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Abstract

A charitable donor typically imitates the majoraggntribution of other donors. This study examines
the relationships between majority size and thisated donor’s conformity behavior, by empirically
investigating the impacts of multiple earlier daoas on the donation of a subsequent donor to
JapanGiving, a donation-based crowdfunding platfordapan. This analysis is possible because the
platform’s webpage displays the previous donatimowants in chronological order, thus allowing us

to examine the modal amount of more recent donsitiBy using data on 9,989 actual donations, our
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dynamic panel analyses suggest that when the twah racent donations are identical, a subsequent

donor is likely to match the last donation. In ativerds, when the last donor imitates the donation

the penultimate donor, the subsequent donor islédsly to imitate this amount. Additionally, the

likelihood increases when the number of most recentinuous modal donations increases. These

results support the notion that a donor’s confgrrbghavior is more likely to occur when a greater

proportion of the other donors give a similar antoturthermore, the effects of continuous modal

donations are strongly observed for low monetanges. We discuss that individuals would obtain an

excuse for less cooperation due to others’ behsaworinitiating further cooperation among a large

number of less cooperative others would becomeeha@ur findings connect economic studies of

charity and social psychology studies of conformatyd could help improve the effectiveness of

fundraising by charities.

Keywords. Charitable giving, Conformity, Free-ride, Dynamiangl model, Crowdfunding,
Fundraising management
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1. Introduction

The literature shows that a charitable donor isrofbhfluenced by other donors and an influenced
donor imitates the others’ contributionalgizar et al., 2008; Frey & Meier, 2004; Shang & Croson,
2009). For example, Shang and Croson (2009) fiadgbtential donors make larger donation amounts
on average when they know about another’s dongt@mwhen they do not. This so-called conformity
behavior by donors also matters in practice. Indebdrities deliberately provide information about
previous donations (e.g., in their solicitationtdes, brochures, and homepages) to solicit new
donations (The Behavioral Insights Team, 2&dwick, 2014; Prior, 2014).

Then, when is a charitable donor more likely tofoom to others’ contributions? This issue
in donors’ conformity behavior remains a subjectiebate and analysis. Answering the question can
aid fundraising activities by charities. If we ral@ secret that aids in prompting donors’ confoymi
behavior, it must enable charities to collect dmmat more effectively and achieve fundraising tesge
at a faster pace.

One method of investigation involves providing potential dwa with information on
multiple donors making a similar donation amouim$al studies in social psychology revealed that
an individual’s conformity behavior is likely to pgar when a large number of other people behave in
a similar way (Asch, 1951; Asch, 1955). In other words, when one individual imitates the choice of
another, a third individual is likely to match thehoice. Furthermore, the likelihood increaseswit

the number of others who have made a similar choice

! Previous studies have explored the issues in ethgs. For instance, Shang et al. (2008) showababr conformity
depends on similarities between donors in that wdwerors obtain information about another donohefsame sex, they
are more likely to be influenced by the other do@oson and Shang (2013) find that donor confgriadépends on the
contribution level of the other donor. When donseg another’s extremely high contribution, theylass likely to be
influenced by it. Jones and Linardi (2014), amortery, find that donor conformity depends on théility of his/her
contribution. That is, donors are more likely toituenced by other donors when their own contitiyuis visible.
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If that is the case with charitable giving, prowvigiinformation regarding multiple donors
could influence potential donors more stronglyrilavhen more of the multiple donors have donated
the same amount as compared with other times wienrhay not donate the same amount in such
high numbers. That is, subsequent donors’ contabutould mirror the majority contributions of
multiple donors. However, few study has found tmsjority effect” in everyday situations, including
real charitable giving, to the best of our knowledg

We study the causal impact of majority size on dsranformity behavior, by using a dataset
of 9,989 actual donations on a donation-based drowdihg platform, JapanGiving, and a dynamic
panel modeling approach. JapanGiving is the lad@asation-based crowdfunding platform in Japan
as well as an affiliate of the world’s largest fidatn, JustGiving in the United KingdofmAs an online
fundraising intermediary, JapanGiving connects mofifporganizations (NPOs) and fundraisers with
potential donors. The main feature of JapanGivitgg tan be exploited for the analysis in this study
is that its fundraising campaign webpage displagsipus donation amounts in chronological order.
Potential donors would see the four or five mosen individual donations and combinations of
previous donations when accessing the page andidgré different times.

In other words, to exploit causality from majorgize on donors’ conformity behavior, we
investigate the effects of informing subsequentadsiregarding the monetary contributions that
multiple previous donors already made to Japan@ividur empirical models include variables to
explain representative combinations of previousations, and the main variables are the modal
amount among the five most recent donations and déippearance along the sequence. Using these

variables, we examine the effect of the conforrhavior of previous donors on that of subsequent

2 The platform’s name changed from JustGiving JapalapanGiving in January 2015.
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donor. This implies that our model specificationslude lagged dependent variables as independent
variables, and this modelling causes a downwarsl inidixed effects estimates (Nickell, 1981). We
use a dynamic panel modelling approach, excludhey liias. We further introduce our model
specification and identification strategy in Secti

Our data, models, and empirical strategy are bas¢ldose propounded by Smith et al. (2015),
who use a large sample of data from JustGiving\Argin Money Giving in the United Kingdom
whose webpages also display previous donationsnologically. Their analyses show that a new
donation amount responds affirmatively to large anuhll donations among previous donations,
changes in their modal amount, and the mean anwdyomevious donations. Getting an idea from the
literature, we examine the significance of the namif people making donations of a similar size in
terms of the likelihood of people following previeodonations.

Our empirical analyses provide findings that aneststent with those in laboratory studies in
social psychology. When the two most recent donatere identical, a subsequent donor is likely to
match the last donation. In other words, when #isé donor imitates the donation of the penultimate
donor, the subsequent donor is likely to matchrtheiount. Furthermore, we find that the likelihood
increases when the number of the most recent eantsymodal donations increases. These results
support the notion that a donor’s conformity bebais more likely to occur when a greater propartio
of other donors give a similar amount as compang when they do not.

