of a linear utility function
(6 — 0), the intertemporal elasticity of substitution is infinite and ® — —oo or +o0 according to p < r or
p > r, making Condition (11) trivial, i.e. never or always verified.

A meta-analysis by Havranek et al. (2015) of cross country intertemporal elasticity of substitution
based on 169 published studies suggests - though with sensible variation cross countries - a mean value
of intertemporal elasticity of substitution of 0.5, which would correspond to § = 2 and ® = \/% .
For Italy Havranek et al. (2015) estimates a lower mean intertemporal elasticity of substitution, at 0.29,
corresponding to 0 ~ 3.4. With such a value of 6 even a p to r ratio of 10 or 1/10 would imply a shift of
©® below or above 1 by less than 0.07.

Hence, to summarize, whenever the minimum consumption level requirement is not binding, i.e.

whenever p < p, the effect of time preference on altruism is ambiguous: it is basically an empirical issue
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depending on the distribution of the altruistic motives among the population.

Case b: minimum consumption constraint is binding

As impatience goes up, consumption in the second period goes down monotonically (see Appendix
A.1). Hence, for sufficiently high p > p,! the second period consumption reaches the minimum level
requirement: d* = k.

The objective function becomes:

(1= u(e) +279'(a) + 1 [(1 — a)ulk+ ago(a)]

By taking into account the budget constraint: ¢ = y —a — k/(1 + r), the first order condition can be
derived only with respect to a. We get:

—(1 = &) (¢) + &' (a) {W] —0 (13)

The following Lemma holds:

Lemma 2. When p > p so that d = k, then donation is unambiguously (weakly) decreasing in impatience:

da*/dp < 0.
Proof. See Appendix A.2 O

Intuitively, since agents want to ensure themselves a sufficient level of consumption in the second
period, when they are more impatient they want to increase current consumption but cannot cut too
much on second future consumption, so they cut on altruism and donation. Hence, when impatience is

high, its effect on donation turns out to be negative.

The overall effect of time preference on donation

Summing up the results in Lemma 1 and Lemma 2, we have the following Proposition:

Proposition 1. The effect of time preference on donation can be non-monotonic. For p < p the effect is ambiguous
as it may be positive, negative or nihil depending on the relative importance of altruistic motives (joy of giving, pure
altruism) and possibly other preference parameters (i.e.: consumption intertemporal elasticity of substitution). For

higher impatience, i.e.: p > p, the effect of time preference on donation is negative.

YIn Appendix A.2 we characterize the threshold level g and show how it varies with model parameters.
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W <0 ify<Op

ot forp<p: aBp* with ® > 0 as shown in Lemma 1
3 = % >0 ify>0¢
= . da*
forp > p: £ <0
Proof. Proposition 1 follows from joining results from Lemma 1 and Lemma 2. O

Proposition 1 states that while the relationship between time preference and donation below a cer-
tain threshold of the discount rate depends on the comparison between the joy of giving and the pure
altruism motives, for sufficiently high discount rates (i.e.: above that threshold) time preference and
donations are unambiguously in a negative relationship.

Bringing the model to data, the implication of Proposition 1 is that when discounting is not too high
its effect on donation may be ambiguous as it depends on the distribution of preferences among the
population. As impatience is sufficiently high and grows further, however, it can be expected that its
effect on donation is most likely negative because of the greater likelihood that for someone it is above
the threshold, with the associated negative effect stated in Proposition 1. These implications are in line
with findings from the empirical part which shows a clear negative relationship for sufficiently high
discount rates.

It is fair to say that other theoretical channels may be give rise to the same empirical pattern, hence
this model is not claimed to provide the only possible mechanism. Rather, it shows how a rationale for
non-monotonic effects of time preference on donations may emerge even in a standard discounted utility

model under reasonable assumptions.
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7 Discussion and Conclusions

In this paper we contribute to the literature on the determinants of altruism by studying the role that in-
dividual impatience plays in individual choice to donate (if and how much) to charitable organizations.

