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ENGLISH SUMMARY

This dissertation consists of four self-contained chapters on applied behavioral

economics. All four chapters are motivated by observations of individual decision-

making and how choices reflect tensions between (1) what is desirable from a purely

rational self-interest perspective and (2) how people perceive themselves and want

to be perceived by others. The chapters in this dissertation involve applications in

two distinct areas where such tensions could be important: labor market job search

and charitable giving.

These contexts are interesting for a behavioral economist for different reasons.

When people apply for a new job, there is potentially a lot at stake - both financially

in terms of future income, and psychologically in terms of how people perceive

themselves. One aspect that could influence self-perception is disappointment which

may be captured by reference-dependent preferences. The first two chapters of this

dissertation focus on the effect of reference-dependent preferences on job search

decisions theoretically and using a laboratory experiment.

Social preferences and charitable giving is an area that has come to fascinate

behavioral economists precisely because it conflicts with purely rational self-interest.

Several motives for giving have been proposed including pure altruism, “warm glow”

utility, and social pressure, and there has been a surge in experiments trying to

establish why and under what circumstances people give. However, few have focused

on the dynamic interactions between charities and potential donors over time. The

last two chapters fall in this category and study the effect of two different behaviorally

motivated “nudging” interventions targeted at situations where people fail to do

something (e.g. donate) they previously intended to do. Nudges are designed to

influence behavior in a specific direction (get people to donate) without significantly

altering economic incentives or limiting the choice set (Thaler and Sunstein, 2008).

We analyze the effect of the nudges both theoretically and using field experiments.

The first chapter, Reservation wages and search effort with reference-dependent

preferences, studies theoretically the effect of reference-dependent preferences on

two key components of search behavior: reservation wages and the decision to search.

In a basic search model with forward-looking stochastic reference points following

Kőszegi and Rabin (2006, 2007), I show that reservation wages and the probability

of search are lower under reference-dependent preferences than under risk neutral-

vii
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ity. The results for reservation wages are qualitatively similar to the predictions of

models with standard risk aversion. However, in terms of the decision to search for a

job, reference-dependence provides a new mechanism to explain why some people

choose not to search even if there are clear economic benefits of doing so. By not

searching, people avoid having to compare the wage offer they get to wage offers

they could have gotten. Such comparisons are, in expectation, particularly painful if

people are highly loss averse, in which case it may be better not to search for a job

and hence remain unemployed.

As a next step, the second chapter, Applying for jobs in the lab, which is co-

authored with Justin Sydnor, explores the role of reference-dependent theories in

explaining whether people apply for jobs in a lab experiment. In particular, we study

the role of loss aversion and probability weighting as formulated in prospect theory

(Kahneman and Tversky, 1979, 1992). We create a “job application context” in the lab

which allows us to observe application decisions without possible confounds due

to overconfidence and underconfidence. Subjects in the experiment work at non-

competitive effort task to earn money, and we then elicit their willingness to pay an

“application fee” to apply for a new and better paid “job”. Subjects are informed about

their probability of getting the new job and that the probability depends on whether

they were “high” or “low” performers in a first work round. We also test whether the

context in the job application triggers a meaningfully different thought process than

a neutral financial lottery by implementing a neutral lottery context with the same

consequential decision. Our experimental evidence reveals substantial reluctance

to take on risk in the job application decisions, to an extent similar to that found in

the lottery entry decisions. Furthermore, we provide suggestive evidence that the

observed behavior is better explained by loss aversion combined with probability

weighting than by standard risk preferences.

The third chapter, Now or never! The effect of deadlines on charitable giving, co-

authored with Christina Gravert, uses two large scale field experiments to study the

effect of deadlines on giving to a charity. We ran the experiments in collaboration

with the large Danish charity DanChurchAid, and contacted their past and current

donors with solicitation messages. In the first experiment, donors were contacted by

e-mail, and in the second experiment, a separate sample of donors was approached

by text message. Our sample consists of a total of about 53,000 potential donors who

were asked to donate to the charity by a specific deadline. We created deadlines by

introducing a matching opportunity whereby an anonymous donor would donate

a fixed amount for every person that donated by the specified deadline. We varied

the length of the deadline across three treatments in each of the experiments. We

show theoretically that standard models of giving would suggest that longer deadlines

should lead to more donations. In contrast, our model incorporating present-biased

preference suggests that shorter deadlines could help individuals overcome potential

procrastination problems. We find a ’now or never’ effect - either people donate
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immediately after being asked, or they do not donate at all. In addition, we do not

find any donations right before the deadline as our model with present-biased prefer-

ences predicts. Hence, we do not find evidence of a deadline effect on the propensity

to give. However, we do find some evidence that shorter deadlines can lead to smaller

donations on average. This finding is related to the work by DellaVigna, List, and

Malmendier (2012), who finds that social pressure leads to more, but smaller dona-

tions. This third chapter in my thesis is forthcoming in the Journal of Behavioral and

Experimental Economics.

The fourth and final chapter, The hidden costs of nudging, co-authored with

Christina Gravert, investigates the effect of reminders considering both intended

and unintended consequences. The use of reminders as a means to facilitate behav-

ioral change in all areas of life is increasing with the spread of cheap distribution

technology. Previous research has documented the positive effects of reminders as

a way to tackle forgetfulness and procrastination (e.g. Altmann and Traxler (2014);

Karlan, McConnell, Mullainathan, and Zinman (2016); Huck and Rasul (2010)). But

the literature has largely ignored potential negative, “hidden” effects of reminders.

Frequent reminders not only impose time-costs and annoyance on recipients, but

can also lead to feelings of guilt and social pressure. We develop a dynamic model (of

charitable giving) to show the trade-off between the beneficial effect of reminders

in reducing forgetfulness and the negative annoyance effects. From the model we

derive testable predictions that we test in two large scale field experiments with a

charity. In doing so, we consider a revealed preference measure of the hidden costs:

unsubscribing from reminder messages. We find significant evidence for our hy-

potheses and in particular that reminders lead to both more donations and more

unsubscriptions. To understand the welfare effects of reminders both from the per-

spective of the receivers and the senders, we then structurally estimate our model.

We use the estimated parameters to conduct a welfare analysis and find that when

not accounting for the hidden costs of reminders we overstate the welfare effects of

reminders for the receivers by factor eight, and depending on the discount rate the

net welfare effect for the charity may even be negative.
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DANISH SUMMARY

Denne afhandling består af fire selvstændige kapitler, der omhandler emner inden

for anvendt adfærdsøkonomi. Alle fire kapitler er motiveret af empirisk forskning,

der viser, at beslutningsadfærd ofte afviger fra det, man ville forvente på baggrund

af traditionel økonomisk teori. I mange sammenhænge afspejler vores valg således

en konflikt imellem i) hvad der tjener os selv bedst som rationelle beslutningstagere

og ii) vores selvopfattelse og ønsker til, hvordan vi opfattes af andre. De fire kapitler

omhandler to områder, hvor sådanne konflikter potentielt er til stede: i) i forbindelse

med jobsøgning og ii) ved donationer til velgørende organisationer.

Der er forskellige årsager til, at netop disse to områder er interessante at beskæfti-

ge sig med for en adfærdsøkonom. Når man leder efter et arbejde, er der potentielt

meget på spil – både rent økonomisk men også psykologisk i forhold til ens selvopfat-

telse. En af de faktorer, der kan påvirke vores selvopfattelse, er skuffelser, og skuffelser

kan modelleres ved hjælp af præferencer med referenceafhængighed. De første to

kapitler i afhandlingen undersøger vi såvel teoretisk som empirisk ved hjælp af et

laboratorieeksperiment, hvilken effekt referenceafhængighed har på jobsøgning.

Sociale præferencer og donationer til velgørenhed fascinerer adfærdsøkonomer,

fordi det udfordrer ideen om, at vores beslutninger alene bestemmes af, hvad der er

rationelt og tjener vores eget bedste. Der er blevet fremsat mange teorier for, hvad der

motiverer os til at give til andre; bl.a. rendyrket altruisme, at det forbedrer vores sel-

vopfattelse og socialt pres fra andre. Desuden har en række eksperimenter i de senere

år forsøgt at afdække, hvorfor og i hvilke sammenhænge vi giver til velgørenhed. De

sidste to kapitler i afhandlingen tilhører denne kategori og undersøger effekterne af

to forskellige ”nudges” – både teoretisk og i lodtrækningsforsøg. Nudges er initiativer,

der er designet til at påvirke vores adfærd i en bestemt retning (f.eks. at donere til

velgørenhed), uden at de økonomiske incitamenter ændres nævneværdigt, og uden

at vores valgmuligheder begrænses (Thaler and Sunstein, 2008).

Afhandlingens første kapitel,Reservation wages and search effort with reference-

dependent preferences, undersøger i en teoretisk model, hvordan reservationslønnin-

ger og beslutningen om at søge efter arbejde påvirkes af referenceafhængighed. I en

simpel søgemodel med et fremadrettet og stokastisk referencepunkt som foreslået af

Kőszegi and Rabin (2006, 2007), viser jeg, at reservationslønnen og sandsynligheden

for, at man er aktivt jobsøgende, er lavere med referenceafhængighed end med klas-

xi
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sisk risikoneutralitet. Kvalitativt ligner resultaterne for reservationslønnen dermed

effekten af almindelig risikoaversion. Anderledes forholder det sig med hensyn til

beslutningen om aktivt at søge efter arbejde. Her kan referenceafhængighed ses som

en ny mekanisme, der kan forklare, hvorfor nogle mennesker på trods af klare økono-

miske incitamenter vælger ikke at være aktivt jobsøgende. Ved at undlade at søge kan

man undgå at komme i en situation, hvor man skal sammenligne et løntilbud med

sine lønforventninger. Sådanne sammenligninger er særligt smertefulde, hvis man

har en høj grad af aversion mod tab, og det kan derfor være optimalt at vælge fortsat

arbejdsløshed frem for aktiv jobsøgning.

Som et naturligt næste skridt indeholder afhandlingens andet kapitel, Applying

for jobs in the lab, en empirisk undersøgelse af, hvilken rolle referenceafhængighed

spiller for beslutningen om at søge efter arbejde. Kapitlet er skrevet sammen med

Justin Sydnor og bruger et laboratorieeksperiment til at undersøge sammenhængen

mellem på den ene side søgeadfærd og på den anden side tabsaversion og sandsyn-

lighedsvægtning som formuleret i prospect theory (Kahneman and Tversky, 1979,

1992). Dette gør vi ved at observere, hvorvidt deltagerne i eksperimentet ansøger om

et nyt og bedre betalt arbejde i en konstrueret ”jobsøgningssituation”, hvor effekten

af eksempelvis overmod og manglende selvtillid er fjernet. Eksperimentets deltagere

optjener først penge ved at udføre en arbejdsopgave, og så afdækker vi deres villighed

til at betale et ”ansøgningsgebyr” for at kunne søge det nye ”arbejde”. Deltagerne

kender sandsynligheden for, at de får det nye arbejde, hvis de ansøger om det, og de

ved, at denne sandsynlighed afhænger af om de var høj- eller lavproduktive i den

første arbejdsrunde. Vi implementerer desuden en neutral lotterisituation med det

samme udfaldsrum for at undersøge, om der er tegn på, at tankeprocessen i vores job-

søgningseksperiment er betydelig anderledes end tankeprocessen i forbindelse med

deltagelse i et lotteri. Vores resultater viser, at der er en betydelig modvillighed mod

at tage risici i forbindelse med jobsøgning, og at jobsøgningsadfærden minder meget

om adfærden ved deltagelse i et lotteri. Desuden tyder en analyse af vores resultater

på, at den observerede adfærd bedre kan forklares ved tabsaversion kombineret med

sandsynlighedsvægtning end ved almindelig risikoaversion.

Det tredje kapitel, Now or never! The effect of deadlines on charitable giving, er

skrevet sammen med Christina Gravert og analyserer, hvordan donationsadfærd

påvirkes af deadlines. Projektet består af to lodtrækningsforsøg blandt Folkekirkens

Nødhjælps tidligere og nuværende donorer. I det første forsøg kontaktes potentielle

donorer via e-mail, og i det andet forsøg kontaktes en anden gruppe af potentielle do-

norer via SMS-beskeder. I alt består vores stikprøve af ca. 53.000 personer, som bliver

bedt om at donere til Folkekirkens Nødhjælp inden en bestemt dato. Fristen begrun-

des med, at en anonym donor har indvilliget i at donere et fast beløb for hver person,

der donerer inden fristens udløb. Vi varierer fristens længde for at undersøge effekten

heraf. På baggrund af standardmodeller for donationsadfærd må man forvente færre

donationer, desto kortere fristen er. Ved at indarbejde nutidspræferencer i model-



xiii

len ændrer dette resultat sig dog, idet en kortere deadline kan hjælpe folk til undgå

overspringshandlinger og dermed føre til flere donationer. Vores empiriske resultater

viser en tydelig nu-eller-aldrig-effekt, dvs. enten donerer folk med det samme, ellers

donerer de aldrig. Det betyder også, at vi ikke observerer donationer umiddelbart

inden fristens udløb, som man ellers teoretisk ville forvente, hvis nutidspræferencer

spillede en vigtig rolle. Imens vi ikke finder, at en deadline gør folk mere tilbøjelige til

at give, så er der tegn på, at folk i gennemsnit giver mindre beløb, hvis de præsenteres

for en kort deadline. Dette resultat er relateret til forskning, der viser, at man ved at

udsætte folk for et socialt pres opnår flere men mindre donationer (DellaVigna et al.,

2012). Kapitlet udkommer snart i Journal of Behavioral and Experimental Economics.

I det fjerde og sidste kapitel, The hidden costs of nudging, er også skrevet sammen

med Christina Gravert. I kapitlet undersøger vi tilsigtede såvel som utilsigtede effekter

i forbindelse med brugen af påmindelser. Påmindelser via SMS eller e-mail bruges

i stigende grad til at nudge adfærd i mange forskellige sammenhænge. Hidtil har

forskning på området dokumenteret, at der er positive effekter (se f.eks. Altmann

and Traxler (2014); Karlan et al. (2016); Huck and Rasul (2010)), men litteraturen

har stort set ignoreret omkostningssiden og eventuelle skjulte effekter. Der er både

tidsmæssige omkostninger og irritation forbundet med hyppige påmindelser, og der

kan også være psykologiske omkostninger så som skyldfølelse over at have brug for

en påmindelse. I kapitlet udvikles en dynamisk model for donationsadfærd, der tager

højde for både påmindelsers gavnlige effekter i forhold til at reducere glemsomhed

og de negative effekter fra f.eks. irritation. Fra modelen udleder vi testbare hypoteser,

som vi i samarbejde med Folkekirkens Nødhjælp afprøver i to store lodtræknings-

forsøg. Vi bruger afmeldinger fra organisationens mailingliste til at identificere de

skjulte omkostninger. Resultaterne viser omfattende belæg for vores hypoteser og

bl.a., at påmindelser fører til både flere donationer og til flere afmeldinger fra mailing-

listen. For bedre at forstå de velfærdsmæssige konsekvenser for såvel modtagere som

afsendere af påmindelser estimerer vi også vores model strukturelt og gennemfører

en velfærdsanalyse. Analysen viser, at man ved at ignorere de skjulte omkostninger

overvurderer velfærdseffekterne for modtagerne og estimerer dem til at være otte

gange så store som de reelt er. For afsenderen kan velfærdseffekten af en påmindelse

være negativ afhængigt af afsenderens diskonteringsfaktor.
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Abstract

This paper incorporates stochastic reference-dependent preferences into a simple

job search framework to investigate their effect on reservation wages and search

effort. Our model predicts that people with strong aversion to losses may choose not

to search for a job, even when there are clear economic incentives to do so. And if

people do search for a job, they set lower reservation wages than under risk neutrality.

We also show that a stochastic reference point has greater effects on search effort and

weaker effects on the reservation wage than a non-stochastic reference point.

1.1 Introduction

It is well-known that the level and nature of people’s risk attitudes is important for

the optimal design of the unemployment insurance system and other labor market

policies (Baily, 1978; Chetty, 2006; Shimer and Werning, 2008, among others). Typ-

ically, the job search literature has focused on different risk preferences within the

1I thank Johannes Abeler, Martin M. Andreasen, Tor Eriksson, Paul Heidhues, Alexander Koch, Julia
Nafziger, Matthew Rabin, Michael Svarer, and Erik Ø Sørensen for valuable discussions and comments. I
am grateful to Købmand Ferdinand Sallings Mindefond for financial support.
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expected utility framework where reservation wages are predicted to be lower under

risk aversion than under risk neutrality (Pissarides, 1974). Empirical studies have sub-

sequently confirmed this negative correlation between measures of risk aversion and

reservation wages (Cox and Oaxaca, 1989, 1992; Pannenberg, 2010, among others).

However, it is well-established that the reference dependent theories of Kah-

neman and Tversky (1979); Loomes and Sugden (1986a), and Kőszegi and Rabin

(2006, 2007) often provide a more accurate description of people’s risk attitudes than

expected utility theory. Reference-dependence has therefore been proposed as an

explanation for various “puzzling” phenomena including insurance choices (Sydnor,

2010), labor supply decisions (Camerer, Babcock, Loewenstein, and Thaler, 1997;

Fehr and Goette, 2007), and the equity premium puzzle (Benartzi and Thaler, 1995).

In the context of search behavior, empirical evidence from laboratory experiments

suggest that loss aversion, and not risk aversion, is the best predictor of early stopping

behavior (Schunk and Winter, 2009).

This raises the theoretical question of how reference dependence affects two

key components of search behavior: i) reservation wages and ii) search effort. We

analyze these questions in the present paper using a simple search framework where

the reference point is stochastic and coincides with the expected wage distribution.

That is, when evaluating a realized wage offer, this offer is compared to all possible

unrealized wage outcomes. This means that job seekers have mixed feelings about

any wage offer they receive, because the realized offer feels like a loss compared to

higher possible wages, but as a gain compared to lower possible offers.

To isolate the effects of this stochastic reference specification, we compare it to the

case with a non-stochastic reference point given by the mean of the wage distribution.

With this non-stochastic reference-point, the mean is assumed to fully capture wage

expectations, meaning that mixed feelings are not involved as the realized wage offer

is only compared to the mean. That is, any given wage offer will be viewed as a gain

(if it is higher than the mean) or as a loss (if it is lower than the mean).

We first show that both stochastic and and non-stochastic reference-dependent

preferences give lower reservation wages than under risk neutrality but that this effect

on reservation wages is qualitatively similar to the effect of standard risk aversion.

However, we also show that both types of reference-dependence may erode search

effort even in the absence of search costs. That is, people with strong aversion to losses

may choose not to search at all even if there are clear economic benefits of doing

so. We emphasize that a similar prediction does not follow from standard expected

utility with or without risk aversion. This means that search effort is a dimension one

can use to discriminate between the two preference specifications.

We also show that reservation wages are closer to risk neutrality with a stochastic

reference point than with a non-stochastic reference point. The opposite holds for

search effort.
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Our findings suggest that even if risk preferences are best described by reference-

dependence, search models with risk aversion can - to a first approximation - be used

to provide behavioral predictions regarding the reservation wage. This is an important

finding because models with risk aversion are often more tractable than models with

reference dependence. However, although the predictions are qualitatively similar,

there may be quantitative differences.

With respect to search effort, our findings provide a new mechanism to explain

why some people without a job choose not to search even if they have a clear in-

centive to do so. By not searching they can avoid comparing the realized wage offer

to unrealized wage offers and since such comparisons are particularly painful for

people with high aversion to losses, they may optimally choose to remain unem-

ployed. Hence, reference dependence introduces a psychological search cost which

is increasing in the degree of loss aversion.

Naturally, there may be many explanations for the lack of search behavior, includ-

ing the presence of more tangible search costs (Blundell, Ham, and Meghir, 1998). We

do not intend to suggest that reference dependence is the only explanation or that our

model fully explains decisions not to search. However, we emphasize that if reference

dependence plays a role, important policy implications arise. For example, policies

that reduce uncertainty (i.e. the variance or range of wage offers) or perceptions

thereof could be effective at getting people to search.