Our study, which applies the findings from socigyghological studies of conformity to the
economic analysis of charitable giving and adoptyy@amic panel modeling approach to test the
empirical hypotheses, is the first to discoverdfiect of majority size on conformity behavior eat

charitable giving. The presented findings can &$sigraising activities by suggesting that chasti
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alter the presented donation amounts accordingiglieve their fundraising targets at a faster pace

2. Literaturereview

In social psychology, Asch (1951, 1955) producemisal works regarding majority size and
individuals’ conformity behavior. In his laboratoexperiment, he presents two cards to experimental
subjects. He writes just one line on one card antlipfe lines on the other card. He asks subjexts t
select a line from the multiple lines on the latard that equals the line on the former card. mh&
finding is that when a subject knows that morehef group has selected the wrong choice, he/she is
more likely to match this wrong choice. The Asctdmformity experiments have been replicated by
an extensive experimental literature (see Bond5ZDénhford & Penrod, 1984). Most results have been
found in the laboratory settinghowever, recent studies start to complement these conformity
experiments by using more natural observations aswmbssing conformity behavior in everyday
situations (Claidiere et aR012; Claidi¢re et al., 2014).

To conduct a similar investigation in natural se$, including real charitable giving,
researchers need to inform potential donors almubmations of multiple donations. Hence, because
employing a field experiment for the analysis wouduire a large number of treatments, few relevant
studies of charitable contributions has been uadert. In this strand of the research, Martin and
Randal (2008) use a see-through donation box iarbgallery to investigate how compositions of
visible bills and coins influence new donationswdweer, they do not track and record each individual
donation and cannot draw conclusions on how eadordeeacted to the stimulus. In a laboratory
experiment, Samek and Sheremeta (2014) analyzeffibets of recognizing (i) only the largest or

smallest donations and (ii) all multiple donatiokwever, their work does not shed light on how
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other combinations affect new donations.

Websites are ideal for displaying various informatpatterns (Blake et al., 201®hnson et
al., 2014; Lewis & Reiley, 2014). Hence, researchers can track andrd detailed data on website
visitors, such as when they visited, what informatihey saw, and which activity they undertook. By
using this information, they can then compute tifieces of the treatment information on a visitor’'s
activity. However, if treatment information on weébs is not randomly assigned to visitors, an
econometric method is necessary to identify thealty from the treatment information to a visisr’
activity.

Smith et al. (2015) apply a dynamic panel modeéipgroach, a method of causal inference,
to a large sample of micro panel data of real donatrecorded on JustGiving and Virgin Money
Giving.2 As noted in the Introduction, these crowdfundjigtforms display previous donations
chronologically. The authors examine the effectsotbfer donors by investigating how previous
donations affect subsequent donations on thesémptet. They use the dynamic panel modeling
approach to exclude downward bias in the fixedotffeestimates, finding that a £10 rise in the
arithmetic mean of all previous donations increasesw donation amount by £2.50. Their study thus

establishes positive causality running from presitmunew donations.

3. Study setting

Between its launch in March 2010 and December 20aganGiving attracted 111,700 donations

totaling ¥121.4 million (US$1.5 million at the 20&kchange raté)in contributions. NPOs and

3 Bgg et al. (2012) use a small sample of crossesmdtdata from JustGiving, finding a systematisifiee correlation
between contributions in the early stage of a faisiing campaign and those in its later stage.
4 1 US dollar was equivalent to 79.8 Japanese y201i.
5> Donors can also register with JapanGiving anddearate by credit card or through Internet banking.
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fundraisers register with JapanGiving and createlfaising webpages for their causes. They first
solicit friends, families, and colleagues for domas, who in turn are expected to share the URL of
the fundraising webpage and the solicitation messalg their donations with their social and
professional associates. Accordingly, most donars avebpage are likely to belong to an NPO’s or
fundraiser’s existing networks.

We use data from the 9,989 donations made vian@zipeng from February 2011 to December
20115 All sampled donors viewed the same webpage designg this period. JapanGiving records
the monetary amounts of donations, their datestiamels, and the recipient organizations (see the
example in Figure 1). Information is displayed ciulogically on one electronic page. A donor
therefore sees the last four or five donations jmently. First, we identify the order of donations
within a campaign webpage from the time and date. &ubsequently, we use the amounts donated
and their sequence to capture the informationg¢bhah donor saw when he/she visited the webpage.
We identify donors by randomly assigned IDs andigaho personal information.

[Figure 1 is here]

4. Empirical strategy
4.1. Model specifications and variables

To examine the spread of conformity behaviors, st investigate whether positive causality runs

from the conformity behavior of a previous donorthat of a new donor. In other words, when a

6 The total number of donations in this period wa585. Most pertained to the reconstruction profess the Great
East Japan Earthquake and Tsunami in 2011. We sléeesample for our analysis from the 67,595 donatby
following the procedure in Section 4.2 and obtaiaqdausibly homogeneous sample.
7 Although JapanGiving sometimes changes the weébsigsign, no changes were made in the period glwhich those
9,989 donations were made.
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previous donor imitates the donation of anothevipres donor, to what extent is a subsequent donor
likely to match their amount. In the second mogelcification, we investigate whether a new donor’s

conformity behavior is more likely to occur whenma@revious donors conform.

4.1.1. Model specification (1)

The first model specification is as follows:

Vie =@+ VYie-1+2' 6 +uy, €Y
Vie=1,ifdje =die 4
Vie=0,ifdie #diey
Empirical Hypothesis 1. When the two most recent donations are identical, a new donor is likely to

match the last donation.

where d;, refers to the amount of the" donation to campaign webpage

The dependent variablg; , is a dummy that takes 1 whet), exactly equalsd;,_,, and 0
otherwise. In other words, we define that & donor conforms to the — 1** donor whend; ,
and d;,_, are identical. Note that this dependent variaklgr&sses the conformity behavior of the
t*™™ donor and does not alone identify why he/she com$o The independent variablg,_; is the
first lag of the dependent variabjg .. This variable expresses whether the 1" donor conforms

to the t — 2" donor. Its parametey represents the effect of the— 1* donor’'s conformity

8 To examine the existence of donor conformity, stineated the following modeld;, = a + yd; ;1 + 2,8 + u;,. The
estimated results showed thatis small and insignificant. This result impliesita new donor does not respond only to a
change in the last donation and this led us to @@ocombinations of multiple previous donations.
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behavior on that of thet® donor.

Here, we test the hypothesis that when the lasbrdonitates the amount that the penultimate
donor made, a subsequent donor is likely to mdtelr amount. We assume that a subsequent donor
looks particularly at the last donor’s behavior ag@revious donors. This assumption is plausible
because the most recent donation is displaye@ abthof a list of previous donations on a Japam@iv
campaign webpage, making it more visible to theseghent donor.

