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“The size of your gift can persuade your peer ti&eracontribution as significant as yours.”

“How to succeed in fundraising by really trying” thyewis B. Cullman

1. Introduction

This paper is concerned with peer effects in chblgt giving — specifically the way in which the
amount that donors give responds to donations mpa¢hers in their peer group. There is a
widespread belief that such peer effects are imptrbut there is surprisingly little direct
evidence. Early studies used cross-section datafioe generic reference groups in terms of
income (Feldstein and Clotfelter, 1976) and otleeicsdemographic characteristics such as age
and education (Andreoni and Scholz, 1988). Moremeexperimental studies have looked at the
effect of “social cues” — i.e. single pieces ofoimhation about how much has been given by
other people, unknown to the donor, such as aquewiohort or a typical donor (Frey and
Meier, 2004, Alpizar et al, 2008, and Shang ands@n92009). There are two studies that have
looked directly at peer effects in giving. Meer @20 focused on peer effects in solicitation,
looking at whether people give more if the ask cefnem someone that they know. Carman
(2004) studied peer effects among workplace teamsrbthis case, the peer group included the
team captain who played a role in encouraging aotivating giving among team members.
Ours is the first paper we are aware of to loguaiely horizontal (donor-to-donor) peer effects

in giving.

We empirically investigate how donors are influehbg the donations of their peers in the
context of individual online fundraising. In the Utis is a major source of income for many

charities. Since 1991, more than two million indival fundraisers have raised more than £1



billion for a wide range of different charities tlugh the biggest individual online fundraising
website, and this has been growing over tiriiae way that individual online fundraising
typically works is as follows: Individual fundraisedecide on a fundraising activity to raise
money for their chosen charity (these activitigeminvolve a sporting event such as running a
marathon or swimming the English Channel, but nignattivities such as head shaving are also
popular). The fundraisers then set up personalizgdghages on a fundraising website and invite
people to make donations to their chosen charitlest of the donations come from the
fundraiser’s friends, family and colleagifealmost all are made online via the fundraisingeag
and are passed directly by the fundraising welsithe charity. The online donations are listed
on the fundraising page, with the most recent.fiteformation on how much has been given,
and by whorfy is then visible to each donor that arrives afftimelraising page. When donors go
to the page to make a donation they can see glirth@ous online donations that have been
made; we exploit this set up to look at whetheratsrare influenced by how much other people

have given.

I For comparison, total donations from individualshie UK were estimated to be £13 billion in 2010-11

2 We do not have direct information on the identityhe donors or their relationship to the fundeaisiowever, we
have supporting evidence that they are mainly fisefiamily and colleagues from a separate surveyppfox
19,000 Justgiving donors (see Payne et al, 201fitha3e who had been asked to give to a fundrajsayg, 84%
had been asked by a family member (of whom 87%tbaitthey always gave when asked); 96% had bderd dwy
a friend (67% always gave); 89% had been askeddojleague (48 % always gave); 70% had been asked b
charity representative (only 9% always gave).

% Donors can see up to 30 or 50 past donationsroyliag down without having to click through. Sinttee median
number of donations is 33, this means that mostidocan see all previous donations in one go.

* Donors can choose to donate anonymously. Unforélynavhether or not a donation was given anonyryowas
miscoded for more than half our sample, which melaaswe cannot do a full analysis on the effe€@nmnymity.
Where we do have information, we find that 11 partof donations are made anonymously. Large aral sm
donations are more likely to be made anonymousiypigbt be expected. We find that the effect of éaagd small
donations is not affected by whether or not theation was made anonymously. We also find that tbbability of
giving anonymously does not change after a largavall donation.
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Of course, donations made to the same page widblrelated because of the common
characteristics of the peer group — the fundrasseiends, family and work colleagues. Our
identification strategy relies on the within-pageiation in the observed history of donations
that arises as a result of donors arriving at thbsite at different timesln essence, we argue
that there is plausibly exogenous variation ingbeof donations observed by each donor
because exactly when donors make their donatisaligect to random factors, such as when
they turn on their computer and find time to logtorthe fundraising website in order to make a

donation. We further discuss our identificatiorattgy in sections 3 and 4.

We provide direct evidence on the direction andmitade of peer effects in giving. In principle,

it is possible that other people’s donations cdatdwd out” giving (Warr, 1982, Roberts, 1984)
but we show that higher (average) donations caesple to increase the amount that they give —
a £10 increase in the mean of past donations cpesgde to give £2.50 more on average. One
potential criticism of a simple “linear-in-meangiexification is that it can mask the potentially
diverse ways in which peer effects can work (Samterd?011). We are able to shed light on the
nature of peer effects in giving and show thatahmunt given is affected both by “shining
knights” (very large donations) and by “widows’ gst (very small donations), as well as there

being “herd behaviour” (donations following the nedd

We also exploit the richness of our data to exptan@e of the underlying mechanisms that
might explain why donors respond positively to howch their peers have given. We find no

evidence that peer donations provide a signal atbeuquality of a charity (Vesterlund, 2003),

® Mas and Moretti (2009) provide perhaps the closesty to our paper in terms of identification. Jheok at the
effect of peers’ productivity in the context of umarket checkouts, exploiting randomness arigiog the
scheduling of checkout operatives. They estimatwidual-specific fixed effects; we do not havefmiént
observations to allow us to do this.



nor that peer effects are only related to fundngisargets (Andreoni, 1998). The explanation
that is most consistent with observed behaviothias donors use information on (the
distribution of) past donations as a benchmarkeiciding how much it is appropriate for them to

give.

The plan of the remainder of the paper is as fdlolihe next section provides information on

our data — a subset of fundraising pages set uprners in the 2010 London marathon. Section
3 discusses our empirical strategy. Section 4 egplthe effect of other donations and the nature
of the peer effects by looking at the effect ofaand small donations and changes in the mode,
while section 5 contains our main econometric aiglysection 6 explores alternative

explanations for why donors might respond to tpegrs and section 7 concludes.

2. The setting — online fundraising
In this paper, we focus on the set of fundraisiaggs set up by people who raised money for
charity by running in the 2010 London marathon ahd set up fundraising pages on the two

largest fundraising websites in the UKlustgiving(www.justgiving.co.ulk andVirgin Money

Giving (http://uk.virginmoneygiving.com/giviny/The London marathon claims to be the biggest

single fundraising event in the world and of therap 35,000 runners who line up each year, an

estimated 20,000 are raising money for charity.