By providing a mechanism to explain decisions not to search, our model also

provides a new explanation for negative duration dependence. Empirical studies have

consistently found that the probability of leaving unemployment decreases as the du-

ration of unemployment increases (Kaitz, 1970; Katz and Mayer, 1990, among others).

However, standard search models cannot explain this duration dependence of the

hazard rate (Mortensen, 1986). Some possible explanations are heterogeneity in pro-

ductivity and deterioration of skills, and DellaVigna, Lindner, Reizer, and Schmieder

(2015) have recently shown that a reference point determined by past income can

explain the observed hazard rate relatively well. We propose a related explanation:

a stochastic and forward-looking reference point combined with heterogeneity in

the degree of loss aversion across individuals or across time. Individuals not affected

by loss aversion search more actively for work and hence exit unemployment faster.

On the other hand, individuals with high loss aversion do not search and therefore

remain unemployed.

The paper is also related to other papers incorporating reference dependence

into search models. A key question in this literature is how to set the reference point.

DellaVigna et al. (2015) use a backward-looking and non-stochastic reference point

determined by past income, whereas Eliaz and Spiegler (2014) study labor market ef-

fects of reference dependence when the reference point is determined by social com-

parisons. Spiegler (2011) instead uses a sampling based reference point in a consumer

market search model. Hence, his reference point can be viewed as “experience-based”
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rather than “expectation-based”. We use a forward-looking stochastic reference point

and contrast the effects with a non-stochastic reference point.

The remainder of the paper is structured as follows. Section 1.2 investigates the

effect of reference dependence on reservation wages, and Section 1.3 studies the

effect on search effort. Section 1.4 contains a discussion of the policy implications.

Section 1.5 concludes.

1.2 Reference-dependence and reservation wages

The canonical model of labor market search assumes that job seekers set a reserva-

tion wage and only accept wage offers above this reservation wage (McCall, 1970;

Mortensen, 1970, among others). This section extends this classic model with ref-

erence dependent preferences, where the stochastic reference point is given by the

entire wage offer distribution. The results from this model are then compared to

expected utility and the case with a non-stochastic reference point given by the mean

of the wage distribution. To gain further intuition we finally consider the special case

of uniformly distributed wage offers, as it allows us to derive closed-form solutions in

both the stochastic and non-stochastic case.

Sequential search with stochastic reference dependence

To illustrate the effects of a forward-looking reference point, it suffices to consider

a simple version of a sequential search model following the work of McCall (1970).

For simplicity, we consider a two period model where payoffs materialize after the

search has concluded.2 A job seeker searches for work at one firm at a time, and the

period t wage offer is drawn randomly from the wage distribution F (wt ) with support[
w ; w

]
. The mean is thus given by E [wt ] = ∫ w

w wt dF (wt ) for all t . We assume that F

is continuous and symmetric, and that the worker takes the wage offer distribution

as given.

The job seeker decides whether or not to accept the available wage offer and there

is no recall option. If the offer is rejected in the first period, the job search continues

in the second period and the previous offer is lost. If the first period offer is accepted,

search activity stops. If no wage offer is accepted at the end of period t = 2, the worker

receives unemployment benefits b. We assume that b ≤ w and that the worker knows

b and F (wt ). We abstract from search costs and discounting to solely focus on the

effects of reference dependence.

Reference-dependence is modeled using the framework of Kőszegi and Rabin

(2006, 2007). We assume that the instantaneous utility function is given by u(wt |rt ) =
2We consider an alternative timing convention in the appendix where payoffs are realized in every

period.
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wt +µ(wt − rt ), where the first term is “consumption utility” representing standard

outcome based utility. The second term represents the “gain-loss" utility associated

with comparing the wage offer wt to the reference point rt . We assume that both

consumption utility and gain-loss utility materialize at payoff realization, i.e. after

search has concluded. As is common in applications (DellaVigna, 2009), we assume

piece-wise linear gain-loss utility

µ(wt − rt ) =
{

η(wt − rt ) for wt ≥ rt

ηλ(wt − rt ) for wt < rt
(1.1)

where η> 0 is the weight on gain-loss utility and λ> 1 measures the degree of loss

aversion. Let the distribution of reference points be denoted by G(rt ), and assume

reference dependence only in wage offers. Given these assumptions, the expected

utility of a period τwage offer in period t is U (wτ|G ,Ωt ) = ∫ ∫
u(wτ|rt )dG(rt )dF (wτ),

whereΩt denotes the period t information set and includes the wage offer distribu-

tion F . Hence, when evaluating the utility of the wage offer wτ, the job seeker takes

the reference distribution G , the wage offer distribution F , and the current wage offer

wt as given. We assume that G = F for all t and therefore drop the time subscript on

the reference point r in what follows. Using the terminology of Kőszegi and Rabin

(2007), we thus assume that the reference point is choice unacclimating. Kőszegi and

Rabin (2007) argue that an unacclimating reference point is appropriate when there

is too little time between the decision (here the decision to accept or reject the first

offer) and uncertainty resolution (in our case the arrival of the second wage offer).

That is we are assuming that offers arrive relatively close together.3 The optimization

problem for the job seeker is solved by backwards induction.

If the search reaches period t = 2, an offer w2 is drawn. If the job seeker accepts

the offer, he achieves the utility

U (w2|F,Ω2) = w2 +η
[∫ w2

w

(
w2 − r

)
dF (r )+λ

∫ w

w2

(
w2 − r

)
dF (r )

]
(1.2)

= w2 −η
[

(λ−1)
∫ w2

w
F (w)d w −λ(

w2 −E [w]
)]

.

The first term of (1.2) represents consumption utility, whereas the second expression

relates to gain-loss utility. Gains are experienced for the part of the reference distribu-

tion which lies in the interval [w ; w2), whereas losses are experienced in the interval

(w2, w].

Given that G = F , the utility from rejecting the wage offer is U (b|F,Ω2) = b −
ηλ

(
E [w]−b

)
, because b ≤ w means that rejecting involves a loss to the job seeker

3Our reference point is forward-looking in the sense that it is determined by the wage distribution that
the wage offers are drawn from during the search. In particular, the reference point does not depend on
past wages. However, to keep the problem simple despite its dynamic structure, the optimization problem
is not solved under rational expectations using Kőszegi and Rabin (2007)’s personal equilibrium concept.
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compared to every point in the reference distribution. The following intuitive result is

easy to verify and is qualitatively similar to the prediction with standard risk aversion.4

Proposition 1. Under the assumption of a stochastic reference point and conditional

on reaching period t = 2, the job seeker accepts any offer w2 ∈ [w ; w] and hence the

period t = 2 reservation wage is w∗
2 = w.

Accepting the offer w1 in period t = 1 gives utility

U (w1|F,Ω1) = w1 −η
[

(λ−1)
∫ w1

w
F (w)d w −λ(

w1 −E [w]
)]

,

and by Proposition 1, all period t = 2 offers will be accepted. Hence, the expected

continuation value associated with searching in period t = 2 is

U (w2|F,Ω1) =
∫ w

w

w2 −η
[

(λ−1)
∫ w2

w
F (r )dr −λ(

w2 −E [w]
)]dF (w2)

= E [w]−η(λ−1)
∫ w

w
F (w)︸ ︷︷ ︸
∈[0,1]

[
1−F (w)

]︸ ︷︷ ︸
∈[0,1]

d w < E [w].

Thus, a forward-looking stochastic reference point lowers the continuation value be-

low the risk neutral level E [w ], which is similar to the effect of standard risk aversion.

A given period t = 1 offer w1 is accepted if U (w1|F,Ω1) ≥U (w2|F,Ω1), or equivalently

if

w1 ≥ E [w]+ η(λ−1)

1+ηλ

(∫ w1

w
F (w)d w −

∫ w

w
F (w)

[
1−F (w)

]
d w

)
. (1.3)

When (1.3) holds with equality, it determines the reservation wage. If there is no

reference dependence (η= 0) or loss aversion (λ= 1), the condition reduces to the

risk neutral case, where the reservation wage is given by E [w]. Hence, the second

expression on the right hand side of (1.3) represents the effect of gain-loss utility

on the reservation wage. This expression captures two opposing effects. First, an

individual who accepts w1 experiences losses relative to the part of the reference

(wage) distribution below the accepted wage offer. To avoid realizing this loss, the job

seeker has an incentive to raise the reservation wage and push search to the second

period. This effect is represented by the first term inside the brackets. An opposite

effect comes from the expected gain-loss utility in the second period. The expected

gain-loss utility from choosing a period 2 offer is negative because losses loom larger

than gains. This implies that the worker has an incentive to reduce his period 1

reservation wage to avoid this loss. The second term in the brackets represents this

effect. This latter effect dominates the former, and hence we have the following result,

which is qualitatively similar to the predictions of a model with standard risk aversion.

4All proofs are providred in the appendix.
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Proposition 2. Under the assumption of a stochastic reference point, the model

predicts that the reservation wage in period t = 1 is below the expected wage, i.e.,

w∗
1 ≤ E [w].

The result in Proposition 2 is similar to the effect of stochastic reference depen-

dence on behavior in auctions. Lange and Ratan (2010) show that loss aversion leads

to overbidding in first-price auctions, and conceptually overbidding in a goods mar-

ket is similar to underbidding one’s value in the labor market by setting the reservation

wage too low.

The appendix shows that the results in Propositions 1 and 2 also hold if one

assumes that payoffs (both consumption and gain-loss utility) are realized in every

period rather than at the end of the job search. More precisely, we consider a model

where the job seeker receives unemployment benefits b in every period t if he has

not accepted an offer in that or a previous period. In addition, we assume that the job

seeker keeps an accepted wage offers in all future periods, implying that he gets w1

in both periods if he accepts it. It is then easy to show that Proposition 1 and 2 still

hold but that the reservation wage in the first period is even lower in the model with

payoff realization only at the end of the second period. Intuitively, the reservation

wage in the first period is lower because rejecting the offer in period t = 1 implies a

low utility contribution from period t = 1. Therefore, even low wage offers become

relatively more attractive.

Sequential search with a non-stochastic reference point

Most models of reference-dependent preferences specify a non-stochastic reference

point, and to isolate the effect of a stochastic reference point, we next consider the

effect of a non-stochastic reference point. To make the settings comparable, we

continue to use a forward-looking reference point and let the mean value of the wage

distribution serve as the reference point, i.e. r = E [w ]. This is also the approach taken

in models of disappointment aversion (Bell, 1985; Loomes and Sugden, 1986b, 1987;

Gul, 1991). Let Û denote the utility function and ŵ∗
t the reservation wage when the

reference point is non-stochastic. Given these assumptions, the utility of accepting

wt is

Û (wt |F,Ωt ) = wt +η
[(

wt −E [w]
)

Iwt≥E [w] +λ
(
wt −E [w]

)
Iwt≤E [w]

]
for t = {1,2}, and the continuation value in period t = 1 is

Û (w2|F,Ω1) =
∫ w

w

(
w2 +η

[(
w2 −E [w]

)
Iw2≥E [w] +λ

(
w2 −E [w]

)
Iw2≤E [w]

])
dF (w2)

= E [w]−η(λ−1)
∫ E [w]

w
F (w)d w.

It is then straightforward to show that the results in Propositions 1 and 2 also hold

with a non-stochastic reference point.
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Proposition 3. Under the assumptions of a non-stochastic reference point r = E [w],

the model predicts that i) ŵ∗
2 = w and ii) ŵ∗

1 ≤ E [w].

Hence, a non-stochastic reference point also implies that the reservation wage in

the first period is below the expected value, because the effect from gain-loss utility

in expectation is negative.

Special case: Uniformly distributed wage offers

To gain further intuition, we consider the special case of a uniform wage distribution

and derive closed form expressions for the reservation wages - both with stochastic

and non-stochastic reference points. That is, we let G(w) = F (w) ≡ w−w
w−w for which

E [w] = 1
2 (w +w) and stdv[w] = 1p

12
(w −w).

With a stochastic reference point, the period t = 1 reservation wage is

w∗
1 ≡ E [w]− (

w −w
)1

2
− 1+ηλ
η(λ−1)

1−
√√√√1

3

(
η(λ−1)

1+ηλ

)2

+ 1+η
1+ηλ


 .

Given this closed form expression for w∗
1 it is then straightforward to verify the

following result.

Proposition 4. When wage offers are uniformly distributed, i.e., F (w) = w−w
w−w , the

period t = 1 reservation wage w∗
1 is increasing in the mean of the wage distribution

E [w], but decreasing in the standard deviation stdv[w].

Intuitively, job seekers increase their reservation wage when the expected value of

the wage distribution increases because of the prospect of higher consumption utility.

However, for a given mean value, the reservation wage is decreasing in the standard

deviation because of negative utility effects from the gain-loss component in the

utility function. An increase in the upper limit of the wage distribution w , increases

both the mean and the standard deviation of the wage distribution, which in turn

influences the reservation wage in opposite directions. Overall, the negative effect

of an increase in the standard deviation is dominated by the positive effect from an

increase in the mean, and the reservation wage therefore increases with the upper

limit of the wage distribution, i.e.,
∂w∗

1
∂w > 0. An increase in the lower limit of the wage

distribution w increases the mean and decreases the standard deviation and both

effects therefore work to increase the reservation wage, i.e.,
∂w∗

1
∂w > 0.

In the case of uniformly distributed wage offers, it is also straightforward to verify

Propositions 2 and 3 and show that the period t = 1 reservation wage is below the

expected value E [w] - both with the stochastic and with a non-stochastic reference
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point. The reservation wage with a non-stochastic reference point is given by

ŵ∗
1 = E [w]− η(λ−1)

1+ηλ
1

8
(w −w) < E [w].

Based on this expression it is straightforward to show the following result:

Proposition 5. When wage offers are uniformly distributed, the reservation wage

in period t = 1 is greater with a stochastic reference point (given by the entire wage

distribution) than with a non-stochastic reference point (given by the mean of the wage

distribution). Hence w∗
1 > ŵ∗

1 .

Intuitively, the reservation wage is below the expected value because of the gain-

loss utility component. With a stochastic reference point, any given wage offer will

feel as a gain relative to some points in the reference distribution and as a loss relative

to some other points in the reference distribution. This feature is often referred to as

mixed feelings. Since losses are assigned a greater weight than gains, the contribution

from gain-loss utility to the continuation value of searching for a job is in expectation

negative. For the same reason, the negative contribution of gain-loss utility to the con-

tinuation value is greater with a stochastic reference point than with a non-stochastic

reference point. As a lower continuation value works to lower the reservation wage,

this effect alone would tend to make the reservation wage lower with a stochastic

reference point than with a non-stochastic. However, the stochastic reference point

also makes the wage offer in period t = 1 less attractive than with a non-stochastic

reference point. To avoid realizing this negative gain-loss utility associated with the

current wage offer, the job seeker raises his reservation wage above the level with

a non-stochastic reference point. As a result, he searches longer with a stochastic

reference point than with a non-stochastic reference point.

1.3 Reference-dependence and search effort

Job seekers can also affect the probability of getting a job by varying their search

effort. Labor market search models therefore often include the level of search effort

or search intensity as a decision variable for the job seeker (Barron and Mellow, 1979;

Benhabib and Bull, 1983; Pissarides, 2000; Lentz and Tranaes, 2005, among others).

Empirically, job search effort among people not in employment varies greatly both

within countries and across countries (Krueger and Mueller, 2010). In particular,

some people without work are so-called “discouraged workers” who choose not to

search for a job at all (McCall, 1970).

As exemplified by the results in the previous section, reference dependence often

yields similar predictions as risk aversion, but this section shows reference depen-

dence yields very different predictions for search. We first introduce a model of search

effort with a stochastic reference point, and then compare the predictions to the case
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of a non-stochastic reference point. Finally, we again consider the special case of

uniformly distributed wage offers to gain further intuition behind our results.

Search effort with stochastic reference dependence

The effects of reference dependence are best illustrated in a simple model of search

effort. To keep things as simple as possible, suppose that instead of choosing the

reservation wage, the job seeker has a binary choice to search s = 1 or not s = 0 for

a job. We assume for simplicity that this is a one-shot decision, and that searching

implies that the job seeker gets a wage offer from the wage offer distribution F .

We model reference dependence as in (1.1) and assume that the reference point

adjusts to the to search decision. This implies that if s = 1, then the reference dis-

tribution is given by F , whereas it is equal to the unemployment benefits (r = b) if

s = 0. The assumption that the reference point depends on the choice (in this case

search or no search) is also common in theories of disappointment aversion (Bell,

1985; Loomes and Sugden, 1986b, 1987; Gul, 1991), and using the terminology of

(Kőszegi and Rabin, 2007) it implies that we solve the model under the assumption of

a choice-acclimating personal equilibrium (CPE). Kőszegi and Rabin (2007) argue

that a CPE is appropriate when there is sufficient time between the decision (here

the decision to search) and uncertainty resolution (in our case the time when they re-

ceive a wage offer). The time lack allows people to adjust their reference point to their

decision. In the case of committing search effort, it seems reasonable to assume that

there is in fact a rather long time lack between when people decide to look for work

and when they get and accept an offer. To place this in the context of the previous

section were the reference point was assumed to be choice-unacclimating during

the search, we simply assume that the decision to search or not precedes decisions

to accept or reject arriving offers. In this section we are assuming that if search is

initiated it lasts only one period. This is done to illustrate the results more clearly but

it is straightforward to show the same qualitative result for longer search horizons.

As in the previous section, we assume that payoffs are realized once the search has

concluded, and we solve the optimization problem by backwards induction. Given

these assumptions, the result in Proposition 1 applies, and it implies that the job

seeker always accepts the wage offer he gets if he searches. The job seeker searches if

U (s = 1|F ) = E [w]−η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w ≥U (s = 0|b) = b. (1.4)

Hence, the value of searching for a job is increasing in the expected value of the wage

distribution, because an increase in the mean increases expected consumption utility.

However, the expected utility of searching is lower than the expected value of the wage

distribution because of a negative utility contribution from the gain-loss component.

If the term η(λ−1)
∫ w

w F (w)
[
1−F (w)

]
d w is sufficiently large, the job seeker may

therefore choose not to search despite having an economic incentive to do so. This
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result is stated in Proposition 6 and is a variant of the stochastic dominance result

discussed by Kőszegi and Rabin (2007).5

Proposition 6. Under the assumption of a stochastic reference point, the model pre-

dicts that a job seeker does not search if η(λ−1) > E [w]−b∫ w
w F (w)[1−F (w)]d w

.

Hence, a job seeker with a sufficiently high aversion to losses prefers not to search.

We emphasize that this result is derived in a setting with no explicit search costs

but clear economic incentives to search as unemployment benefits are lower than

the lowest possible wage. It is easy to show that with standard risk aversion, the job

seeker would always choose to search in this setting as the job seeker has nothing to

loose from searching. Hence, stochastic reference-dependent preferences give a very

different prediction than standard risk aversion along this dimension.

Search effort with a non-stochastic reference point

Again it is instructive to compare the effects of a stochastic reference point to the case

of a non-stochastic reference point equal to the mean of the wage offer distribution

(r = E [w ]). As before we assume that the equilibrium is choice-acclimating, meaning

that the job seeker applies if

Û(s = 1|F ) = E [w]−η(λ−1)
∫ E [w]

w
F (w)d w ≥ Û(s = 0|b) = b.

It is easy to see that the same argument as for stochastic reference points apply and

hence the job seeker may choose not to apply if he is highly loss averse. We note that

the assumptions of a choice-acclimating reference point and a non-stochastic refer-

ence point equal to the mean outcome are shared with theories of disappointment

aversion (Bell, 1985; Loomes and Sugden, 1986b, 1987; Gul, 1991). Hence, result i) in

Proposition 7 is essentially the prediction from disappointment aversion theories.

Proposition 7. Under the assumption of a non-stochastic reference point (r = E [w]),

the model predicts that i) the job seeker chooses not to search if η(λ−1) > E [w]−b∫ E [w]
w F (w)d w

,

and ii) the utility of searching Û (s = 1|F ) is greater than with a stochastic reference

point, i.e., Û (s = 1|F ) >U (s = 1|F ) where U (s = 1|F ) is the utility from search with a

stochastic reference point.