We define the dependent and independent variabkbeiabove ways and use these variables
to test the first hypothesis, because it allowtousse a simple dynamic panel model, which provides
a solution for the problem of endogeneity. As wk @xplain details in Section 4.1.3, econometrisian
have developed methods of causal inference fodyhamic panel model, and the methods have been
applied in several empirical studies. Conversélye define that the" donor conforms whern; ,
equalsd;;_3, d;¢—4, OF d;¢—s, USINg a dynamic panel model would be unsuitableerefore,
adapting the definitions of our variables and magelcification is a simple and pragmatic stratégy.

y > 0 holds, it confirms our first empirical hypothessiggesting positive causality running from the
conformity behavior of a previous donor to thatafew donor.

Some might argue that the definition of the depahgariable is too strict because it judges
that the t®* donor does not conform to the— 1" donor even whenl;, andd;,_, are almost,
but not exactly, the same. This definition couldghunderestimate the parameters in our model.
Nevertheless, we define this so for the followihgee reasons. First, if we find the directionabify
the expected parameter from the underestimatedtseths strongly supports our hypothesis. It can
also provide academic and practical implicatiorrd®d, many of social psychology studies examine

whether one individual's choice exactly equals ghehoices, to the best of our knowledge. Third,
10



this definition is based on the JapanGiving paynsgetem, which provides nine options for donated
amounts? Over 90 percent of all donations concur with #meounts presented in these options.
Donors could decide their contribution by choodirgn the options, and they could make a binary
decision of whether they select the option thaeofirevious donors selected.

The control variableg’; , include some of the information that th& donor sees on the
webpage, such as the number of previous donatimhsaaget completion ratez’; , also includes the
duration from the inception of the webpage to thtéedf thet” donation. Furthermore, we use

monthly, weekday, and time zone dummies to acconateatbmmon shocks among the time intervals.

4.1.2. Model specification (2)

In the second model specification, we further esgla spread of conformity behaviors. Here, we
assume—in the same way as in the first model gpatidn—that a subsequent donor looks at the last
donor’s behavior. However, we additionally assuha he/she considers the behaviors of the last five

donors. The second model subdividgg_; into several cases to test the second empirigadthgsis:

Yie =@+ V1Yie—1 T V2T2ie +v3T3ic + vaT4ie + vs0TL + v60T2; + 2" 16 + uy, (2)
Vie=1,ifdje =die 4
Vie=0,ifdie #diey
Empirical Hypothesis 2: When the number of the most recent continuous modal donations increases,

a new donor is more likely to match the modal amount.

% These are (proportion of donations consistentiwithe nine options): ¥500 (2.0 percent share))®& (8.5 percent),
¥2,000 (13.3 percent), ¥3,000 (12.2 percent), ¥b(R2B.8 percent), ¥10,000 (25.4 percent), ¥30,800dercent), ¥50,000
(0.9 percent), and ¥100,000 (0.9 percent).
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[Figure 2 is here]

As shown in Figure 2, the first lagged dependemiatée y; ., is a dummy that takes 1
when d;,_, at least equalsl;,_,. Next, T1;,, T2;,, T3;,, and T4;, are dummies that take 1
when only the two most recent donationsdyf_, andd;,_, are identical, when the three most
recent donations ofl;,_,, d;,—,, and d;,_3 are identical, when the four most recent donatims
di¢—1, di¢—, dir—3, andd;,_, are identical, and when all five of the most recgonations are
identical, respectively. In all these treatmengs,_; takes 1.T1;, explains the largest variation
among the five most recent donations, wheréas, explains the smallest variation. We define the
degree of conformity behaviors among the five ntesent donors to be lowest in the former case,
with the degree of conformity behaviors risinghe order of T2;,, T3;,, and T4;,.

We interpret the parameters in the following way. exhibits the effect of treatment 1 on the
probability that the dependent variabkg, takes 1.y; +v,, y1 +ys, andy; +y, are the effects of
treatment 2, treatment 3, and treatment 4, resgdgtiThe second model specification adds cross-
terms with the lagged dependent variable into tre# model specification. This simple enhanced
version of the first model specification allowstagsegard the second model specification as a dymam
panel model.

We explain the degree of conformity behaviors amiheglast five donors by examining the
most recent continuous modal donations. In padicwle consider the difference in the salience of
modal donations between larger and smaller vanatibor example, a subsequent donor could easily
recognize when the last and penultimate donatioaglantical, which may strengthen the pressure to

conform by contrast, he/she might not do so when two donsitof the modal amount appear at an
12



interval. In addition, the pressure to conform nhigleaken in this case because a subsequent donor
could find more recent donors who did not confardawever, the latter case could also generate more
or less pressure to conform to the last donatiod,ignoring this case leads to the underestimatfon
the parameters, particularly; and y,. We therefore construct a covariate of the otheatinents 1
O0T1;, to explain the case, and we add it into the secande! specification.

Furthermore, we must deal with the case where nubm@tions appear among the other four
recent donations (i.e., all donations except thg.l#n this case, a subsequent donor might dahate
modal amount; however, our dependent variable does not judgetheheghe subsequent donor
conforms because his/her donation amount is diffefrom that of the last donation. If we do not
consider this case, it then causes the overestimaii the parameters of;, y,, y3, andy,. The
second model specification thus includes a covaoéthe other treatments @T2;, to explain the

case, controlling for its effect.

4.1.3. Bias correctionsin dynamic panel models

In model specifications (1) and (2), the error tésrdecomposed a8;, = n; + v;,. n; iS a constant
page-specific effect that captures the unobsemetddonor preference correlations on that page; v; ¢

is a random error term. In view of the charactessof the error term, the OLS estimatesyofand
y1-4 are likely to be upward-biased because of unolesecorrelations. To exclude this bias, we use
fixed effects linear probability models to estimtte above two equations. However, the fixed edfect
estimates ofy andy,_, are likely to be downward-biased (Nickell, 198&ince the two model
specifications are a dynamic panel model that oetulags of the dependent variable. A correlation

thus remains between the treatment variables aodterm even after we eliminate the constant page-
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specific effect by first differencing.

We address this downward bias by adopting theviatig two methodologies. The first is the
generalized method of moments (GMM) for dynamicgy@astimations, particularly Difference GMM
(Arellano & Bond, 1991) and System GMM (BlundellB®bnd, 1998). The second methodology is the
half-panel jackknife fixed effects estimation denp#d by Dhaene and Jochmans (2015).

In Difference GMM, we use as instruments the sdys¥aod lags of the dependent variable
that influence just the differenced independeniadde after we eliminate the constant page-specific
effect by first differencing. System GMM adds tleedl moment condition to the moment conditions
of Difference GMM and estimates the equation. Thes¢hodologies have been applied in several
empirical studies, and Smith et al. (2015) alsgoaddfference GMM for their estimations.