Our initial sample contained information from maéman 12,000 fundraising pages. The data
were captured on 80April 2010, five days after the marathon took pla€or each page we
have all the information that is publicly availalféxamples of fundraising pages are shown in
online Appendix Al). This includes the fundraiserame, the charity they were fundraising for,

their target amount (if they had one), the totabant raised offline at the time the data were



captured, the full history of donations to the wehthe donors’ names (where available) and

the amount given.

Table 1 provides a basic summary of the informatiom the websites. Each fundraiser gets an
average of 34.5 donations and raises an averaffe @3 in online donations and £335 in
reported offline donationsDonations are spread over time. The typical pagei up just over
two months before the marathon. Some fundraise@empages up to six months before the
event. Over this period, fundraisers may sequéytiatget different sets of people within their
wider peer group. In this case, any observed chemdenation amounts (eg following a large or
small donation or a change in the mode) may simgflgct the arrival of a new donor group.
When we test for changes in amounts donated ifosett we look at arrival rates before and
after; we also carry out an additional robustnéssk focusing only on donations made within

the same day.
<< Table 1 near here>>

The mean online donation is £30.31. The distributibdonations is heavily concentrated with
spikes at £10 and £20 (and to a lesser extent oithaeded amounts) with just over half of all
donations at exactly £10 or £20 (see Figure A hgre is a small spike at £26 reflecting the

marathon distance.

® These totals exclude the value of UK Gift Aid takef, which is additionally passed to the chakifythe tax
authorities.



The distributions of donation amounts and the nurobéonations per page are skewed by the

presence of a few very successful fundraisensl generous donors. In our analysis, we exclude
pages which have single donations of more than0f1,We also exclude pages with fewer than
ten donations (1,783 pages) or more than 100 dorsaf{R12 pages). With these exclusions, our

sample is 10,597 pages.

3. Empirical strategy
A commonly estimated model in the peer effectsditere is a linear-in-means model. In our

case, this can be written:
din =a+ yai,n—l + l’ln

where the donation amouiak,given by donon to page is estimated as a function of the mean

of all past donations to the same page up to thiat Iﬂ_li,n_l-

There are well-known problems in identifying peteets (see Manski, 1993 and Brock and
Durlauf, 2001 for a discussion). In our case we rcda out the reflection problem since the
amount given by tha™ donor will not affect the donations made by presigdonors. Correlated
effects are a clear concern. Donors to a pageshdlie socio-economic and demographic
characteristics because they are likely to be dfa@m a fundraiser’s network of friends, family
and work colleagues. They will also be subjechea¢dommon influence of the same fundraiser

who may be more or less effective at encouragimgpleeto give.

" The biggest individual fundraisers include RichBrdnson who raised more than £35,000 for VirgiritéJn
including a single donation of £6,550, and popbiatalie Imbruglia, also running for Virgin Unite whiaised more
than £32,000, including a single donation of £10,00



Our identification strategy therefore relies onhiwitpage variation in observed past donations
arising as a result of donors arriving at a pagéfedrent times to make their donation. Of
course there is likely to be some endogenous gpwithin a page: close family and friends will
be among the first to give, as well as people &igtrong connection to the cause — and both
these groups are likely to give more. This is cfeam the observed decline in mean donation
size over the first few donations to a page (sgar€il, panel a). In our analysis, we run
regressions excluding the first three donatiors page — this is both to allow for some donation
history for subsequent donors to respond to aral@sause the first three donations are
systematically higher than the rest and may pogsibhave differently to those that follow. Our
main findings are not sensitive to this samplectila® It also clear from a randomly selected
sub-sample of pages (Figure 1, panel b) that tlseren-systematic variation in the size of
donations within a page that causes the within-pagan to vary. We exploit this variation to

identify peer effects.

<< Figure 1 near here>>
As a number of papers have pointed out (see digcussSacerdote, 2011), a limitation of the
linear-in-means model is that it may over-simplfand potentially obscure — the many different
ways in which peer effects work in practice. FoliogvSacerdote (2011), who presents a
typology of potential peer effects in relation ttueation, we can distinguish a number of

different ways in which peer effects might affentiigg (see Table 2).

<< Table 2 near here>>

8 We have repeated all the analyses in the papérdirg the first five donations to each page atsb &eeping all
donations to a page. All the main findings are dai@ely similar although we typically find largeffects when we
exclude more of the early donations.



First, donations may be affected by “shining kngjhte. by large donations to a page. A large
donation is likely to place upward pressure on amegiven among donors who want to signal
either their wealth (Glazer and Konrad, 1996) aragesity (Harbaugh, 1998) or the closeness of
their relationship to the fundraiser by being angtrige biggest donors. This would be likely

only to affect the upper end of the distributiorsame donors compete to give the most. Large
donations may, however, have a wider effect odatlors to the extent that they crowd out

other giving, assuming standard public good giM&rr, 1982, Roberts, 1984) or crowd it in if
there is a threshold for the provision of the publbod (Andreoni, 1989). Large donations may
also provide a signal about the quality of the th&¥esterlund, 2003) or affect individuals’
beliefs about how much it is appropriate to givaswaning such beliefs are based on the observed

distribution of amounts given.

Second, donations may be affected by “widows’ mjtes. by small donations to a page. Becker
(1974) emphasized that donations might be motivhayeithe desire to avoid social stigma as well
as to gain social prestige. Some donors will warget away with giving as little as possible and
a small donation will allow them to reduce how mtody give. This is likely to affect donations
at the lower end of the distribution. More gengradl small donation may also affect all others in
ways similar to a large donation — i.e. throughagt@ut/ crowd in, signalling effects or

benchmarking.

Third, there may be “herd behaviour.” Donors wittiesire to conform may try to target how
much they give on the modal amount (Bernheim, 1994this case, the amount given may be
affected by (changes in) the mode of donationsgage. As with small and large donations, a

change in the mode may affect only some donord other donors to a page.



The online fundraising data allow us to exploresthdifferent types of peer effects. In particular,
we can look directly at the effect of “shining khtg” and “widows’ mites” and of changes in the
mode on amounts given. We also look at whetheelargl small donations affect only some

donors (in the upper/lower end of the distributianyl/or whether the effects appear to be more

general.

