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Introduction

Donations comprise a substantial fraction of household expenditures. In the United States, individual donations to charity and to political causes account for more than 2% of GDP (Giving USA,
2018; Federal Electoral Commission, 2017). These two types of giving, political and charitable,
have a lot in common. For example, whereas a minority of very large donations might exert some
influence, a typical donation from an individual is virtually never large enough to be influential
on its own. Furthermore, those who donate to charity are also more likely to donate to politics
than those who do not (Yörük, 2015), suggesting that there might be a common motive behind
both types of donations. Nonetheless, there is little research on the relation between charitable
and political giving. In this paper, we fill this gap by studying whether other-regarding preferences
could drive both.
Understanding whether there is a common rationale behind charitable and political giving can
shed light on an open question in the social sciences: why do people give money to political campaigns? For charitable giving, decades of research finds that its leading drivers are other-regarding
preferences, such as impure altruism or warm-glow (e.g., Andreoni, 1989). In the case of political
donations, however, there is still no such consensus. Some scholars propose that political donations,
even small ones, are driven by strategic incentives (Bouton et al., 2018). Others argue that they
fulfill a consumption role (Ansolabehere et al., 2003). We provide a new approach to answering this
research question: if political and charitable giving satisfy the same needs, individuals will behave
as if charitable and political giving are substitutes, and increased donation in one type will crowd
out donations in the other domain.
We investigate the relationship between political and charitable giving via a set of online experiments and using observational data on charitable donations to the American Red Cross (ARC)
and data on political donations from the Federal Election Commission (FEC). First, we recruited
3000 subjects on the online platform Mechanical Turk and elicited preferences towards i) donating
to ARC, ii) donating to political candidates, or iii) keeping the money for themselves. We then
randomly assigned them to a “charitable information” condition where they were reminded of the
mission of ARC, or a “political information” condition where they were reminded of the importance
of upcoming elections, or to a “no information” control where they received no information, and
re-elicited their preferences. We find strong support that, relative to the no information condition,
those who received a message about the ARC increased their charitable giving, and decreased their
2

political giving, with charitable giving going up by 4.58 pp and political giving going down by 1.82
pp. Similarly, those who were assigned to the “political information” treatment increased political
giving by 2.47 pp, and decreased charitable giving by 1.69 pp. In two follow-up experiments, we
show that these findings generalize to two alternate charitable organizations, the American Cancer
Society and Feeding America. These results are consistent with the hypothesis that political and
charitable donations are close substitutes.
While the experiments provide a clear understanding of the relationship between political and
charitable donations, they may at the same time lack external validity. The experimental estimates
of elasticity of substitution could also be very different from those in real life. We next take our
hypotheses to observational data from ARC and FEC.

1,2

Note that these two giving categories

are roughly comparable in magnitude: donations for disaster relief average $1.2 billion per year
(Rooney, 2018), while individual contributions to political campaigns average $1.55 billion per year
(Federal Electoral Commission, 2017). We use data on natural disasters outside of the United States
as an unexpected shock to the need for charitable giving. Foreign natural disasters are unlikely to
directly impact the financial means of U.S. households of giving. On the other hand, these disasters
receive media coverage in the United States (Eisensee and Strömberg, 2007).3 Consistently with
anecdotal accounts (Schwab, 2010; Rooney, 2018), we find that the increase in charitable giving is
concentrated in the six weeks after a large foreign natural disaster hits. In our data, we estimate
that in the six weeks following a large foreign natural disaster, donations to the American Red Cross
increase by 28.9% (p-value less than 0.001). At the same time, consistent with our experimental
1

A number of reasons make the Red Cross an almost ideal case for our investigation. First, American Red Cross is
the largest (by income) non-religious disaster-relief organization. We do not think the charitable organizations which
focus on a narrower domain (e.g., combating cancer, alcoholism, drug abuse) can be a good testing ground, as it is
not clear what kind of shocks drive their donations. In the observational analysis, to study the relationship between
political and charitable donations, we make use of informational shocks that shift the price of giving to politics or
charity. Ideally, these shocks should create a need to donate in a timely manner, arrive on a somewhat frequent
basis to create enough time-series variation, and should not impact the ability of giving by the donors. The arrival of
natural disasters outside of the U.S. as information shocks is suitable because disaster response (unlike other causes
such as raising funds to cure cancer or ending hunger) requires timely response from donors, receives ample media
coverage to generate a response from the donors, and does not correlate with the ability of giving of the donors. We
also do not anticipate religious charitable organizations to provide a good testing ground because they may draw
donations from a small set of individuals who regularly donate as they attend to, say, church services, rather than
donating based on a need or informational shocks. Second, we would like to use data from a charity with a high name
recognition (Briones et al., 2011), but not close to one of the political parties, and out of those ARC is probably the
most recognizable one. Among the organizations that provide disaster relief, American Red Cross is the largest by
the number of donations and revenue and is listed to be highly recognized by donors (see e.g. Charity Navigator
2020).
2
We also have access to limited data from the Catholic Relief Services (CRS). When we use data from the CRS,
we find qualitatively similar results.
3
Information about natural disasters can serve as a reminder to give money to disaster relief, similar to reminders
for loan repayments (Cadena and Schoar, 2011; Karlan et al., 2012).
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results, we estimate a 7.4% decline in political donations during the period following foreign natural
disasters (p-value less than 0.001). Put differently, we find that an increase in charitable donations
crowds out political donations by a factor of around 0.26 (=

7.4%
28.9% ,

p-value less than 0.001).

To rule out some alternative explanations, we conduct several robustness tests. First, we use
the timing of the natural disasters as a falsification test in an event-study fashion and show that
charitable and political giving do not change during the weeks prior to the disaster. We also find
that the effects of disasters on placebo outcomes (individuals’ spending on retail, groceries, and
lottery tickets) are close to zero and mostly precisely estimated. We did not find any evidence of
political ads responding to natural disasters. Our findings remain robust to using different time
periods of data and different definitions of natural disasters.
Next, we study a shock in the opposite direction: does charitable giving decline after a positive
shock to political giving? We use spatial differences in political ads as generating quasi-random
heterogeneity in the attractiveness of political giving. Just like natural disasters, political ads can
act as reminders of political giving or increase the salience of the need for political contributions.
To isolate exogenous variation in political advertising, we follow the identification strategy from
Spenkuch and Toniatti (2018) and Shapiro (2018), exploiting sharp geographic discontinuities in
advertisement markets. Specifically, we match counties across the boundaries of Nielsen’s Designated Market Areas (DMAs).4 Two households that are in close proximity and similar in observable
characteristics can receive different numbers and types of political ads if they are located on opposite sides of a DMA boundary. Because advertising spending is fixed within DMAs, but varies
between them, we can identify and isolate political information shocks.
We analyze the effects of political ads using month-level data, and pair every county to their
neighboring county across the DMA boundary. We find that political ads positively affect political
giving: 100% increase in spending on political ads increases political donations by around 9.07% (pvalue<0.001) relative to its paired county across the DMA boundary. Consistent with experimental
results, we find that a 100% increase in spending on political ads leads to a decrease in charitable
giving by around 0.77% (p-value=0.044). In other words, we find that an increase in political
donations crowds out charitable donations by a factor of 0.08 (=

0.77%
9.07% ,

p-value 0.052).

These results survive a number of robustness checks. For example, we use the timing of advertisement spending as a falsification test in an event-study fashion. Despite changes in political and
4

Note that DMA boundaries are set in advance, independently of political races, and each has access to identical
cable channels and identical advertising.
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charitable giving right after a political ad, there is no such effect in the weeks prior to the ad. Also,
using micro-data on solicitation mailings from the ARC, we show that the decline in charitable
giving is not driven by a decline in outreach efforts by the charity.
Overall, the results from the experiments and observational data imply that charitable and
political giving are substitutes. Our preferred interpretation of these results is based on otherregarding preferences; some individuals feeling a warmglow from making charitable and political
contributions, as alternative ways to help society. When one way becomes more attractive, it
crowds out the other way.5 Note that throughout the paper we mostly rely on the data from ARC
as an example of a large charitable organization with high brand recognition. We show that the
results for other charities, such as American Cancer Society, Feeding America, and Catholic Relief
Services are qualitatively consistent with the results from the Red Cross. Based on these findings,
we argue that our results are likely to be generalizable to other charities which do not hold strong
connections to political parties.6
Our findings have some implications for policy makers and for researchers. One implication
for policy makers is that policies designed to restrict or promote political donations might have
consequences for charitable giving. For example, relaxing caps on individual political contributions
could crowd out some charitable contributions. Thus, these unintended effects should be taken
into account when comparing the costs and benefits of these policies. Another implication for
researchers is that shocks to one type of donation may be used as a source of exogenous variation
in studying the effects of other types of donations. As a proof of concept, we measure the effect
of political contributions on electoral outcomes using natural disasters as a source of exogenous
variation in contributions. We find that, consistent with the logic in Ansolabehere et al. (2003), a
decline in small, individual contributions improves the electoral prospects of incumbents. On the
one hand, the finding that additional spending can reduce, rather than exacerbate, the incumbency
advantage in the U.S. is also consistent with Petrova et al. (2019). On the other hand, this finding
contrasts with that of Avis et al. (2017), who show that after a policy change to limit campaign
spending in Brazil, political competition increased by creating a larger pool of candidates, which
5