Specifically, we relied on a quasi-experimental setting to estimate the (average) response in the prob-
ability of donating to changes in the level of individual impatience. Specifically, we relied on the gen-
eralized propensity score methodology to estimate a continuous dose-response function (Hirano and
Imbens 2004; Imai and Van Dyk 2004). To perform our analysis we relied on the SHIW panel dataset
of Italian households in 2008, 2010 and 2012. The use of this dataset is appropriate because it contains
information on impatience, which is often an unobservable characteristic outside the laboratory, along
with a full set of economic, social and demographic variables, which are necessary to plausibly imple-
ment this method. To account for measurement issues and to check the robustness of our results, we
repeat the analysis separately over different years without conducting a full panel analysis.

Our first result suggests that below a certain level of impatience (less than 19%) the probability of
donating is mildly decreasing or rather flat as impatience grows; instead, at higher level of impatience
(between 19%-27%), an increase in the levels of impatience significantly and more sharply decreases the
probability of donating. Moreover, our second result highlights that below a certain level of impatience
(less than 22%) the responsiveness of the amount donated to an increase in the level of impatience is
rather flat, but at higher level of impatience (22%-27%) an increase in the level of impatience reduces the
amount donated. In this latter case, the (average) amount donated can decrease of about 8% even for
a smaller increase in the level of impatience. Both these results are robust when we repeat the analysis
relying on different years and pools of subjects.

We then derived a theoretical framework assessing how individual time preferences may affect do-
nation. We build a simple intertemporal model where we have considered that donating may increase
utility both through the concurrent channel coming from the joy of giving and through the delayed chan-
nel arising from the pure altruism; in addition, we have taken into account the willingness to preserve
own consumption above a certain level. Thus, in this model what matter is the temporal distance be-
tween the benefits that accrue to the receiver, and the benefits accruing to the donor at the time of the
donation. The model results suggest that at lower levels of impatience the effect of time preference on
donation may be ambiguous, but then it is negative at higher discount rates. These results would remain

valid even if we had assumed that the effects of both motives would occur in both periods (as long as
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the joy of giving motive is relatively more relevant in the present), and different discount rates apply to
future consumption (Dreber et al. 2016; Ebert and van de Kuilen 2015).

While the empirical results are robust across different years and pool of individuals, a causal inter-
pretation of the results need caution as the existence of an unobservable factor might render spurious
the effect of impatience. For example, it may be the case that individuals with very high discount rates
may also be the one with lower trust on charitable organizations. Although it is not possible to com-
pletely rule out this unobservable factor, we believe that our results are nevertheless informative for two
reasons. On the one hand, our results remain always stable when changing a variety of parameters, i.e.
the year of the analysis, the pool of subjects as well as the dependent variable. In addition, our empir-
ical investigation controlled for many relevant individual characteristics, some of which — due to data
constraints — are often unobservable outside the laboratory (e.g. income and risk aversion). On top of
that, our results are also consistent with previous experimental research highlighting a non-monotonic
relationship between the level of impatience and the probability of donating (e.g. Angerer et al. 2014).

Nevertheless, we need to acknowledge that an unobservable factor may indeed play a role. Despite
so, we believe that the robustness of our findings highlight that individual parameters and attitudes
have an important impact, in addition to tax incentives, on altruistic behaviors. In particular, our main
result highlights that impatience plays an important role in decreasing the probability of donating, thus
confirming and complementing previous experimental results. Our analysis has focused on time pref-
erence, but the dataset and the methodology that we have used is suited to explore in further research
the role of other individual preference parameters, such as risk aversion, thus enriching the empirical

comprehension of donation drivers.
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A Proofs

A.1 Proof of Lemma1l

Proof. We rewrite the two first order conditions with respect to ¢ and a, where we have incorporated the

budget constraint: d = (14 7)(y —c —a).