4. Estimates of peer effects — a natural experiment gpoach
To look at the effects of “large” and “small” doitats and changes in the modal amount we

estimate the following specification:
din :a+lg-|;n + Zr|5+ lrh

whered,, refers to then” donation to fundraising page(in pounds) and is a “treatment”

indicator equal to one if the donation follows egkdsmall donation or a change in the mode and
equal to zero otherwise. We define a “large” daatis being at least twice the page mean (and
more than £50). The mean “large” donation is £202mall” donation is defined as half the
page mean. The mean “small” donation is £8.61. &k keparately at increases and decreases
in the modé. z,is a vector of controls for the systematic compoménhe timing of donations —
the order on the page and the date of donatiorecéisply. The error term is decomposed into a
constant page-specific effect that will pick up coan differences in donations across pages and

a pure random error term;, =77, +V,, . We estimate this model using a fixed effectsessgjion

® Where there is more than one mode, we look aeasas in the maximum of the modes and decreatfes in
minimum of the modes.
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that removes the effect on donations of the page#sp unobservable factors. We exclude the
first three donations on a page from our regressample, although they are used to define the
change in mode and large/small donations. We dagepwhere a large or small donation
occurs within the first three donations; we alstniet the first change in the mode to occur after

the first three donation.

Our identifying assumption is that there is rand@nation in the timing of donations, after
controlling for systematic within-page variationch that the random error ter,, is

uncorrelated with the “treatment” variablg,. We would argue that this assumption is plausible,
at least within a narrow window, given that the@xaning of when people make an online
donation will be subject to a number of exogen@aesdrs. Exactly when donors arrive at the
page — and hence whether they arrive just befojesbafter a large/small donation — will be
influenced by a number of random factors such aswthey turn on their computer and when
they find a moment to log on to the fundraising siebto make an online donation. Under our

identifying assumption, the coefficiei® will identify the average causal effect of a ldsgeall

donation on the amount subsequently given.

There are two possible violations of this identifyiassumption. One is if large/small donations
affect the extensive margin — i.e. the probabilitgt donors make a donation. In this case, the
observed donations before and after would be sutgexdifferential selection process. A
second is if fundraisers sequentially target défgrgroups of donors — in which case the first

large/small donation would herald the arrival afeav group of donors. We have no information

1% We obtain qualitatively similar results when we exclude the first five donations.

11



on visits to the websites, nor on donor charadtesishat allow us to test for these effects
directly. However, we can look at the arrival ratelonations (i.e. the number of donations
made to a page per day) to give some indicatiomhafther either of these is likely to be
material. Both a change in the extensive marginthadrrival of a new group of donors would

be associated with a change in the arrival rate.

Figure 2 plots the distributions of the arrivales{i.e. the number of donations per day) on the
days before and after each of the four treatmentiowk at. There is little obvious change in the
distributions and this is confirmed by Kolgomoromigov tests. The p-values for the equality
of distributions before/after large and small dama are 0.219 and 0.352 respectively while the
p-values for the equality of distributions befofegaincreases and decreases in the mode are,
respectively, 0.094 and 0.668. In all four casedaildo reject that the distributions of arrival

rates are the same.

<< Figure 2 near here>>

<< Figure 3 near here>>

By contrast, Figure 3 provides clear evidence fd#at$ on amounts given after each of the four
“treatments”. Donations increase after both a |lalgeation and an increase in the mode, while
donations fall after both a small donation and erelese in the mode. These findings are
confirmed by regression results, summarized in @ 8bMWe vary the size of the window before
and after — looking at a narrow window of one d@rabefore/after and also five donations
before/after and five before and ten after. We @larther robustness check where we restrict the
before and after donations to lie within the samg dnaking it less likely that they have been

made by different groups of (sequentially-targetdab)ors.
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The results in panels (a) — (d) confirm that thera change in how much subsequent donors give
following each of the four treatments. The coeéfids indicate fairly sizeable effects. Within a
narrow window of one donation either side, largaatmns are associated with a £12.49 increase
in donation size, compared to a previous donageellaround £20, while a small donation
reduces donation size by a similar magnitude. Tieets also appear to be fairly persistent
affecting at least ten donations that follow; tisifikely to work not just through the first

large/small donation or change in mode, but alsouljh changes in subsequent donations.

<<Table 3 near here>>

As discussed in the previous section, large andl sfoaations may affect amounts given either
by triggering competition among some donors (othge/small donations) or, more generally,
by influencing all other donors through crowd aat/signalling or benchmarking. We shed light
on this by looking at the effect on subsequent artsogiven, excluding other large and small
donations. This will tell us whether the effec{jisst) to trigger other large/small donations or
whether it goes wider than this. The results, showpanels (e) and (f), indicate that large and
small donations do indeed trigger other similaedidonations (the coefficients are smaller than

in panels (a) and (b)) but that there are effecth®n “regular-sized” donations.

The coefficients in panels (a) — (d) indicate that peer effects are increasing in amount size — a
large donation is associated with a bigger effleahtan increase in the mode. We explore this
further by looking at the effects of different-giziarge donations (twice previous mean, three
times previous mean, five times previous mean aoikthan ten times previous mean). As in
previous studies (Shang and Croson, 2009) we liatllarger donations produce a greater

response from subsequent donors, at least up ydarge donations of ten or more times the

13



page mean. Combined with our results on the eff@darge/small donations and changes in the

mode, this supports our use of the linear-in-meaodel in the next section.

Finally, we look at whether there is evidence olleyer effects from donors giving more in
response to a large donation on one fundraising pagow much they give on other fundraising
pages. We do this by exploiting the fact that, imitine Justgivingsample, we can identify
donors who give to more than one fundraising p¥¢e construct a donor-level panel of

amounts given sequentially across different pages.
We estimate an equation of the following form:

dsn =a +ﬁlTsn+ﬁ2Ti rl) +,7 s+wsw

where d  refers to the nth donation of donsr T, is an indicator equal to one if there has been
a large donation (within ten donations) to thategyaghile T, ,, is an indicator equal to one if

the previous page visited had a large donatfgrcaptures the own-page effect gfdany

spillover effect of a large donation on a previguakited page. We estimate this equation on the
full sample of (Justgiving) donors but the own-page spillover effects are identified from
donors who give to multiple pages. We include adr® allow for the fact that donors may

reduce their donations as they are asked to spoms@ people.

Our results confirm the own-page crowd-in effeatr @stimate is 5.91 (SE 3.11) which is

significant at the 10 per cent level. The estimatgitiover effect is also positive (5.60), but

we drop 4 per cent of donations which were made on the same day since we cannot identify donation order.