Moreover, our results may suggest that individuals have a mental account for giving that encompasses both
charitable and political giving (Thaler, 1985, 1999; Hastings and Shapiro, 2013).
6
We expect the results from ARC to generalize to non-political charitable organizations for a number of reasons.
First, American Red Cross is the largest (by income) non-religious disaster-relief organization. It is also the largest by
the number of donations and is listed to be highly recognized by donors (see e.g. Charity Navigator 2020), implying
that donations to ARC capture the donation preferences of a large number of individuals. Moreover, it is not close to
one of the political parties, making the results less organization- or ideology-specific and more generalizable to other
organizations.
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also reduced the incumbency advantage.
Our paper is related to a literature on the determinants of charitable and political giving. The
literature on charitable giving emphasizes the role of other-regarding preferences such as altruism
(Andreoni, 1989; Ottoni-Wilhelm et al., 2017; Becker, 1974; Gee and Meer, 2019) and warm-glow
(Andreoni, 1989).7 For political donations, however, there is no comparable consensus on the drivers
of giving. Some studies attribute political donations to instrumental motives such as to influence
the policies that benefit the donors the most (Snyder Jr, 1990; Grossman and Helpman, 1996; Mian
et al., 2010; Bouton et al., 2018). Other studies claim that individual donations to politicians are
driven by a consumption motive (Ansolabehere et al., 2003). We contribute to this literature by
showing that individuals view political and charitable giving as substitutes. This finding suggests
that other-regarding preferences, which have an important role in driving charitable giving, may
also have an important role in driving political donations.
The two closely related papers are Bertrand et al. (2018) and Yörük (2015). Bertrand et al.
(2018) show that charitable giving can be used as a means of political influence. For example,
grants given to charitable organizations in a congressional district increase when that district’s
representative can influence relevant policies (e.g., by sitting on certain committees). Bertrand
et al. (2018) also explore a connection between charitable giving and political giving, though the
connection runs in the exact opposite direction. In other words, while Bertrand et al. (2018) shows
that large charitable donations are sometimes used to influence politicians, our results are consistent
with some small donors giving to political campaigns for the feel-good effect.
To the best of our knowledge, Yörük (2015) is the only other study that investigates the relationship between charitable and political donations.8 Studying household surveys of donations between
1990 and 2001, the author uses variations in income and itemized deductions in taxes across states
to identify the relationship between charitable and political giving. Author concludes that these two
types of donations are complementary, documenting that charitable donors are more likely to give
7
These theories suggest that charitable giving is a feel-good consumption item. There are, of course, other
documented reasons why individuals give to charity, such as peer pressure (DellaVigna et al., 2012; Andreoni et al.,
2017) and bragging rights (Glazer and Konrad, 1996; Harbaugh, 1998; Montano-Campos and Perez-Truglia, 2019).
Indeed, in addition to economics, giving is an important area of study in marketing and psychology (Jenni and
Loewenstein, 1997; List and Lucking-Reiley, 2002; Kogut and Ritov, 2005; Landry et al., 2006; Shang and Croson,
2006; Small et al., 2007; Small and Simonsohn, 2007; Alpizar et al., 2008; Liu and Aaker, 2008).
8
Our paper is also related to the literature on the relationship between political campaigns and non-political
expenditures, such as church donations (Hungerman et al., 2018) or commercial advertisements for consumer goods
(Moshary, 2020; Moshary et al., 2019). Some literature also suggests that there is a fixed “altruism budget” when
charitable donations and volunteering are taken into account (Andreoni et al., 1996; Brown et al., 2019).
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money to politics, using imputed household-specific tax rate as an instrument for charitable giving.
The main challenge for these results is that taxes could be associated with a host of unobservable
household-specific factors, such as wealth or altruism. Our study contributes to the literature by
advancing the causal identification and reaches exactly the opposite conclusion. In particular, in
three laboratory and two natural experiments, we show that charitable and political giving are
substitutes, not complements. Thus, our paper represents a reversal of the earlier findings in the
literature.
The rest of the paper is organized as follows. In Section 2, we provide a theoretical model to
explain the relationship between political and charitable giving. Next, in Section 3, we provide
experimental evidence for the relationship between political and charitable donations. Section 4
describes the data sources and Section 5 presents the effects of foreign natural disasters on charitable
and political giving using data from ARC. Section 6 discusses the effects of political ads on giving.
Section 7 presents robustness exercises. Section 8 discusses the interpretation and implications of
the findings and concludes.

2

A Simple Model of Donations

Consider the following constant elasticity of substitution (CES) utility function according to which
donors determine the optimal donation amounts:
max U (gc , gp ) = (

gc ,gp ,C

1
αc
αp
1
gcρ +
gpρ +
C ρ) ρ
αc + αp + 1
αc + αp + 1
αc + αp + 1

s.t. pc gc + pp gp + C ≤ B
where gc ≥0 is the amount of charitable giving, gp ≥0 is the amount of political giving, C≥0 is
other spending, and B > 0 is the budget of the donor. Each account of giving can yield more
utility depending on the relative salience of the need, which are defined by
importance of giving to charity,
1
αc +αp +1

αp
αc +αp +1

αc
αc +αp +1

for the relative

for the relative importance of giving to politics, and

for the relative importance of other consumption. We assume that αc , αp > 0. The prices

of each type of donation are pc > 0 and pp > 0 and are allowed to be the same or different. In this
utility expression, the magnitude of ρ indicates whether the donation amounts are substitutes or
complements. We will show that when ρ < 1, charitable and political giving are substitutes.

7

Proposition 1. When ρ < 1,
∂gc
∂αc

(i)

> 0 and

∂gp
∂αc

< 0. Moreover,

∂gp
∂αp

∂gc
> 0, ∂α
< 0. Put differently, an information shock to
p

political giving increases the donations to own-type of giving, but decreases donations to other-type
giving.
(ii)

∂C
∂αc

< 0 and

∂C
∂αp

< 0. A positive information shock to either type of donation decreases other-

type spending. Moreover,

∂gp
∂αc

<

∂C
∂αc

< 0 when

1

pp
αc

2

1
1−ρ

< 1, and

∂gc
∂αp

<

∂C
∂αp

when

1

pc
αp

2

1
1−ρ

< 1.

For a formal proof of this proposition, see Appendix B. The utility model above can explain
how each donation category responds to information shocks. Specifically, donations to political and
charitable giving increase with positive information shocks of own-type and decrease with positive
information shocks of the other type. While the model also predicts other type of spending to
respond to information shocks, the magnitude of these shocks can be much smaller relative to the
response in either type of donation, thus suggesting that people mostly think of different kinds of
donations as substitutes within this category of expenses. This is the key empirical prediction that
we are going to test empirically: information shock to a particular type of giving reduces donations
to other type giving without sizable effect for spending of the other kinds.

3
3.1

Experimental Evidence
Research Design

We start by running an experiment to investigate the relationship between charitable and political
donations. We recruited 3,000 subjects on Amazon’s MTurk. First, all MTurkers were asked to
allocate a $1 bonus to one of three conditions: keep to self, donate to a Republican or Democratic
candidate, or donate to the American Red Cross as the charity. After this first elicitation, we
notified the subjects that they may be randomly selected to receive a message, and then we randomly
assigned them with equal probability to one of three treatments: No Info (respondents were told
they were not selected to receive a message and asked to proceed with the survey), Charitable
Information (i.e., a message stressing the importance of the work done by Red Cross), and Political
Information (i.e., a message stressing the importance of the upcoming elections in the state of
Georgia Senate race in 2021). We then re-elicited their spending choices.

8

The experiment ran between December 11th to December 24th, 2020. The survey was advertised as a 5-minute survey about donations. Participation in the MTurk Survey was restricted
to respondents located within the U.S., who self-reported to be U.S. citizens and over 18 years
old. The median respondent took about 3 minutes to complete the survey. Towards the end of
the survey, we introduced an attention check, similar to the one used in Bottan and Perez-Truglia
(2017). A total of 99% of the respondents passed the attention check. After removing those who
failed the attention check, we ended up with 2980 subjects. The payment scheme was on par with
other MTurk surveys (Bottan and Perez-Truglia, 2020). Participants received a fixed fee of $0.5
for participation. The researchers made contributions in the amounts chosen by the respondents
to political candidates and to charity, therefore there were no deception.

3.2

Results

We next present the experimental results. We test for the following hypotheses: (i) relative to
the No Information group, charitable donations in the Charitable Info group will increase, and
the political giving will decrease (ii) relative to the No Info group, in the Political Info group the
political donations will go up and the charitable giving will go down.
Table 1 shows balance in baseline characteristics by treatment group. Column (1) corresponds
to the average characteristics for the whole subject pool, while columns (2) through (4) present
the pre-treatment characteristics by respondents that were randomly assigned to the No Info,
Charitable Info, and Political Info treatment groups, respectively. Column (5) reports the p-values
for the test that the average of each characteristic is equal across these three treatment groups. The
results show that, consistent with a successful random assignment, individuals were balanced in
their observable characteristics across treatment groups, with the exception that the likelihood of
being married and having children being marginally statistically different.9 According to Table 1,
50% of the subjects were female, the average age was 40, 47% (24%) self-identified as a Democrat
(Republican). 73% (19%) of the subjects indicated that they donated to political (charitable)
campaigns over the past 12 months.
In Figure 1, we present the changes in the donation amount under each treatment condition.
Panels (a) and (b) provide a test for our first hypothesis: relative to the “No Info” group, those who
received a message about American Red Cross increased their charitable giving and decreased their
9

These two characteristics being significant out of the twelve tested is consistent with spurious correlation.
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political donations, calculated as the percent change with respect to the first time. In terms of the
magnitudes, relative to the no-info condition, the Charitable Info treatment increased charitable
giving by 4.58 pp (panel (a)) and decreased political giving by 1.82 pp (panel (b)). We interpret
this finding as implying that each additional dollar in charitable giving crowds out roughly 40
cents (=

1.82
4.58 )

of political giving (p-value<0.001) – i.e., they are seen as close substitutes. Panels

(c) and (d) demonstrate a similarly strong crowd-out of charitable giving for people exposed to
political information. Relative to the No Info group, in the Political Info treatment, there was
a statistically significant (p-value<0.001) increase in political donations. Relative to the No Info
condition, Political Info treatment increased political giving by 2.47 pp (panel (c)) and decreased
charitable giving by 1.69 pp (panel (d)), indicating that each additional dollar in political giving
crowds out roughly 68 cents (=

1.69
2.47 )

of charitable giving – once again, suggesting that the two

types of donation are close substitutes, consistent with our second hypothesis.
Table 2 reports the OLS specifications to estimate the effect of treatments with different sets
of controls. In all specifications, we control for the initial (i.e., pre-randomization) allocation
to improve power (McKenzie, 2012). Columns (1)–(3) report the benchmark estimates of the
treatment effects on charitable giving (column (1)), political giving (column (2)) and consumption
(i.e., amount that participants allocated to themselves, in column (3)). The dependent variables are
measured in percentage point units, taking the value 0 if a subject decided to allocate 0 cents for a
corresponding category and 100 if the subject allocated the whole dollar to the corresponding
category. On average, respondents split the dollar in 19.92 pp for charity, 11.95 for political
donations to a party of their choice, and 68.12 pp for consumption. The results suggest that the
charitable info treatment increased charitable giving by an average of 4.3 pp, which was “financed”
by a decrease of 1.769 in political giving and a decrease of 2.538 in consumption. In other words,
the charitable shock crowded out political giving, but it crowded out consumption too. In turn, the
political info treatment increased political giving by 2.415 pp, which was “financed” by a decrease
of 1.812 in charitable giving and decrease of 0.603 in consumption. Put differently, the political
giving shock crowded out charitable giving much more strongly. In what follows, we will describe
the results pertaining to additional experiments we ran with other charitable organizations.