=5 = WO - U@+ =0 (14)
cpaz%lj = a<7+£p> v’(a)—(l—oc)ii;u/(d):0 (15)

By using (14), we can rewrite Eq. (15) as:
" (7 4 &)) o'(a) — (1 —a)u'(c) = 0 (16)

These conditions implicitly define the solution c*,a* at interior solution, i.e. when a* > 0 and d* > k. In

order to determine the effect of p on a*, we use the implicit function theorem in two dimensions:

dc* oD, (c*,a*)
do | _ _pgr(-1) 9
da* 0D, (C* a*)
dp op

where the matrix H is defined as:
0D (c*,a*) 9D, (c*,a*)

H= ac da
oD, (c*a*)  0D,(c*,a*)
Jc da

We compute the following derivatives of ®, and ®, with respect to a and ¢, assessing their sign based

on assumptions on u(-), v(+) and on parameters.

oD, - " (1 + r)z "

5 = (1—a)u”(c)+ (1 —n) T+p u"(d) = <0 (17)
0o, (1+ 7)2 7

o = (-0 o d = <0 (18)
a;za = —(1—-a)u’(c) = >0 (19)
aé(l /!

= a (fy + 1;’?{)) 0" (a) = <0 (20)
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We also compute the derivative of ®. and ®, with respect to p

od, 147 p

% = {1o) (1—a)u'(d) = >0 (21)
o®, B ¢ /

o (X(l +p)2v (a) = <0 (22)

Since we need to evaluate derivatives in {c*,a*}, we can use Eq. (15) to rewrite (21) in interior solution

as:

oD (c*,a*) w ¢ > o
el cwrwy <7+1+p (@) = >0 (23)

The inverse of matrix H is hence given by:

1 b, 9,
-1 __ da da
detH | oo, o0,
dc dc

From the system (17)-(20), it can be seen that:

9P, 9D, 9D, 9P,

det H" = dc oa da dc

>0

Strictly concavity of u(-) ensures that H is invertible and, together with the strictly concavity of v(-),
detH > 0.

We can then obtain that dc* /dp > 0 since:

oc* 1 0P, 00, 9P 0D,
_ _ 24
op det H < doa dp da dp ) >0 @4)
The sign of da* /dp is ambiguous, since:
da* 1 0P, 0D, 0D 0D, <
dp  detH <_ dc dp dc dp > 50 29)
It holds that
da* . 0P, 0D, 0P, 0D,
— 2
30 <0 iff ac ap 3c ap >0 (26)

Plugging (19), (23), (17), and (22) into (26), after some algebraical computations and simplifications we
get Condition (10):

da* e Y 147 \? u"(d*)
< =<
<0 < (1357) e 27
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Under CRRA utility function: u(x) = x!=%/(1 — ) with 6 > 0, it holds that:

M”(d) B <C*> 140 (28)
w'(c) e g \d*
E 1+P 1/6 (29)
d c*,d* 1+7r

where (29) follows from the first order condition (8).
By using (28) and (29) in Condition (27) we get condition (11).

The logarithmic case, i.e.: #(x) = In(x) can be obtained analogously or by taking the limit for 6 — 1
in Condition (11). In particular, since in the logarithmic case u”(d)/u"(c) = [(1+p)/(1 +7)]?, the
Condition becomes v < ¢, as in Condition (12).