14



insignificant (SE 1.80), suggesting that thereascrowd out of a large donation to one page on

donations to other fundraising pages.

5. Econometric analysis

In this section we present estimates from a limeaneans model. The attraction of the mean is
that it provides a simple summary statistic ofdietribution of donations that donors appear to
be responding to. We have shown in the previousosethat donors respond to large and small
donations and to the mode. The linear-in-means hpydeides an attractively parsimonious

specification to capture these behaviours, padrtyiwhen, in the following section, we want to

test for heterogeneity of effects.

We estimate the following specification:
din =a+ yai,n—l+ 4154_ l'th

whered, refers to then” donation to fundraising pageandd, ,_, is the mean of all donations
made online to the fundraising page up to the patimthich then™ donor arrives at the pade.
As before,z, is a set of indicators for the order in which ttomation occurs on the page and

date controls, including indicators for the daygsithe page was set up (capped at 100) and also

for the days in the immediate run up to the dathefmarathon.

We are interested in the coefficienivhich measures the extent to which a higher lef/phst

donations across the page is associated with pgopigy more or less. The OLS estimate a$

2 The donor will also see the amount raised offlipeo the point at which they arrive at the wehsithile we only
know the total amount raised offline at the time ttata were captured. As a robustness check, wiaeun
regressions only on pages with no offline donations

15



likely to be biased upwards by unobservable fadtwasaffect all donations to a page that can be
captured in a page-specific error term, ug.=7, +V, These factors will include both shared
(unobserved) characteristics of the donors to & psugrch as their income, as well as
(unobserved) characteristics of the fundraiser sisctheir persuasive power or their personal
connection to a particular cauSeror this reason, we cannot identify the effeqpadt donations

from variation across pages, but only from variatigthin pages over time.

Estimating a fixed effects model using a withingpe specification, however, will lead to a
downwards-biased estimatejdbecause the mean-differenced error taum,—ﬁZ?zz U

will be negatively correlated with the mean-diffieced lagged dependent variable,

1

ai,n—l_
N-1

ZT;H” . In the case of estimating the effect of the pasan of all donations, this

bias will not be negligible even though we haveraglpanel (the average number of donations
per page in our analysis is 37 and we observe rpaggs with 50 or more donations), unlike the

standard case of “Nickell bias” (Nickell, 1981). \Meow this formally in Appendix AZ2.

Our preferred approach, therefore, is to estimaiging the Arellano and Bond (1991) GMM

estimator*i.e. the page-specific effegt is eliminated by first-differencing:
Adin = J‘Aa,n—l +AZnJ+A %

In this first-differenced model there is now an egeneity problem due to the correlation

andv, .

betweend

i,n-1

Again, the bias of the OLS estimator in thistfulfferenced model does

13 The fact that fundraiser characteristics may rflce all donations to a page means that explditfiogmation on
multiple donations by the same donor to differeades is unlikely to lead to an unbiased estimate.
14 We estimate the GMM model using xtabond2, see dRgiodman (2006)
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not decrease witlN , as shown in Appendix A2. In our main specifioative use the two-
period lag and the three-period lag of the pagemasanstruments for the (change in) mean of
past donations, with different reduced form coééfits per donation order. The Arellano-Bond
test for serial correlation does not reject theé otsho second-order serial correlation, implying
that the two-period lag is valid as an instrum@&iie Hansen test further does not indicate that
the instrument set is not valid. Our main findiggs robust to a number of alternative

specifications, presented in the Appendix.

Our main results are presented in Table 4. For emisgn, we show both the upward biased
OLS and the downward biased fixed effects resoltafl specifications. Our preferred GMM
results lie between these two for all specificagide also present results for the effect of the
last donation and the effect of the mean of thé fpas and ten donations. As demonstrated in
online Appendix A2 the extent of downward biashe fixed effects estimator is greater when

looking at the past mean of all donations to a fghge for the simple lagged dependent variable.

<< Table 4 near here >>

Across all specifications, the GMM estimateya$ positive and significant, implying positive
peer effects; a £10 increase in the mean of pasttoms leads to people giving £2.50 more on
average. To illustrate what this means in practioe effect of a £150 donation following three
donations of £20 would be to increase giving byLB88while the effect of a £150 donation
following six donations of £20 would be to incre@seng by £4.64 (in both cases, the effect on
giving in the case of the lagged dependent variaolgld be to increase giving by £2.86). This
highlights an important feature of estimating tfffea of the past mean — that the effect of a
single donation diminishes, the later it occursagrage. This is intuitively plausible since a

donor may give less weight to a single large damaifithere are more other donations on the
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page. We also find further empirical support fas finding by repeating the analysis from the
previous section and looking at the effect of glgrflarge” donation made after ten donations
and after fifteen donations to a page (comparedlémge donation that occurs between five and
ten donations). The estimated effect of a largeation is reduced by £1.19 when it occurs after
ten or more donations and by £2.50 when it occlies fifteen or more donations. This lends
further support to including the past mean of alakions as the preferred empirical

specification and we focus on this specificatiothi@ next section.

6. Inside the black box — exploring why peers matter

We would like to understand why peers matter. Asused in section 3, there are a number of
potential explanations. On the basis of our findisg far, we can rule out that donors are (just)
aiming to be the most generous donor to a page $&ioth small donations and changes in the
mode matter; large donations also have a widecttfen simply triggering similar-sized
donations. For similar reasons, we can also ruleél@i donors are (just) trying to avoid being
the least generous donor to a page. The obserfextsedf large and small donations also imply

that donors do not just try to follow the herd andtch the mode.

Table 2 summarized a number of potential explanatfor why large/ small donations and
changes in the mode may affect all donations thikivi. Our estimates of peer effects are
positive, ruling out classic crowd out. Andreorn®9B) discusses the case in which threshold
contribution levels, such as a minimum level ofdung required before the public good can be
produced, can result in crowd in — essentiallydadignations make it more likely that the
threshold will be reached, which can encourageratbeations. The potential effects of
thresholds are relevant to the London marathonraisithg pages, the majority of which have

fundraising targets. We find that peer effectsstrenger for pages with a target, but we also find
18



a positive and significant effect for pages withauarget (Table 5, column (1)). This indicates

that targets do not provide the full explanationtfee observed peer effects.