Part ii) of the proposition states that the utility from initiating a job search is

smaller with a stochastic reference point than with a non-stochastic reference point

(and hence resulting from disappointment aversion theory). This is so because the

gain-loss component has a greater negative impact with a stochastic reference point,

as discussed in section 1.2. For a given unemployment benefit level b, search is

5See Proposition 7 in Kőszegi and Rabin (2007).
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therefore less likely to happen if people have a stochastic reference point than if they

have a non-stochastic reference point.

Special case: Uniformly distributed wage offers

To better understand the mechanisms influencing search effort, we again consider

the special case of uniformly distributed wage offers. That is, we let F (w) ≡ w−w
w−w .

The utility from initiating search with a stochastic reference distribution equal to the

entire wage distribution G = F is then given by

U (s = 1|F ) = E [w]−
p

12

6
η(λ−1)stdv(w). (1.5)

Hence, it is easy to verify Proposition 6 that it may be optimal not to search.

Furthermore, the utility from search is increasing in the mean of the wage distribution

and decreasing in the standard deviation of the wage distribution, as stated in the

following proposition.

Proposition 8. When wage offers are uniformly distributed, i.e., F (w) = w−w
w−w , the

utility of search U (s = 1|F ) is increasing in the mean of the wage distribution E [w ] but

decreasing in the standard deviation stdv[w].

The mechanism is as follows. An increase in the standard deviation of the wage

distribution increases the utility loss due to gain-loss utility. This suggests that if a

higher mean is associated with a higher standard deviation, then it might not lead to

a higher propensity to search. It is easy to show that an increase in w increases both

the mean and the standard deviation, and that the sign of ∂U (s=1|F )
∂w = 1

2 − 1
6η(λ−1) is

ambiguous and depends on the parameters of reference dependence (η and λ). It is

common to let η= 1, and estimates of λ from experimental data are typically around

3.6 For the average individual an increase in the upper bound of the wage distribution

therefore increases the utility from search and makes it more likely that the individual

will initiate a search. However, empirical studies have found considerable variation

in λ at the individual level (Pope and Schweitzer, 2011; Sprenger, 2015). For example,

Sprenger (2015) finds that about a third of people in his lab experiments display loss

aversion in a magnitude consistent with λ> 4.7 For these individuals an increase in

the upper bound of the wage distribution decreases the utility from search, making it

less likely that they will initiate search. An increase in w raises the mean and lowers

the standard deviation and hence has an unambiguously positive effect on the utility

from search, i.e, ∂U (s=1|F )
∂w > 0, and the likelihood that search will be initiated.

6Kahneman and Tversky (1992) estimate λ to 2.25 in a model not including consumption utility and it
is therefore comparable to an estimate of about 3.25 in a model with consumption utility. Sprenger (2015)
estimates the average λ to 3.41 and Gill and Prowse (2012) estimate the average to 1.729

7Gill and Prowse (2012) also find considerable variation in loss aversion as their parameter estimates
imply that λ> 3.3 for 20 percent of people
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It is straightforward to verify that similar results hold for a non-stochastic ref-

erence point determined by the mean of the wage distribution r = E [w]. With this

non-stochastic reference point the utility from search is

Û (s = 1|F ) = E [w]−
p

12

8
η(λ−1)(w −w). (1.6)

As stated in Proposition 7, the job seeker may prefer not to search depending on

the size of the preference parameters. It follows immediately from (1.6) and (1.5)

that for a given level of unemployment benefits b, the utility from search (and hence

the likelihood of search) is greater with a non-stochastic than a stochastic reference

point.

1.4 Discussion of policy implications

Our results could have important policy implications. First, our model suggests that

reductions in unemployment benefits aimed at increasing the economic incentives

to search may not necessarily be enough to make it optimal for all people to initiate

a job search. For individuals with high levels of loss aversion, other policies may

be better. For example, reducing the variance of possible offers by increasing the

minimum wage. Taken literary, our results suggest that the search effort of some

people might increase if they face a fixed entry wage or if there is a well-defined

maximum wage. Such policies would work by reducing the psychological search costs

induced by reference-dependent preferences.

Furthermore, since expectations based reference-dependent preferences lower

the utility of receiving job offers, it could also be possible to influence the incentives

to look for work by lowering the utility of unemployment, e.g. by imposing job of-

fers on unemployed workers. To see how this would work consider a setting with

stochastic reference points similar to that in section 1.3 but suppose that there is

a probability p ∈ (01) that people get a wage offer draw from F even if they are not

actively searching, i.e. when s = 0. This implies that the option not to search now also

involves uncertainty and the appropriate reference point for the no search choice is

G = pF + (1−p)b. The utility from not searching is then

U (s = 0|G) = (1−p)b+pE [w]−η(λ−1)p

(
(1−p)(E [w]−b)+p

∫ w

w
F (w)

[
1−F (w)

]
d w

)
and as the utility from searching is given by the expression in (1.4), it follows that it is

now optimal not to search when

(1+p)η(λ−1)

1+η(λ−1)p
> E [w]−b∫ w

w F (w)
[
1−F (w)

]
d w

.

This implies that even if the unemployed are forced to get job offers, there can

be some people with very high levels of loss aversion for whom not searching is
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optimal. However, we note that (1+p)η(λ−1)
1+η(λ−1)p is decreasing in p for η(λ−1) > 1. That is,

the condition in (1.4) is less likely to be satisfied for people with high levels of loss

aversion when the probability of job offers in the no-search choice is high. Hence, the

results predict that a policy increasing the probability with which the unemployed

get job offers would lead to increased search activity. Naturally, one would need to

consider carefully the welfare implications of imposing job offers on job seekers

because under a policy of forced job offers, job seekers can no longer choose to avoid

getting offers that lead to painful comparisons.

Relatedly, another possible implication of our results is that requiring people to

submit a certain number of applications may actually have negative utility effects for

job seekers with strong loss aversion. The model thus offers a possible explanation of

why increases in search requirements have been found to lead to significant increases

in non-compliance even when non-compliance is associated with benefit sanctions

(Arni and Schiprowski, 2015). One way for job seekers to cope with such a requirement

could be to apply for jobs that he or she believes that there is a zero possibility of

getting. For example, if nurses face a wage offer distribution F1 and doctors face

a wage offer distribution F2, then the relevant wage distribution for a nurse is F1

and offers from F2 may be assigned a zero probability in the reference and outcome

distribution. If that is the case, a nurse can apply for a position as a doctor without

anticipating any utility from search.

Our model also allows for situations where people have biased beliefs about the

wage distribution. That is, F may represent the wage distribution that the job seeker

believes he is drawing his wage offers from, but F is different from the true wage offer

distribution FT . Empirical work suggests that people have biased beliefs about their

job finding probability (Spinnewijn, 2015), and it seems plausible that beliefs about

key properties of the wage distribution also could be biased. Even if it is difficult for

policy makers to influence the variance or support for the true wage offer distribution

FT , it may be possible to influence F and in particular the perception of the variance

and range of support. Information provision could then have the potential to de-bias

F and increase search intensity.

An alternative but related policy to affect search effort could be to try to nudge

job seekers to use a non-stochastic reference point rather than a stochastic reference

point when deciding whether to search for a job. It might be possible to do so by

making the average wage very salient, as there is evidence that people overweight

highly salient information when making decisions (Bordalo, Gennaioli, and Shleifer,

2012; Taylor and Thompson, 1982, among others).

Finally, we note that although we have presented our results in a job search

context they may also apply to other search markets. In the marriage market, our

reservation wage results are, for example, consistent with empirical studies showing
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that people with strong aversion to losses marry later (Spivey, 2010).8 In addition,

our search effort result provide a new explanation why there are so many “singles”,

and our finding that people are less likely to search when there is large variation in

gains, is consistent with studies showing that the probability of being a single woman

is higher in cities with large variation in male incomes (Gould and Paserman, 2003).

1.5 Conclusion

This paper shows that it matters how risk preferences are specified in models of job

search, especially for search effort. In our application, Kőszegi and Rabin (2007)’s

stochastic dominance result implies that people with reference-dependent prefer-

ences may in some circumstances choose not to search for work, even when there

are clear economic incentives to do so. Our results suggest that non-search behavior

is particularly likely if i) people employ a stochastic reference point using the entire

wage distribution as their reference point and ii) the uncertainty (standard deviation

or range of the support for the wage distribution) is large. Our results thus suggest a

new mechanism to explain variations in search intensity, namely variations in the

weight on loss aversion. It remains a topic for future research to establish whether

search effort is decreasing in the parameter of loss aversion, as predicted by our

model.

In terms of reservation wages, reference dependence has similar implications

as standard risk aversion in terms of lowering the reservation wage and hence the

average search duration below the risk neutral level. While the results are directionally

similar there may be differences in magnitude, and it remains a topic for further em-

pirical research to establish whether reference dependence or standard risk aversion

is best at explaining reservation wages.

8Spivey (2010) elicits the willingness to take on a mixed gamble with a 50-50 probability of a gain or a
loss. The measure is therefore essentially a measure of loss aversion.
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1.7 Appendix A: Technical appendix to section 1.2

The utility of accepting wt given period t information

In period t , an offer wt is obtained. Using that
∫ wt

w r dF (r ) = [
wt F (wt )−wF (w)

]−∫ wt
w F (r )dr = wt F (wt )−∫ wt

w F (r )dr and that
∫ w

w r dF (r ) = E [w] because we assume

that the reference distribution and the outcome distributions are identical, then the

utility associated with accepting wt given period t information is

U (wt |F,Ωt ) = wt +η
[∫ wt

w

(
wt − r

)
dF (r )+λ

∫ w

wt

(
wt − r

)
dF (r )

]
(1.7)

= wt −η
[

(λ−1)
∫ wt

w

(
wt − r

)
dF (r )−λ

∫ w

w

(
wt − r

)
dF (r )

]

= wt −η
(λ−1)

(
wt F (wt )−

∫ wt

w
r dF (r )

)
−λ

(
wt −

∫ w

w
r dF (r )

)
= wt −η

(λ−1)
∫ wt

w
F (r )dr −λ

(
wt −

∫ w

w
r dF (r )

)
= wt −η

[
(λ−1)S(wt )−λ(

wt −E [w]
)]

(1.8)

where S(x) = ∫ x
w F (r )dr is the super-cumulative distribution with s(x) = S′(x) =

∂
∫ x

w F (r )dr

∂x = F (x).

The utility of accepting wt given period t −1 information

When choosing whether or not to accept a period t offer given period t−1 information,

the job seeker compares the estimated continuation value, i.e., the expected value in

period t −1 of continuing search into period t

U (wt |F,Ωt−1) =
∫ w

w

(
wt −η

[
(λ−1)S(wt )−λ(

wt −E [w]
)])

dF (wt )

= E [w]−η(λ−1)
∫ w

w
S(wt )dF (wt )+ηλ

∫ w

w

(
wt −E [w]

)
dF (wt )

= E [w]−η(λ−1)

(
S(w)−

∫ w

w

[
F (wt )

]2 d wt

)
+ηλ(

E [w]−E [w]
)

= E [w]−η(λ−1)

(∫ w

w
F (r )dr −

∫ w

w

[
F (wt )

]2 d wt

)

= E [w]−η(λ−1)

∫ w

w
F (w)︸ ︷︷ ︸
∈[0,1]

[
1−F (w)

]︸ ︷︷ ︸
∈[0,1]

d w

< E [w]
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where we use that s(wt ) = F (wt ).

Proof of Proposition 1

A period 2 wage offer is accepted whenever U (w2|F,Ω2) ≥U (b|F,Ω2) or equivalently

when w2 −b ≥ η(λ−1)
1+ηλ

∫ w2
w F (w)d w . This inequality always holds because

w2 −b ≥ w2 −w =
∫ w2

w
1d w ≥

∫ w2

w
F (w)d w ≥ η(λ−1)

1+ηλ
∫ w2

w
F (w)d w

as η(λ−1)
1+ηλ ≤ 1 and F (w) ≤ 1 for all w .

Proof of Proposition 2

We begin by proving existence of a unique threshold reservation wage w∗
1 ∈ [

w , w
]

which satisfies (3) with equality (Lemma 1). We then show necessary and sufficient

conditions on the distribution function for w∗
1 ≤ E [w] (Lemma 2) and finally we

prove that all symmetric F satisfy these conditions.

Lemma 1. There exists a unique reservation wage w∗
1 ∈ [

w , w
]

that satisfies (3) with

equality.

Proof. Define g (w1) ≡ w1 − η(λ−1)
1+ηλ

∫ w1
w F (w)d w and k ≡ E [w]− η(λ−1)

1+ηλ
∫ w

w F (w)[1−
F (w)]d w , then Equation (2) can be written as g (w1) ≥ k.

Given that F is continuous on the interval
[
w , w

]
, then F is Riemann-integrable

on
[
w , w

]
and as w1 ∈

[
w , w

]
, then

∫ w1
w F (r )dr is also continuous on

[
w , w

]
. There-

fore, g (w1) is a real valued, continuous and differentiable function with g ′(w1) =
1− η(λ−1)

1+ηλ F (w1). Since F (w1) ≤ 1 and η(λ−1)
1+ηλ < 1 by definition, it follows immediately

that g (w1) is monotonically increasing. Hence g (w) < g (w).

Note that g (w) > k as

w − η(λ−1)

1+ηλ
∫ w

w
F (w)d w > E [w]− η(λ−1)

1+ηλ
∫ w

w
F (w)

[
1−F (w)

]
d w ⇔

w −E [w] > η(λ−1)

1+ηλ
∫ w

w

(
F (w)−F (w)

[
1−F (w)

])
d w ⇔

w −
∫ w

w
wdF (w) > η(λ−1)

1+ηλ
∫ w

w

[
F (w)

]2 d w ⇔∫ w

w
F (w)d w > η(λ−1)

1+ηλ
∫ w

w

[
F (w)

]2 d w ⇔
∫ w

w
F (w)

(
1− η(λ−1)

1+ηλ F (w)

)
d w > 0

which always holds as η(λ−1)
1+ηλ < 1 by assumption and

[
F (w)

]≤ 1 by the properties of

the distribution function.
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Furthermore, k > g (w) as

E [w]− η(λ−1)

1+ηλ
∫ w

w
F (w)

[
1−F (w)

]
d w > w ⇔∫ w

w
wdF (w)−w − η(λ−1)

1+ηλ
∫ w

w
F (w)

[
1−F (w)

]
d w > 0 ⇔

w −
∫ w

w
F (w)d w −w − η(λ−1)

1+ηλ
∫ w

w
F (w)

[
1−F (w)

]
d w > 0 ⇔

∫ w

w

[
1−F (w)

](
1− η(λ−1)

1+ηλ F (w)

)
d w > 0

which always holds as η(λ−1)
1+ηλ < 1 by assumption and

[
F (w)

]≤ 1 by the properties of

the distribution function. Hence we have that g (w) < k < g (w) and by the intermedi-

ate value theorem there exists a w∗
1 ∈ [

w , w
]

such that g (w∗
1 ) = k and w∗

1 is unique

since g ′(w1) > 0.

Lemma 2. Let h(E [w]) ≡ ∫ w
w

(
F (w)

)2 d w − ∫ w
E [w] F (w)d w. If h(E [w]) < 0 then w∗

1 ∈[
w ,E [w]

]
.

Proof. First note that g (E [w]) < g (w) as w < E [w] < w and g ′(w) < 0 where g (w) is

defined as in the proof of Lemma 1. In the proof of Lemma 1 we established that

g (w) < k < g (w). Note that g (E [w ]) > k if and only if
∫ w

w

(
F (w)

)2 d w−∫ w
E [w] F (w)d w <

0 because

k < g (E [w]) ⇔

E [w]− η(λ−1)

1+ηλ
∫ w

w
F (w)

[
1−F (w)

]
d w < E [w]− η(λ−1)

1+ηλ
∫ E [w]

w
F (w)d w ⇔∫ E [w]

w
F (w)d w −

∫ w

w
F (w)

[
1−F (w)

]
d w < 0 ⇔∫ w

w

[
F (w)

]2 d w −
∫ w

E [w]
F (w)d w = h(E [w]) < 0.

Hence, if h(E [w ]) < 0, we have that g (w) < k < g (E [w ]) and by the intermediate value

theorem we then have that w∗
1 ∈ [

w ,E [w]
]
.

Lemma 3. h(E [w]) < 0 for all symmetric distributions

Proof. The proof is by contradiction. From the definition of h(E [w]) it follows that

h(E [w]) =
∫ w

w

(
F (w)

)2 d w−
∫ w

E [w]
F (w)d w =

∫ E [w]

w

(
F (w)

)2 d w−
∫ w

E [w]
F (w)(1−F (w))d w.
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Suppose that h(E [w]) ≥ 0 for symmetric distributions. Then∫ E [w]

w

(
F (w)

)2 d w ≥
∫ w

E [w]
F (w)(1−F (w))d w.

By symmetry of the distribution, we get
∫ w

E [w] F (w)(1−F (w))d w = ∫ E [w]
w F (w)(1−

F (w))d w . So under the assumption that h(E [w]) ≥ 0 it must be the case that∫ E [w]

w

(
F (w)

)2 d w ≥
∫ E [w]

w
F (w)(1−F (w))d w.

However, by symmetry we also have that F (w) < 1
2 and (1−F (w)) > 1

2 for all w <
E [w]. This in turn implies that F (w)(1−F (w)) > (

F (w)
)2 for all w < E [w] and that∫ E [w]

w F (w)(1−F (w))d w > ∫ E [w]
w

(
F (w)

)2 d w which is a contradiction.

The result that w∗
1 ≤ E [w] now follows immediately from Lemma 1, 2 and 3 and

from the assumption that the distribution is symmetric.

Alternative specification: Payoff realization in every period

Assume that the job seeker has income b in period t if no wage offer is accepted

and if the first wage offer w1 is accepted the job seeker get this wage in both periods.

When payoffs materialize every period, so does gain-loss utility. We assume that the

reference distribution equals the wage offer distribution in both periods, i.e., G = F .

We assume that the job seeker maximizes the sum of current and future payoffs

and for simplicity we assume no discounting. The job seeker solves the problem

backwards.

Period 2 is identical to the model with payoff realization at the end of search.

Hence, w∗
2 = w . The utility from accepting the period t = 1 wage offer w1 is

Ũ (w1|F,Ω1) = 2

w1 −η
[

(λ−1)
∫ w1

w
F (w)d w −λ(

w1 −E [w]
)] (1.9)

This is equal to two times the utility from accepting in the benchmark model because

by accepting the job seeker gets the income w1 in both periods and in both periods

compares his income to the reference distribution.

The utility from not accepting w1 given period t = 1 information is

Ũ (w2|F,Ω1) = b −ηλ(
ŵ −b

)︸ ︷︷ ︸
period 1 utility

+E [w]−η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w︸ ︷︷ ︸

expected period 2 utility

(1.10)

implying that Ũ (w2|F,Ω1) is a constant.
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The reservation wage w̃∗
1 is determined by Ũ (w2|F,Ω1) = Ũ (w1|F,Ω1). We know

from the proof of Proposition 1 that w1 −η
[

(λ−1)
∫ w1

w F (w)d w −λ(
w1 −E [w]

)] ≥
b −ηλ(

ŵ −b
)

for all w1 Hence, it follows from Equation (1.9) that

Ũ (w1|F,Ω1) ≥ b−ηλ(
ŵ −b

)+w1−η
[

(λ−1)
∫ w1

w
F (w)d w −λ(

w1 −E [w]
)]

. (1.11)

By the definition of the reservation wage in the benchmark case, w∗
1 , we have

that the right hand side of (1.11) equals the constant Ũ (w2|F,Ω1) when w1 = w∗
1 . As

Ũ (w1|F,Ω1) is increasing in w1, it thus follows that the reservation wage that satisfies

Ũ (w2|F,Ω1) = Ũ (w1|F,Ω1) is lower than in the benchmark case, i.e., w̃∗
1 ≤ w∗

1 ≤ E [w ].