We use the second methodology to deal with the da@sah bias since GMM estimates are
not always stable because of the problems of weaskuments, too many instruments, and non-
stationarity of the dependent variable (Bun et2015 Roodman, 2009a). To avoid these problems,
econometricians have developed another methodabygwhich they directly exclude the downward
bias in the fixed effects estimates and obtairabédi estimates (Bun & Carree, 2003haene &
Jochmans, 20134ahn & Kuersteiner, 2002; Kiviet, 1995). We adopt the half-panel jackknifeef
effects estimation method developed by Dhaene acbndans (2015) has been applied in recent
empirical studies (Hospido, 2012, 2015). In thighod, we first assume that the fixed effects edtima
includes downward bia®® and thatB decreases as the tinfe dimension increases. Next, we
estimate the fixed effects estimates@y. by using the fulpanel dataset; 8,; includes downward
bias B/T. We also divide the full panel into halves andneate the fixed effects values @fnm and

0,1, by using the subsample8,;, and 8, , thatinclude common downward bi@®/T. Finally,
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we obtain the half-panel jackknife estimator withthe downward bias by substitutir@y,, 8, 1,

and 0,7, for 28,, — 6"“;’&. We check whether our main estimation resultsstably observed

when we use Difference GMM, System GMM, and thd-pahel jackknife fixed effects estimation.

4.2. Preliminary identification analysis

Our identification strategy for the parameters ygf_, and T2;, — T4;, assumes that donors’
attributes and characteristics do not depend aafter controlling for a constant page-specifieeff

by using dynamic panel estimations. Ordinal regoesscorroborate this assumption by directly
adding the variables of attributes and preferemteshe equation: however, we gathered no personal
information for its protection. Subsequently, westify the assumption by confirming that the
distribution of donated amounts on a webpage tostary throughout the campaign. In that case, we
can judge that plausibly homogeneous donors \igitdampaign webpage and donate there. This
subsection delineates examples to confirm thisragsan.

First, we consider that the distributions of dodasaenounts, number of donors per webpage,
and length of the campaign are skewed becausteof successful fundraiséfsand generous donors
(Smith et al., 2015). We exclude from the analysebpages that have single donations exceeding
¥500,000 (US$6,266), webpages with fewer than 2Bane than 100 donations, and webpages with
donations made more than 50 days after their irmepFurthermore, we exclude some exceptional
donations, including continuous donations made byidentical donor and donations made by

JapanGiving founders before a campaign webpageedperthe public.

10 One of the most successful fundraisers is Dr.\@h¥amanaka, a Japanese Nobel Prize-winning stémesearcher.
He raised more than2,000,000 (US$250,656) from 1,913 donors; the largest single donation in his campaign was
¥1,000,000 (US$12,533).
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Second, we exclude the first three donations oh eebpage because their donors are more
likely to be the fundraiser’s friends, family, andlleagues, and tend to donate different amounts
(Agrawal et al., 201.55mith et al., 2015)} The data indicate that the mean of the first tol@®ations
(¥17,467) significantly exceeds the mean of theaiemg donations (¥8,568) with 1% statistical
significance. Therefore, we exclude them. Furtheenwe exclude the fourth and fifth donations
because our analysis focuses on the effects dashdéive donations.

Finally, we verify that amounts without the initiave donations are sufficiently stationary
throughout the entire campaign. Then, we use thém&gorov—Smirnov test to compare the
distribution of monetary amounts donated in thst fivalf and second half of the campaign. The null
hypothesis is that the two sample groups have icirdistributions, and the test does not rejeist th
in 291 out of 359 campaign webpaggs> 0.100). Thus, the 9,989 data points across the 291
campaign webpages are plausibly homogeneous.

As shown in Table 1, the arithmetic mean donatso¥8,823 (US$111). The mean number of
donations per campaign webpage is approximately?4and the mean target price is ¥997,724
(US$12,504). The number of campaigns with finajeédicompletion rates of 100 percent or more is
98. The arithmetic mean donation on JapanGivinghiriig higher than normal donations in Japan.
One possible explanation is that most samples ddrfat the reconstruction process from the Great

East Japan Earthquake and that such donationsikatg to be higher. The Japan Fundraising

11 Agrawal et al. (2015) use data from a Canadiamwdfunding platform, showing that early donors haleser
relationships with fundraisers. Smith et al. (201Bport that the average amount of the first thdeeations is
systematically larger than the average of the remainder in JustGiving UK; therefore, they exclude the initial three donations
from their analysis.
12 As we have explained, our analyses use the sampleh excludes the exceptional donations fromdheations per
campaign webpage. Therefore, the number of our lea®®89, is inconsistent with the number, whiglealculated out
by multiplying the number of donation per campaiggbpage, 47, by the number of campaign webpage, T2@lnumber
of donation per campaign webpage in our sampleoisral 34.
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Association (2012) reports that relief money orat@mns averaged around ¥10,000 nationally at this
time.

[Table 1 is here]

5. Basic analysis

This section first presents the estimation resafithiodel specification (1), testing the first enngat
hypothesis that when the two most recent donatoasdentical, a new donor is likely to match the
last donation. Next, we present the estimationltesi model specification (2), testing the second
empirical hypothesis that when the number of thetmecent continuous modal donations increases,
a new donor is more likely to match the modal anhodde run the regressions, considering the control

variables’ effects, several fixed effects, andaerorrelation effects.

5.1. First hypothesistest results

Table 2 presents the results of the OLS estimatiowesl effects model estimations, and dynamic pane
model estimations. In the Difference GMM and SyselM estimations, we use more than the two-
period lags of the dependent variable and more tinarthree-period lags of the donation amount as
instrumental variables. In addition, we collapsesthinstrumental variables to deal with the problem
of excessive instrumental variables because tooynmastrumental variables could over-fit the
endogenous variables as well as weaken the Hamserft over-identifying restriction's:** The

Arellano—Bond test for serial correlation does mpéct the null hypothesis of no second-order keria

13 The econometric software STATA provides a “colilpgption (Roodman, 2009b).
14 Several empirical studies in macroeconomics haperted plausible causal effects using GMM estiomatji but these
results suffered from problems associated with &sige instruments (Bazzi & Clemens, 2013). Aftellagsing the
instruments to address these problems, most asayesved no evidence that supported causality.
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correlation, implying that more than the two-periads are valid as instruments. The Hansen test
indicates that the instrument set is plausible.
[Table 2 is here]

Our findings confirm the first empirical hypothesisble 2 shows that all the dynamic panel
estimates ofy are positive and statistically significant at th@ercent level. We find that when the
last two donations are identical, the likelihoodtta new donor matches the last donation incrdgses
13.6-13.7 percent. This finding also supports tb&on of positive causality running from the
conformity behavior of the most recent donor td tifaa new donot®

As discussed in Section 4.1.1, the magnitudes eambderestimated because we define that
the t — 1" donor conforms to the — 2" donor whend;,_, andd;, , are identical, and this
definition allows the control group to include t@se whered; ., and d;,_, are similar. The above
results show that even when employing this stedinition, the magnitudes exceed 13.6. This finding
implies that we cannot ignore the extent to whibk tonformity behavior of previous donors

influences that of a new donor.