<< Table 5 near here>>

There are further interesting differences in betvawvaround the target. Regression analysis,
summarised in Table 6, cols (1) and (ll) showsstfithat the size of the first donation to take the
total over the target donation is significantly g and second that donations are lower on
average after the target than before. Assumingtsdthat there is some random variation in
exactly when donors arrive at a page (and thatéineyqually likely to arrive before or after the
target, within a narrow window), this could be mmieeted as a negative effect of hitting the target
on donations. One important caveat to this isithatpossible for fundraisers to change their
target (eg to increase the target amount oncesibban reached). We have no evidence on the

extent to which this happens in practice.

Finally, col (lll) of Table 6 provides the resuftem a further GMM regression in which the past
mean of donations is interacted with an indicatorthie donor arriving after the target has been
reached. This tests whether the crowd in effegtast donations is the same on either side of the
target. We find that the coefficient on the intéi@e term is negative and similar in magnitude to
the coefficient on the past mean implying thateéhsmo crowd in effect of past donations once

the target has been reached.

<<Table 6 near here>>
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Another possibility is that donations may be impattas a signal of the quality of the charity,
with higher (lower) donations indicating that thergocular cause is more (less) worthy of support
(Vesterlund, 2003). To explore this empirically adopt an idea, proposed by Heutel (2009),
that the information content of past donations &hbe more important for smaller charities and
for younger charities, for charities operating ®eas whose activities are less easy to observe
directly and for younger donors. To implement thesmatch data from the Charity Commission
Register, comprising all registered charities igland and Wales. We are able to find a match
in the case of 78 per cent of fundraising pagesésof those we cannot match are Scottish and
Irish charities), although information is not alvgegvailable for all charities even where a match

is made.

Table 5 summarizes the results from a set of regmes that include interaction terms, allowing
the effect of the past mean to vary by, respectivahe size of the charity, the age of the
charity, the location of charitable activity (UK overseas), the age of the fundraiser (which
proxies for the age of donors, defined by a cubd#0). The results provide little support for
this particular signalling story. The effect of pdenations is actually stronger for larger
charities and for older charities although theat#hces are not statistically significant. We find
no difference in peer effects between overseadJriased charities. We find no evidence of

statistically significant differences by abe.

Instead of signalling charity quality, past donatianay alternatively signal to donors how much
it is socially appropriate for them to give. Thisaur preferred explanation for why past

donations affect the amount given. When they aive page, donors observe the distribution of

15 We get information on the age of the fundraisemagching to the marathon results. 18-40 is thengest
category given in this database. We obtain simdaults if we use older cut-offs.
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past donations and use this to form — or updakei beliefs about how much they should give.
These beliefs are likely to be donor- (and posdibhgraiser-)specific; donors will have some
idea of where they should locate within the disttibn depending on their characteristics
relative to those of other donors, including thexumity of their relationship to the fundraiser,
their support for a particular charity and theraome (and possibly what their peers know about
their income). Large/ small donations and the matlleall affect amounts donated subsequently
because they will be used to inform donors’ beligfe cannot test this benchmarking story
explicitly but it is consistent with the observeattern of behaviour, including both donor
responses to past donations and the fact thavjdudilly, past donations have less effect if they

occur later on in the page.

7. Discussion

This paper adds to the empirical literature on wkradreoni has referred to as “the inherent
sociality of giving” by providing new evidence dmetimportance of peer effects in charitable

giving in the context of online individual fundraig.

Online fundraising is important to look at in itsm right as a sizeable — and growing — channel
for raising money for charities in the UK and elbere. It also provides an excellent setting to
look at peer effects since it offers an environmenthich donors observe donations from

people within their naturally occuring peer grogips. their friends, family and colleagues).

There is an inevitable issue about the extent tiahwbur findings can be generalised beyond this
particular setting. The online fundraising contexivhich donors can see all other donations —
and know that their donations will be seen — isialdy quite distinctive. However, it is one that

is potentially relevant to practitioners and polioykers interested in whether they can exploit

21



the power of peer effects by providing similar llsvef publicity to donations in other settings.
Furthermore, by looking at data that span more th@@0 different charities, we have been able
to demonstrate that peer effects are not limitgaarticular charities or groups of donors,

suggesting that the effects are likely to be mooadly generalisable.

The richness of the data also allows us to exyotential explanations for why peers matter.
We can reject that donors systematically compebetthe top, or strive to avoid being the
bottom or align themselves with the mode or med@un. preferred explanation, which is
consistent with the empirical findings, is that dongive what they think that they personally are
expected to give where the distribution of the diams of their peers (along with other factors,

such as income and specific cause) feed into ttmedfiion of that expectation.

In this paper we have analysed only a small sulptaof the population of online fundraising
pages that are potentially available. Going forwartbrmation from online fundraising pages,
particularly matched with social network data, tiespotential to yield even further insights into

how donors behave in social settings.
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Appendices for online publication

Appendix Al — Online fundraising

Justgiving (JGwww.justgiving.comwas set up in 2001. It is used by individualsitee glirectly

to charities but also, primarily, by individual firaisers who are raising money for charities —
either by seeking sponsorship for taking part iergs such as the London marathon or setting up
pages to collect memorial donations or donatior®inof a wedding gift or birthday present. JG
is a profit-making company, charging charities anthty fee of £15 to use the service, and also

taking 5 per cent of the gross value (i.e. inclgdime value of tax relief) of donations given.

Virgin Money Giving (VMG)http://uk.virginmoneygiving.com/givingkas set up in 2009, in

conjunction with Virgin Money taking over as thdiofl sponsor of the London marathon.
Although Virgin Money is a profit-making companyM& is non-profit making. It charges
charities a one-off, set-up fee of £100 and takpsrZent of nominal donations.
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O JustGiving"

Your account

Horme About us

James Nicholson's Fundraising
Page

\iirgin London Marathon 2010
on 25/04/2010

iy not-so-heroic sprint finishil

FPhatas {13

Raising money for
Phab Limited
Charity Registration Mo, 25393

&Kics!

Phab is a national charity dedicated to
promoting and encouraging the coming
tagether, on equal terms, of disabled and
non-disabled people to achieve an
integrated and inclusive society.

+ DGetapaoe like this

30 Remind me to donate later

Page owner

Target: £1,500.00
Raised so far; £1,564.00

Iy stary

- Tough Guy.........Conguered. Grim Challenge......... Destroyed. London Duathlon............. All ower it.