10

3.3

Replication with Other Charitable Organizations

To test the generalizability of our results to other charitable organizations, we replicated the experimental design described in Section 3.1 with two alternative organizations: American Cancer
Society, that raises funds to aid cancer patients and to their families, and Feeding America, that
provides food aid to families with low income. We chose these organizations because both are
among the largest organizations by revenue, operate nationally, and are well-known, allaying the
concerns that individuals may hesitate to donate due to lack of familiarity with the organization.
We recruited participants online on Amazon’s Mechanical Turk (MTurk) with the same fee structure described in Section 3.1. Likewise, the researchers made donations in the amounts chosen by
the respondents to political candidates and to the relevant charities, implying that there was no
deception. The first experiment ran between January 4th to January 6th, 2021, and the latter ran
between January 5th to January 6th, 2021. Both experiments were advertised as a 5-minute survey
about donations. The median respondent took about 4 minutes to complete the survey in both.
The design was the same as in the main experiment, with the difference that participants were
given the choice to donate to the charity selected for their respective experiment (i.e., American
Cancer Society and Feeding America, respectively, in each experiment). As before, participants
under the Charitable Information condition received a note about the importance of the work of the
relevant charity (see Appendix C for the information provided under this condition). These results
are summarized in columns (4)-(9) of Table 2 and are consistent with the results for American Red
Cross described earlier: charitable information treatment reduced donations to politics (columns 5
and 8), while political information treatment reduced donations to corresponding charity (columns
4 and 7). We discuss these results in more details in sections A.1 and A.2 in the Appendix, see also
Figures A.1 and A.2.
While suggestive, the experimental evidence has some limitations. However useful, laboratory is
a low-stakes and artificial setting, so it is not fully clear if people would behave in the same way with
larger stakes and in a natural environment. Thus, in the next sections, we provide evidence from
two natural experiments that complements the experimental evidence we present. While causal
identification in natural experiments necessarily rely on some assumptions, it nevertheless makes
up for it by providing a high-stake, lab-free, natural environment to test the relationship between
political and charitable giving.

11

4

Natural Experiments: Data

We will next describe the natural experiments we used to test the relationship between political
and charitable donations, starting with describing the data sets and variable definitions used in the
analysis.
Charitable Contributions from American Red Cross. We use proprietary data from the
American division of the Red Cross (RC). RC is a humanitarian organization that provides emergency assistance, disaster relief, and disaster preparedness education in the United States and
abroad. The dataset consists of records of individual donations made to the organization, with
donor information anonymized. For each donor, we have data on their zip code, the date, and
amount of donations, as well as any appeals or fundraising materials sent to them by RC. The data
is available for 2006-2011.
Political Contributions. Political contributions data set comes from the Federal Elections
Commission (FEC). The data are available at the individual level and the name and addresses
of the individuals are listed, along with the date of the donation. We aggregate the data at the
county level. The contributions are recorded and made public when an individual’s contributions
(over single or multiple giving occasions) exceed $200. Regulation requires all donations of $200
and above to be reported by political candidates, while donations below $200 are reported only on
a voluntary basis, and most of them are not reported. In the analysis, we check if our results are
robust to looking at donations from a specific subcategory, including below $50, $50-$200, $200$1000, $1000-$3000, $3000-$5000, above $5000. We collected the data for 2001-2014, though the
majority of our analysis is carried out for the period 2006-2011, since this is period over which
charitable giving data is available.
Foreign Natural Disasters. Since domestic disasters may result in negative economic shocks
and therefore influence one’s income and ability to donate, we focus on the information shocks
associated with disasters that took place outside of the United States. We collect data on those
disasters using the International Disasters Database (EM-DAT).10 We focus on large disasters,
defined as those resulting in 300 or more deaths, however, we also carry out robustness checks
with other fatality thresholds. Various disasters such as earthquakes, floods, storms, and volcano
10

According to the site, the database includes all disasters starting from 1900 until the present, conforming to at
least one of the following criteria: 10 or more people dead; 100 or more people affected; the declaration of a state of
emergency; or a call for international assistance.
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eruptions are included in the data. Throughout the analysis, we also provide controls for tropical
storms, originated abroad but affecting the US directly (hits of homeland) or indirectly (close call,
Mexico, Cuba, Haiti, Dominican Republic, Puerto Rico, Bermuda).
Political Advertising. The data for political advertising is obtained from Wisconsin Advertising Project (for years before 2010) and its successor Wesleyan Media Project (for the 2010 and later
years). We refer the reader to Fowler et al. (2015) for a detailed description of the data (as well as
basic descriptive statistics). The source for this ad data is Kantar Media/CMAG. Kantar Media
is a commercial firm, which specializes in providing detailed, real-time tracking information to corporate and political clients. These tracking data represent the most comprehensive and systematic
collection on the content and targeting of political advertisements. The data include two types of
information. First, frequency information tells when and where ads aired. It contains precise and
detailed information on the date, time, market, station, and television show of each airing. Also,
the cost of ads is reported. After receiving the data from CMAG, the Wesleyan Media Project
processes and codes the ad tracking data from all 210 media markets in the United States. Project
staff records the entity responsible for airing each political spot, distinguishing between those paid
for by candidates, parties, and interest groups. Finally, the Wesleyan Media Project codes the
content of each ad on an extensive battery of questions.11 This data is available for 2004-2012,
excluding 2006.
Retail Spending.

We use the Retail Scanner data of Nielsen, provided by University of

Chicago’s Kilts Center, to investigate the spending on other items for consumers. The data include
purchases from all Nielsen-tracked categories, including food, nonfood grocery items, health and
beauty aids, and select general merchandise. The data represent approximately 40,000 - 60,000 US
households that continually provide information about the makeup of their households, the products
they buy, as well as when and where they make purchases. The Retail Scanner Data consist of
weekly purchase and pricing data generated from participating retail store point-of-sale systems in
all US markets. Data include from approximately 35,000 grocery, drug, mass merchandiser, and
other stores. Products from all Nielsen-tracked categories are included in the data, such as food,
nonfood grocery items, health and beauty aids, and select general merchandise.
Appendix A.3 provides detailed summary statistics on all the variables used for the analysis.
11

We also tried to use the full Kantar database to identify Red Cross TV ads. However, we identified only 76
instances of ARC ever running those ads on TV in some media markets.
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5

The Effects of Foreign Natural Disasters

In the first natural experiment, we test how charitable and political donations respond to foreign
disaster information shocks. Foreign disasters arrive unexpectedly, receive media coverage in the
U.S., and therefore act as reminders for the need to donate to disaster relief. More importantly,
these disasters take place in other parts of the world, so they are unlikely to impact donors’ financial
means of giving directly. We use the following specification:
+0/+6

Yc,t = α1 · It

è

+7/+8

+ α2 · It

−2/−1

+ α3 · It

é

+Xc,t β + ǫc,t

(1)

The dependent variable Yc,t stands for either the total contributions to the Red Cross in county
c and week t, or the corresponding total contributions to political campaigns. These dependent
variables can take the value of zero, so we use inverse hyperbolic sine transformation instead of the
logarithmic function (Burbidge et al., 1988) – as discussed subsequently, our results are robust to
alternative specifications.
+0/+6

The binary variable It

takes the value of 1 during the week of the disaster t and the

following 6 weeks, thus α1 captures the effect of a natural disaster on giving. We use a window of 6
weeks after the disaster because of the abundant anecdotal evidence that the effects of disasters on
donations are concentrated in that time period. For example, Schwab 2010 claims that “disaster
donations are typically (...) made within the six weeks following a disaster.” And Rooney (2018)
also argues that “most Americans who donate to support disaster relief (...) make these donations
within six weeks of a big disaster.”12 To assess whether this time window is appropriate, we include
+7/+8

the binary variable It

, which takes the value 1 during the seventh and eight week after the

disaster. Thus, α2 measures if there are any substantial effects beyond the initial 6 weeks. Lastly,
−2/−1

It

takes the value 1 during the two weeks before the start of the disaster. The coefficient α3

provides an event-study falsification test, by measuring if there are any differences in contributions
right before the disaster hits. If the timing of the disasters is truly exogenous, we should expect α3
to be zero. And, for illustrative purposes, Figure 2, panel (a), presents a timeline for the foreign
disasters on a weekly basis.
12
This anecdotal evidence is also consistent with the findings from Eisensee and Strömberg (2007) that news media
keep reporting about major foreign disasters during 40 days after the events, thus there are several reasons to consider
the window of 6 weeks. In Section 7.3, we show that the results are robust to post disaster window definition being
slightly longer or shorter.
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Xc,t is a vector of control variables: month-of-the-year dummies, year dummies, the time until
the next election (to control for the fact that donations to politics are more likely to arrive closer
to the election date), the number of mailings sent out by the Red Cross in the previous weeks (for
charitable giving specifications), and county fixed effects.13 To take into account that the shock is
essentially the same within every week, but standard errors within state might be correlated, we
use two-way clustering by week and state.
+0/+6