5.2. Second hypothesistest results

The model specification (2) subdividgs,_; into five cases. We estimate this model, testhag t
when the number of the most recent continuous nuabat@tions increases, a new donor is more likely

to match the modal amount.

15 The estimated results are consistent with therétieal predictions for biases. The fixed effectineste is smaller than
the OLS estimate, while the OLS estimate is biasedawgh All the dynamic panel estimates pflie between the OLS
and fixed effects estimates. The fixed effects estiéinis biased downward. However, the biases maghn@lys generate
as the theoretical predictions in model specifaaiwith covariates.

16 Even the fixed effects estimate with downward Islasws a positive and statistically significanteff From the fixed
effects estimation results, our data show thatctr@ormity behavior of the previous donor is caiveabf new donor
behavior.
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Before presenting the estimation results, we rethice the parameters associated with the
key independent variables. First, is the parameter of the first lagged dependentalla, which
takes 1 when at least the last two donations @mtichl. Secondy,, y;, andy, are the parameters
for the three most recent continuous modal donat{treatment 2), the four most recent continuous
modal donations (treatment 3), and the five or nmaost recent continuous modal donations (treatment
4). The baseline is the two most recent continunadal donations (treatment Third, we interpret
the parameters in the following wayg, exhibits the effect of treatment 1 on the probghbihat the
dependent variabley; ., takes 1.y; +vy,, v1 +v3, andy; +vy, are the effects of treatment 2,
treatment 3, and treatment 4, respectively.

[Table 3 is here]
[Figure 3 is here]

Our findings confirm the second empirical hypoteefis shown in Table 3, all the dynamic
panel estimates of; * v, * y3 * y, are positive and statistically significant at keaisthe 10 percent
levell” Our additional tests in Figure 3 show that thecf of treatments 2, 3, and 4 are 2.2 times,
3.4 times, and 6.2 times, respectively, larger theatment £8 In other words, the effect rises in the
order of treatment 1, 2, 3, and 4. These resulpdyithat as the number of the most recent contiauou
modal donations increases among the last five dorsgta new donor is more likely to match the last
donation. This finding confirms our second empiricgpothesis as well as supports our contention
that when more previous donors have contributedlaiy in monetary terms, a new donor’'s

conformity behavior is more likely to occur. Thediihood increases not strictly linearly but

17 Similarly, in model (1), the Arellano—Bond testdaHansen test imply that our instrumental varialales valid and
plausible.
18 As an example, we use the Difference GMM estinmatim conduct the additional tests and presertettaesults.
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continuously with the number of the most recenticaous modal donations.

The effect of treatment 1 is smaller than thoseasdtments 2—4 because a new donor might
recognize that the two most recent continuous mddahtions are not the majority among the last
five donations. That is, when facing those cassabaequent donor might not think that many previou
donors contribute the same amount as the lastidon&n the contrary, the three or more most recent
donations are identical in treatments 2—4, and ¢hasew donor might recognize that the last donor
belongs to the majority.

The other treatments have parameters that are stensiwith our expectationsT1;,
explains the cases in which donations identictiédast donation appear at intervals. The reshlisv
that these cases generate some pressure to maiictidhation amount. In additioT2; . explains
the cases where modal donations appear among hiee fotur recent donations without the last
donation. This parameter shows a negative sigmcatidg that a subsequent donor might match the
amount of the modal donation. Therefore, we agadognize that we need to control for these two

cases when identifying; * v, * v3 * V-

6. Further analysis

6.1. Heter ogeneity between monetary amount ranges

Section 5 showed that when the two most recenttaimsaare identical, a subsequent donor is likely
to match the last donation. The likelihood furtieecreases when the number of the most recent
continuous modal donations increases. This sectiaducts additional analysis, within the limitaon

of data availability, to discuss why donors confamthis manner and thus deepen the interpretation

of our findings.
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In advance, we introduce the major following mectias to explain the relationship between
others’ behaviors and individual conformifgameda & Hastie, 2015; Zafar, 2011): (1) image-related
concern (Andreoni & Petrie, 2008ernheim, 1994Rege & Telle, 2004) and (2) social learning
(Banerjee, 1992Bikhchandani et al., 1992). Social psychology<ttile first mechanism normative
conformity and the second one informational coniormn the first mechanism, people stick to a
similar choice because they want to be consideester@us. People who care about their own
reputation tend to avoid their own choice incomsistwith others’ choices because departures from
social trends can impair their social status. éndbcond mechanism, people learn about the basecho
from information about others’ choices and hence&kenthe same choice. Although they might
determine their best choice independently, doingao be costly or time-consuming. In addition,
Carpenter (2004) proposes another mechanism, ngBjelsee-riding in providing a public good. In
the third mechanism, people would obtain an exdasdess cooperation from others’ free-riding
behavior, or initiating more cooperation among rgéanumber of free-riders would become harder.
The other recent studies indicate that donors tie& oeluctant to give are looking for some excuses
to avoid donations (Exley & Petri2018; Klinowski, 2016 Reyniers & Bhalla, 2013).

To explore which mechanism works better, we exantmeeheterogeneity in the effect of
continuous modal donations across monetary amauages. More concretely, we construct interaction
terms between the dummies for the ranges in theiate@onated and variables of continuous modal
donations. We then use the variables to investidpt@xtent to which the effect of continuous modal
donations differs across these ranges.

The effects should differ by mechanisms in theolwlhg ways. First, if an image-related

concern shapes donors’ conformity behavior in @ame, we find a more strongly positive effect of
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continuous modal donations in higher monetary rangecall that most of the donations in our sample
are for the reconstruction process from the Graat Eapan Earthquake in 201lierefore, there exists
a social norm that expects donors to give a higimeount. Second, if social learning explains our
results, the effect of continuous modal donatiernhé same across these ranges. Third, if freegridi
causes our results, we find a stronger positivecefif continuous modal donations in lower monetary
ranges.