Alternative specification: A non-stochastic reference point

The non-stochastic reference point equal to E [w ]. The utility of accepting wt given pe-

riod t information is Û (wt |F,Ωt ) = wt+η
[(

wt −E [w]
)

Iwt≥E [w] +λ
(
wt −E [w]

)
Iwt≤E [w]

]
for t = {1,2}. The period 1 continuation value is

Û (w2|F,Ω1) =
∫ w

w

(
w2 +η

[(
w2 −E [w]

)
Iw2≥E [w] +λ

(
w2 −E [w]

)
Iw2≤E [w]

])
dF (w2)

=
∫ w

w
w2dF (w2)

+η
[∫ w

E [w]

(
w2 −E [w]

)
dF (w2)+λ

∫ E [w]

w

(
w2 −E [w]

)
dF (w2)

]

= E [w]+η
[∫ w

w

(
w2 −E [w]

)
dF (w2)+ (λ−1)

∫ E [w]

w

(
w2 −E [w]

)
dF (w2)

]
= E [w]+η[

E [w]−E [w]
]

+η(λ−1)

[
E [w]F (E [w])−

∫ E [w]

w
F (w2)d w2 −E [w]F (E [w])

]

= E [w]−η(λ−1)
∫ E [w]

w
F (w2)d w2

Proof of Proposition 3

The proof of i) follows from the fact that given period t = 2 information the utility of

accepting w2,

Û (w2|F,Ω2) = w2 +η
[(

w2 −E [w]
)

Iw2≥E [w] +λ
(
w2 −E [w]

)
Iw2≤E [w]

]
is increasing in w2 and b ≤ w . To prove ii) note that the utility from accepting w1 is

Û (w1|F,Ω1) = w1 +η
[(

w1 −E [w]
)

Iw1≥E [w] +λ
(
w1 −E [w]

)
Iw1≤E [w]

]
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while the utility of turning down w1 given period t = 1 information is

Û (w2|F,Ω1) = E [w]−η(λ−1)
∫ E [w]

w
F (w2)d w2 < E(w).

Since ŵ∗
1 is determined by Û (ŵ∗

1 |F,Ω1) = Û (w2|F,Ω1) and Û (w2|F,Ω1) < E [w], it

follows that ŵ∗
1 = E [w]− η(λ−1)

1+ηλ
∫ E [w]

w F (w)d w ≤ E [w].

Special case: Uniformly distributed wage offers

Wage offers are uniformly distributed, i.e., F (w) = w−w
w−w , E [w] = 1

2 (w + w), and

stdv[w] = 1p
12

(w −w).

Verification of Lemma 3

Note that the uniform distribution is symmetric. Hence Lemma 3 should apply and

h(E [w]) < 0. This is easily verified for the uniform distribution.

h(E [w]) =
∫ w

w

(
F (w)

)2 d w −
∫ w

E [w]
F (w)d w

=
∫ w

w

(
w −w

w −w

)2

d w −
∫ w

E [w]

w −w

w −w
d w

=
(

1

w −w

)2 ∫ w

w

(
w −w

)2 d w − 1

w −w

∫ w

E [w]
(w −w)d w

=
(

1

w −w

)2 ∫ w−w

0
t 2d t − 1

w −w

∫ w−w

E [w]−w
td t

=
(

1

w −w

)2
1

3

(
w −w

)3 − 1

w −w

1

2

(
(w −w)2 − (E [w]−w)2

)
= 1

3

(
w −w

)− 1

2

1

w −w

(
(w −w)2 −

(
1

2
w − 1

2
w

)2
)

= − 1

24
(w −w) < 0
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Verification of Proposition 2

Let k ≡ η(λ−1)
1+ηλ and note that k ∈ (0,1). Then the period 1 reservation wage w∗

1 is given

by the solution to

w1 = E [w]+k

(∫ w1

w
F (r )dr −

∫ w

w
F (w)

[
1−F (w)

]
d w

)

= 1

2
(w +w)+k

(∫ w

w

(
F (w)

)2 d w −
∫ w

w1

F (w)d w

)

= 1

2
(w +w)+k

(
1

3
(w −w)− 1

w −w

[
1

2
(w2 −w2

1 )−w(w −w1)

])

= 1

2
(w +w)+k

(
1

3
(w −w)− 1

2

1

w −w
w2 + 1

2

1

w −w
w2

1 +
1

w −w
w w −w

1

w −w
w1

)
or equivalently

0 = 1

2

k

w −w
w2

1 −
(

1+ kw

w −w

)
w1 + 1

2
(w +w)+k

(
1

2

w2

w −w
− 1

6
(w −w)

)
. (1.12)

This is a second degree polynomial in w1. To solve it let

D ≡
(

1+ kw

w −w

)2

−4
1

2

k

w −w

1

2
(w +w)+k

(
1

2

w2

w −w
− 1

6
(w −w)

)
= 1+

(
kw

w −w

)2

+ 2kw

w −w
− k

(
w +w

)
w −w

− k2w2(
w −w

)2 + k2

3

= 1−k + 1

3
k2

where it follows that D > 0 as k < 1

This means that the second degree polynomial in (1.12) has the two roots given

by

w1 =
1+k

w
w−w ±

√
1−k + 1

3 k2

k 1
w−w

= w + w −w

k

(
1±

√
1+ 1

3
k2 −k

)
. (1.13)

It is easy to show that w + w−w
k

(
1−

√
1+ 1

3 k2 −k

)
∈ (w ;E [w]). First, note that(

1−
√

1+ 1
3 k2 −k

)
> 0 as

1 >
√

1+ 1

3
k2 −k ⇔

1 > 1+ 1

3
k2 −k ⇔

1 > 1

3
k
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which holds as k < 1. Hence w + w−w
k

(
1−

√
1+ 1

3 k2 −k

)
> w .

Then note that

w + w −w

k

(
1−

√
1+ 1

3
k2 −k

)
< E [w] ⇔

w −w

k

(
1−

√
1+ 1

3
k2 −k

)
< 1

2
(w −w) ⇔

1−
√

1+ 1

3
k2 −k < 1

2
k ⇔(

1− 1

2
k

)2

< 1+ 1

3
k2 −k ⇔

1

4
< 1

3

which always holds.

Similarly, it is easy to show that w + w−w
k

(
1+

√
1+ 1

3 k2 −k

)
> w as

w + w −w

k

(
1+

√
1+ 1

3
k2 −k

)
> w ⇔

1+
√

1+ 1

3
k2 −k > k ⇔

1−k >
√

1+ 1

3
k2 −k ⇔

2

3
k2 + 1

2
k > 0

where the last inequality holds since k > 0.

We therefore have that the only solution to (1.12) in the interval [w ; w ] and hence

the period t = 1 reservation wage is

w∗
1 ≡ w + w −w

k

(
1−

√
1+ 1

3
k2 −k

)
(1.14)

and we have verified Proposition 2 in the special case where wage offers are uniformly

distributed.

It follows that
∂w∗

1

∂w
= 1

k

(
1−

√
1+ 1

3
k2 −k

)
> 0

and
∂w∗

1

∂w
= 1− 1

k

(
1−

√
1+ 1

3
k2 −k

)
> 0.
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Proof of Proposition 4

The period t = 1 reservation wage can be rewritten as

w∗
1 = w + w −w

k

(
1−

√
1+ 1

3
k2 −k

)

= 1

2
w + 1

2
w − 1

2
w + 1

2
w + w −w

k

(
1−

√
1+ 1

3
k2 −k

)

= E [w]− (
w −w

)1

2
− 1

k

(
1−

√
1+ 1

3
k2 −k

)
= E [w]−p

12

1

2
− 1

k

(
1−

√
1+ 1

3
k2 −k

)stdv[w].

It follows immediately that the reservation wage is increasing in the mean value E [w ].

To see that the reservation wage is decreasing in the standard deviation stdv[w ] note

that

1

2
> 1

k

(
1−

√
1+ 1

3
k2 −k

)
⇔√

1+ 1

3
k2 −k > 1− 1

2
k ⇔

1

3
> 1

4
.

Verification of Proposition 3

To verify Proposition 3 for uniformly distributed wage offers, first note that when

F = w−w
w−w we have that

∫ E [w]

w
F (w)d w = 1

w −w

∫ E [w]

w
(w −w)d w

= 1

w −w

(
1

2
(E [w]2 −w2)−w(E [w]−w)

)
= E [w]−w

w −w

(
1

2
(E [w]+w)−w

)
= 1

2

(E [w]−w)2

w −w

= 1

2

( 1
2 w − 1

2 w)2

w −w
= 1

8
(w −w)
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Hence, the period t = 1 reservation wage with the non-stochastic reference point

r = E [w] is given by

ŵ∗
1 = E [w]− η(λ−1)

1+ηλ
∫ E [w]

w
F (w)d w

= E [w]− η(λ−1)

1+ηλ
1

8
(w −w) < E [w].

Proof of Proposition 5

The proof is by contradiction. Assume that ŵ∗
1 ≥ w∗

1 then by the definitions of ŵ∗
1 ,

w∗
1 and k we have that

1

8
k ≥ 1

2
− 1

k

(
1−

√
1+ 1

3
k2 −k

)
⇔√

1+ 1

3
k2 −k ≥ 1+ 1

2
k − 1

8
k2 > 0

where the last inequality holds because k < 1. However, this is a contradiction as

1+ 1

2
k − 1

8
k2 > 1+ 1

3
k2 −k ⇔

36

11
> k

and hence 1+ 1
2 k − 1

8 k2 >
√

1+ 1
3 k2 −k.

1.8 Appendix B: Technical appendix to section 1.3

Proof of Proposition 6

The proof follows immediately from the definitions of U (s = 1|F ) and U (s = 0|b) and

from the observation that E [w]−η(λ−1)
∫ w

w F (w)
[
1−F (w)

]
d w < b is possible.

Proof of Proposition 7

First note that Û (s = 1|F ) = E [w ]−η(λ−1)
∫ E [w]

w F (w)d w . Then i) follows directly from

the condition for search, i.e., Û (s = 1|F ) ≥ b. To prove ii) note that
∫ E [w]

w F (w)d w >∫ w
w F (w)(1−F (w))d w is equivalent to −h(E(w)) > 0 which holds by Lemma 3.
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Special case: Uniformly distributed wage offers

Verification of Proposition 6

The utility from initiating search with as stochastic reference distribution G = F is

U (s = 1|F ) = E [w]−η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w

= E [w]−
p

12

6
η(λ−1)stdv(w)

= 1

2
(w +w)− 1

6
η(λ−1)(w −w).

as∫ w

w
F (w)

[
1−F (w)

]
d w =

∫ w

w

w −w

w −w

[
1− w −w

w −w

]
d w

= 1(
w −w

)2

∫ w

w
(w −w)(w −w)d w

= 1(
w −w

)2

∫ w

w
(w(w +w)−w2 −w w)d w

= 1(
w −w

)2

[
1

2
(w +w)

(
w2 −w2

)
− 1

3

(
w3 −w3

)
−w w

(
w −w

)]

= 1

w −w

[
1

2
(w +w)2 − 1

3
(w2 +w t w +w2)−w w

]
= 1

6

1

w −w

[
w2 +w2 −2w w

]
= 1

6

(
w −w

)= p
12

6
stdv(w).

The utility from search may be less than b ≥ 0 if the last term
p

12
6 η(λ−1)stdv(w) is

sufficiently large.

Proof of Proposition 8

The result follows immediately from the expression for U (s = 1|F ) and the assump-

tions λ> 1 and η> 0.

Verification of Proposition 7

The utility from initiating search with a non-stochastic reference point r = E [w] is

Û (s = 1|F ) = E [w]−η(λ−1)
∫ E [w]

w
F (w)d w

= E [w]− 1

8
η(λ−1)(w −w).
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Hence, part i) of Proposition 7 follows immediately. Part ii) also holds as

Û (s = 1|F ) > U (s = 1|F ) ⇔
−1

8
η(λ−1)(w −w) > −1

6
η(λ−1)(w −w) ⇔

1

8
< 1

6
.

1.9 Appendix C: Technical appendix to section 1.4

Suppose that when searching, i.e. s = 1, there is a p = 1 probability of getting a draw

from the wage offer distribution F . Hence the utility from search is

U (s = 1|F ) = E [w]−η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w.

In addition suppose that when not searching, i.e. s = 0, there is a probability p ∈ (0,1)

of getting a wage offer drawn from F and assume that the reference distribution

reflects this such that G = pF + (1−p)b. Hence the utility from not searching is

U (s = 0|G) = (
1−p

)∫ w

w

(
b +ηλp

∫ w

w
(b − r )dF (r )

)
dF (w)+p

∫ w

w
wdF (w)

+pη
∫ w

w

(1−p)(w −b)+p

(∫ w

w
(w − r )dF (r )+λ

∫ w

w
(w − r )dF (r )

)dF (w)

= (1−p)b +ηλp(1−p)(b −E [w])+pE [w]

+ηp(1−p)(E [w]−b)−p2η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w

= (1−p)b +pE [w]−η(λ−1)p(1−p)(E [w]−b)

−p2η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w.

It follows that it is optimal not to search when

U (s = 0|G) > U (s = 1|G) ⇔
(1−p)b −η(λ−1)p(1−p)(E [w]−b) > (1−p)E [w]

−(1−p2)η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w ⇔

b −η(λ−1)p(E [w]−b) > E [w]− (1+p)η(λ−1)
∫ w

w
F (w)

[
1−F (w)

]
d w ⇔

E [w]−b < (1+p)η(λ−1)

1+η(λ−1)p

∫ w

w
F (w)

[
1−F (w)

]
d w ⇔

(1+p)η(λ−1)

1+η(λ−1)p
> E [w]−b∫ w

w F (w)
[
1−F (w)

]
d w

.
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APPLYING FOR JOBS IN THE LAB

THE EFFECT OF RISK ATTITUDES1

Mette Trier Damgaard
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Justin Sydnor

University of Wisconsin

Abstract

Applying for jobs resembles entering a lottery, where there is an up-front cost of

entering with a larger potential award gained with some probability. Models of refer-

ence dependence incorporating loss aversion and/or disappointment aversion can

predict strong risk aversion in this situation, and hence a low willingness to apply for

jobs. In this paper we consider whether job-application decisions trigger different

risk attitudes than expected from a neutral lottery. We test for this in a laboratory

experiment with a real-effort task where we observe application decisions for a job

paying a bonus for different levels of application costs. We also implement a neutral

monetary lottery with the same consequential decisions. Our experimental evidence

reveals substantial reluctance to take on risk in job applications, to an extent similar

to that found in lottery entry decisions. We provide suggestive evidence that the

1We are grateful to Johannes Abeler, Martin M. Andreasen, Tor Eriksson, Emma von Essen, Leonie
Gerhards, Alexander Koch, Julia Nafziger, Anne Peschel, Leonidas Enrique de la Rosa, Erik Ø Sørensen,
and seminar participants in Aarhus for comments and suggestions. We thank Anya Samek and Kathryn
Carroll for sharing their z-tree code. We thank UC Berkeley for their hospitality and Kyeonghee Kim for
research assistance. Damgaard thanks Købmand Ferdinand Sallings Mindefond for financial support.
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observed behavior is better explained by loss aversion combined with probability

weighting than by standard risk preferences.

2.1 Introduction

Many factors are involved in decisions to search for a job. In addition to psychological

factors such as over- and underconfidence, time and risk preferences are both im-

portant. For example, for on-the-job search decisions risk matters because switching

from one job to another is typically more risky than remaining in the existing job.

The risk comes both from uncertainty about wage offers (Burdett, 1978) and uncer-

tainty about the quality of the match and job attributes (Allen, Renna, Moffitt, and

Vardaman, 2007).

In this paper we consider whether job-application decisions trigger different risk

attitudes than we would expect to see for more neutral lottery contexts. At a basic

level one can think of a job application as a simple lottery, in which one pays an

entry fee (e.g., time and hassle costs of applying) for a probability of receiving a larger

prize (e.g., better job). The nature of risk attitudes for this type of situation, however,

may depend on a number of factors, including the reference point one has when

making the decision (Kahneman and Tversky, 1979, 1992). The willingness to pay

the fee will be highest if the entire decision can be framed in the gain domain. It

will be lower if the reference point is the endowment prior to the job application,

because in that case paying the entry cost is felt as a loss if the lottery is not won.

Finally, if the expectations induced by entering the lottery serve as the referent (ala

Bell (1985); Loomes and Sugden (1986, 1987); Gul (1992); Kőszegi and Rabin (2006,

2007)), the person might be very reluctant to pay the entry fee since the lottery poses

the possibility for disappointment. Hence, job seekers may try to limit exposure to

disappointment simply by not applying for jobs.

Job applications might trigger different risk attitudes for a number of reasons. For

example, the probability of winning is typically tied to one’s own past performance.

van Dijk, van der Plight, and Zeelenberg (1999) find that people believe that disap-

pointment is intensified when people have exerted effort, regardless of whether the

effort is instrumental to achieving the desired outcome. This logic therefore suggests

that job search decisions may be particularly likely to be influenced by loss aversion.

Furthermore, since real-world job applications typically are realized with substan-

tial delay, there may be more scope for expectation-based reference points and the

possibility of disappointment to be relevant (Kőszegi and Rabin, 2006, 2007).

We test whether a job-application context affects risk attitudes in a laboratory

experiment as it allows us to observe application decisions directly. On the other

hand, researchers using field data are typically only able to observe search outcomes

and not search decisions. In addition, the lab experiment allows us to isolate the

effect of risk preferences by stripping out other factors influencing job search such as
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overconfidence and underconfidence about one’s chances of getting the job. In other

words, we create a “job application context” in the laboratory where beliefs about the

probability of getting the job are fixed.

Subjects in our experiment are asked to work at a non-competitive effort task

to earn money. Using a price list method, we then elicit their willingness to pay an

“application fee” to apply for a new and better paid job. We explicitly inform subjects of

their probability of getting the new job and that the probability depends on whether

they were “high” or “low” performers in a first work round. Another important reason

for having a work round before subjects make their application decision, is to generate

a feeling among subjects that the application fee is paid from their earned money.

We vary the probability of getting the job for both low and high performers to explore

whether the probability of getting the job influences the willingness to apply, as

predicted by prospect theory. Finally, all subjects perform the same effort task in the

second and last work round, regardless of whether they got the new job. Everyone is

paid the same piece-rate for their efforts, but subjects who get the new job are also

paid a fixed salary of $5 on top of their piece-rate earnings.

To test whether the context in the job application triggers a meaningfully different

though process compared to neutral financial lottery tasks, we implement a random-

ization between the job application context and a “neutral lottery context” with the

same consequential decision.

Our main finding is that the job application context did not affect risk attitudes.

We find almost identical patterns of entry decisions regardless of the contextual

framing. This suggests that some of the dynamics at play in job application decisions

might be related to fundamental attitudes towards financial risk that are not specific

to job application situations. While one must be cautious in extrapolating these

results to situations outside the lab, they are at least suggestive that understanding

risk attitudes over neutral lotteries may provide useful information regarding how

people think about the risk inherent in job applications. Our experiment helps to

highlight the way in which risk attitudes can affect these decisions, and to do so

purposely abstracts from many crucially important factors of real-world application

and entry decisions. It is likely that in many situations concerns, such as the degree

of confidence people have in their chances of being hired or winning a tournament,

are a much more important factor in decision making.2 Nonetheless, we believe that

understanding how loss aversion can shape the attitudes toward entry decisions is a

useful contribution. In particular, future work in applied settings may find it useful

to explore how variation across people in their level of loss aversion or how the way

they frame these situations help to explain some of the heterogeneity in application

and entry decisions.

2Several papers study the effect of confidence on entry decisions in tournaments (Camerer and
Lovallo, 1999; Bartling, Fehr, Marechal, and Schunk, 2009; Dohmen and Falk, 2011, among others) or
lotteries framed as job search (Falk, Huffman, and Sunde, 2006).
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Aside from the main treatment test of the paper, we can also explore the nature of

the risk attitudes we see in our lab test. Our lab experiment reveals that people are

substantially risk averse in their application decisions, especially for intermediate

probabilities of success. While we cannot tightly identify any particular model, the

results are most easily rationalized by a combination of the reference point as the

endowment prior to decision (loss frame) and probability weighting. We find our

results to be quite consistent with parameter estimates that are very similar to those

obtained in the existing literature and consistent with the average degree of loss

aversion expressed by this population of subjects in another loss aversion elicitation

task. In contrast, even after allowing for probability weighting, i.e., assuming Rank

Dependent Utility following Quiggin (1982)), the level of risk aversion required to

rationalize the aggregate pattern is substantially higher than the average level dis-

played by these subjects in the risk elicitation task over pure positive gambles. We

note, however, that the individual-level estimates of loss aversion and risk aversion

that we obtain are somewhat noisy and that neither measure is highly correlated with

the entry decision at the individual level. The results also do not support the more

extreme predictions from a choice-acclimating personal equilibrium ala Kőszegi and

Rabin (2007) (i.e., we do not see large numbers avoiding entry altogether).