The effects on charitable donations are presented in Table 3. The coefficient on It

from

column (1) suggests that the charitable donations to RC increase by approximately 28.9% during the
6 weeks following a disaster. This effect is statistically significant at 1% level. In column (2), we add
−2/−1

the variable It

+0/+6

for the event-study falsification test. The coefficient on It

remains almost

the same in terms of its magnitude and statistical significance. On the contrary, the coefficient on
−2/−1

It

is closer to zero and is statistically insignificant. This evidence supports the premise that

the timing of the disasters is indeed as good as random. Column (3) also includes the variable
+7/+8

It

. The coefficient on this variable is smaller and statistically insignificant, indicating that,

consistent with the anecdotal accounts, the effects on charitable contributions are concentrated in
the first six weeks after the disaster hits.14
In turn, columns (4)–(6) of the table show that the foreign natural disasters have a negative and
+0/+6

significant effect on political contributions. The coefficient on It

from column (4) indicates

that, in the six weeks after a disaster hits, there is an average decline in political giving of 7.4%. The
−2/−1

coefficients on It

from columns (5)–(6) show that there are no pre-trends: these coefficients

are closer to zero and statistically insignificant. Overall, the results in columns (4)–(6) show that
natural disasters negatively affect political donations, suggesting that charitable donations crowd
out political donations. In sum, Table 3 indicates that the foreign natural disasters increased
RC donations but at the same time decreased political giving. We can combine the estimates to
quantify the degree of crowd out. The estimates presented above imply that charitable donations
crowd out political donations by a factor of 0.26 (=

7.4%
28.9% ).

We also estimate p-value (<0.001) and

13
Note that the variation in key variable of interest (dummy for the weeks right after disasters) comes at the weekly
level, and there is no cross-sectional variation in this variable. Thus, unfortunately, we can’t use week fixed effects,
as those would be perfectly collinear with our variable of interest. Accordingly, we double cluster standard errors by
state (to account for potential spatial correlation) and week (to take into account that disaster shock is the same for
the whole country). Alternatively, in what follows we present the results of time series analysis with all political and
charitable contributions collapsed to the country level.
14
Note that we include a separate control for tropical storms close to the United States, which could affect the
United States directly. Our results are robust to the exclusion of these controls, see Table A.7, or to repeating the
analysis using only observations without zero donations (Table A.17).
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confidence intervals (95% confidence interval is [0.192; 0.298]) for this elasticity using seemingly
unrelated regressions approach.15
Next, we discuss a number of additional robustness checks. One potential concern is that
an unobservable factor drives both the reduction in income and, thus, spending across all giving
and consumption categories. To rule out this confounding, we conducted a series of “placebo”
tests with expenditures in other categories unrelated to giving. Our main placebo outcome is
based on retail expenditures, using data from Nielsen at the county-level. The results for this
outcome are summarized in Table 4. The coefficients for Nielsen expenditures are positive but not
statistically significant. The point estimate ranges from 0.0051 to 0.0063. Based on these numbers
and corresponding 90% confidence intervals, we can rule out negative effects of up to 0.0027. This
is consistent with negligible effect of disasters on overall patterns of retail spending. In sum, the
evidence is not consistent with a simple budget constraint explanation, as otherwise disasters would
lead to a decrease in other spending.
Note that political donations are typically larger in size than charitable donations, at least in
our data. In Figure 3, we report the results for disasters affecting donations separately for different
amounts, for those below $50, $50-$200, $200-$1000, $1000-$3000, $3000-$5000, and above $5000.
Our results seem to be the strongest for donations above $200 and below $3000. We generally
expect our results to be stronger for smaller donations, as those are closer to typical political
donations. However, per FEC guidelines, political candidates are required to itemize only political
contributions over $200. Donations below $200 are voluntarily reported, and the data for many of
these donations is missing, thus these results should be interpreted with caution. Nevertheless, with
all the caveats above, our coefficients are negative and significant at 10% level even for donations
$50-$200.16
Appendix A and Section 7 present a number of additional robustness checks. We show that
the results are robust when using time series data instead of county-level data (Section 7.1) and
show falsification tests based on two additional placebo outcomes that are available for the time
series specification but unavailable for the county-level dataset (spending in lottery tickets and
an additional measure of retail spending). And we show that the results are robust to a number
of changes to the baseline specification, such as excluding the number of RC mailings from the
15

More specifically, we use delta method for non linear combination of parameters following seemingly unrelated
regressions estimation and its nlcom implementation in STATA.
16
We also estimated our specification for donations to Political Action Committees, and the results (reported in
Figure A.3) look qualitatively similar, but noisier. See subsection 7.6 for more details.
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set of control variables (Appendix A.9), looking at the extensive vs. intensive margins (Appendix
A.5), using alternative fatality thresholds for the definition of large natural disasters (Appendix
A.6), excluding specific years from the time frame (Appendix A.7) or extending the time period of
analysis for political donations (Appendix A.10), using a different time window after the disaster
hits (Section 7.3), looking separately at contributions to Democratic and Republican campaigns
(Appendix A.8), and exclusion of county-weeks that have zero donations (Appendix A.9). We also
report the detailed results for the various donations amounts reported in Figure 3 (Appendix A.14).

6

The Effects of Political Advertising

Next, we carry out a similar exercise using political advertising as an information shock. Unlike
natural disasters, spending on political advertising, and its consequent political information shocks,
are endogenous. A host of correlated unobservables may determine both the advertising spending
and political contributions within a county. Thus, we cannot just interpret any OLS relationship
between political advertising and different kinds of donations as causal evidence.
To address the identification issue, we use the fact that, since FCC gives local broadcasting
licenses at the DMA level, a large number of ads are purchased at the DMA level (Goldstein
and Freedman, 2002). DMAs do not follow administrative and political maps, but are rather
determined according to the television stations a consumer of cable or satellite dish has access to
(Shapiro, 2018).17 As a result, households within the same DMA are exposed to similar TV content
and ads. The cross sectional variation due to discontinuous boundaries of DMAs allow individuals
across DMA boundaries to be exposed to different frequency of political ads, resulting in a quasirandom source of variation in the political ads. For illustrative purposes, Figure 2.b presents a
map (reproduced from Spenkuch and Toniatti (2018)) with the DMA and county boundaries for
the state of Illinois.
We focus on monthly, not weekly, data for two reasons. First, and most importantly, campaign
ads have high degree of auto-correlation in weekly data. Thus, we cannot argue that political
ads constitute abrupt information shocks, as we could for natural disasters. Second, while some
papers suggest that the impact of campaign advertising effect is short-lived (Gerber et al., 2011),
others argue that some dynamic effects can last for six weeks (Hill et al., 2013), with Urban and
17

Please see Shapiro (2018) and Spenkuch and Toniatti (2018) for details on the historical development of DMAs.
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Niebler (2014), similar to us, using monthly frequency, thus using monthly data seems to follow
the pre-existing practices.
We match counties across DMA boundaries based on their distance and then run a first differences regression, regressing donations on advertising spending.18 We then run a first differences
model with the outcome variable ∆Y representing the difference between the total political contributions between the county pair pc in month t. We look at the dollar values of ads expenditures,
employing logarithmic sine transformation, as we do with donations variables:19

+0/+1

∆Ypc,t = α1 ∆Log(Dpc,t
+0/+1

∆Log(Dpc,t

−1
) + α2 ∆Log(Dpc,t
) + θ∆Xpc,t + ǫpc,t

(2)

) represents the difference in the total political advertising spending between the

counties in pair pc in the first month following month t. Similar to (1), we also include the
−1
falsification term ∆Log(Dpc,t
), corresponding to a shock happening in the future. Xpc,t is a vector

of control variables that includes county pair, year, and month-of-the-year fixed effects.

20,21

The results from this specification are presented in Table 5. Columns (1) and (2) show that
political ads positively affect political donations, with the estimates for α1 ranging from 0.091
to 0.092: i.e., if the difference in political ads expenditures goes up by 10%, the corresponding
difference in political donations across DMA border is 0.9%. This estimate is consistent with
the relatively low persuasion rates reported in the studies of political advertising (e.g., Spenkuch
and Toniatti, 2018). The ads aired in the future do not affect current political (column (2))
or charitable (column (4)) donations. Next, we also observe that political ads negatively affect
charitable donations (columns (3) and (4)). The magnitude of the effect implies that 10% increase
18

In particular, for each county pair that does not belong to the same DMA, we take all possible county pairs that
share the same border and, for political donations, belong to the same Congressional district. The identification here
assumes that, had the DMA boundary not fallen between the two counties for quasi random reasons, orthogonal
to the dynamics of political/charitable donations, they would be exposed to identical political advertising. This
methodology has been adopted by others before us (e.g., Shapiro, 2018).
19
Since there is considerable variation in the prices of advertising between TV channels, day time vs. prime time
advertisement options, and from one TV show to another within a given channel, we use dollar spending (as opposed
to the number of ads aired or gross rating points) to better approximate the number of individuals which are exposed
to the information shock. Typically, these two variables show a strong positive correlation.
20
Note that an alternative way to implement border discontinuity analysis is estimating the panel specification at
the county-month level, with county-pair fixed effects. A potential problem with this approach is counting several
counties multiple times, as they repeat in multiple county-pairs as the best matching county to other counties.
Spenkuch and Toniatti (2018), for example, implemented this alternative approach, and, correspondingly, had to use
some of their counties several times in their estimation. We chose the first difference model as a more conservative
approach, where every county-pair enters the estimation exactly once.
21
We alternatively control for county-pair-year and month fixed effects in Table A.19 in the Appendix for robustness.
Unfortunately, we cannot control for county-pair-month fixed effects as this is our unit of observation.
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in the difference in political ads expenditures across the border leads to 0.77% decrease in charitable
donations differential.
In sum, the results from Table 5 indicate that political ads increase political giving and decrease
charitable giving. Moreover, we combine the estimates to quantify the degree of crowd out. The
estimates presented above imply that political donations crowd out charitable donations by a factor
of 0.08 (=

0.77%
9.07% ).