Mawy far the hig anell

Ive finally decided to stop being a big jessie and making excuses like "my knees cant take it "I'm
not huilt for long distance running," "my brother's girlfriend keeps beating me " and just suckitup. I'm
running, and | use thatterm loosely, the 2010 London Marathon. I'm raising money for Phabkids,

a charity promotes and encourages disabled and nor-disabled children and adults to take partin
sports and social activities with the aim of achieving social inclusion. I'm sure you agree that this is a
worthwhile cause.

lwauld be grateful ifyou could spare a small amountto help me getto my £1500 target for
Phabkids, and feel free to come and laugh at me going through hell next April. Thanks very much for
looking.

James

finally remembered!ll Good luck tomarrow itl be a EZSDD
fantastic achievement! +a70s Gift Ad
Donation by Rebecca Waterman 24/04/10

Gaod Luck mate, however being sat in that suit Il for so £1 D[_)D
long and pub lunches swinging that lamp | with all those +£ziaz (it Ald
lids cheering you. The pressure. !l

Donation by Dan Hatton 2104410

Go for it Jimba...just remember pain dont hurt! But when £10.00

in doubt.. fast arms' is the answer - Good Luck! + 2.8z Gift Ad
Donation by Harry and Emox 140410

Praying my card refuses this transaction so | get everyane £20.00
seeing I've donated maoney to charity, without actually +£5.64 Gift Ald

having to pay anything. Good Jim-Micl
Donation by Jamie Bartlett 13/04/10
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Start Make a About

fundraising = donation = us

HOME  SIGN IN

Raise | Our . Help
more  community guides

Charity

0
b
action for
children

Event details

2010 ¥irgin London Marathon
25 April 2010

The Virgin London Marathon is one
of the great British sporting events,
combining elite athletics, mass
participation and record-breaking
fundraising in one race. The course
is a gruelling 26 miles 385 yards
long, passing through the streets of
London from Blackheath to the
farnous finish line at The Mall, Since
the first race in 1981, 746,635
runners have passed the finish line
and raised more than £400 million
far charities and good causes. Last
year alone a staggering £47.2
million was raised, making the
event a Guinness World Record
holder as the largest annual
fundraising event an the planet,

Only SERR |
o 0 -{-,o\,;o,,

Sarah runs 26.2 miles for Action
For Children

Fundraizer: Sarah Bickerton
My page: httpi/fuk.virginmoneygiving, com/AFC

Hello Friends.....

I am proud to be running the Virgin London

Marathon 2010 to raise money for Action for
Children. 26.2 miles is a long way and every
penny you can sponsor me will help a great

deal.

Through Virgin Money Giving, you can sponsor me
and donations will be quickly processed and
passed directly to my chosen charity, Action For
Children. Virgin Money Giving is a not for profit
organisation and will claim gift aid on a charitys
behalf where the donor is eligible for this. I really
appreciate all your support and thank you for any

donations.
( Dona{;c how »)

Recent donors

Showing results 1 - 20 of 20

Kim Silver E10.00 (+ £2.82 giftaid)

29.04.10 Well done, Sarah! You have done fantastically well. Looking
forward to your next achievement - the Access Diplomal

Lauren Purvis £5.00 {(+ £1.41 giftaid)

26.04.10 Well done hon, what & huge acheivement - I'm just sorry [
can't donate a little bit more as you deserve it!!

Anonymous £5.00 {+ £1.41 giftaid)

25.04.10 how'd you do?

Roz E£10.00 (+ £2.82 giftaid)
250410 Grnd liek e

25

Running total
£205.00

Target:
£250.00

Total raised incl.
Gift Aid:
£248.71

Total donors:
20

Biggest donor:
Greg Donaldson
£20.00

Last donor:
Kim Silver
29.04.10

Offline fundraising:
£10.00

(Dona{'.c now )))

Photos

There are no photos
to see at the moment

Other
fundraising

T R S e PR R



Appendix A2 — Bias of fixed effects estimator

Considering a simple AR(1) panel data model
MOdel LDep: din = ydi,n—l +I7i + Vn

fori=1,..) andn=1,...,N, itis well known the fixed effects estimator fgris biased

downward, but that this bias is a decreasing fonadf T , Nickell (1981).

In our model, we specify the lagged average donatas a determinant of current donations:

Model LAvg: d,, =ad,,, +7, +\,

whered, :iZﬁfq. . In this case the fixed effects estimator is &lissed downward, but
i,n-1 n_l j=1 J

this bias decreases more slowly with than the bias in the LDep model, especially atlow

values ofy.

In order to illustrate this, we performed a Mon@IG analysis. We set the sample size

n=10,000 in order to obtain large sample results, and $igedhe error distributions as
n, ~ N(O,aj) Vi, ~ N(0,9).

As the bias is a function of the ratigf / o;, setting the variance of, equal to 1 is not

restrictive. The initial observation was generadsd

dy =17 +V,.
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We present the biases of the fixed effects estirmatby in the two models LDep and LAvg in

Table A2.1, for different values afl , y and a,f, for 1,000 Monte Carlo replications.
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Table A2.1 Bias of the Fixed Effects Estimator

N =5 N =20 N =40
14 0‘5 LDep LAvg LDep LAvg LDep LAvg

0.25 0.25 -0.3300 -0.620( -0.067/0 -0.4347 -0.03240.3503
-0.3238 -0.6004 -0.0667 -0.4233 -0.0323 -0.34
4 -0.3010 -0.5332 -0.0655% -0.3832 -0.0320 -0.31

0.50 0.25 -0.4176 -0.7524 -0.0831 -0.5458 -0.03950.4306
-0.3688 -0.6366 -0.080( -0.4531 -0.0388 -0.36
4 -0.2513 -0.3941 -0.0695% -0.2697 -0.0361 -0.22

0.75 0.25 -0.4692 -0.804( -0.0997 -0.6061 -0.04700.4814
-0.3193 -0.5324 -0.0762 -0.3251 -0.0403 -0.24
4 -0.1402 -0.2264 -0.0392 -0.113|9 -0.0257 -0.08

Notes to Table

Sample sizd =10,00C,

bias from 1,000 Monte Carlo repetitions

25
47

19
09

42
22

For every design, the bias in the LAvg model igéar(in absolute value) than that in the LDep

model, and the bias decreases more rapidly Witin the LDep model than in the LAvg model,

especailly for jointly smaller values @f and J,f. For example, the bias &l =40, for y=0.5

and aj =1, is equal to -0.0388, or 7.8%, for LDep, but isidl -0.3619, or 72.4%, for LAvg.