Our study is related to the job search literature and our experimental setting most

closely resembles an on-the-job search decision. The on-the-job search literature

has found job mobility to be an important source of wage growth (Topel and Ward,

1992). Turnover is also important for overall productivity and allocative efficiency in

the labor market (Jovanovic, 1979). Although some have argued that risk matters for

turnover and job mobility (March and Simon, 1958; Tom, Fox, Trepel, and Poldrack,

2007; Allen et al., 2007), the theoretical models of on-the-job search typically assume

risk neutrality (Burdett, 1978; Burdett and Mortensen, 1998; Shimer, 2006, among

others) and few papers have investigated the effect of risk attitudes on job mobility

empirically. An exception is van Huizen (2012) who shows that experimentally elicited

risk measures are negatively related to job mobility in the field. He also finds that

job search indicators seem to be positively rather than negatively related to risk

aversion and thus concludes that the result is driven by job acceptance rather than job

application decisions. In contrast, we find that job application decisions in the lab also

display considerable unwillingness to take on risk. One notable difference between

our study and the one by van Huizen (2012) is that we consider only voluntary

search whereas van Huizen (2012) considers both voluntary and involuntary search

decisions. Both our results and the results by van Huizen (2012) suggest that there

is considerable heterogeneity in risk preferences and that behavior in on-the-job

search decisions is influenced by these risk preferences. This may in turn provide an

additional explanation for income differences in the population

In terms of the search decisions of unemployed workers, our results suggest an

additional possible explanation for negative duration dependence in the hazard rate
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out of unemployment often found in the empirical literature (Kaitz, 1970; Katz and

Mayer, 1990, among others). Basic search models such as Mortensen (1986) do not

predict negative duration dependence but a large number of possible explanations

have been suggested, 3. Recently DellaVigna, Lindner, Reizer, and Schmieder (2015)

proposed reference-dependence as a source of the duration dependence using a

model where part of the motivation to search comes from unfavorable comparisons

between realized income and a gradually adjusting reference wage. In their model,

the hazard rate then declines as the reference wage adjusts to the benefit level. Our

results point to a related explanation which might explain some of the effect: Het-

erogeneity in loss aversion leading to reduced willingness to apply for jobs. People

unaffected by loss aversion apply for a job straight away and are among the first

to exit unemployment, whereas people influenced by loss aversion are less likely

to search and therefore remain unemployed for longer. In addition, if long spells

of unemployment and several rejections make people more loss averse, this would

further amplify the negative duration dependence.

Our paper is also related to the large literature studying the effect of disappoint-

ment aversion and loss aversion in the lab using abstract lottery choices (Kahneman

and Tversky, 1979, 1992; Abdellaoui, Bleichrodt, and Paraschiv, 2007; Sonsino, 2008;

Tanaka, Camerer, and Nguyen, 2010, among others) and portfolio-allocation choices

(Choi, Fisman, Gale, and Kariv, 2007). Gill and Prowse (2012) also study the effect

of disappointment aversion in a work environment, but whereas Gill and Prowse

(2012) find that disappointment aversion influences effort in a work environment,

we find that disappointment influences application decisions in a work environment.

Similarly, several other lab experiments provide evidence consistent with probability

weighting, especially when small probability events are involved (Kahneman and

Tversky, 1992; Camerer and Ho, 1994; Abdellaoui, 2000; Tanaka et al., 2010; Bruhin,

Fehr-Duda, and Epper, 2010, among others)). Bleichrodt and Pinto (2000) and Fehr-

Duda, Epper, Bruhin, and Schubert (2011) show that the decision maker’s mood,

the context, and the outcome domain could matter for the intensity of probability

weighting. While our results are consistent with probability weighting, we do not find

evidence that probability weighting is context dependent.

Finally, our study is also related to the literature on tournament entry where

individuals have the opportunity to enter into a competition to win a prize (Niederle

and Vesterlund, 2007; Niederle, Segal, and Vesterlund, 2013). Many of these studies

have found a negative correlation between entry and risk aversion (Balafoutas, Ker-

schbamer, and Sutter, 2012; Dohmen and Falk, 2011; Bartling et al., 2009; Eriksson,

Teyssier, and Villeval, 2009b). However, a difficulty in identifying the effect of risk

attitudes on tournament entry is ambiguity about the winning probability. The exact

probability of winning is unknown to both the experimenter and the subjects at the

time of the entry decision because it is determined in part by how many subjects

3See Devine and Kiefer (1991) for a survey of empirical studies.
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enter and who enters. Tournament entry decisions could therefore be susceptible

to ambiguity aversion. We avoid this issue by explicitly specifying the probability of

winning before subjects decide whether to apply for the job.

The remainder of the paper is organized as follows. Section 2.2 describes the

experimental design, and section 2.3 presents our theoretical framework and hy-

potheses. The experimental implementation and a balance check are provided in

section 2.4. Results are discussed in section 2.5, with concluding comments in section

2.6.

2.2 Experimental design

Our experiment was designed with the aim of studying the role of loss aversion and

probability weighting in a job application context and to facilitate a comparison with

a lottery choice context.

When participants entered the lab, they were informed that they would receive

a $5 show-up payment in addition to any earnings accumulated during the exper-

iment.4 Subjects were also told that the experiment consisted of three parts and

that Part 1 and 3 involved a “simulated work environment” for which they would

be able to earn money. Subjects were also told that in Part 2 they would be asked to

“answer questions about themselves and their preferences over options that could

increase their payoff”. Figure 2.1 gives an overview of the timing and tasks in the

experiment. Instructions were identical across all treatments until the end of Part 1,

and instructions only differed i) between Part 1 and 2 where subjects were informed

about the possibility to apply for a job (or enter a lottery), and ii) between Part 2 and

3 where the outcome of the application (lottery) was reveal.5

Figure 2.1. Experiment timing

Parts 1 and 3: The effort task

The two work rounds and the practice round involved the same real effort task. We

used the number-adding task proposed by Niederle and Vesterlund (2007) which asks

4The welcome script which was read aloud at the beginning of each session as well as screen shots of
the on-screen instructions are available in Appendix C and D

5The full experimental instructions are available on request.
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subjects to add as many sets of five two-digit numbers as possible in 5 minutes.6 The

task is easy to explain, requires no previous experience, and generates variability in

performance partly due to skill and partly due to effort (Cason et al., 2010). There is

relatively little learning in the task, and learning is mostly confined to the first round

(Niederle and Vesterlund, 2007). We therefore included a non-incentivized practice

round to reduce learning effects and allow subjects to become familiar with the task.

The calibration of the work task was similar to Niederle and Vesterlund (2007),

i.e., subjects worked for 5 minutes and were paid a piece-rate of $0.5 per correct

answer with no penalties for wrong answers. Participants were not allowed to use a

calculator, but were allowed to use the provided pen and scratch paper. The numbers

were randomly drawn before the experiment, and all subjects were given the same

sets of two-digit numbers in the same order. This gave us control over the difficulty

of the problems. After entering an answer, a subject was told whether the answer

was correct before getting a new set of five two-digit numbers. At the end of the 5

minute interval subjects were informed of the total number of correct answers they

had provided in that round. Subjects were paid for both work rounds at the end of

the experiment.

Treatment information and application (lottery entry) decisions

After completing Part 1, subjects were provided with information about the upcoming

parts of the experiment. In particular, they were reminded that Part 3 would involve

the same number-adding task with the same piece-rate payment. This was to ensure

that all subjects had the same information about the remaining parts.

Treatment information

To explore the role of loss aversion and probability weighting, we implemented an

experiment with treatment variation along two dimensions: the context and the

probability environment (see Table 2.1). The sample was split evenly across the four

treatments.

Table 2.1. Treatment variations

Job treatments Lottery treatments

Low probability environment JOBL LOTL
pL = 15% and pH = 40%

High probability environment JOBH LOTH
pL = 40% and pH = 65%

6The number adding task has been used widely in the literature on tournament entry (Bartling et al.,
2009; Eriksson, Poulsen, and Villeval, 2009a; Cason, Masters, and Sheremeta, 2010; Niederle et al., 2013,
among others).
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In the job treatments (JOBL and JOBH ), we framed a choice of whether to enter a

lottery as a job application decision. After getting the general information about the

upcoming parts, subjects in the job treatments were told that they had the “option

to apply for a new job” in Part 3 and that the probability of getting the “new” job

depended on whether they were classified as “high performers” or “low performers”

based on their answers in Part 1. Subjects were told that the new job involved the

same task and piece-rate payment as the “old” job, but in addition the “new" job

would pay a fixed salary of $5. They were also told that if they did not apply or get the

new job, they would continue to work in the old job.

Subjects were also told that everyone who had provided at least 13 correct answers

were classified as high performers and that this meant that approximately half the

subjects in the room would be classified as high performers.7 If they applied, high

performers would get the new job with probability pH , and low performers, who

provided fewer than 13 correct answers, would get the job with probability pL . All

subjects in the job treatments were told whether they were a high or low performer

and the values of pH and pL specific to their treatment. For example, in JOBL sub-

jects were told that, if they applied, low performers (the below-median performers)

had a pL = 15% chance of getting the job and high performers (the above-median

performers) had a pH = 40% chance of getting the job.

In the lottery treatments (LOTL and LOTH ), we used a lottery context instead

of the job application context. After obtaining the general information about the

upcoming parts, subjects in the lottery treatments were told that they had the “option

to enter a lottery” to win $5. As in the job treatments, individual level probability

information was provided before subjects made their entry choice to avoid mis-

predictions of probabilities, for example due to overconfidence or underconfidence

in one’s own ability.8 Unlike in the job treatments, subjects were not informed that

the probability of winning was related to their performance, but for comparability we

used the same algorithm to determine all subject’s probability of winning.

In addition to context, we varied the probability environment to study the effects

of probability weighting in our setting. In the high probability environment (JOBH

and LOTH ), the probabilities of getting the good outcome are higher for both high

and low performers than in the low probability environment (JOBL and LOTL), i.e.,

we varied the size of pH and pL as indicated in Table 2.1.

7The threshold level of correct answers was initially set to 10, the median number of correct answers
reported in Niederle and Vesterlund (2007) in the comparable piece-rate treatment. After the first three
sessions the threshold was re-calibrated to 13 to better reflect the median in our setting. In our analysis of
the results we pool data from all sessions, but results are very similar if we drop the first three sessions
from the analysis.

8This approach is similar to the one in Gill and Prowse (2012) who also explicitly map the link from
performance to the probability of winning a price before subjects make their choice.
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Application (lottery entry) decisions

Subjects were then asked to make their application (lottery entry) decisions. We

elicited their willingness to pay to apply (enter the lottery) using a price-list method.

Subjects were presented with different “application fees" (“lottery entry fees") de-

pending on their individual probability of getting the new job (winning) with fees

covering the range from $0 to approximately the risk neutral level (see Table 2.2).

For each fee, subjects were asked to indicate whether they wanted to apply (enter

the lottery). One of the fees on the price-list was randomly chosen as “the [fee] that

applied”, and subjects were paid according to their choices in that situation at the

end of the session.9

Table 2.2. Application/Entry fees by probability of getting the job

C1 C2 C3 C4 C5 C6 C7

p=15% $0 $0.05 $0.1 $0.2 $0.3 $0.4 $0.5

p=40% $0 $0.2 $0.4 $0.8 $1.2 $1.6 $2.0

p=65% $0 $0.3 $0.6 $1.2 $1.8 $2.4 $3.0

Part 2: Obtaining control variables

After subjects made their application (lottery) decisions, there was a waiting period

(Part 2) before the outcome of the application (lottery) was revealed. This waiting

period was introduced to resemble the waiting period for real job applications and to

allow reference-points to adjust.10 While waiting, we elicited two risk measures allow-

ing us to relate risk attitudes to the previous literature as well as some background

characteristics (age, gender, and the current grade point average (GPA)).

We elicited a measure of risk aversion using the method developed by Eckel and

Grossman (2002, 2008), where subjects chose between a number of 50-50 gambles

involving varying degrees of risk. The task is simple to explain and allows us to

elicit a range for each subject’s coefficient of relative risk aversion (CRRA).11 We

9Subjects were told which fee applied on the screen immediately after the choice screen, and they
were made aware of this before making their choices.

10Using the terminology of Kőszegi and Rabin (2006, 2007), the effect of reference-dependence is
strongest when the reference point is choice-acclimating, and Kőszegi and Rabin (2006, 2007) argue that
this requires a time lag between when the choice is made and when uncertainty is resolved. Sprenger
(2015); Song (2012); Buchheim (2012), and Smith (2012) all provide evidence consistent with very rapid
adjustment of the reference point, and judging by their findings, a 10 minute lag is more than sufficient to
induce adjustment of the reference point. Prior to making the application (lottery entry) decision, subjects
in our experiment were told that they would learn the outcome of the application (lottery) “in about 10
minutes” after completing other tasks.

11The measure or risk aversion is elicited, under the assumption that all outcomes are viewed as gains
(which for example is the case if the status-quo is taken as the reference point for the task) and given that
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implemented the version used in Dave, Eckel, Johnson, and Rojas (2010) to have

slightly higher stakes and allow for greater variation in risk attitudes than the original

version of Eckel and Grossman (2002, 2008). Subjects were asked to choose one of the

six gambles in Table 2.3. At the end of the session, we randomly selected one person

who was paid for the task, and we played out the chosen gamble for this individual.

Table 2.3. Implied risk aversion using Eckel-Grossman task

Choice (50/50 Gamble) Low payoff High payoff Implied CRRA rangea

Gamble 1 28 28 3.46 < ρ
Gamble 2 24 36 1.16 < ρ < 3.46
Gamble 3 20 44 0.71 < ρ < 1.16
Gamble 4 16 52 0.50 < ρ < 0.71
Gamble 5 12 60 0 < ρ < 0.50
Gamble 6 2 70 ρ < 0

Notes: Coefficient of relative risk aversion. Calculated as the range of ρ in the function
U = x1−ρ/(1−ρ) which makes the utility of each gamble on the list equal the utility of the
next gamble.

In addition, we elicited a control measure of loss aversion based on the choice

task for loss aversion in Kahneman and Tversky (1992).12 We used a hypothetical

sequential price-list method to elicit the value x that would make the prospect (0, 1
2 ;

0, 1
2 ) as attractive as (−50, 1

2 ; x, 1
2 ). First subjects were asked whether they would be

willing to play the gamble if x = 50. If they said “yes”, the task ended. If they said “no”,

they were asked if they would be willing to play the gamble when x = 100. Subjects

who said “yes” were then shown a new screen with the same question where x = 70,

while subjects who said “no” were shown a screen with x = 150. We follow Kahneman

and Tversky (1992) and use θ, the ratio of the “slopes” of the value function over gains

and losses, as a proxy for the loss aversion parameter λ. Based of subjects’ choices,

we calculate ranges for θ (see Table 2.4) depending on the minimum value of x for

which the gamble was accepted.13

While incentivized choices are usually preferred over hypothetical choices, we

used hypothetical choices for the loss aversion task as it enabled use to implement

higher stakes than would otherwise be feasible. Additionally, since subjects had prior

earned money and some uncertainty about later earnings, we were not confident ex

ante that we would be able to properly manipulate a loss frame at this stage of the

experiment.

there is not meaningful probability-weighting effect over 50% events. We note that although the task is
commonly used to measure risk aversion, it could also capture loss aversion if subjects use an expectation
based reference point for the task in which case some outcomes are viewed as gains and others as losses.

12We note that while the measure is referred to as a measure of loss aversion, it also picks up risk
aversion.

13That is the measure is derived under the assumptions of linearity in utility curvature and no mean-
ingful probability weighting over 50% events.
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Table 2.4. Implied loss aversion proxy θ for loss aversion task

Minimum x accepted, xmi n Implied θ

Gamble 1 $50 θ < 1
Gamble 2 $70 1 < θ < 1.4
Gamble 3 $100 1.4 < θ < 2.0
Gamble 4 $150 2.0 < θ < 3.0

None accepted θ > 3

Notes: θ is given by x
50 . The upper bound of each interval is given by xmi n

50 where xmi n

is the minimum value of x for which the subject is willing to take on the gamble and the
lower bound of each interval is determined by the upper bound of the previous interval.

Outcome of the application (lottery) and last work round

After Part 2, subjects who applied in job treatments were informed about whether

they got the new job, and subjects in the lottery treatments who entered the lottery

were told whether they won. All subjects then worked in Part 3.

2.3 Theoretical framework and hypotheses

This section formulates hypotheses in terms of our main outcome variable from the

experiment which is the willingness to pay to apply (enter the lottery) relative to the

expected value of applying (entering the lottery). This variable is denoted
fXi
EV where

EV = 5p, X ∈ {JOB ,LOT }, and i ∈ {L, H }. Thus
fXi
EV = 1 is the choice implied by risk

neutrality, whereas
fXi
EV < 1 indicates that a person has a lower willingness to take

on risk than under risk neutrality. By observing when subjects switch from applying

(entering) to not applying (not entering), we obtain implied intervals for fXi with our

point estimate given by the mid-point of this interval. If a subject always chooses to

apply (enter), we assign the expected value (EV), and if a subject always chooses not

to apply (enter), we set fXi to 0.14

Theoretical framework

When choosing whether to apply, the potential job applicant chooses whether to

incur a small application cost to obtain a chance to get a higher future income. More

formally, let the lottery A (apply) involve an “application fee” f and a probability p

of winning the bonus s, and let D (don’t apply) denote the degenerate lottery that

involves a certain outcome of earned income with no possibility of the bonus. Further,

let W denote earnings that are not influenced by the outcome of the application. The

choice of whether to apply then essentially is a choice between the lottery A and the

certain outcome D .

14Appendix A contains alternative specifications as a robustness check.
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An individual’s preferences determine how he evaluates these two prospects and

hence the fee f that makes him indifferent between A and D. Referent-dependent

theories predict that people might be excessively risk averse when applying for jobs.

As shown below, prospect theory (Kahneman and Tversky, 1979, 1992) gives this pre-

diction if the application decision is evaluated in isolation from other decisions and

the application fee is considered a “loss”. Other reference-dependent theories based

on expectations (Bell, 1985; Loomes and Sugden, 1986, 1987; Gul, 1992; Kőszegi and

Rabin, 2006, 2007) make the prediction even more strongly. We use prospect theory

as our theoretical framework because it also incorporates probability weighting. In

addition, prospect theory allows us to contrast the “loss frame” where the application

decision is evaluated in isolation from other decisions with the “gain frame” where

the application fee is integrated with other earnings and hence resembles standard

risk preferences.

Using the notation and functional form assumptions in cumulative prospect

theory (Kahneman and Tversky, 1992), an outcome x is valued as

v(x) =
{

xα if x ≥ 0

−λ(−x)α if x < 0,

where λ> 1 introduces loss aversion and α ∈ (0,1) captures diminishing sensitivity.15

The weighting function w+(q) = qγ

(qγ+(1−q)γ)1/γ is applied to the probability of positive

outcomes, whereas w−(q) = qδ

(qδ+(1−q)δ)1/δ is used to weight the probability of negative

outcomes. We consider the predictions of the gain and loss framework in turn.

Gain frame

In the gain frame, the application decision is integrated with other earnings, for

example the show-up payment and the piece-rate earnings in our experiment. Then

A is the prospect (W − f ,1−p;W + s − f , p), whereas D is the certain outcome W .