This crowding out factor is smaller than the corresponding estimate reported

based on the natural disasters, but still in the same order of magnitude.22 We also estimate p-value
(0.052) and confidence intervals (95% interval being [-.0007; 0.146]) for this elasticity value using
seemingly unrelated regressions approach.
In columns 5-6 of Table 5, we also estimate the impact of political ads on disaggregated retail
expenses from Nielsen. We find that, consistent with the results for natural disasters, retail expenses
do not negatively respond to political ads. The coefficient for the cross-border difference in political
ads is 0.00046 for Nielsen expenditures in column (5), which is close to zero, statistically insignificant
and also precisely estimated. As a result, we can rule out the negative effects of up to 0.22% decline.
For sake of comparison, our baseline coefficients from columns (1) and (3) imply effects of 9.2%
and 0.73% on political giving and charitable giving, respectively.
In Section A, we show that the results are robust to small changes in the estimation window size
(Subsection 7.4). Also, we explore whether the results are partially due to a strategic response from
the Red Cross – i.e., the organization could have anticipated that increased political advertising will
steal donors’ attention away or will reduce individuals’ budget for giving and, as a result, reduce
the number of solicitations they send. We show that the data does not support that mechanism
(Subsection 7.5).
22
There are at least two potential reasons why this ratio is different from the ratio for foreign natural disasters.
First, the nature of the shocks is different, for instance, since political ads are anticipated to some extent. Second,
Red Cross contributions could be more sensitive to major TV events compared to political donations, thus the impact
of shocks could be asymmetric.
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7

Additional and Robustness Checks

7.1

Time Series Analysis (Effect of Disasters & Other Spending Placebos)

As an alternative to the county-level results, we estimate the following time-series specification:
+0/+6

Yt = α1 · It

è

+7/+8

+ α2 · It

−2/−1

+ α3 · It

é

+Xt β + ǫt

(3)

The dependent variable Yt stands for either the total contributions to the Red Cross in week
t or the total contributions to political campaigns. In the time series dataset, there are no zero
observations, thus we can use the logarithm of contributions as the dependent variable. The binary
+0/+6

variable It

takes the value of 1 during the week of the disaster t and the following 6 weeks.
+7/+8

The binary variable It
−2/−1

The variable It

takes the value 1 during the seventh and eight week after the disaster.

takes the value 1 during the two weeks before the start of the disaster. Xt is

a vector of control variables: month-of-the-year dummies, year dummies, and time until the next
election (to control for the possibility that donations to politics are more likely to arrive closer to
the election date).
The time series results are presented in Table 6. The results for charitable donations are reported
in columns (1)–(3), and the results for political donations are reported in columns (4)–(6). Column
(1) suggests that the charitable donations to RC increase by approximately 39.7% during the 6
weeks following a disaster. This effect is statistically significant at 1% level. In column (2), we add
−2/−1

the variable It

+0/+6

for the event-study falsification test. The coefficient on It

remains almost

the same in terms of its magnitude and statistical significance. On the contrary, the coefficient on
−2/−1

It

is closer to zero and is statistically insignificant. This evidence supports the premise that

the timing of the disasters is indeed as good as random. Column (3) also includes the variable
+7/+8

It

. The coefficient on this variable is smaller and statistically insignificant, indicating that,

consistent with the anecdotal accounts, the effects on charitable contributions are concentrated
in the first six weeks after the disaster hits. In sum, columns (1)–(3) show that foreign natural
disasters constitute a positive shock to domestic charitable donations.
In turn, columns (4)–(6) of Table 6 show that foreign natural disasters have a negative and
+0/+6

significant effect on political contributions. The coefficient on It
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from column (4) indicates

that, in the six weeks after a disaster hits, there is an average decline in political giving of 15.3%.23
−2/−1

The coefficients on It

from columns (5)–(6) show that there are no pre-trends: these coefficients
+7/+8

are closer to zero and statistically insignificant. The coefficient on It

from column (6) indicates

that the effects on political giving are also concentrated in the six weeks after the disaster hits.
Overall, the results in columns (4)–(6) indicating that natural disasters negatively affect political
donations suggest that charitable donations crowd out political donations.
Using the time series dataset, we can also look at two additional placebo outcomes that are not
available for the county-level dataset: a second retail spending index (Redbook) and spending on
Mega Millions lottery.
Redbook Retail Index. Johnson Redbook index data come from the website tradingeconomics.com and include measures of sales growth in the U.S. retail sales. The index is based
on the sales data of around 9,000 large general merchandise retailers representing over 80% of the
equivalent official retail sales series collected and published by the U.S. Department of Commerce.24
Lottery Purchases. We gather data on lottery purchases from lottoreport.com, which summarizes the total Mega Millions lottery sales from the states GA, IL, MD, MA, MI, NJ, NY, OH,
TX, VA and WA. Spending on lotteries are informative in an additional way relative to spending
on retail in that since these purchases are hedonic in their nature.
The placebo tests for the above two outcomes, as well as that for the aggregate spending data
from Nielsen, are presented in Table 7. There is not a significant decrease in these expenses
following foreign natural disasters, since all the coefficients in the table are positive rather than
negative, though not statistically significant. Based on these numbers, we can rule out negative
effects of up to 1.7% decrease (for lottery tickets), 0.02% (retail expenses based on Redbook), or
0.62% (retail expenses based on Nielsen). While the results with lottery tickets are noisier and,
therefore, should be interpreted with caution, the null effects for the latter two outcomes are quite
precise and resemble precisely estimated zeroes. These findings are consistent with the claim that
crowding out of one type of donations by another type is unlikely to be explained by a simple
budget constraint story (in fact, as we discuss below, a more likely explanation for the observed
substitution is warm-glow as a common motivation for some people to donate, or mental accounting
of setting a shared budget for political and charitable donations).
23

A potential threat for this specification is a domestic politician using foreign natural disasters to raise funds, such
as emphasizing the benefits of the policies he or she is advocating. However, since the indirect effect of disasters on
political donations is negative, this story is not consistent with data.
24
Source: https://tradingeconomics.com/united-states/redbook-index
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Table A.18 replicates columns 4-6 of Tables 3 and 6, but includes a longer time period over
which the data on political donations is available. The results are larger in magnitude compared
to those in the original tables but are consistent with them.

7.2

25

Political Ads and Natural Disasters

Table 8 reproduces the main results on disasters, but using political ads as the dependent variable.
More specifically, we test whether political ad spending responds to foreign natural disasters. We
find that neither of the effects in Table 8 are significant for the first 8 weeks after a disaster, and,
if anything, the coefficients of interest are positive rather than negative. Thus, this relationship,
if any, is unlikely to explain why political donations respond to natural disasters. The most likely
reason for this null finding is that political ads are paid months in advance, and it is difficult
for candidates/parties to adjust the purchased times/time slots in response to unexpected foreign
disasters.

7.3

Post-Disaster Window

Tables 9 and 10 show the robustness of the charitable donation results to small changes of one to
two weeks in the definition of post-disaster window. Qualitatively, our results are robust to these
small changes.

7.4

Alternative Time Windows for the Political Ads

Table 11 reproduces the main results on political advertising, but considering alternative windows
after political ads were aired. To make small modifications to the estimation window, we go back
to weekly data, focusing on the 8 weeks after ads were aired in our baseline specification (whose
+0/+8

results were reported in Table 5). Specifically, estimated model is ∆Ypc,t = α1 ∆Log(Dpc,t
−2/−1

α2 ∆Log(Dpc,t

+0/+8

) + θ∆Xpc,t + ǫpc,t , where ∆Log(Dpc,t

)+

) is the difference in logged political ad
−2/−1

spending between the county-pair pc in the following 8 week period and ∆Log(Dpc,t

) is the

difference in logged ad spending in the previous two weeks period. We also report the results for 7
and 9 week windows. The results are qualitatively robust while the magnitudes are smaller. This
25

Note that the time-series and county-level results should not necessarily be equal in magnitude because of countylevel heterogeneity in size and treatment effects.

22

is mostly due to the fact that the dependent variable is constructed at weekly, rather than monthly
level.

7.5

RC Mailings as Dependent Variable

It is plausible that the substitution between political and charitable donations is due to a change
in the donation solicitation strategy of ARC in periods and regions of political races, rather than
donor motivations. In Table 12, we estimated specification (2) using the number of charitable
mailings sent by ARC in the as the dependent variable. We find that, ARC had higher, rather
than lower, mailing activity with higher political ads, with an elasticity of mailings with respect
to political ad spending estimated at 4.1% (significant at 1% level). Therefore, a change in the
solicitation strategy of ARC driving the substitution results is not consistent with what the data
show. If anything, these results indicate that our estimates in Table 5 would be biased downward.

7.6

Donations to Political Action Committees (PAC) and non-PAC Committees

In our benchmark specification, we focus on donations from individuals to political candidates, however, a number of donations are made to Political Action Committees (PACs) and other committees.
Because donations to PACs are subject to different regulations than donations to candidates, we
do not expect individuals to view the two types of donations the same. Individuals with strategic
motivations may choose to donate to PACs since there are fewer restrictions on PAC donations, and
therefore such donations may not respond to disaster information shocks like individual donations
do. We use data on contributions to PACs from Bonica (2019) (for details see Bonica (2014)) and
replicate specification 1, where the left hand side is now contributions to PACs. We also replicate
our baseline analysis, using (non-representative) data on individual donations below $200.
Table A.23 summarizes the results of these checks. Panel A reports the results for all political
donations to candidates, altogether (column 1) or separately for donations below $50, $50-$200,
$200-$1000, $1000-$3000, $3000-$5000, above $5000 (columns 2-7). These results repeat those
reported in Figure 3 and are largely consistent with our baseline results (Table 3). Panels B-D of
the table repeat the exercise for all political committees (Panel B), PACs (Panel C), and non-PAC
committees (Panel D). We see that the coefficient for column 1 for the dummy for the 6 weeks
following the natural disaster is negative and statistically significant at the 5% level across all the
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specifications where the total amount is on the left-hand side. The magnitude of the coefficient is
also consistent across all the specifications. We also run this specification breaking down by donation
brackets (i.e., below $50, $50-200, $200-1000, $1000-3000, $3000-5000, and above $5000). For sake
of illustration, we also report the corresponding coefficients of interest (α2 ), as well as their 90%
and 95% confidence intervals in Figure A.3. We cannot reject the null hypothesis that there was no
change in political donations to various political committees in the six weeks following the natural
disaster for any amount of donation but for the $1000-3000 bracket, where the point coefficient is
around -0.05. Therefore, it is likely that the donations to political committees (including PACs)
are have different motives than individual donations, such as influencing policy outcomes, as noted
by Bertrand et al. (2018).