Settingx, = d,,,_, for the LDep model and, =d ,_, for the LAvg model, we can write the

generic model as

din :y)gn +,7i +\(n

for n=2,..,N andi =1,...,| . The fixed effects estimator is given by
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hered =1 g g= 1 3 do- L3
whered =5 d,, X =D %, andy === v, .

n=2 “dLn=2 N _ln:2

This can be further simplified to

and hence

as E[x,v,]=0.

Table A2.2 provides the Monte Carlo means of thmemnator and denominator in the bias

expression for the two models, fgr=1 and aj =1.
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Table A2.2 Bias Components for the Fixed Effects Esator, y=0.5, aj =1

N=5 N =20 N =40
LDep LAvg LDep LAvg LDep LAvg
1 | N
_zz Xin (Vm _v|
== -1.06 -0.91 -1.79 -1.49 -1.90 -1.64
1GQ —\2
|_ : Z()qn - X)
i=1 n=2 2.88 1.42 22.36 3.28 48.96 4.53

Notes to Table
Sample sizd =10,00C(, bias components from 1,000 Monte Carlo repettion

It is clear, that the bias decreases more rapidthie LDep model because the variance term

I N —
>3 (x,-%)" increases more rapidly witN . This is of course expected, ds, ,

i=1 n=2

eventually converges to a constant. The covariteroes

order of magnitude.

To conclude, we present in Table A2.3 the biasekeDLS, First-differenced OLS and one-
step GMM estimates for the LAvg model wigh=0.5 andaj =1, using for the GMM estimator

sequential lagsl, ,_, andd,,_, as in Section 5. As expected, the OLS estimatsulistantially

upward biased. The OLS estimates for the modetshdifferences are severely downward
biased. In comparison, the GMM estimates are Mistwmbiased.

Table A2.3 Biases in LAvg modely=0.5, g; =1

oLS oLS GMM
First Differences First Differences
N=5 0.4571 -0.9238 -0.0113
N =20 0.4870 -1.5527 -0.0084
N =40 0.4962 -1.8540 -0.0115

Notes to Table

Sample sizd =10, 00C, bias from 1,000 Monte Carlo repetitions
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Appendix A3 — Further tables

Table A3.1: Additional GMM regression results

(1) (I1) (1) (IV) (V) (Vi)

Past_mean (: 0.25C+* 0.283* 0.18&** 0.151** 0.21€** 0.25€**

(0.028) (0.078) (0.031) (0.049) (0.025) (0.039)
Instrument ai,n—z,ai,n—s ai,n—z,ai,n—s ai,n—a,ai,n—4 ai,n—a,ai,n—4 ai,n—z,d_i’n_g’ ai,n—z,ai,n—s

Collapsed Collapsed 5. L One-step

Arellanc-Bond 0.00(¢ 0.00(¢ 0.00( 0.00(¢ 0.00( 0.00(
test for AR(1), p-
value
Arellanc-Bond 0.32z 0.32¢ 0.327 0.332 0.32¢ 0.32€
test for AR(2), p-
value
Hansen test, - 0.864 0.C21 0.811 0.20¢ 0.547 0.8€4
value (217) (1) (217) (1) (323) (218)
(over-id
restrictions)

Notes to tabl

All regressions include additional controls forgaawithin page (linear trend), indicators for daiysce page
was set up (capped at 100) and indicator varidblesvo days and one day before the marathon, élyeofl
the marathon and (any) days after the marathpn.01
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Table 1. Sample summary statistics

Mear St.dev  Min. 1%pctle Med. 99" pctile Max.
Full sample
Number of donations per pe 34.t 25.2 1 1 29 114 37C
Numbe of day: 74.8 50.% 0 0 67 204 22t
Online donation- all £30.3: £66.0: £1 £5 £2C £20( £10,00(
Total raised online per pa £1,09: £1,40: £1 £2C E£77¢ £5,71( £40,32¢
Total raised offline per pa £33t £1,11¢ £0 £0 £0 £3,071 £53,00(
Proportion of pagewith targe .80:
Prop. of pages with target achie .39t
Target amoun £99,98! £99n £0.0] £20( £1,50( £9,00( £1 br
Number of fundraise 12,75(
Estimation sample
Number of donations per pe 36.7 19.7 10 10 33 91 100
Number of day 79.5 49.5 2 6 73 205 225
Online donations £29.8]  £46.58 £1 £5 £20 £200 £1,000
Total raised online per pa £1,11¢ £916 £53 £136 £892 £4,458 £12,260
Total raised offline per pa £31( £827 £0 £0 £0 £2,725 £43,897
Proportion of pagewith targe .82:
Prop. of pages with target achie 42C
Target amoun £1,51: £832 £200 £200 £1,500 £5,000 £7,000
Number of fundraise 10,59’

Note: All donation amounts exclude any Gift Aia.itax relief which the charity can additionallglam
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Table 2: Peer effects in giving

Influence ol
Influence of ... Only some dono All donors
Large donatior Competition to be the top dor Crowding in/ oul
(“Shining knights”) Signalling quality
Benchmark for appropriate amount
Small donatior Desire to voiding being the Crowding in/ out
(“Widows’ mites”) bottom donor Signalling quality

Benchmark for appropriate amount

Modal donation
(“The herd”)

Following the herd and giving wh Crowding in/ out
most other people give Signalling quality

Benchmark for appropriate amount
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Table 3: Effect of large/ small donation — fixed décts regression results

Dependent variable = £ amount given

a. Effect of a “large” donation

One before/ One before/ Five before/ Five before/
One after One after (same day) Five after Ten after
After 12.458** 13.392** 12.611* 12.134**
(0.789) (2.609) (0.661) (0.496)
N 15,508 6,464 68,926 102,492
b. Effect of a “small” donation
One before/ One before/ Five before/ Five before/
One after One after (same day) Five after Ten after
After -11.411* -9.493** -11.169** -10.232**
(0.911) (2.090) (0.770) (0.550)
N 14,499 6,600 58,858 91,422
c. Effect of anincrease in the mode
One before/ One before/ Five before/ Five before/
One after One after (same day) Five after Ten after
After -0.424 1.755 0.887 1.137*
(1.211) (2.818) (0.961) (0.671)
N 11,394 7,137 55,272 80,104
d. Effect of a decrease in the mode
One before/ One before/ Five before/ Five before/
One after One after (same day) Five after Ten after
After -3.250* -2.195 -2.732** -4.142**
(1.290) (3.772) (0.959) (0.666)
N 12,665 8,754 55,114 87,904
e. Effect of a large donation — excluding other largelonations
One before/ One before/ Five before/ Five before/
One after One after (same day) Five after Ten after
After 2.541** 2.724** 3.051** 2.793**
(0.348) (1.001) (0.278) (0.208)
N 14,690 6,079 6,5386 9,6125
f.  Effect of a small donation — excluding other smallonations
One before/ One before/ Five before/ Five before/
One after One after (same day) Five after Ten after
After -2.050* -1.214 -0.610 -1.014*
(1.124) (2.751) (0.830) (0.606)
N 12,399 5,546 4,8705 7,2011
g. Effect of different-sized large donations (five doations before/ five after)
Twice mean Three times mean Five times mean Teestimean
After 11.154* 10.663** 17.396** 20.327**
(1.043) (0.973) (1.825) (3.155)
N 27,647 24,585 12,285 4,409