Assuming that W ≥ f , the prospect D is valued as V (D) = W α, while the prospect

A is valued as V (A) = (W − f )α(1−p)+ (W − f + s)αp. The individual is indifferent

between A and D when V (A) =V (D), which implicitly defines the willingness to pay

for A in the gain frame with no probability weighting, denoted fGai n . Similarly,

W α = (W − f PW
Gai n)α

(
1−w+(p)

)+ (W − f PW
Gai n + s)αw+(p) (2.1)

implicitly defines f PW
Gai n , which is the willingness to pay for A with probability weight-

ing. Hence, if f ≤ W , the application decision is not influenced by loss aversion

and the gain frame without probability weighting provides the same predictions as

expected utility theory with constant relative risk aversion (CRRA).16 It also follows

15Throughout the paper we assume that the curvature parameter α is the same for gains and losses,
which is consistent with the empirical findings in Kahneman and Tversky (1992).

16More precisely, in the gain frame α may be reinterpreted as 1−ρ where ρ is the CRRA parameter.
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that with probability weighting the gain frame provides the same predictions as Rank

Dependent Utility (Quiggin, 1982).

Loss frame

In the loss frame, the applicant considers the application decision in isolation from

other earnings, and the application cost is therefore considered a potential loss.

Then A is the prospect (− f ,1− p; s − f , p), the certain outcome D is 0, and D is

valued as V (D) = 0. Without probability weighting, A is valued as V (A) = (s − f )αp −
λ f α(1− p). Hence, the willingness to pay for A without probability weighting is

fLoss = s

1+
(
λ(1−p)

p

)1/α , and with probability weighting it is

f PW
Loss =

s

1+
(
λw−(1−p)

w+(p)

)1/α
. (2.2)

Figure 2.2. Willingness to pay to apply as a function of p

Notes: We assume s = 5 and W = 15 (the sum of the show-up fee and expected earnings from the work
rounds if subjects provide 10 correct answers per round). We use the functional forms and parameter
estimates in Kahneman and Tversky (1992), i.e., α=β= 0.88, λ= 2.25, γ= 0.61 and δ= 0.69. In the gain
frame, the application lottery A is the prospect (W − f ,1−p;W + s− f , p), and D is the certain outcome W .
For the loss frame, the application lottery A is coded as the prospect (− f ,1−p; s − f , p), and the certain
outcome D is 0.

Hypotheses

Figure 2.2 shows that given the parameter estimates of Kahneman and Tversky (1992),

i.e., α=β= 0.88, λ= 2.25, γ= 0.61, and δ= 0.69, the willingness to pay for A is lower

in the loss frame than in the gain frame, both with and without probability weighting.

Figure 2.2 also illustrates that the willingness to pay is close to the expected value in

the gain frame without probability weighting. Hence, the willingness to pay crucially
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depends on whether the cost of applying is seen as a potential loss (as in the loss

frame) or if it is integrated with other earnings (as in the gain frame). We hypothesize

that the job application context is likely to trigger a loss framing, because van Dijk

et al. (1999) have found that anticipated disappointment is greater when people

have previously exerted effort, and in the experiment the probability of winning is

explicitly tied to past performance in the job treatments. Hence, our first hypothesis

is:

Hypothesis 1. The ratio of the willingness to pay to the expected value of the new job

is lower than can be rationalized by standard risk preferences (as represented by the

gain frame) and in particular E
(

f JOBi
EV

)
≤ 1 for i ∈ {L, H }.

Second, as illustrated in Panel B of Figure 2.2, the distance between the expected

value and the willingness to pay under prospect theory is greater around p = 65%

than around p = 15%, both in the gain and in the loss frame. Hence, we hypothesize

that:

Hypothesis 2. The ratio of the willingness to pay to the expected value of the new job is

smaller in the high than in the low probability environment, i.e., E
(

f JOBH
EV

)
< E

(
f JOBL

EV

)
.

Finally, we hypothesize that the loss frame and hence loss aversion plays a greater

role in the job application context than in the lottery context:

Hypothesis 3. The ratio of the willingness to pay to the expected value of the good

outcome is lower in the job treatments than in the lottery treatments, i.e., E
(

f JOBi
EV

)
<

E
(

fLOTi
EV

)
for i ∈ {L, H }.

2.4 Experimental procedures and balance check

We have observations from a total of 159 subjects from 10 experimental sessions run

at The BRITE Lab at the University of Wisconsin-Madison in March and April 2015.

Participants were students at University of Wisconsin-Madison and were recruited

through the Sona Experiment Management System. No subject participated in more

than one treatment, and we used a within-session randomization. The experiment

was computerized using z-Tree (Fischbacher, 2007) and lasted about 45 minutes.

Subjects on average earned $21.52 including a $5 show-up payment.

We achieve a reasonable balance in the sample across treatments (see Table 2.5),

but females appear overrepresented in the high probability treatments JOBH and

LOTH , and some subjects in LOTH appear to have been very high performers on the

work task, driving up the average number of correct answers in both Part 1 and Part

2. However, at the same time we also had a higher proportion of low performers in

LOTH . Subjects on average got approximately 11.5 correct answers in Part 1 and one

less correct answer in Part 2.
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Table 2.5. Descriptive statistics and balance test

Descriptive statistics (means) Balance tests (p-values)

Full Sample JOBL JOBH LOTL LOTH JOB vs. LOT L vs. H

Femaleb 0.57 0.45 0.64 0.55 0.68 0.37 0.05
(0.50) (0.50) (0.49) (0.50) (0.47)

GPAa 3.46 3.46 3.46 3.46 3.44 0.61 0.98
(0.38) (0.37) (0.46) (0.36) (0.34)

Correct in practice rounda 4.40 4.43 3.58 4.33 5.24 0.18 0.88
(2.38) (2.06) (1.78) (2.55) (2.83)

Correct in Part 1a 11.52 11.41 11.19 11.38 12.11 0.87 0.90
(3.89) (3.87) (2.63) (4.32) (4.47)

Correct in Part 2a 10.58 10.34 10.08 10.21 11.78 0.62 0.41
(4.18) (3.48) (3.23) (4.39) (5.29)

% low performersb 0.58 0.57 0.53 0.60 0.62 0.46 0.94
(0.50) (0.50) (0.51) (0.50) (0.49)

N 159 44 36 42 37 159 159

Notes: The table reports means and standard deviations in brackets for descriptive statistics. For the balance
testes we report the p-values. a a two sample Mann–Whitney test is used to test for differences. b a Chi2 test
is used to test for differences. The balance tests are done for the pooled job treatments (JOB) vs. the pooled
lottery treatments (LOT) and for the pooled low probability (L) vs. pooled high probability (H) environment
treatments.

2.5 Results

We find substantial unwillingness to take on risk across all treatments, and our main

outcome variable
fXi
EV is significantly below unity in all treatments (see Table 2.6).

This is also seen in Figure 2.3 for different probability and performance levels, as the

average willingness to pay is considerably below the expected value.17 Therefore, we

report the following result which is consistent with Hypothesis 1. Further suggestive

evidence for Hypothesis 1 is provided below.

Result 1. The willingness to pay to apply for the job or enter the lottery is significantly

below the risk neutral level.

Next we turn to Hypothesis 2, which predicts a treatment effect of the probability

environment. We find that the average of
f JOBL

EV is 0.74, which is greater than the

average of
f JOBH

EV equal to 0.61. This is consistent with Hypothesis 2 and suggests that

17The difference between high and low performers is comparable in situations where they face the
same probability of the good outcome, i.e., for p = 40%. Using a Mann–Whitney test, we find that high
performers have a significantly higher willingness to pay for risk than low performers (p-value=0.0054).
This holds in both contextual frames, but the effect of being a low performer disappears when we control
for personal characteristics and in particular when controlling for the number of correct answers in Part 1.
These results are available on request.
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Table 2.6. Willingness to pay to apply (enter) relative to expected value of applying (entering),
fXi
EV , by treatment

Outcome variable Hypothesis 1 Hypothesis 2

fXi
EV H0 : E

( fXL
EV

)
= 1 H0 : E

( fXH
EV

)
= 1 H0 : E

( fXH
EV

)
= E

( fXL
EV

)
L H t-test t-test Mann–Whitney t-test

JOB 0.74 0.61 -4.72 -8.33 2.27 1.80
(0.35) (0.28) (< 0.01) (< 0.01) (0.02) (0.04)

LOT 0.82 0.60 -4.59 -8.86 3.70 3.78
(0.24) (0.27) (< 0.01) (< 0.01) (< 0.01) (< 0.01)

Hypothesis 3 H0 : E( f JOBi ) = E( fLOTi )

Mann–Whitney -1.01 0.45
(0.31) (0.88)

t-test -1.23 0.19
(0.22) (0.85)

Notes: The table reports means and standard deviations in brackets for
fXi
EV where X ∈ {JOB ,LOT } and

i ∈ {L, H }. fXi
is calculated as mid-point of the fee interval where the subject switched from apply (enter)

to don’t apply (enter). If the subject always chooses apply/enter, we let fXi
= EV = 5p. If the subject always

chooses don’t apply (enter), we let fXi
= 0. Eight observations are excluded due to multiple switch points.

For the two sample Mann–Whitney test and the one-sided t-test, the table reports the test statistics (z and t
respectively) and the p-values in brackets.

Figure 2.3. Willingness to pay fXi

Notes: fXi
is calculated as mid-point of the fee interval where the subject

switched from apply (enter) to do not apply (enter). If the subject always
chooses apply (enter), then we assign the expected value of applying, i.e.,
EV = 5p. If the subject always choose don’t apply (don’t enter), we let
fXi

= 0. Eight observations are excluded due to multiple switch points.
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behavior on average is closer to risk neutrality in the low probability environment

than in the high probability environment. Similarly, for the lottery treatment we find

that on average
fLOTL

EV equals 0.82 whereas
fLOTH

EV equals 0.60. Again the difference is in

the expected direction and statistically significant using both Mann–Whitney tests

and t-tests.18 The result is also illustrated in Figure 2.3 where the willingness to pay

to take on the risk is further away from risk neutrality the higher the probability level.

Hence, in line with Hypothesis 2, we find that:

Result 2. There is evidence of probability weighting with greater unwillingness to

take on risk for relatively large probabilities of winning than for low probabilities of

winning.

Since the application (entry) fees depend on the probability of winning, it is nec-

essary to verify that the result is not an artifact of this feature of our design. If subjects

do not pay attention to the information provided, they might choose to switch from

apply (enter) to not apply (not enter) at the same place on the list regardless of the

probability of the good outcome and hence the fees presented to them. Figure A1 in

the appendix shows that this is not the case. In addition, alternative specifications of
fXi
EV yield similar results as those presented in Table 2.6 with effects going in the same

direction and mostly remaining statistically significant (see Appendix Table A1).

In terms of Hypothesis 3, which conjectures a treatment effect of the contextual

framing, we find that
fXi
EV is 0.74 in JOBL and slightly higher at 0.82 in LOTL . The

difference is in the expected direction but not statistically significant. For JOBH and

LOTH the difference is in the opposite direction but not significant. These results

also hold for alternative specifications of fXi (see Appendix Table A1). The results are

also visible in Figure 2.3 where there are no differences between the job and lottery

treatments.19 Hence we have the following result:

Result 3. There is no effect of the job treatments compared to the lottery treatments on

the average willingness to pay to enter.

Since we find no treatment effect of the job vs. lottery setting, we pool observa-

tions across this treatment dimension in the remainder of the paper.

18The results can be confirmed in a regression analysis and are largely robust to inclusion of individual
level characteristics. However, the effect is marginally insignificant for JOBH when including control
variables. See Appendix Table A2.

19This holds both for subjects classified as high performers, and subjects classified as low performers, as
well as across all probability levels, and the results are confirmed using Mann–Whitney tests of differences
in the distributions of the willingness to pay across the two settings. As seen in Appendix Table A2, the
results also hold in a reduced form regression with treatment dummies and subject characteristics.
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Calibration results supporting Hypothesis 1

The reduced form results provide evidence of significant reluctance to take on risk as

well as of probability weighting. However, the results presented so far do not answer

whether standard risk aversion (as captured by diminishing sensitivity in the gain

frame) could account for the observed behavior or if our results are better rationalized

by application costs being viewed as a potential loss as in the loss frame. In this

subsection, we address this question by estimating the model parameters structurally

and presenting a calibration analysis that compares the estimated parameters to

other risk measures elicited during the experiment.

Structural parameter estimates

As the reduced form results provide evidence for probability weighting, we allow for

probability weighting when estimating the models. We use Non-linear Least Squares

(NLS) to estimate Equations (2.1) and (2.2) which determine the willingness to pay in

the gain and loss frame, respectively. We let γ= δ throughout this section and abstract

from diminishing sensitivity in the loss frame, i.e., α= 1, as we are empirically unable

to identify all three parameters at the same time. We estimate the parameters without

imposing any further parameter restrictions but note thatα ∈ [0,1] is usually required

to ensure that the value function exhibits diminishing sensitivity with concavity in the

gain domain and convexity in the loss domain and that γ> 0 is usually assumed in

the literature. We then contrast the effects of diminishing sensitivity and probability

weighting in the gain frame with loss aversion and probability weighting in the loss

frame (Table 2.7).20

The parameter γ is estimated to about 0.65 in both specifications and is thus

similar in magnitude to the estimates obtained by Kahneman and Tversky (1992).

They estimate γ and δ to 0.61 and 0.69, respectively.

In the gain frame specification, we estimate α to −2.62 which is outside the

range normally assumed in prospect theory. However, as the gain frame is closely

related to standard CRRA risk aversion, one way to interpret the negative estimate

of α is to note that it is comparable to a relative risk aversion of 3.62. Hence, a high

level of risk aversion is required to rationalize the observed application and lottery

entry decisions within the gain frame. In fact, when comparing the NLS estimate to

the CRRA risk measure elicited in the Eckel-Grossman task (see Table 2.8), the NLS

estimate obtained using the gain frame seems excessively high. Our results for the

Eckel-Grossman task are very similar to those in Dave et al. (2010), and most subjects

are found to have a CRRA coefficient of 0.74 to 1.16. Only 7.6% of subjects have a

CRRA coefficient greater than 3.46 in the Eckel-Grossman task.

20Additional specifications (for example including each of the components separately) are provided in
Appendix Table A3 and Appendix Table A4.



2.5. RESULTS 49

Table 2.7. NLS parameter estimates for prospect theory with loss frame

Gain frame Loss frame

Diminishing sensitivity and Loss aversion and
probability weighting probability weighting

λ - 2.16***
- (0.11)

γ 0.64*** 0.65***
(0.05) (0.07)

α -2.62*** 1
(0.63) -

N 151 151

Notes: The table reports NLS estimates of Equations (2.2) and (2.1) when γ= δ. The
table reports coefficients and standard errors in brackets. *** significant at 1% level of
significance, ** significant at 5% level of significance, and * significant at 10% level of
significance. 8 observations were excluded due to multiple switch points.

Table 2.8. Implied risk aversion elicited by the Eckel-Grossman measure

Choice Low High CRRA Percentage of subjects

(50/50 Gamble) payoff payoff rangea Dave et al. (2010) This study

Gamble 1 28 28 3.46 < ρ 10.7 7.6
Gamble 2 24 36 1.16 < ρ < 3.46 11.2 19.5
Gamble 3 20 44 0.71 < ρ < 1.16 39.2 34.0
Gamble 4 16 52 0.50 < ρ < 0.71 16.8 16.4
Gamble 5 12 60 0 < ρ < 0.50 11.5 15.1
Gamble 6 2 70 ρ < 0 10.7 7.6

Notes: Coefficient of relative risk aversion. Calculated as the range of ρ in the function U = x1−ρ/(1−
ρ) which makes the utility of each gamble on the list equal the utility of the next gamble. Fixing ρ at
the mid-point of the intervals and the upper and lower bounds at ρ = 3.46 and ρ = 0, respectively,
the mean value of ρ is 1.166 (with a standard deviation of .9784).

In the loss frame specification, we estimate the parameter of loss aversion λ

to 2.15 (see Table 2.7). This value is quite close to the median estimate of 2.25 in

Kahneman and Tversky (1992) and is also consistent with the average loss aversion

obtained from the loss aversion elicitation task in our experiment. Table 2.9 shows the

elicited intervals for θ, which is our proxy for loss aversion from the elicitation task.

About 22% of the subjects showed no loss aversion. The choices of all other subjects

displayed some degree of loss aversion. Fixing θ at the midpoint of the intervals

and bounding the upper and lower intervals at θ = 3 and θ = 1, respectively, the

mean value of θ is 2.065 with a standard deviation of 0.830. In a comparable setting,

Kahneman and Tversky (1992) find an average θ of 2.02.

The calibration exercise in this subsection thus suggests that our findings are best
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Table 2.9. Elicitation of loss aversion

Minimum x accepted, xmi n Implied θa Percentage of subjects

Gamble 1 $50 No loss aversion 22.01
Gamble 2 $70 1 < θ < 1.4 11.95
Gamble 3 $100 1.4 < θ < 2.0 14.47
Gamble 4 $150 2.0 < θ < 3.0 18.24

None accepted θ > 3 33.33

Notes: θ is given by x
50 . The upper bound of each interval is given by xmi n

50 where xmi n is the minimum
value of x for which the subject is willing to take on the gamble, and the lower bound of each interval is
determined by the upper bound of the previous interval.

explained by a combination of loss aversion and probability weighting in the loss

frame rather than by diminishing sensitivity in the gain frame even after allowing for

probability weighting.

However, although average results seem well explained by loss aversion and prob-

ability weighting, at the individual level we find only modest correlation between the

different risk measures collected during the experiment (Table 2.10). The correlations

have the expected sign, i.e., people who appear more risk and loss averse have a lower

willingness to pay relative to the expected value in the experiment. However, the

effects are modest and only the correlation between the elicited loss aversion param-

eter and the elicited CRRA risk aversion parameter ρ is statistically significant. Other

studies have also found limited individual level correlation between risk measures

elicited using different tasks (Isaac and James, 2000; Kruse and Thompson, 2003;

Eckel and Wilson, 2004; Anderson and Mellor, 2009; Dulleck, Fooken, and Fell, 2015).

Table 2.10. Spearman rank correlation coefficients for risk measures

f max /EV ρ θ

f max

EV 1.00
CRRA utility parameter, ρ -0.12 1.00
Loss aversion proxy, θ -0.05 0.28*** 1.00

Notes: Table reports pairwise correlation coefficients. *** significant at 1% level of signifi-
cance, ** significant at 5% level of significance, and * significant at 10% level of signifi-

cance. See Table 2.6 for a definition of
f max

EV .

2.6 Conclusion

This paper documents that people are substantially risk averse in their job application

decisions, especially for intermediate probabilities of success. We also provide some

suggestive support that the level of risk aversion displayed in job application deci-

sions is more consistent with reference-dependent theories predicting substantial
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risk aversion than with standard risk attitudes displayed over purely "gain-framed"

decisions. Specifically, the aggregate patterns of choices can be rationalized by a

combination of probability weighting and loss aversion that are similar to estimates

in the literature and consistent with the average degree of loss aversion expressed

by this population in other tasks. In contrast, even with probability weighting (or

equivalently with Rank Dependent Utility), the level of risk aversion needed to ratio-

nalize the aggregate patterns is substantially higher than the average level displayed

by these subjects in a standard "gain-frame" lottery-choice task.

However, no differences are observed in choices across the job application context

and neutral lottery context. This suggests that for our task the contextual framing did

not alter choices. It further suggests that some of the dynamics at play in job entry

decisions might be related to fundamental attitudes toward financial risk which are

not specific to job-application situations.