[Table 4 is here]

Table 4 presents the results that support the thechanism of free-riding. The effects of the
most recent three or more continuous modal donaime positive and statistically significant in the
ranges of ¥1-¥29,999 in the half-panel jackknifénestion (at least at the 10 percent levél).
However, the effect is largest in the lowest raof¢1—¥1,999, and it reduces as the range elevates.
addition, the effect loses statistically significann the range of ¥30,000 or more. These resufityi
that when the most recent three or more continnogal donations are identical in lower monetary
ranges, a subsequent donor is more likely to miieimodal amount, but the likelihood decreases in
higher ranges.

Our analysis also finds that donation amounts betvws,000 and ¥29,999 themselves have
positive and statistically significant effects. $hiesult implies that when the last donor contabut
¥5,000—¥29,999, a subsequent donor is likely taritarte a similar range even if he/she does not see

the most recent continuous modal donations irrétmige. In our samples, the average donation amount

19 Using Difference or System GMM for this model sfieation might be unsuitable because it includéarge number
of the interacted variables, generates too martyuimgntal variables, and could produce unstabienation results. In
fact, Hansen tests indicate that the estimationltseare weakened by the many instruments. Thexefee mainly use for
the discussion the results of the half-panel jaiflekestimation, which are not impeded by this peotl However, since,
in our sample, the Difference and System GMM edfona present similar results to the half-panekiaife estimation,
we report them for readers’ reference.
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is ¥8,822, and more than 50 percent of the santlgeate in these high ranges of ¥5,000—¥29,999, as
discussed in Section 4. These sample characteriidd cause the above effects.

In sum, when the most recent three or more contisunodal donations are identical in the
low range of ¥1—¥1,999, a subsequent donor is hkedy to match the modal amount. If he/she did
not see the most recent continuous modal donatiw@ishe could contribute in the higher ranges of
¥5,000—¥29,999. The information on previous modaiations in lower ranges would provide a
subsequent donor with an excuse, which allows lemith behave in a less cooperative manner (i.e.,
save money). An alternative explanation is thatesim large number of previous donors make a lower
donation, it creates an unspoken rule that doesltew a subsequent donor to behave initially in a
more cooperative manner.

These findings call fundraisers’ attention to thoermation on previous modal donations in
such lower amount ranges, which could encouragsesjuent donors to stick to lower ranges when
deciding on their donation amount. Fundraisers riug enhance subsequent contributions by newly
providing information on another single donationnoultiple modal donations of higher amounts.

However, modal donations of too high amounts wawthave conformity effects on a new donor.

6.2. Sample selection issues

Some might still argue that the most recent cootisumodal donations hold positive effects because
information on modal donations attracts differerdups of donors. For example, fundraisers might
ask their friends and colleagues to donate a lon@netary amount, say ¥1—¥1,999. If so, this does
not allow us to interpret our estimation resultthi@ way of Section 6.1. This concern relates topta

homogeneity. Although we recognize that our dynapainel approach accommodates this problem,
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we take another approach to readdress this coirctns subsection. However, it is difficult to datly

test the existence of sample selection bias becaeidack information on webpage traffic and donor

characteristics. Instead, we use information orathieal rate of donations (i.e., the duration frtre

t — 1" donation to thet® donation). Since the arrival of a different graflonors would coincide

with changes in arrival rates, we can investightedxistence of sample selection bias indirectly by

investigating continuous changes in modal donattoristhe arrival rate of subsequent donations. For

the analysis, we use the dependent variable th@aies the duration from the — 1¢* donation to

the t* donation. If information on continuous modal domias attracts different cohorts of donors,

the continuous modal donations should exert stzist significant effects on the dependent varabl
[Table 5 is here]

The results in Table 5 assuage this concern. Thewy shat continuous modal donations do
not display any statistically significant effeatsthe key ranges of monetary amounts. Again, wedou
from Section 6.1 that when the most recent threaare continuous modal donations are identical in
the low range of ¥1—¥1,999, a subsequent donoo# fikely to match the modal amount. Table 5
shows that in this and some higher ranges, thereanis modal donations do not influence when a
subsequent donor appears and gffes.

These findings do not support the possibility ahpée selection bias. Fundraisers might ask
their friends and colleagues to make donationssifriélar amount. If so, continuous modal donations

should have a statistically significantly positimgpact in lower ranges. However, this is not theeca

20 Although the most recent at least two continuoasiah donations exhibit a negative impact in thegeaaf ¥10,000-
¥29,999, its significance level is relatively wétie 10 percent level). In addition, the most rétieree or more continuous
modal donations have a strongly negative impathénrange of ¥30,000 or more. However, the treatritszlf does not
have the effect which promotes donors’ conformignhdwior. Also, the low frequency of the treatmemtild create this
result. Therefore, these findings do not disturbiotarpretations.
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In addition, these findings do not support the otteses of sample selection. For example, a donor
might seek out a campaign webpage that displayiasheontinuous modal donations and donate there.
If so, his/her information should have statistigaignificant positive impacts. Again, this is ribe
case. Conversely, a donor might rather avoid a eagmpwebpage that displays continuous modal
donations. If so, his/her information should hatagistically significant negative impacts. However,

once again, this is not the case.
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7. Discussion and conclusion

In this study, we investigated how presenting thewants of multiple previous charitable contribuson
publicly (i.e., on the campaign webpage) affectsseguent donations. By using data from a donation-
based crowdfunding platform in Japan, we found wWian the number of the most recent continuous
modal donations increases among the last five dormgta subsequent donor is more likely to match
the modal amount. This finding implies that a dotmmforms to the majority’s behavior and that donor
conformity is strengthened when the size of theoniigj expands.

Our findings are consistent with those of socialcpelogical studies of conformity. The
extensive experimental literature in this areaditiat people mirror the majority’s behaviors and
choices. Hence, we contribute to raising the esiewalidity of social psychological studies. Our
findings imply that the laboratory experimentaluiesin social psychology are similarly observed in
real charitable giving contexts, which is one oémnday occurrences. Although laboratory studies of
conformity started in the 1950s, relatively a fawdses have established similar results in everyday
situations (Claidiére et aR012; Claidiere et al., 2014).

Next, this finding contributes to economic studsgharity. Several economic studies have
shown that presenting a single donation influeacgsbsequent donor and demonstrated the likelihood
of matching the presented donation (Alpizar et2808; Shang & Croson, 2009). Our findings show
that presenting multiple donations of a similar amtdurther strengthens the likelihood.