It can be also proved that d* is unambiguously decreasing in p. From the budget constraint d* =

(14 7r)(y — c¢* —a*)we have

od* __(ac* aa*) 1 (acpa D, 9D dD, oD, oD, 9D, 8%)

ap 8p+$ ~ detH \ oa d da dp  oc dp ac dp

After some algebraical computations and simplifications we get

od* B <8c* oa*

1 /! "
50~ |3t ap> = qorgg @ @00+ 7+ )+ (1 -a)y(1+p)" ()] <0 (30)

A.2 Proof of Lemma 2

Proof. Since d* is decreasing in p, for p sufficiently high (o > p), the minimum consumption requirement

k is met, i.e.: d = k. The objective function becomes:

(1 —a)u(c) +ayd'(a) + 1}_{) [(1—a)u(k+ apv(a)]

By replacing c from the budget constraint: ¢ = y —a — k/(1 + r), the objective function can be derived

only with respect to a. We get the first order condition:

Y =—(1-a)u(c)+av'(a) [W} =0 (31)
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By applying the implicit function theorem in one dimension we have that:

da* aal
P
—_% (32)
dp o
It holds:
@+ [T < 3
¥ %
E _(1+¢p)zvl(a)<0 o

Plugging (33) and (34) into (32), it follows that % < 0.
The threshold level p is the level of p that satisfies Eq. (15) when d = k and a, = y — % —

w1 [%u/(k)}:

L—au'(k) ¢+7
Yoo v’ (ag) v

(35)

p:

The threshold p is increasing in y and r and is decreasing in the altruism parameters «, 7, ¢ and in
k. The economic intuition are the following: p is higher if income relative to the minimum consumption
level is higher because it is easier to afford a consumption above the minimum level. Similarly, p is higher
if the interest rate is higher so that less savings are necessary to afford the same level of consumption in
the future. As far as the altruistic parameters are concerned, an increase in their value implies a lower
p because an increase in altruistic parameters implies a shift toward donation in the trade-off with own
consumption, but this reduction in consumption makes the minimum consumption constraint more
likely to be binding.

As ay decreases with p, for high p, it reaches 0 and any further increase in p has no longer effect given
the non-negativity constraint.

Hence to summarize when p > p, we have da*/dp < 0. O
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This table reports the marginal effects of a two-limit Tobit model. The dependent variable is the discount

Table 2: BASIC PROBIT MODEL
The dependent variable is a dummy variable (i.e. Donation) equal to 1 if the individual donated in year 2012, and

zero otherwise.

Coeff  Margins Coeff  Margins Coeff  Margins
a a b b c c
Impatience  -1.516%** -0.233*** 2.722* 0.046 5.825 0.242
(0.502) (0.077) (1.617) (0.121) (3.659) (0.235)
Impatience? -16.631%** -51.151
(6.114) (36.584)
Impatience3 84.993
(87.901)
Constant -1.331%** -1.426%*** -1.451%**
(0.060) (0.070) (0.076)
Log-likelihood -1443 -1443 -1440 -1440 -1439 -1439
Observations 2975 2975 2975 2975 2975 2975

Notes: * denotes p < 0.10,** p < 0.05 and **p < 0.01

Table 3: Estimation of the Generalized Propensity Score (GPS)

rates in 2012. Descriptions of the regressors are available in Table(1).

Variable Coef. Std. err
Risk Tolerance,, -0.007*  (0.004)
Education,y, -0.004*  (0.002)
Family Size,, 0.016***  (0.004)
Female -0.013*  (0.007)
Age.n, 0.001***  (0.000)
Family Income Holders,,, -0.021***  (0.005)
House Property.y, -0.014**  (0.007)
Single, 0.021*  (0.011)
Divorced,, 0.023* (0.012)
Widow,y, 0.043***  (0.010)
Log Income,, -0.023***  (0.004)
Employed,y, 0.017*  (0.009)
Constant 0.234***  (0.040)
Sigma 0.142**  (0.003)
Log-likelihood -188

Observations 2975

Notes: * denotes p < 0.10,** p < 0.05 and **p < 0.01
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Table 4: Balance of covariates for the GPS

This table illustrates the results for test of the balancing properties. Observations are first divided into three “treatment” groups according to

the actual level of the discount rates: [0, 0.035], [0.035, 0.125] and [0.125, 0.3]. In addition, within each group, observations are divided into five

blocks according to the estimated GPS (see Table (5)). For each variable, we then compare the equality of covariates between units who belong

to the the treatment interval of the HHI, and units that are in the same GPS interval but belong to another treatment interval. The balancing

property has been tested using a standard two-sided t-test. There is strong evidence against the balancing property when 1.96 < t < 2.576.