Of course, it is important to keep the nature of our experiment in mind when

extrapolating to application decisions outside of the lab. While our experiment shows

how risk attitudes can influence job application decisions, it is likely that other

factors such as overconfidence or underconfidence are a much more important

factors for job application decisions. Nonetheless, we believe that understanding

how loss aversion can shape the attitudes toward applying for a new job is a useful

contribution. Future work in applied settings could explore whether heterogeneity in

loss aversion across people or unemployment duration might explain the negative

duration dependence of hazard rates from unemployment.
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2.8 Appendix A: Figures and tables

Table A1. Alternative specifications of
f max

Xi
EV

Outcome variable Hypothesis 1 Hypothesis 2

fXi
EV H0 : E

( fXL
EV

)
= 1 H0 : E

( fXH
EV

)
= 1 H0 : E

( fXH
EV

)
= E

( fXL
EV

)
L H t-test t-test Mann–Whitney t-test

Lower bound specification
JOB 0.60 0.53 -8.45 -9.65 1.25 0.92

(0.31) (0.29) (< 0.01) (< 0.01) (0.21) (0.18)
LOT 0.65 0.52 -10.71 -10.33 2.55 2.25

(0.21) (0.28) (< 0.01) (< 0.01) (0.01) (0.01)

Hypothesis 3 H0 : E( f JOBi ) = E( fLOTi )

Mann–Whitney -0.19 0.13
(0.85) (0.89)

t-test -0.85 0.25
(0.40) (0.80)

Upper bound specification
JOB 0.77 0.69 -4.31 -7.19 2.14 1.28

(0.33) (0.26) (< 0.01) (< 0.01) (0.03) (0.10)
LOT 0.86 0.68 -4.40 -7.47 3.33 3.29

(0.20) (0.25) (< 0.01) (< 0.01) (< 0.01) (< 0.01)

Hypothesis 3 H0 : E( f JOBi ) = E( fLOTi )

Mann–Whitney -0.62 0.09
(0.53) (0.93)

t-test -1.36 0.09
(0.18) (0.93)

Notes: The table reports means and standard deviations in brackets for
fXi
EV where X ∈ {JOB ,LOT } and

i ∈ {L, H }. In the lower bound specification fXi
is set to the lower bound of the fee interval where the subject

switched from apply (enter) to don’t apply (enter). In the upper bound specification it is set to the upper
bound of the fee interval. Eight observations are excluded due to multiple switch points. For the two sample
Mann–Whitney test and a one-sided t-test the table reports the test statistics (z and t respectively) and the
p-values in brackets.
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Table A2. Reduced form regressions of the ratio of the maximum willingness to pay to
the expected value

Full sample

(1) (2)

JOBH : Job Framing & High Probability -0.129* -0.111
(0.066) (0.067)

LOTL : Lottery Framing & Low Probability 0.082 0.095
(0.064) (0.066)

LOTH : Lottery Framing & High Probability -0.141** -0.133*
(0.066) (0.069)

Low performer in first round 0.048
(0.070)

Number of correct answers in first work round 0.004
(0.009)

Elicited CRRA utility parameter, ρ -0.023
(0.026)

Elicited loss aversion parameter, θ -0.019
(0.031)

Female -0.034
(0.051)

GPA 0.035
(0.064)

Constant 0.743*** 0.619**
(0.045) (0.251)

N 151 151
R2 0.096 0.116

Notes: Estimated using OLS regressions. Table reports coefficients and standard errors are in
brackets. *** significant at 1% level of significance, ** significant at 5% level of significance, and
* significant at 10% level of significance.JOBL , high performers and men excluded as reference
groups when applicable.

Table A3. NLS parameter estimates for prospect theory with gain frame

Probability weighting and Probability Diminishing
diminishing sensitivity weighting only sensitivity only

(1) (2) (3)

γ 0.64*** 0.44*** 1
(0.05) (0.01)

α -2.62*** 1 -4.29***
(0.63) (0.48)

N 151 151 151

Notes: The table reports NLS estimates Equation (2.1) using assuming that α = β and
γ= δ and W equal to the show-up fee plus two times part 1 earnings. The table reports
coefficients and standard errors are in brackets. *** significant at 1% level of significance,
** significant at 5% level of significance, and * significant at 10% level of significance. 8
observations were excluded due to multiple switch points.
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Figure A1. Distribution of maximum situation chosen by probability level.

Notes: The bars indicate the maximum situation in which the subjects chose to apply
(enter) by probability level. Application (entry) fees increased as the situation number
increased. The value 0 was assigned if the subject never choses to apply (enter the
lottery). Eight observations are excluded due to multiple switch points.

Table A4. NLS parameter estimates for prospect theory with loss frame

Loss aversion and Loss aversion and Loss aversion Probability Diminishing
probability weighting diminishing sensitivity only weighting only sensitivity only

(1) (2) (3) (4) (5)

λ 2.16*** 3.24*** 2.09*** 1 1
(0.11) (0.55) (0.12)

γ 0.65*** 1 1 1.04*** 1
(0.07) (0.10)

α 1 1.53*** 1 1 0.96***
(0.17) (0.09)

N 151 151 151 151 151

Notes: The table reports NLS estimates Equation (2.2) using assuming thatα=β and γ= δ. The table reports
coefficients and standard errors are in brackets. *** significant at 1% level of significance, ** significant at
5% level of significance, and * significant at 10% level of significance. 8 observations were excluded due to
multiple switch points.
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2.9 Appendix B: Comprehension in the experiment

As part of the experiment, we asked subjects to answer three comprehension ques-

tions. First, after telling subjects that their earnings would be calculated as $0.5 x

“Number of correct answers”, we asked subjects to “[s]uppose you get 5 answers cor-

rect, what would your earnings be for this part?”. Overall, 96.86% of subjects provided

the correct answer and comprehension appears to be equally good in all treatments.

Second, we asked a question to test subjects’ comprehension of the probability

of getting the good outcome. After telling subjects their probability of getting the

getting the job (winning the lottery) if they applied (entered the lottery), we asked

subjects to “[i]magine an urn with 100 balls. How many red balls are in the urn if

there is a [X] chance of getting a red ball?” where X was replaced by their individual

specific probability of getting the good outcome. Overall 98.74% of the subjects

answered the question correctly. Subjects in the high probability environments were

slightly less likely to answer the question correctly than subjects in the low probability

environments.

Finally, after telling subjects that they would learn the outcome of the application

(lottery)“in about 10 minutes”, on the same screen we asked subjects “[w]hen will

you find out whether you got the job (won the lottery)?”. We provided two possible

answers: “immediately after making my decision” or “in about 10 minutes”. Overall,

79.87% of subjects provided the right answer and comprehension was better in the

lottery treatments than in the job application treatments.

Subjects were shown the question, their answer and the correct answer, immedi-

ately after they had provided each answer. This was done to ensure that even subjects

with low comprehension in the comprehension tests knew the correct answers before

making their decisions. We therefore include all subjects in our analysis regardless of

how they performed on the comprehension questions.

Table B1. Share of correct answers in comprehension questions

JOBL JOBH LOTL LOTH Full Sample

Share calculation quiz correct .9773 .9722 .9524 .973 .9686
(.1508) (.1667) (.2155) (.1644) (.1751)

Share probability quiz correct 1 .9722 1 .973 .9874
- (.1667) - (.1644) (.1118)

Share timing quiz correct .6136 .6944 .9286 .973 .7987
(.4925) (.4672) (.2607) (.1644) (.4022)

N 44 36 42 37 159

Notes: The table reports means and standard deviations in brackets.
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2.10 Appendix C: Welcome script

Welcome to the experiment. Throughout the session, please focus only on your

computer screen and do not click away from the experiment screen you see in front

of you.

You will receive a $5 show-up payment just for coming today. In addition, you will

have the chance to earn more money by participating in different tasks – the money

you earn will be added to your participation payment. You will receive your payment

IN CASH privately immediately at the end of the experiment.

In the experiment today, you will be asked to complete three different parts on

the computer in front of you. Each part will take about 10-20 minutes. The payment

for each part varies. Before each part, you will read instructions that detail the task

for that part and how your payment will be determined. For the first part and the

third part we will be asking you to do a task that you will be paid for completing

successfully, which is meant to simulate having a job. The task will involve adding

numbers and you may not use a calculator during the task. There is scratch paper

and a pen at your desk that you can use while you work. If you need a different pen,

please raise your hand. In the middle part you will take a break from that job task for

a few minutes and answer a few different questions.

The decisions you make in this task, and your payment, are private and will not be

revealed to others. Your earnings today will depend on your performance in the tasks

and the decisions you make and will not be affected by any decisions or performance

other participants have in the tasks. At a number of points in the session you will

have to wait for a little while as others catch up to the same spot or the computer

system does calculations. Please just be patient during these times.

At the end of the work rounds in Part 1 and 3 we will announce out loud when

time has expired.

If you have any questions during the session, please raise your hand and I will

come around. Are there any questions at this point?

You may now begin. The first screen asks for a station ID, which is given on the

little yellow tab at your work station.
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2.11 Appendix D: Screenshots of the experiment

Intro and practice round

Figure D1. Welcome screen

Figure D2. Practice round screen 1
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Figure D3. Practice round work screen

Figure D4. Practice round feedback screen if answer correct
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Figure D5. Practice round feedback screen if answer wrong

Figure D6. Summary screen of total number of correct answers in the round
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Part 1: Screens in first work round

Figure D7. Part 1 screen 1

Figure D8. Part 1 screen 2

Followed by the screens as those in Figure D3, D4, D5, and D6.
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Figure D9. Part 1 final screen
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Decision screens in the job treatments

Figure D10. Application screen 1

Figure D11. Application screen 2
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Figure D12. Application screen 3

Figure D13. Application screen 4
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Figure D14. Final application screen if applied for job in randomly selected situation

Figure D15. Final application screen if did not apply for job in randomly selected situation
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Decision screens in the lottery treatments

Figure D16. Lottery screen 1

Figure D17. Lottery screen 2
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Figure D18. Lottery screen 3

Figure D19. Lottery screen 4
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Figure D20. Final lottery screen if entered lottery in randomly selected situation

Figure D21. Final lottery screen if did not enter lottery in randomly selected situation
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Part 2: Other tasks

Figure D22. Part 2 screen 1

Figure D23. Part 2 screen 2
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Figure D24. Part 2 screen 3

Figure D25. Part 2 screen 4
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Figure D26. Part 2 screen 5 - shown if “no” selected on screen in Figure D25

Figure D27. Part 2 screen 5a - shown if “no” selected on screen in Figure D26



2.11. APPENDIX D: SCREENSHOTS OF THE EXPERIMENT 75

Figure D28. Part 2 screen 5b - shown if “yes” selected on screen in Figure D26

Figure D29. Part 2 screen 6
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Figure D30. Part 2 screen 7
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Outcome screens and Part 3 in the job treatments

Figure D31. Application outcome screen if applied for and did not get job

Figure D32. Application outcome screen if applied for and got job

Followed by the screens as those in Figure D3, D4, D5, and D6.
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Figure D33. Application outcome screen if did not apply for job

Figure D34. Part 3 intro screen with new job



2.11. APPENDIX D: SCREENSHOTS OF THE EXPERIMENT 79

Figure D35. Part 3 intro screen with old job

Figure D36. Outcome summary screen
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Figure D37. Payment summary screen

Outcome screens and Part 3 in the lottery treatments

Figure D38. Lottery outcome screen if entered and did not win

Followed by the screens as those in Figure D3, D4, D5, and D6.
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Figure D39. Lottery outcome screen if entered and won

Figure D40. Lottery outcome screen if did not enter the lottery
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Figure D41. Part 3 intro screen

Figure D42. Outcome summary screen
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Figure D43. Payment summary screen
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Do time constraints impact charitable giving? This paper develops a simple model
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charitable giving. About 53,000 prior donors of a large Danish charity received e-mails

and text messages with varying deadlines for giving. We find no effect of deadlines on

the propensity to give. Instead we observe a “now-or-never” effect; either donations

are made immediately or not at all.

3.1 Introduction

In the US alone, 316 billion dollars were raised by 1.6 million different charities in

2012 through different fundraising channels (The Giving Institute, 2012). In spite

of the recent increase in economic research of what works best, there is still an

abundance of questions left unanswered when it comes to establishing how to raise

money efficiently (see List and Lucking-Reiley (2002), Frey and Meier (2004), Landry,

Lange, List, Price, and Rupp (2006), and Falk (2007) among others). We contribute to

this literature by using two large scale field experiments to study how the presence of

external time constraints impacts the effectiveness of fundraising campaigns.

In collaboration with one of the largest Danish charities we contacted their past

and current donors with solicitation messages. In the first experiment, donors were

contacted by e-mail, and in the second experiment, a separate sample of donors was

approached by text message. Our sample consists of about 53,000 potential donors

who were asked to donate to the charity by a specific date. In both experiments,

donors were randomly divided into groups with different deadlines. All groups were

offered a fixed ’match’ by an anonymous donor on top of their donation. The fixed

match was given for every person that donated within the given time period.

In both experiments we impose short, binding deadlines. To guide our expecta-

tions about the effects of deadlines, we derive two stylized models with deadlines: a

standard model of giving (Andreoni, 1989, 1990), and a second model also including

present-biased preferences (Laibson, 1997; O’Donoghue and Rabin, 1999; Ericson,

2011). In the standard model we show that an individual will donate when his trans-

action costs are sufficiently low. As transaction costs vary over time, the shorter the

deadline, the lower the chance that each individual draws transaction costs that are

below the donation threshold. Thus, our standard model suggests that longer dead-

lines lead to more donations because shorter deadlines offer less flexibility. However,

when people have time-inconsistent preferences, they tend to procrastinate and

overestimate the probability that they will carry out a task in the future. Therefore,

some “things are never done not because people have chosen not to do them, but

because they have chosen not to do them now" (Tversky and Shafir, 1992). Con-

sequently, we extend our model to include present-biased preferences. As in our

standard model, a short deadline reduces the probability of drawing a sufficiently low

transaction cost within the deadline. Nevertheless, the shorter deadline could also

reduce procrastination for individuals who are unaware of their inconsistent time

preferences as it lowers the likelihood of drawing at least one future transaction cost
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which is sufficiently low to make it optimal to delay donating. In line with our model,

a number of studies suggest that binding deadlines can lead to desired behavior in

other contexts such as when handing in homework, when using coupons to pay for

goods and services, or when filling out a survey for money (Tversky and Shafir, 1992;

Ariely and Wertenbroch, 2002; Shu and Gneezy, 2010; McBride, Coane, Drwal, and

LaRose, 2013; Knowles, Servátka, and Sullivan, 2015).

As is standard in the experimental literature on charitable giving, we evaluate

the outcome on both the extensive margin (the number of donations made) and

the intensive margin (the amount donated). Furthermore, we consider the timing of

donations. Timing data provides some information about whether people procrasti-

nate giving. An equal distribution of donations over the considered time period is

consistent with the standard model of varying transaction costs. Whereas, a spike in

donations just before the end of the deadline is consistent with a procrastination hy-

pothesis where a binding deadline can help people overcome infinite procrastination

problems.

We find a ’now or never’ effect - either people donate immediately after being

asked or they do not donate at all. This pattern is stable across treatments and in

particular arises irrespective of the length of the deadline in both experiments. This

is inconsistent with the standard model of varying transaction costs. Knowles and

Servátka (2015) conduct a laboratory experiment in which they explicitly vary the

transaction costs. They find that while large variations in the transaction costs affect

donations, a pure increase in time has no effect, which is consistent with our find-

ings. Furthermore, we do not find any donations right before the deadline either as

our model with present-biased preferences would predict. This is in contrast to the

findings of a number of other studies. For example Shu and Gneezy (2010) present ev-

idence that individuals procrastinate until right before the deadline in both aversive

and enjoyable cases. Notably, in both their examples, a pension plan sign up and an

art exhibition, it is likely that the participants were reminded more often to take part

right before the deadline due to e-mails and posters. In our experiment, potential

donors receive one e-mail and are then not contacted again until some time after the

experimental period. It is thus very likely that they procrastinate and subsequently

forget about their intention. This combination of delay and inattention that could

explain our findings has been studied theoretically by Karlan et al. (2010); Taubin-

sky (2013), and Calzolari and Nardotto (2014). Like Bertrand, Karlan, Mullainathan,

Shafir, and Zinman (2010) who study the effect of deadlines on demand for loans,

we find no evidence that shorter deadlines can help people overcome problems of

procrastination or limited attention.

We find no impact of the length of the deadline on the extensive margin in any

of the experiments. This is in line with Knowles et al. (2015) who show that a short

deadline does not result in higher response rates to their mailing than a one month
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deadline. We find some evidence that shorter deadlines can move people on the

intensive margin towards smaller donations. This finding is related to the work by

DellaVigna, List, and Malmendier (2012), who find that social pressure leads to more,

but smaller donations.

Our paper contributes to two strands of literature. It adds to the literature studying

the effect of deadlines (among others Ariely and Wertenbroch (2002) and Bertrand

et al. (2010)) and it contributes to literature on intertemporal decision making. It

is most closely related to Breman (2011) who also studies intertemporal decision

making in the context of charitable giving by giving potential donors the option to

commit to donations in the future. Also, the paper contributes to the vast and growing

experimental literature on charitable giving (List and Lucking-Reiley (2002); Landry

et al. (2006); Falk (2007) among others).

The rest of the paper proceeds as follows. In section 3.2, we explain the samples

and experimental designs of our two studies. We develop a model of the effect of

deadlines on giving in section 3.3. The results of both experiments are presented in

section 3.4. Section 3.5 concludes.

3.2 Samples and Experimental Designs

We worked with Folkekirkens Nødhjælp (DanChurchAid) to conduct the experiments.

DanChurchAid is one of the largest Danish NGO’s with a total revenue of 0.57 billion

in 2013 (DanChurchAid, 2013). The total annual revenue of charities in Denmark is es-

timated to be in the order of about 2 billion DKK.2 The beneficiaries of DanChurchAid

are primarily people in Asia, Africa, the Middle East, and Latin America. Donations

are income tax-deductible. The organization solicits donations three to four times

a year through different communication channels. Our two experiments were part

of their annual spring campaign. In the first experiment we contacted a sample of

warm-list donors via e-mail. In the second experiment we contacted another sample

of warm-list donors using text messages. The e-mail and the text message experi-

ments are separate experiments run on two independent samples of the same subject

pool and by the same charity. This gives us independent, but very comparable results.

We describe the design of the two experiments in turn.

The E-Mail Experiment

The sample in the e-mail experiment consisted of 20,293 individuals who had do-

nated to the charity at least once in the preceding 6 years and had provided their

2Deloitte and the Danish Fundraising Association (ISOBRO) estimate that members of ISOBRO had a
combined revenue of 1.8 billion DKK in 2013 and that ISOBRO had a coverage of more than 75% of the
market (ISOBRO and Deloitte, 2014).
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e-mail address to the charity for further contact. These individuals received an e-mail

asking them to donate through a website before a given date which varied across

treatments.3

We created binding deadlines by offering a fixed ‘matching’ gift for every person

that donated before the deadline. The fixed gift was a conditional commitment

by a lead donor to donate a fixed amount for every person that donated within

the deadline. The per person gift was paid for by our research funds. We used a

matching strategy for two reasons. Our main reason for choosing a matching gift

was to create credible and comparable deadlines for the individual treatments. Since

the match was only given if donations were received by the announced deadlines,

the matching incentives were the same across treatments. For the e-mail group we

chose a matching gift of 10 DKK per donation. At the time of the experiment 1 DKK

was equal to 0.18 USD. The second reason for using a matching scheme was that

matching schemes had been shown to increase donation participation rates. This

could be due to different factors. First, a match by a lead donor could increase the

credibility of the charity. In our case, this was not an important motivation for using a

matching scheme. All addressees had previously donated to the charity, so we could

be relatively certain that they perceived the charity as credible. Second, the match

decreased the price of giving (Karlan and List, 2007). Huck, Rasul, and Shephard

(2013) has found that a fixed match above a certain threshold is the most efficient

way to use a lead donor gift. We did not state a maximum amount available for the

matching gift in order not to discourage participation or suggest that the lead gift

would be given anyway, regardless of the number of donations.

In order to test for the effect of shorter vs. longer deadlines, we used much shorter

deadlines than the average one month deadline that is common in other studies

for example by Karlan, List, and Shafir (2011), List and Lucking-Reiley (2002), or

Huck and Rasul (2011). Huck and Rasul (2011) note that the four week deadline

might affect behavior, but show that 97% of potential donors who donated did so

within the four week time frame and that the median donor did so within the first

week.4 Furthermore, they found no differences in behavior between non-matching

treatments with no mention of a deadline and treatments with the four week deadline.

This suggested that the four week deadline was non-binding. We used a 34 day

deadline as our control because we wanted at least a one-month deadline in the

control treatment to make it non-binding. In addition, for technical reasons we

wanted to avoid having the deadline on a weekend, and we preferred to have the

deadline on a focal date such as the 1st of a month.