7.7

Catholic Relief Services Data

Finally, to test the robustness of our findings, we replicate our key tables using proprietary data
from the Catholic Relief Services (CRS). CRS is an international humanitarian agency of the
Catholic community in the United States whose aim is to provide relief at times of disaster, civil
conflict, and disease and poverty. While its aid efforts resemble that of ARC, CRS is different
in its denominational nature and religious affiliation. Therefore, it is not clear ex ante if our
findings can generalize to an organization such as CRS. Table A.24 presents the results from CRS,
running specification 1, similar to Table 3. The coefficient on I +0/+6 from column (1) suggests that
the charitable donations to CRS increase by approximately 12.4% during the 6 weeks following a
disaster and this effect is significant at 5% level. In column (2), we add the variable I −2/−1 for
the event-study falsification test and the coefficient on I +0/+6 remains very similar in magnitude.
The coefficient on I −2/−1 is close to zero and is statistically insignificant, suggesting again that
the timing of the disasters is indeed as good as random. In column (3), the coefficient on the
+7/+8

variable It

is smaller, however significant, indicating that, while charitable contributions are

concentrated in the first six weeks, at least for some types of donations, some intertemporal shift
in giving may be possible. These results should be interpreted with caution, since in contrast to
ARC, we do not know much about the data generating process for CRS. Regardless, the results
using CRS data are largely consistent with the results using ARC data.
Second, we also relate CRS data to political ads (Table A.25). Our results are consistent with
the results reported in columns (1) and (2) of Table 5, as political ads seem to significantly decrease
24

donations to CRS. Point estimate is 0.012, which is smaller than the results using ARC data, but
consistent with CRS data set being noisier and more patchy compared to ARC data. Overall, the
results in Tables A.24 and A.25 suggest that our results are not stylized facts only relevant to ARC
donations and are likely to be generalizable to number of other disaster relief charities.

8

Discussion and Conclusions

In this paper, we provide evidence that individuals see political donations and charitable donations
as substitutes. Using data from the American Red Cross and the Federal Election Commission, as
well as from experiments, we show that foreign natural disasters can act as information shocks to the
need for charitable giving and thus decrease political contributions, and that political advertising
can act as information shocks to the need for political contributions and thus decrease charitable
donations. In other words, we provide evidence that political and charitable giving crowd out each
other.
Our findings have implications for our understanding of the motivations behind political donations. Economists and political scientists have studied individual motivations for giving to politicians. The literature from these research studies remains inconclusive. A large part of the literature
either assumes or argues that campaign contributions are made with some instrumental motivation
to influence policy outcomes. For small donations, however, the possibility of influencing a politician’s policy position is practically impossible and thus this instrumental channel seems puzzling.
Instead, our evidence supports the view that political donations are driven by other-regarding preferences. In the words of (Ansolabehere et al., 2003, pg.118): “political giving should be regarded
as a form of consumption not unlike giving to charities, such as the United Way or public radio.”
Our preferred interpretation for our results is that both forms of giving can be partially motivated by warm-glow for some people. A pure altruism explanation as a common motivation is
not consistent with the observed pattern of substitution, since disaster-driven donations increase
the victims’ welfare, but do not help politicians, and conversely, donations that reward domestic politicians do not increase the welfare of victims of a natural disaster taking place in another

25

country. Warmglow, the feel-good effect of giving, can explain the observed substitution pattern.26
Therefore small political donations, for some individuals, may be driven by the same motivations
that drive charitable giving.
An alternative explanation is budget constraint considerations. If budget is a binding constraint
for individuals, after making one type of donation, they may be inclined to spend less on other
goods and services, including on other donations. However, a budget constraint explanation would
imply that budget is a binding constraint for an average donor. Moreover, placebo estimates for
disaggregated consumer expenditures from Nielsen, as well as county-level results for Redbook retail
index and lottery ticket expenses, seem to argue against this possibility.
The evidence from American Cancer Society, Feeding America, and Catholic Relief Services
suggest that our results are generalizable to a number of charitable organizations and causes.
Notice, that we cannot fully rule out the possibility of information shocks increasing donations
to some charities, at the expense of others. However, even though the composition of charitable
giving across various organizations may be influenced by natural disasters or political ads, it is
unlikely that the total amount of non-political charitable giving would go down after disasters (or
go up in places with more exposure to political ads), given the evidence we provide for multiple
charitable organizations. It is also possible that people just shift the timing of their donations,
rather than changing the composition of their donations. Our experimental results speak against
this possibility since we see evidence of substitution even though thee subjects participated in the
experiment only once.
Our findings are important as they show that policies aimed at promoting or restricting one
type of donation could have unintended consequences for other type of donations. For example,
relaxing restrictions on campaign contributions could unintentionally result in lower charitable
contributions. For fundraisers in the political and charitable sectors, our findings suggest that
26
A number of studies provide empirical evidence that charitable giving is motivated by warmglow (Andreoni, 1989,
1995; Crumpler and Grossman, 2008). Similarly, DellaVigna et al. (2016) provide evidence that voting in elections
is motivated by warmglow: an individual’s desire to broadcast having taken an action. Such intrinsic motivations
can also drive giving to political candidates because of the feel-good effect on the donor. Since charitable and
political donations are imperfect substitutes, we can conclude that not all charitable or not all political donations
are motivated by warmglow, but some are. People use both types of contributions to satisfy their other-regarding
preferences, and allocate their resources between the two under a budget constraint. As a result, a shock to the
“emotional attachment” to a specific cause (such as a natural disaster or a political ad) motivates individuals to make
a larger donation to this cause and a smaller donation to the alternative cause. Another model that can explain our
results is mental accounting (Thaler, 1985, 1999; Hastings and Shapiro, 2013). If charitable and political giving are
bucketed under the same mental account, increased giving in one donation category would disproportionately crowd
out other donation categories, such as charitable giving.

26

charitable organizations may expect electoral cycles to affect their fundraising efforts as political
advertisements and campaigns encourage individuals to make political contributions. Similarly,
disaster shocks could have implications for aggregate political donations over the course of the
campaign.
Researchers can use our results on the substitutability between political and charitable giving
for identifying the causal effects of donations and related policies on other outcomes. In Appendix
A.13 we provide a proof of concept by using foreign disasters to measure the effects of campaign
donations on electoral outcomes. The results suggest that higher campaign contributions hurt,
rather than help, the electoral prospects of the incumbents. Future research can utilize this proof
of concept to study the impact of various policies regarding political or charitable donations on
other outcomes of interest.
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counterparts, respectively. Panels (c) and (d) show the distribution of changes in political and charitable giving if given additional political information in

(b) show the distribution of changes in charitable and political giving if given additional charitable information in comparison with their no additional information

Notes: The panels show the results of the experiment described in Section 3 using American Red Cross as the source of charitable organization. Panels (a) and
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Figure 1: Results from the Experiment in Histograms (American Red Cross)
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b. Counties and Media Markets in the State of Illinois

boundaries for counties and media markets in the state of Illinois, as well as the cities with a population of more than 100,000.

while the lighter red bars indicate that there had been a disaster in recent weeks. Panel (b) is a reproduction from Spenkuch and Toniatti (2018). It shows the

Notes: Panel (a) shows the weekly time series of large foreign natural disasters in 2000-2014. The darker red bars indicate that there was a disaster in that week,

a. Large Foreign Natural Disasters over Time

Figure 2: Institutional Context for the Natural Experiments
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than $5000 respectively. The regressions are reported in Panel A, Table A.23 in the Appendix.

run by different dollar amounts of donations, where the regressions include individuals that donate less than $50, $50-$200, $200-$1000, $3000-$5000, and more
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Figure 3: Individual donation sensitivities to disaster, by political donation amount

Table 1: Summary Statistics and Randomization Balance for Experiment (American Red Cross)
All

Information Treatment

(1)

(2)
None

(3)
Char.

(4)
Pol.

(5)
p-value

Female (=1)

0.50
(0.01)

0.52
(0.02)

0.51
(0.02)

0.49
(0.02)

0.48

Age (in years)

40.03
(0.23)

39.95
(0.39)

39.69
(0.40)

40.47
(0.41)

0.39

Democrat (=1)

0.47
(0.01)

0.46
(0.02)

0.47
(0.02)

0.47
(0.02)

0.72

Republican (=1)

0.24
(0.01)

0.25
(0.01)

0.22
(0.01)

0.23
(0.01)

0.29

White (=1)

0.75
(0.01)

0.75
(0.01)

0.74
(0.01)

0.76
(0.01)

0.54

African-American (=1)

0.10
(0.01)

0.11
(0.01)

0.10
(0.01)

0.09
(0.01)

0.23

Hispanic (=1)

0.05
(0.00)

0.04
(0.01)

0.05
(0.01)

0.05
(0.01)

0.75

Asian (=1)

0.10
(0.01)

0.09
(0.01)

0.10
(0.01)

0.09
(0.01)

0.71

Married (=1)

0.44
(0.01)

0.47
(0.02)

0.43
(0.02)

0.42
(0.02)

0.06

Has Children (=1))

0.46
(0.01)

0.48
(0.02)

0.43
(0.02)

0.47
(0.02)

0.09

Char. Don. in Past 12 Months (=1)

0.73
(0.01)

0.73
(0.01)

0.73
(0.01)

0.73
(0.01)

0.96

Pol. Don. in Past 12 Months (=1)

0.19
(0.01)

0.18
(0.01)

0.19
(0.01)

0.20
(0.01)

0.64

Observations

2,980

994

996

990

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. The table summarizes the characteristics of

subjects in the American Red Cross experiment described in Section 3. First column demonstrates the randomization
for all subjects, columns (2), (3), and (4) summarize characteristics of the subjects randomized into the “No Info,”
“Charitable Info” and “Political Info” conditions, respectively. Column (5) reports the p-value for the test that the
average of each characteristic is equal across these three treatment groups.
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19.92
2,980

4.307∗∗∗
(0.540)
-1.812∗∗∗
(0.441)
11.95
2,980

-1.769∗∗∗
(0.394)
2.415∗∗∗
(0.505)

(2)
Pol.