Group 1: [0,0.035] Group 2: [0.035,0.125] |  Group 3:[0.125,0.3]

Mean Std t-test | Mean Std t-test | Mean Std  t-test
Risk Tolerance,, 0.047 0.028 1.658 | -0.055 0.031 -1.767 | 0.018 0.039 0.457
Education,, -0.023 0.053 -0.432 | 0.059 0.066 0.892 | 0.064 0.074 0.857
Family Size,, 0.064 0.046 1.400 | -0.059 0.048 -1.227 | 0.001 0.058 0.009
Age, 0.108 0.511 0.212 | -0.658 0.559 -1.177 | 0.227 0.673 0.337
Family Income Holders,,, 0.021 0.024 0.869 | 0.005 0.029 0.190 | -0.002 0.034 -0.072
House Property, -0.004 0.015 -0.273 | 0.005 0.017 0.295 | 0.013 0.019 0.702
Single,, 0.003 0.011 0.249 | 0.003 0.012 0.249 | -0.004 0.015 -0.275
Divorced,y, -0.004 0.010 -0.399 | 0.002 0.011 0.150 | 0.000 0.013 0.004
Widow -0.004 0.013 -0.314 | -0.023 0.015 -1.537 | 0.023 0.014 1.601
Log Income,, -0.039 0.027 -1.446 | 0.030 0.033 0.919 | 0.096 0.035 2.719
Employed,, -0.008 0.018 -0.436 | 0.006 0.019 0.336 | 0.020 0.024 0.846

Table 5: CELL SIZE FOR MEAN COMPARISON OF TREAT AND CONTROL UNITS

Block  Group1 Control 1

Group 2 Control 2 Group 3  Control 3

1 290 543 191 440 109 885
2 290 256 191 414 109 573
3 290 289 191 381 109 458
4 290 211 191 430 109 300
5 290 200 191 328 108 188
Total 1449 1499 955 1993 544 2404

Groups are generated according to three cutpoints of discount ratio in 2012 (i.e. 0.035, 0.125 and 0.3),
whereas blocks are generated according to the quintiles of the GPS evaluated at the median treatment
intensity for each group. The sum of observations over blocks in a group yields the total number of
observations in that group. The sum of observations in a group with observations from the respective
control group yield the total number of observations in the common support region.

Table 6: ESTIMATION OF THE DOSE-RESPONSE FUNCTION FOR THE PROBABILITY OF DONATING
The dependent variable is a dummy variable (i.e. Donation) equal to 1 if the individual donated in 2012 and zero otherwise.

Notes: * denotes p < 0.10,** p < 0.05 and **p < 0.01

Variable Coeff Std Error
Impatiencespi 14.779 (10.322)
Impatience22012 -192.272%** (74.364)
Impatience32012 387.144**  (158.668)
Gps 8.628*** (1.704)
Gps? -4.973%** (1.182)
Gps® 0.785*** (0.233)
Gps-Impatienceyio 0.493 (2.042)
Constant -4.114%** (0.517)
Log-likelihood -1396

Observations 2948
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Figure 3: Elicitation of Discount rates
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Figure 6: COMMON SUPPORT OF THE GENERALIZED PROPENSITY SCORE
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Figure 7: DOSE-RESPONSE AND TREATMENT-EFFECT FUNCTION FOR DONATION (PROBABILITY)
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Figure 8: DOSE-RESPONSE AND TREATMENT-EFFECT FUNCTION FOR DONATION AMOUNT
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Figure 9: DOSE-RESPONSE AND TREATMENT-EFFECT FUNCTION FOR DONATION (2010)
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