We found from further analysis that when the mesent three or more continuous donations

are identical in lower monetary ranges, a subseaglaror is more likely to match the modal amount,
indicating that our sample’s donors conform by {rieng. Information on previous modal donations

in lower ranges could provide a subsequent donttr an excuse that may allow them to behave in a
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less cooperative manner (i.e., save their monelgratively, since a large number of previous
donors make lower donations, it could create apaken rule that does not allow a subsequent donor
to behave initially in a more cooperative manner.

These findings practically contribute to improviagline peer-to-peer fundraising activities
by charities. Knowing previous modal donations ofoaer amount could encourage subsequent
donors to stick to lower ranges. In these situatiazharities should aim to enhance subsequent
contributions by newly providing information on higr donations. On the contrary, even if the effects
of the most recent three or more continuous donatweaken, they remain positive and statistically
significant in some higher ranges. These findingdicate that charities can control the amounts
contributed by subsequent donors by presentingmpleiionations of a similar amount. Our study can
contribute to these multiple objectives becausecamnect economic studies of charity and social

psychological studies of conformity.
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Tables and Figures

Figure 1. JapanGiving webpage (JG MARKETING Co. Ltd., 2014)
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Figure 2. Main independent dummy variables
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Treatment 3

Four Continuous Modal Donations ! s © L 0 o o o o z

Treatment 4

Five Continuous Modal Donations ! el O 0 L o ® ® o L

Notes: The circular marks explain donations of an idetianount. X, Y, and Z explain donations that affei@nt from this amount. The asterisk marks intplgt the donation amount is not
conditional.
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Figure 3. Effects on the probability that the dependent variable takes 1
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o
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o
o
S
o T T T T
Treatment1 Treatment2 Treatment3 Treatment4

Notes: As an example, we use the Difference GMM estimates to calculate out each treatment effect.
The effect of Treatment 1 (Two continuous modal donation): y; = 0.056

The effect of Treatment 2 (Three continuous modal donation ): y; + ¥, = 2.2 Xy, = 0.122

The effect of Treatment 3 (Four continuous modal donation ): y; + 3 = 3.4 X y; = 0.193

The effect of Treatment 4 (Five continuous modal donation ):y; +y4 = 6.2 X y; = 0.350

36



Table 1. Descriptive statistics

Donation Unit, N=9,989
Donation Amount (Japanese Yen)

Campaign Webpage Unit, N=291
Number of Donations
Target Price (Japanese Yen)
Target Completion Rate
Over 100% (Dummy Variable)

Mean Std. Dev. Min Max
8,822.585 19190.530 100 500,000
46.856 19.091 25 100
997,723.800 1,621,552.000 77,777 10,000,000
0.822 0.733 0.017 7.297
0.337 0.473 0 1

Note: Our analyses use the sample, which excludes ttepé&rnal donations from the donations per campaigopage.
Therefore, the number of our sample, 9,989, isnsisbent with the number, which is calculated qutrultiplying the
number of donation per campaign webpage, 47, bytineber of campaign webpage, 291. The number dtttonper

campaign webpage in our sample is around 34.
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Table 2. Basic analysis: Hypothesis 1 test results

(€] @ 3 4 ®)
Linear Probability Model OoLS Fixed Effects DifferenGMM System GMM Half-Panel Jackknife
Model 1:
Lagl.dependent varial 0.163*** 0.104*** 0.136*** 0.137*** 0.136***
(0.016) (0.014) (0.015) (0.015) (0.015)
(t-1)th Donation Amount (Log-transforme -0.006 -0.011* -0.057** -0.054** -0.010**
(0.006) (0.004) (0.007) (0.006) (0.004)
Number of Previous Donatio -0.000 -0.001* -0.001 -0.00: -0.001
(0.000) (0.000) (0.003) (0.002) -0.001
Target Completion Ra -0.002 -0.005 -0.12¢ -0.01¢ -0.01:
(0.013) (0.013) (0.115) (0.026) -0.037
From Inception of the Webpa -0.001 0.001 0.00¢ -0.001 0.00z
(0.001) (0.001) (0.004) (0.002) -0.002
Arellanc-Bond test for AR(1), p-val - - 0.00(¢ 0.00(¢ -
Arellanc-Bond test for AR(2), p-val - - 0.92: 0.91¢« -
Hansen test, p-val - - 0.37¢ 0.45: -
(over-ID restrictions - - (13) (17) -
FE Campaign Webpa NO YES YES YES YES
FE Monthly YES YES YES YES YES
FE Weekda YES YES YES YES YES
FE Time Zon YES YES YES YES YES
Notes:

1. The number of donations is 9,989 and the numibeampaign webpages is 291.
2. Cluster robust standard errors in parenthesep<8.01, ** p<0.05, * p<0.1.
3. The dependent variable is a binary variablettiles 1 when the (t)th donation amount is equtdedt-1)th donation amou
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Table 3. Basic analysis: Hypothesis 2 test results

@ @ 3 4 ®)
Linear Probability Model OoLS Fixed Effects Difference GMM System GMM Half Padaktkknife
Model 2: The Five Most Recent Donations t-1 t-2 t-3 t-4 t-5
Lagl.Dependent Variable [ ] [ ] * * * 0.051%* 0.022 0.056** 0.058** 0.046**
(0.014) (0.014) (0.015) (0.015) (0.014)
T1 variable [ ] [ ] X Y z Baseline Baseline Baseline Baseline Baseline
T2 variable [ ) [ ] [ ] Y z 0.121%+* 0.070* 0.066* 0.072* 0.100%**
(0.030) (0.030) (0.034) (0.033) (0.032)
T3 variable [ ) [ ] [ ] [ ] z 0.194%+* 0.114%+* 0.137%+* 0.124%+* 0.153*+*
(0.036) (0.034) (0.047) (0.045) (0.036)
T4 variable o [ ] [ ] [ ] [ ] 0.366*** 0.246** 0.294%+* 0.292*+* 0.306*+*
(0.038) (0.035) (0.045) (0.044) (0.044)
OT1 variable 0.161*** 0.120** 0.113%* 0.109%** 0.134%**
(0.014) (0.013) (0.017) (0.016) (0.014)
OT2 variable -0.025* -0.081%* -0.056%+* -0.058** -0.051%+*
(0.012) (0.013) (0.020) (0.019) (0.013)
(t-1)th Donation Amount (Log-transformed) -0.007* -0.011%* -0.049%* -0.046%+* -0.010**
(0.005) (0.004) (0.006) (0.005) (0.004)
Number of Previous Donations -0.000 -0.001** -0.002 -0.003* -0.001
(0.000) (0.000) (0.003) (0.001) (0.001)
Target Completion Rate -0.001 -0.006 -0.132 -0.022 -0.011
(0.009) (0.013) (0.132) (0.026) (0.035)
From Inception of the Webpage -0.001 0.001 0.005 0.000 0.002
(0.001) (0.001) (0.004) (0.002) (0.002)
Arellano—Bond test for AR(1), p-value - - 0.000 0.000 -
Arellano—-Bond test for AR(2), p-value - - 0.346 0.414 -
Hansen test, p-value - - 0.224 0.387 -
(over-ID restrictions) - - (28) 37) -
FE Campaign Webpage NO YES YES YES YES
FE Monthly YES YES YES YES YES
FE Weekday YES YES YES YES YES
FE Time Zon YES YES YES YES YES
Notes:

1. The number of donations is 9,989 and the numbeampaign webpages is 291.

2. Cluster robust standard errors in parenthesep<®:01, ** p<0.05, * p<0.1.
3. The dependent variable is a binary variablettidas 1 when the (t)th donation amount is equ#iedt-1)th donation amou
4. The circular marks explain donations of an idtamount. X, Y, and Z explain donations thatdifferent from this amount. The asterisk marks yrtphat the donation amount is not conditional.
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Table 4. Further analysis: Heterogeneity between monetarges

@ @) (©)) 4) (©)
Linear Probability Model oLs Fixed Effects Difference GMM System GMM  Half-Panel Jackknife
(t-1)th Donation Amount Rang 1-1,999ye Baselin Baselin Baselint Baselin Baselint
2,000 - 4,999 yen 0.024 0.016 0.007 0.011 0.016
(0.016) (0.016) (0.021) (0.020) (0.016)
5,000 - 9,999 yen 0.103*+* 0.095*+* 0.094*+* 0.094*+* @O5**+*
(0.018) (0.018) (0.025) (0.024) (0.018)
10,000 - 29,999 yen 0.088*+* 0.081*+* 0.077%* 0.079*+* 0.084**
(0.018) (0.018) (0.024) (0.024) (0.019)
30,000 yen or more -0.111% -0.117% -0.158*+* -0.152* -0.113%*
(0.014) (0.017) (0.027) (0.026) (0.017)
Lagl. dependent variable x (t-1)th Donation AmdRange 1-1,999ye 0.05( 0.00¢ 0.084" 0.089’ 0.02¢
(0.040) (0.035) (0.048) (0.048) (0.036)
2,000 - 4,999 yen 0.045* 0.009 0.068** 0.058* 0.042*
(0.023) (0.024) (0.032) (0.030) (0.025)
5,000 - 9,999 yen 0.030 0.008 0.019 0.024 0.032
(0.024) (0.025) (0.030) (0.029) (0.025)
10,000 - 29,999 yen 0.048* 0.025 0.060** 0.061** 0.044*
(0.023) (0.022) (0.028) (0.028) (0.023)
30,000 yen or more 0.066 0.038 0.092 0.108* 0.052
(0.071) (0.069) (0.074) (0.063) (0.070)
T1 variable Baseline Baseline Baseline Baseline Baseline
T2, T3, or T4 variable x (t-1)th Donation AmouRe&nges 1-1,999 yen 0.438* 0.299% 0.250%** 0.300%** 0.371%
(0.095) (0.091) (0.093) (0.097) (0.129)
2,000 - 4,999 yen 0.132%* 0.053 0.138* 0.166*+* 0.108*
(0.048) (0.048) (0.062) (0.063) (0.049)
5,000 - 9,999 yen 0.206*** 0.130%* 0.093* 0.088* 0.168*
(0.037) (0.034) (0.051) (0.049) (0.036)
10,000 - 29,999 yen 0.180*+* 0.100*+* 0.107** 0.095** D40%+*
(0.036) (0.034) (0.043) (0.043) (0.037)
30,000 yen or more 0.142 0.094 0.306 0.324 0.193
(0.139) (0.147) (0.530) (0.490) (0.219)
Other Treatmen YES YES YES YES YES
Number of Previous Donations YES YES YES YES YES
Target Completion Rate YES YES YES YES YES
From Inception of the Webpage YES YES YES YES YES
Arellano—Bond test for AR(1), p-val - - 0.00(¢ 0.00(¢ -
Arellano—Bond test for AR(2), p-val - - 0.46¢ 0.557 -
Hansen test, p-val - - 0.02¢ 0.057 -
(over-ID restrictions - - (55) (73) -
FE Campaign Webpa NO YES YES YES YES
FE Monthly YES YES YES YES YES
FE Weekda YES YES YES YES YES
FE Time Zon YES YES YES YES YES
Notes:

1. The number of donations is 9,989 and the numbeampaign webpages is 291.
2. Cluster robust standard errors in parentheseg<®.01, ** p<0.05, * p<0.1.

3. The dependent variable is a binary variablettiiegs 1 when the (t)th donation amount is equ#iddt-1)th donation amou
4. The regression includes control variables andtigpes of fixed effects.
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Table 5. Further analysis: Sample selection issues

(2)
Fixed Effects Model Time unt|l. the ne?<t donation
(in hour

(t-1)th Donation Amount Rang 1-1,999 yen Baseline

2,000 - 4,999 yen -0.492
(3.361)

5,000 - 9,999 yen 0.534
(3.344)

10,000 - 29,999 yen 1.435
(3.488)

30,000 yen or more -7.808
(4.825)

Lagl. dependent variable x (t-1)th Donation Amdrahge 1-1,999 yen -6.527
(7.185)
2,000 - 4,999 yen -2.108
(4.038)
5,000 - 9,999 yen -1.329
(3.385)
10,000 - 29,999 yen -6.806*
(4.035)
30,000 yen or more 17.299
(18.293)

T1 variable Baseline

T2, T3, or T4 variable x (t-1)th Donation AmouRénges 1-1,999 yen 8.021
(16.176)

2,000 - 4,999 yen 9.175
(9.946)

5,000 - 9,999 yen 1.955
(6.426)

10,000 - 29,999 yen 3.839
(5.976)

30,000 yen or more -112.044***
(28.734)

Other Treatmen YES
Number of Previous Donations YES
Target Completion Rate YES
From Inception of the Webpage YES

FE Campaign Webpa YES
FE Monthly YES
FE Weekda YES
FE Time Zon YES

Notes:

1. The number of donations is 9,878 and the numbeampaign webpages is 290.

2. Cluster robust standard errors in parentheses<8.01, ** p<0.05, * p<0.1.

3. The dependent variable explains the duratiam fitwe (t-1)th donation to the (t)th donation.

4. All regressions include control variables andt fiypes of fixed effects.
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