68.12
2,980

-2.538∗∗∗
(0.584)
-0.603
(0.552)

(3)
Cons.

18.83
1,025

3.284∗∗∗
(0.868)
-1.798∗∗
(0.787)

(4)
Char.

11.29
1,025

-1.412∗∗∗
(0.483)
1.392∗∗
(0.669)

(5)
Pol.

69.87
1,025

-1.871∗∗
(0.882)
0.405
(0.764)

(6)
Cons.

American Cancer Society

20.39
840

2.416∗∗∗
(0.715)
-1.942∗∗∗
(0.677)

(7)
Char.

9.95
840

-1.430∗∗∗
(0.514)
0.581
(0.670)

(8)
Pol.

(9)
Cons.

69.66
840

-0.986
(0.767)
1.361∗
(0.712)

Feeding America

results for the “Political Info” treatment relative to the “No Info” (control) condition.

the table reports the results for assignment to a “Charitable Info” condition relative to assignment to “No Info” (control) condition. The second row reports the

Society was the charity of choice, and columns (7) – (9) do the same for the experiment where the charitable organization was Feeding America. First row in

where American Red Cross was the charity of donation. Columns (4) - (6) follow the format of the first three columns for the experiment where American Cancer

in the experiments described in Section 3. Columns (1)-(3) report the change in charitable donations, political donations, and consumption (i.e., bonus kept)

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. The table summarizes the coefficients to political and charitable information shocks

Mean Dep. Var.
Observations

Political Info (=1)

Charitable Info (=1)

Treatment Dummies:

(1)
Char.

Red Cross

Table 2: Political and Charitable Information Shocks and Contributions (American Red Cross Experiment)

Table 3: Disaster Information Shocks, Charitable and Political Contributions
Charitable Contributions
(1)
(2)
(3)
I +0/+6

0.289***
(0.0884)

0.276***
(0.0925)
-0.0940
(0.126)

0.304***
(0.0922)
-0.0712
(0.124)
0.218*
(0.119)

-0.0741**
(0.0314)

-0.0711**
(0.0322)
0.0236
(0.0335)

-0.0722**
(0.0331)
0.0227
(0.0336)
-0.00800
(0.0325)

740,280
0.474
Yes
Yes
Yes
Yes
Yes
All

740,280
0.474
Yes
Yes
Yes
Yes
Yes
All

740,280
0.475
Yes
Yes
Yes
Yes
Yes
All

465,898
0.682
Yes
Yes
Yes
No
Yes
All

465,898
0.682
Yes
Yes
Yes
No
Yes
All

465,898
0.682
Yes
Yes
Yes
No
Yes
All

I −2/−1
I +7/+8

Observations
R-squared
County FE
Year FE
Month FE
Mailing Controls
Disaster Controls
Donations

Political Contributions
(4)
(5)
(6)

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard errors,
adjusted for clusters by state and week, in brackets. The dependent variable is aggregate Red Cross or political dona-

!

"

tions in a given county and week, transformed with inverse hyperbolic sine transformation (y = log x + (x2 + 1)1/2 ).
Political donations come from Federal Election Commission . Mailing controls include log of the numbers of mailings sent by Red Cross in the 3 months preceding donation and only apply to columns (1)-(3). The time period

I +0/+6 is a dummy, which equals 1 for the week of disaster and 6 weeks after that. I +7/+8 is a
dummy, which equals 1 for weeks 7 and 8 after the disaster, to allow for delayed effects. I −2/−1 is a dummy, which
in 2006-2011.

equals 1 for weeks 1 and 2 preceding the disaster, to check for (placebo) anticipation effects. We control for tropical
storms, originated abroad but affecting the US directly (hits of homeland) or indirectly (close call, Mexico, Cuba,
Haiti, Dominican Republic, Puerto Rico, Bermuda).
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Table 4: Disaster Information Shocks and Retail Expenditures
Retail Expenditures (Nielsen)
(1)
(2)
(3)
I +0/+6

0.00610
(0.00470)

0.00626
(0.00474)
0.00122
(0.00563)

0.00519
(0.00477)
0.000332
(0.00569)
-0.00832
(0.00533)

645,768
0.844
Yes
Yes
Yes
All
Yes

645,768
0.844
Yes
Yes
Yes
All
Yes

645,768
0.844
Yes
Yes
Yes
All
Yes

I −2/−1
I +7/+8

Observations
R-squared
County FE
Year FE
Month FE
Expenses
Disaster Controls

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard
errors, adjusted for clusters by week, in brackets. The dependent variable is aggregate retail expenses
in a given
!
"
county and week from Nielsen, transformed with inverse hyperbolic sine transformation (y = log x + (x2 + 1)1/2 ).

I +0/+6 is a dummy, which equals 1 for the week of disaster and 6 weeks after that. I +7/+8 is a dummy, which equals
1 for weeks 7 and 8 after the disaster, to allow for delayed effects. I −2/−1 is a dummy, which equals 1 for weeks 1
and 2 preceding the disaster, to check for (placebo) anticipation effects. We control for tropical storms, originated
abroad but affecting the US directly (hits of homeland) or indirectly (close call, Mexico, Cuba, Haiti, Dominican
Republic, Puerto Rico, Bermuda).
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Table 5: Political Ads, Donations, and Nielsen Retail Expenditures

∆LogD+0/+1

(1)
Political

(2)
Political

(3)
Charitable

(4)
Charitable

(5)
Retail

(6)
Retail

0.0922***
(0.0118)

0.0907***
(0.0119)
0.0125
(0.00959)

-0.00733*
(0.00374)

-0.00779**
(0.00375)
0.00148
(0.00337)

0.000468
(0.00158)

0.000523
(0.00153)
-0.000468
(0.000928)

7,075
0.876
Yes
Yes
Yes

7,075
0.876
Yes
Yes
Yes

19,690
0.589
Yes
Yes
Yes
Yes

19,690
0.589
Yes
Yes
Yes
Yes

7,075
0.823
Yes
Yes
Yes

7,075
0.823
Yes
Yes
Yes

∆LogD−1

Observations
R-squared
County Pair FE
Year FE
Month FE
RC Mailing

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard
errors, adjusted for clusters by state, in brackets. The results for political donations (columns 1 and 2) are estimated
for the set of counties within the same congressional district, but located on different sides of corresponding DMA
border. The dependent variable is the difference in aggregate political donations from FEC, charitable donations
from RC, and retail expenses from Nielsen between two counties across the border in the same period. Independent
variable is the difference in aggregate political ads expenditures across the border in the same month. The exact
+0/+1

specification run is ∆Ypc,t = α1 ∆Log(Dpc,t

−1
) + α2 ∆Log(Dpc,t
) + θ∆Xpc + ǫpc,t , with differences taken for variables

transformed with inverse hyperbolic sine transformation.
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06w1-11w40
32
300
Yes

(0.0995)

(0.0960)

06w1-11w40
32
300
Yes

0.0877
(0.127)

0.407∗∗∗

(2)

0.397∗∗∗

(1)

06w1-11w40
32
300
Yes

0.102
(0.128)

0.180
(0.112)

(0.103)

0.433∗∗∗

(3)

06w1-11w40
32
300
Yes

(0.0408)

-0.153∗∗∗

(4)

06w1-11w40
32
300
Yes

-0.0265
(0.0473)

(0.0405)

-0.156∗∗∗

(5)

Political

06w1-11w40
32
300
Yes

-0.0306
(0.0469)

-0.0511
(0.0434)

-0.163∗∗∗
(0.0419)

(6)

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard errors in parentheses. The dependent variables
are constructed with natural log transformation. Controls included: month fixed effects, year fixed effects, distance to elections. Time period is 2006-2011.
I +0/+6 is a dummy, which equals 1 for the week of disaster and 6 weeks after that. I +7/+8 is a dummy, which equals 1 for weeks 7 and 8 after the disaster, to
allow for delayed effects. I −2/−1 is a dummy, which equals 1 for weeks 1 and 2 preceding the disaster, to check for (placebo) anticipation effects. We control
for tropical storms, originated abroad but affecting the US directly (hits of homeland) or indirectly (close call, Mexico, Cuba, Haiti, Dominican Republic, Puerto
Rico, Bermuda).