Notes to table

A large donation is twice the page mean and at E&& A small donation is half the page mean. @wis (III) and

(IV) in panel a-f and all columns in panel g inctualdditional controls for place within page (liné&nd), indicators for
days since page was set up (capped at 100) armafodivariables for two days and one day beforenthmthon, the
day of the marathon and (any) days after the manattp<0.10; **p<0.05
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Table 4: Main regression results

Dependent variable: Donation amount (£)

(0 (n (i

Pagt Difference
oLS fixed effects GMM
(a)
Past_mean ( 0.525" -0.35¢" 0.25C"
(0.013) (0.023) (0.028)
Arellanc-Bond test for AR(1),-value 0.00¢
Arellanc-Bond test for AR(2),-value 0.32z
Hansen test,-value 0.8¢4
(217 over-id restrictions)
(b)
Mean, last ten (i 0.458" -0.1147 0.202”
(0.012) (0.012) (0.019)
Arellanc-Bond test for AR(1),-value 0.00¢
Arellanc-Bond test for AR(2),-value 0.31z
Hansen test,-value 0.297
(217 over-id restrictions)
(c)
Mean, last five (£ 0.3¢1” -0.C47" 0.116~
(0.0112) (0.007) (0.010)
Arellanc-Bond test for AR(1),-value 0.00¢
Arellanc-Bond test for AR(2),-value 0.34¢
Hansen test,-value 0.771
(217 over-id restrictions)
(d)
Past_donation ( 0.125° 0.00¢ 0.022”
(0.005) (0.003) (0.001)
Arellanc-Bond test for AR(1p-value 0.00¢
Arellanc-Bond test for AR(2),-value 0.C51
Hansen test,-value 0.63C

(217 over-id restrictions)

Notes to tabl

Sample size: | = 10,597, NI = 364,286. Instrumamésthe second and third period lag of the (level)
independent variable. All regressions include @olaitl controls for place within page (linear trend)
indicators for days since page was set up (capp&d0 and indicator variables for two days and dag
before the marathon, the day of the marathon amg) @ays after the marathorip<0.01
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Table 5: Testing for heterogeneous effects

Difference GMM: Dependent variable: Donation amount(£)

(1 (In (1) (IV) V)

Past_mean ( 0.104" 0.16C" 0.09¢” 0.264" 0.214"
(0.042) (0.041) (0.031) (0.032) (0.034)
Past_mean * PageWithTar 0.15¢
(0.050)
Past_mean * MediumChari -0.¢43
(0.057)
Past_mean * LargeChar 0.07¢
(0.056)
Past_mean * MajorChari 0.08t
(0.054)
Past_mean * CharityAge>1 0127
(0.047)
Past_mean * CharityAge>2 0.01¢
(0.047)
Past_mean * OverseasCha -0.C79
(0.045)
Past_mean * YoungDonc 0.02C
(0.046)
Number of obs = N 364,28¢€ 183,619 28C,66C 26C,362 364,28t
Number of pages = 10,597 5,24¢ 8,2(8 8,19¢ 10,597

Notes to tableAll regressions include additional controls forqa#awithin page (linear trend), indicators
days since page was set up (capped at 100) arwhiodivariables for two days and one day before the
marathon, the day of the marathon and (any) dags e marathon. Instruments are the two-periad an
three-period lag of the past mean. **p<0.01

Medium, large and major charities have incomeslofi€£5m, £5m-£50m and £50m+, respectively
YoungDonors are defined by the fundraiser being <40
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Table 6: Targets

Dependent variable: Donation amount (£)

(1 (11 (1)
Fixed effects Difference Difference
GMM GMM
Target donatio 53.98¢" 4750€" 50554"
(3.957) (3.455) (1.490)
Reachecarge -3.517° -2.567 3.58¢"
(0.564) (1.482) (1.398)
Past_mean ( 0.2627 0.26€"
(0.040) (0.030)
Past_mean * Reachedtar -0.1917
(0.030)
Arellanc-Bond test for AR(1),-value 0.000 0.000
Arellanc-Bond test for AR(2),-value 0.940 0.94:
Hansen test,-value 0.66< 089¢
(over-id restrictions) (205) (395)
Number of obs = N 139,201 135,308 135,308
Number of pages = 3,893 3,893 3,839

Notes to tabl

All regressions include additional controls forgaawithin page (linear trend), indicators for daiysce page

was set up (capped at 100) and indicator varidbletsvo days and one day before the marathon, alyeofl
the marathon and (any) days after the marathon.
Target donation is the first donation to take thtaltover the target amount
Reached target is an indicator variable if thel istgreater than the target

Instruments are the two-period and three-periodfabe past meantp<0.01
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Figure 1

a. Mean amount, by order of donation on page
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Figure 2:

“Large” donation

Number of donations per day
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Notes to figure:

Distributions of arrivals

“Small” donation
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10 |
<
27
@
=4
[}
O]
-
o4
T T T T T
0 5 10 15 20
temparrivals
before after
kernel = epanechnikov, bandwidth = 0.3089
p-value = 0.352

Decrease in mode
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A large donation is defined as twice the page nagahat least £50. A small donation is half the page
mean. We focus on the first large/small donationh@nge in mode to occur on a page, excluding those
within the first three donations. P-value is fasttef equality of distributions (kolgomorov-smirrjov
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Figure 3: Mean amounts given
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Notes to figure:

A large donation is defined as twice the page nagmhat least £50. A small donation is half the page
mean. We focus on the first large/small donationhange in mode to occur on a page, excluding those
within the first three donations.
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