Time Range
No. of Disasters
No. of Weeks
Disaster Controls

I −2/−1

I +7/+8

I +0/+6

Charitable

Table 6: Disaster Information Shocks and Contributions (Time Series)
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(1)

06w1-11w40
32
300
Yes

0.0326
(0.0269)

(2)

06w1-11w40
32
300
Yes

-0.0569
(0.0367)

0.0261
(0.0257)

(3)

06w1-11w40
32
300
Yes

-0.0559
(0.0365)

0.0123
(0.0300)

0.0279
(0.0271)

(4)

06w1-11w40
32
300
Yes

0.00324
(0.00221)

06w1-11w40
32
300
Yes

0.00240
(0.00244)

0.00351
(0.00218)

(5)

Retail-RedBook
(6)

06w1-11w40
32
300
Yes

0.00262
(0.00247)

0.00270
(0.00225)

0.00391
(0.00221)

(7)

07w1-11w40
25
248
Yes

0.00215
(0.00462)

07w1-11w40
25
248
Yes

0.000150
(0.00490)

0.00217
(0.00458)

(8)

Retail-Nielsen
(9)

07w1-11w40
25
248
Yes

-0.000293
(0.00493)

-0.00421
(0.00466)

0.00145
(0.00464)

call, Mexico, Cuba, Haiti, Dominican Republic, Puerto Rico, Bermuda).

to check for (placebo) anticipation effects. We control for tropical storms, originated abroad but affecting the US directly (hits of homeland) or indirectly (close

are constructed with natural log transformation.

I +0/+6 is a dummy, which equals 1 for the week of disaster and 6 weeks after that. I +7/+8 is a dummy,
which equals 1 for weeks 7 and 8 after the disaster, to allow for delayed effects. I −2/−1 is a dummy, which equals 1 for weeks 1 and 2 preceding the disaster,

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard errors in parenthesis. The dependent variables

Time Range
No. of Disasters
No. of Weeks
Disaster Controls

I −2/−1

I +7/+8

I +0/+6

Lottery

Table 7: Effect of Natural Disasters on Placebo Outcomes: Lottery and Retail Activity

Table 8: Political Advertising and Natural Disasters

I +0/+1

(1)
Political Ads

(2)
Political Ads

0.101
(0.138)

0.118
(0.212)
0.0504
(0.113)

7,075
0.872
Yes
Yes
Yes

5,401
0.883
Yes
Yes
Yes

I −1

Observations
R-squared
County Pair FE
Year FE
Month FE

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard
errors in parentheses. The dependent variables are constructed with natural log transformation. Controls included:

I +0/+1 is a dummy that
equals 1 if there was at least one natural disaster during the one month period following the disaster. I −1 is a dummy
month fixed effects, year fixed effects, distance to elections. Time period is 2006-2011.

which equals 1 for the one month preceding the disaster, to check for (placebo) anticipation effects. We control for
tropical storms, originated abroad but affecting the US directly (hits of homeland) or indirectly (close call, Mexico,
Cuba, Haiti, Dominican Republic, Puerto Rico, Bermuda).
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Table 9: Disaster Information Shocks and Charitable Contributions: Robustness to Window
Lengths (County Level)

I +0/+5

(1)

(2)

(3)
(4)
(5)
Charitable Contributions

0.232**
(0.0932)

0.215**
(0.0942)

0.248**
(0.0934)

I +0/+7

0.311***
(0.0888)
-0.0940
(0.124)

I −2/−1
I +6/+8

-0.0875
(0.124)
0.209*
(0.115)

0.298***
(0.0916)
-0.103
(0.125)

I +8/+8

Observations
R-squared
County FE
Year FE
Month FE
Mailing Controls
Disaster Controls
Donations

(6)

0.311***
(0.0913)
-0.0782
(0.125)

0.282**
(0.126)
740,280
0.473
Yes
Yes
Yes
Yes
Yes
All

740,280
0.473
Yes
Yes
Yes
Yes
Yes
All

740,280
0.474
Yes
Yes
Yes
Yes
Yes
All

740,280
0.474
Yes
Yes
Yes
Yes
Yes
All

740,280
0.474
Yes
Yes
Yes
Yes
Yes
All

740,280
0.475
Yes
Yes
Yes
Yes
Yes
All

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard
errors, adjusted for clusters by state and week, in brackets. The dependent variable is aggregate Red Cross donations

!

"

in a given county and week, transformed with inverse hyperbolic sine transformation (y = log x + (x2 + 1)1/2 ).
Mailing controls include log of the numbers of mailings sent by Red Cross in the 3 months preceding donation. There
are no observations with zero preceding mailings in the sample. The time period is 2006-2011.
which equals 1 from ith week after the disaster to j th

I i/j is a dummy,

weeks after that. I −2/−1 is a dummy, which equals 1 for weeks

1 and 2 preceding the disaster, to check for (placebo) anticipation effects. We control for tropical storms, originated
abroad but affecting the US directly (hits of homeland) or indirectly (close call, Mexico, Cuba, Haiti, Dominican
Republic, Puerto Rico, Bermuda).
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44

465,898
0.682
Yes
Yes
Yes
Yes
Yes
All

-0.0689**
(0.0313)

465,898
0.682
Yes
Yes
Yes
Yes
Yes
All

-0.0659**
(0.0317)
0.0259
(0.0333)

-0.0674**
(0.0316)
0.0230
(0.0334)

(6)

"

I −2/−1 is a dummy, which equals 1 for weeks 1 and 2 preceding the disaster, to check for (placebo) anticipation effects. We control for

I i/j is a dummy, which equals 1 from ith week after the disaster to

Rico, Bermuda).

tropical storms, originated abroad but affecting the US directly (hits of homeland) or indirectly (close call, Mexico, Cuba, Haiti, Dominican Republic, Puerto

j th weeks after that.

hyperbolic sine transformation (y = log x + (x2 + 1)1/2 ). The time period is 2006-2011.

!

in brackets. The dependent variable is aggregated political donations in a given county and week from Federal Election Commission, transformed with inverse

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard errors, adjusted for clusters by state and week,

465,898
0.682
Yes
Yes
Yes
Yes
Yes
All

465,898
0.682
Yes
Yes
Yes
Yes
Yes
All

0.0167
(0.0344)
-0.0404
(0.0290)

-0.0800**
(0.0321)

(5)

Observations
R-squared
County FE
Year FE
Month FE
Mailing Controls
Disaster Controls
Donations

465,898
0.682
Yes
Yes
Yes
Yes
Yes
All

0.0189
(0.0348)

-0.0722**
(0.0311)

(3)
(4)
Political Contributions

-0.0264
(0.0409)
465,898
0.682
Yes
Yes
Yes
Yes
Yes
All

-0.0753**
(0.0296)

(2)

I +8/+8

I +6/+8

I −2/−1

I +0/+7

I +0/+5

(1)

Table 10: Disaster Information Shocks and Political Contributions. Robustness to Window Lengths. (County level)
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23,754
0.784
Yes
Yes
Yes
Yes

0.00298
(0.00355)

0.0125***
(0.00148)

23,754
0.784
Yes
Yes
Yes
Yes

0.00435
(0.00357)

0.0111***
(0.00139)

(2)
Political

23,754
0.784
Yes
Yes
Yes
Yes

0.00987***
(0.00132)
0.00550
(0.00357)

(3)
Political

91,290
0.364
Yes
Yes
Yes
Yes
Yes

0.000871
(0.000846)

-0.000884***
(0.000186)

(4)
Charitable

91,290
0.364
Yes
Yes
Yes
Yes
Yes

0.000446
(0.000847)

-0.000568***
(0.000177)

(5)
Charitable

91,290
0.364
Yes
Yes
Yes
Yes
Yes

-0.000347**
(0.000170)
0.000151
(0.000844)

(6)
Charitable

14,871
0.817
Yes
Yes
Yes
Yes

0.000112
(0.000441)

0.000111
(0.000202)

(7)
Retail

14,871
0.817
Yes
Yes
Yes
Yes

0.000122
(0.000434)

0.000100
(0.000192)

(8)
Retail

14,871
0.817
Yes
Yes
Yes
Yes

0.000103
(0.000184)
0.000118
(0.000428)

(9)
Retail

"

"

+0/+8

differences taken for variables transformed with inverse hyperbolic sine transformation.

hyperbolic sine transformation (y = log x + (x2 + 1)1/2 ). The exact specification run is ∆Ypc,t = α1 ∆Log(Dpc,t

!

−2/−1

) + α2 ∆Log(Dpc,t

) + θ∆Xpc + ǫpc,t with

(y = log x + (x2 + 1)1/2 ). Independent variable is the difference in aggregate political ads expenditures across the border in 8 weeks, transformed with inverse

!

charitable donations from RC, and retail expenses from Nielsen between two counties across the border, transformed with inverse hyperbolic sine transformation

district, but located on different sides of corresponding DMA border. The dependent variable is the difference in aggregate political donations from FEC,

adjusted for clusters by state, in brackets. The results for political donations (columns 1 and 2) are estimated for the set of counties within the same congressional

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Unit of observation is matched pair-week. Heteroscedasticity-robust standard errors,

Observations
R-squared
County Pair FE
Year FE
Month FE
Disaster Controls
RC Mailing Control

∆LogD−2/−1

∆LogD+0/+9

∆LogD+0/+8

∆LogD+0/+7

(1)
Political

Table 11: Political Advertising, Donations, and Nielsen Retail Expenditures: Robustness to Window Lengths

Table 12: RC Mailings as Dependent Variable and Political Ads (County Level)
(1)
RC Mailing

(2)
RC Mailing

0.0418***
(0.00436)

0.0398***
(0.00441)
0.00620
(0.00402)

19,690
0.694
Yes
Yes
Yes

19,690
0.694
Yes
Yes
Yes

∆LogD+0/+1
∆LogD−1

Observations
R-squared
County Pair FE
Year FE
Month FE

Notes: * significant at the 10% level, ** at the 5% level, *** at the 1% level. Heteroscedasticity-robust standard errors,
adjusted for clusters by state, in brackets. The dependent variable is the difference in the number of RC mailings
between two counties across the border in the same month, transformed with inverse hyperbolic sine transformation

!

"

(y = log x + (x2 + 1)1/2 ). Independent variable is the difference in aggregate political ads expenditures across the

!

"

border in the same month transformed with inverse hyperbolic sine transformation (y = log x + (x2 + 1)1/2 ). The
+0/+1

exact specification run is ∆Ypc,t = α1 ∆Log(Dpc,t

−1
) + α2 ∆Log(Dpc,t
) + θ∆Xpc + ǫpc,t with differences taken for

variables transformed with inverse hyperbolic sine transformation.
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