3In total we contacted 20,375 past donors by e-mail. We excluded 1 observation because the necessary
identifier was lacking, and we dropped 81 observations due to a technical error which led to double
treatment of these donors.

4This result was later replicated by Knowles et al. (2015) who found that 97% of the donors in their no
deadline treatment donated within the first month.
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In the e-mail experiment, we had the following treatments: Short Deadline (SD),

Medium Deadline (MD), and Long Deadline, i.e., Control group (C) (see Table 3.1).5

The short deadline was three days. In a preliminary survey among university students,

we found that most students read their e-mail on the same day. However, since we

had a heterogeneous sample with an average age of 45 (see Table 3.2), some people in

the sample might not open their e-mails as frequently as students so we wanted the

deadline to be long enough to give the majority of the group a chance to open their

e-mail. Also, data from the Online Giving study shows that most online giving is done

during the week, with the lowest activity on weekends (MacLaughlin, O’Shaughnessy,

and Diest, 2012). Therefore, 72 hours during the week, with the e-mail sent off on a

Tuesday, should cover most of the people we wanted to reach. The medium deadline

was one week longer than the short deadline, i.e., 10 days, implying that the short

and medium deadlines were on the same day of the week. We chose this to reduce

’day of the week’ effects in comparisons between the short and medium deadlines.

Table 3.1. Treatment deadlines

2 days 3 days 10 days 34 days

E-Mail SD MD C
Text Message TSD TMD TC

Notes: The table summarizes the treatment deadlines in the two
experiments. In the e-mail experiment the treatments were:
Short Deadline (SD), Medium Deadline (MD), and Control
group (C). In the text message experiment the treatments were:
Short Deadline (TSD), Medium Deadline (TMD), and Control
group (TC).

We ran the campaign in late spring in order to be free of exogenous deadlines

such as Christmas and the end of the tax year, which could interact with our matching

deadlines. The e-mails were sent out on the 28th of May 2013 with the last deadline

on the 1st of July 2013.

The e-mail addresses were randomized by a random number generator into two

approximately equal sized groups plus a smaller control group (42.5%/42.5%/15%).

All three groups received the same e-mail subject line without mentioning the dead-

line to prevent any selection before opening the e-mail. The subject line ’Lokwang

grills rats’ referred to the story told in the main body of the e-mail. The money raised

was for children like Lokwang who often go weeks without food and have to resort to

hunting and eating rats in order to survive. The story was written by the charity and

was in accordance with their usual solicitations.

5In parallel to these treatments we ran a fourth treatment which is discussed in Damgaard and Gravert
(2015).
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Once the receivers opened the e-mail the main header announced the respective

deadline to make sure that the individual got treated, i.e., saw the deadline: ’Donate

before X’. In addition to the story about Lokwang, the main body of the e-mail asked

the individual to donate. There was also a picture of Lokwang and a button to the

donation website. The first paragraph of the e-mail explained the matching grant

followed by an example of how the matching grant worked (Figure A1 in Appendix

A). The receivers were made aware of the fact that their donation was tax deductible.

At the bottom of the e-mail there was a standard e-mail signature by the charity and

an option to unsubscribe from the e-mail service. We tried to keep the design as

basic as possible in order not to distract from the treatment. Once a person clicked

on the button to make a donation, he was redirected to a donation website where

he could fill out his personal information and decide on his donation amount. The

donation websites depended on the treatment and again displayed the deadline. The

minimum donation that could be made was 50 DKK, which is the usual restriction by

the charity for online donations, but the system did not impose an no upper bound

on the amount people could donate. After donating, the donor was redirected to an

information page where he could learn more about the charity’s projects.

Measuring the treatment effect on the treated individuals, is difficult with letters,

e-mails, and text messages. The advantage of e-mails over letters is that we have a

rough estimate of whether an e-mail has been opened. Whenever the e-mail program

downloads a picture from the server or if a person clicks on a link in the e-mail, we

count the e-mail as opened. Our study is one of the first to provide an estimate on

how many e-mails are actually read. This provides us with a rough approximation of

the treated individuals. As some e-mail programs block automatic downloads, our

count is downward biased. However, it provides a good reference point for future

power calculations of field experiments with e-mail solicitation.

We have information on gender, age, and urban vs. rural for a subsample of the

individuals. Table 3.2, column 1, presents the sample characteristics of the e-mail

sample. The average age is 45, about a third of the sample lives in urban areas, and

roughly two thirds of the sample are women. The sample characteristics are balanced

across the treatment and control groups. This balance was achieved through the

randomization.

Text Message Experiment

The text message sample consisted of 32,996 individuals who had previously provided

mobile numbers to the charity. This group received text messages with the option to

donate a fixed amount by sending a text message to the charity by a given date which

varied across treatments.6

6Text messages were sent to a total of 33,621 individuals. We had to exclude 7 observations because the
donors were less than 18 years old. Another 59 observations were excluded due to double treatment. The
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Table 3.2. Summary Statistics and Covariates Balance

E-Mail Text Messages

All Short Medium Control All Short Medium Control

Female 0.62 0.62 0.62 0.63 0.62 0.65 0.61 0.59
(0.48) (0.48) (0.49) (0.48) (0.49) (0.48) (0.49) (0.49)

Age 45 45 45 45 43 45 42 46
(15) (15) (15) (15) (15) (16) (14) (15)

Urban 0.34 0.34 0.33 0.34 - - - -
(0.47) (0.47) (0.47) (0.47) - - - -

Amount donated last
time (DKK)

317 309 325 317 376 386 358 407
(605) (552) (669) (546) (782) (784) (698) (1079)

Years since last dona-
tion

2.85 2.84 2.87 2.83 3.14 3.17 3.08 3.22
(1.60) (1.60) (1.59) (1.59) (2.11) (2.13) (2.09) (2.14)

Observations 20,293 8,709 8,692 2,892 32,996 14,837 14,862 3,297

Notes: The table reports means and standard deviations (in brackets). The urban indicator was created
from zip codes by making a dummy for the 10 biggest cities in Denmark. In the e-mail sample we
have information on urban for 99 percent, on gender for 78 percent, on age for 39 percent, and on the
most recent donation for 89 percent. For the text message sample we have information on gender for
26 percent of the sample and age for 25 percent. We have information on the most recent donation
for 16 percent of the text message sample.

The design of the text message experiment mirrored the design of the e-mail ex-

periment rather closely, but there were some differences between the communication

channels. As in the e-mail experiment we used a per donation matching gift to create

a credible deadline. In the text message group, the gift was 5 DKK per donation made

by the specified deadline. This was lower than in the e-mail experiment because

we knew that donations would be smaller in the text message experiment due to

different restrictions on the amount imposed by the design.

The deadlines in the text message experiment were more immediate than in the

e-mail experiment. The experiment had the following treatment and control groups:

Short Deadline (TSD), Medium Deadline (TMD), and Control group (TC). The short

deadline was at midnight on the day after the message was sent. From our survey

among university students, we knew that most students read their text messages

immediately. So we could be fairly certain that the majority of recipients would have

read the text message before the short deadline. The medium deadline was three

days. The control group received a 34 day deadline as in the e-mail experiment. The

text messages were sent on the 18th of June 2013 with the last deadline on the 22nd

of July 2013.

Mobile numbers were randomized into two approximately equal sized groups

and a smaller control group (45%/45%/10%). The addressees received a text message

asking them to donate before the deadline and informing them of the match (see

remaining missing observations are messages sent to land-line numbers which could not be distinguished
from mobile numbers.
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Figure A2 in Appendix A). They could donate 25 DKK by texting ’Giv25’ to the charity’s

phone number. As is common practice for test message donations, the amount

was fixed to one amount due to technical constraints. In order not to discourage

participation, we fixed a relatively low amount. The text message also informed

receivers of the possibility to unsubscribe from future text message communication.

We assume that everyone who received the text message opened it. Market studies

have estimated the opening rate of text messages to be around 98 percent (Frost and

Sullivan, 2010).

We have information on gender and age for a subsample of the individuals in the

text message experiment. Column 5 in Table 3.2 presents the sample characteristics

which are very similar to those of the e-mail sample, and as in the e-mail experiment,

sample characteristics are balanced across the treatment and control groups.

3.3 Theoretical Framework

Next we develop a simple model of a donation problem for an individual (“the donor”)

to illustrate the effect of deadlines on donation decisions. We then extend this stan-

dard model, in which the donor fully and correctly anticipates the future, with present-

biased preferences of a naive donor (Laibson, 1997; O’Donoghue and Rabin, 1999) to

show the impact of procrastination on the donation decision.7

The setup

Our model is based on the model of impure altruism by Andreoni (1989) and Andreoni

(1990) with the addition of transaction/opportunity costs of giving in the spirit of

Huck and Rasul (2010).

For simplicity, we consider the case where the donor must choose whether or not

to donate a pre-specified amount ĝ and assume that he can at most donate to the

charity once.8

Suppose that donor i ’s period t utility can be decomposed into four additive

terms: i) A consumption utility term u(xi t ) = u(W − gi t ) where gi t ∈ {0, ĝ } denotes

giving in period t , and W denotes the normal per-period level of consumption, which

for simplicity is taken to be non-stochastic and constant. ii) A warm-glow utility term

v(gi t ) where v(0) = 0 and v ′(gi t ) > 0 which represents utility derived from the act of

giving. iii) An altruism term a(G) where G =∑
i gi t which represents the utility the

donor derives from seeing or knowing that the charity’s beneficiaries get a higher

7Technical details are deferred to the Appendix B.
8These assumptions make the model similar to our experimental setting in the text message ex-

periment. The match was added per person who donated within a certain time, and the amount was
pre-specified.
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utility. iv) A transaction cost term,

c(gi t ) =
{

ct if gi t = ĝ

0 if gi t = 0

where ct is identically and independently distributed with a distribution function

F (ct ). For simplicity, we assume that the donor knows all future draws with certainty

and can order them in terms of size. We use t (1) to denote the time period associated

with the smallest transaction cost, i.e., ct (1) = mint (ct ), t (2) to denote the time period

associated with the second smallest transaction cost, i.e., ct (2) = mint 6=t (1) (ct ) , and so

on.

We assume that the donor receives a fundraising appeal at time t = 1 and that the

donor can make his donation in any one of the time periods t = 1,2, ... For the sake of

presentation, we normalize the discount factor to unity, δ= 1. Consumption utility,

warm-glow utility, and transaction costs occur immediately, but we assume that the

altruistic utility materializes in the future as the charity puts the money to use and

the standard of living of the beneficiaries is improved. The assumptions regarding the

timing of warm-glow and altruistic utility are similar to the assumptions in Breman

(2011).

Standard model

The inter-temporal utility for individual i of making the donation at time t is given by

U (ĝ ,ct ) = u(W − ĝ )+ v(ĝ )− ct +a(G−i + ĝ )+ ∑
k 6=t

u(W ). (3.1)

The corresponding utility of never making a donation is U (0,0) = ∑
t u(W )+

a(G−i ). The inter-temporal utility function above is maximized when ct is minimized,

so it follows that if the donor makes a donation, he makes it at time t = t (1). The donor

makes a donation at time t = t (1) if the benefits of donating are greater than the costs

of donating at time t (1), or more formally if ct (1) ≤ ¯̄c where ¯̄c is the transaction cost

that equates the benefits and costs of donating. Hen our standard model predicts that

the donor gives straight away if transaction costs are minimized in the first period

(period t = 1), while the donor rationally delays donating when transaction costs are

minimized in a later period such that t (1) > 1.

Under the assumption that transaction costs are identically and independently

distributed across time and individuals, our standard model predicts that donations

are equally distributed across time in the population.

βδ-model

Now suppose that the donor has present-biased preferences which can be repre-

sented by βδ-preferences. This creates a wedge between current and future utility
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and makes it necessary to distinguish between the utility of current and future selves.

Recall that we have normalized δ = 1 and assume that β ≤ 1 is the weight put on

future utility by the current self. However, in all periods the naive donor thinks that

he will not have a self-control problem (β= 1) in the future.

Optimal choice from date 0 perspective (Self 0)

From Self 0’s point of view all costs and benefits of donating are in the future. Hence,

Self 0 maximizes the utility

U0(ĝ ,ct ) =β
[

u(W − ĝ )+ v(ĝ )− ct +a(G−i + ĝ )+ ∑
k 6=t

u(W )
]

which is equivalent to maximizing Equation (3.1) in the standard model. Self 0 would

thus choose to make a donation at time t = t (1) such that ct (1) = mint (ct ) if and only

if ct (1) ≤ ¯̄c. Hence, the threshold transaction cost below which donating is optimal is

identical to that of the standard model.

Optimal choice from date 1 perspective (Self 1)

For Self t > 0 the utility depends crucially on whether the donation is made now (at

time t) or in the future. Consider the choice of Self 1. His utility from making the

donation at time t = 1 is

U1(ĝ ,c1) = u(W − ĝ )+ v(ĝ )− c1 +β
(
a(G−i + ĝ )+ ∑

k>1
u(W )

)
. (3.2)

Self 1’s utility from never donating is U1(0,0) = u(W )+β∑
k>1 u(W )+βa(G−i ). As

in the standard model, it follows that Self 1 prefers donating now (at time t = 1) to

never donating if transaction costs are below a certain threshold. Formally, Self 1

prefers donating now to never if c1 ≤ c̄ and it can be shown that c̄ ≤ ¯̄c . The transaction

cost threshold under which Self 1 prefers to donate now versus never is lower than

the threshold of Self 0 because the costs of giving occur in the current period for Self

1 and therefore are not discounted, while some of the benefits occur in the the future

and are discounted. Consequently, the βδ-model predicts fewer donations than the

standard model.

This conflict between current and future selves may also lead to procrastination

problems. Self 1’s utility from donating in a future period t > 1 is

U1(ĝ ,ct ) = u(W )+β
(
u(W − ĝ )+ v(ĝ )− ct +a(G−i + ĝ i )+ ∑

k>1,k 6=t
u(W )

)
.

Comparing this to the utility in Equation (3.2), it can be shown that for a given

ct , Self 1 prefers delaying the donation to a future period t > 1 if c1 ≥ cF (ct ) where

cF (ct ) is a threshold value that depends on ct . When the donor reaches the period
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with the lowest transaction costs, it then follows that procrastination can occur if

transaction costs in at least one future period are sufficiently low that the current self

thinks that his future self will prefer donating to never donating. Finally, note that if

c1 < cF (c2) Self 1 prefers donating now to waiting. This may for example happen if the

warm-grow utility from donating is very large because warm-glow is felt at the time of

the donation and feelings of warm-glow can therefore alleviate potential self-control

problems.

The effect of deadlines

Suppose that the fundraising appeal sent to donors at time t = 1 includes a binding

deadline d as in our experiment.9 We now show how altering the length of d , as done

in our experimental treatments, affects the donation decision.

Deadlines in the standard model

Recall that in our standard model the donor prefers making a donation at time t

to never making a donation if ct ≤ ¯̄c. Let p = 1−F ( ¯̄c) denote the probability that

transaction costs in any given period are so high that the donor prefers never making

a donation to making a donation in that period. Then pd is the probability that d

independent draws from the distribution are all too high, and 1−pd is the probability

that transaction costs are sufficiently low at least in one period within the d period

deadline. It follows that limd→∞ pd = 0. The longer the deadline, the lower the prob-

ability that there will be no period within the deadline where transaction costs are

sufficiently low. Hence, according to our standard model, a longer deadline should

lead to more donations.

Deadlines in the βδ-model

By similar reasoning as in our standard model, a longer deadline makes it more

likely that transaction costs are sufficiently low at some point in time to make giving

optimal. However, at the same time a longer deadline also makes procrastination

more likely. A shorter deadline could therefore reduce procrastination problems, but

as in our standard model, a very short deadline could also make it less likely that a

donation is made.

Our βδ-model with a deadline makes very different predictions about the tim-

ing of donations than our standard model. In our standard model, donations are

predicted to be evenly distributed across time in the population. In contrast, when

procrastination occurs, the βδ-model predicts an uneven distribution of donations

across time with a spike in donations just before the deadline. In the last period, the

individual faces the choice between donating now or never donating. Since we have

9It is possible to donate after the deadline, but the match amount is lost, thus reducing the utility of
donating.
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assumed that c < c̄, he donates in period d . Hence, we would expect to see a spike

in donations just prior to the deadline. This is the same prediction as in the classic

βδ-model by O’Donoghue and Rabin (1999).

3.4 Experimental Results

Figure 3.1 and Table 3.3 give an overview of the core experimental results for both

experiments. We discuss the results of the e-mail and text message experiments in

turn.

E-Mail Experiment Results

The e-mail experiment suffers from a low response rate of 0.4 percent (68 donations).

This indicates that while easy and relatively inexpensive to implement, e-mail so-

licitations may not be very effective in terms of raising money. The low response

rate is, however, in line with statistics from market studies on e-mail mailings. When

we condition on whether the e-mails were opened, our average response rate is 1.3

percent. In total we raised 13,750 DKK with the e-mail campaign.

Figure 3.1. E-mail and Text Message: Percentage of Donations

Notes: E-Mail Experiment: Testing the differences in the response rate using a one-sided non-
parametric Chi2 test in order to compare the short and the medium deadline to the control group
(p-value = 0.37 and p-value = 0.37, respectively) and the short and the medium deadline treatments
to each other (p-value = 0.55), we find no statistically significant effect of the deadlines by themselves.
Text Message Experiment: Although the response rates are slightly higher for the short deadlines
than the long control deadline, the differences between the two short treatments and the control
treatment are not statistically different (Chi2-test, p-value = 0.15 and p-value = 0.13, respectively).

Response rates and time patterns

In the e-mail experiment, we do not find support for the hypothesis that deadlines

can move people on the extensive margin. Our interest is specifically in the hypothesis

that shorter deadlines could help individuals overcome problems associated with

time-inconsistent preferences. Higher response rates in short deadline treatments
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Table 3.3. E-mail and Text Message: Results Statistics

E-Mail Text Messages

All Short Medium Control All Short Medium Control

Full sample

Donated (response rate)
0.004 0.003 0.003 0.003 0.038 0.038 0.038 0.034
(0.06) (0.06) (0.06) (0.05) (0.19) (0.19) (0.19) (0.18)

Donated by deadline
0.90 0.90 1 1 0.96 0.94 0.97 1

(0.30) (0.31) (-) (-) (0.20) (0.24) (0.17) (-)

Amount donated (DKK)
0.79 0.58 0.63 1.12 0.94 0.95 0.96 0.84
(20) (15) (19) (26) (4.8) (4.8) (4.8) (4.5)

Amount conditional on
donating (DKK)

201 168 182 406 25 25 25 25
(245) (196) (274) (317) (-) (-) (-) (-)

Opened sample

Donated
0.013 0.012 0.012 0.010
(0.11) (0.11) (0.11) (0.10)

Amount donated (DKK)
2.55 2.10 2.09 4.04
(36) (28) (35) (50)

Amount conditional on
donating (DKK)

201 168 182 406
(245) (196) (274) (317)

Observations
Full sample 20,293 8,709 8,692 2,892 32,996 14,837 14,862 3,297
Opened sample 5,135 2,410 2,603 804
Total number of donors 68 30 30 8 1,243 562 569 112

Total amount raised
Amount donated (DKK) 13,750 5,050 5,450 3,250 31,075 14,050 14,225 2,800
Amount donated + match
(DKK)

14,400 5,320 5,750 3,330 37,290 16,860 17,070 3,360

Notes: The table provides means and standard deviations (in brackets) for the full samples and the sample
of opened e-mails. We define an e-mail as opened if the e-mail program downloaded a picture from
the server or if a person clicked on a link in the e-mail. Hence if a person made a donation, the e-mail
was by definition counted as opened. The table also provides information about the total number of
observations in each sample, the total number of donations, and the amount raised by the experiments
with and without the matching gift. One donor donated twice in response to the solicitation. We only
include the first donation in the table means.

would be consistent with this hypothesis. Contrary, higher response rates in the long

deadline treatment would be consistent with the standard model. The left side of

Figure 3.1 shows the donation rates of the three treatment groups. We find that the

control group has a slightly lower response rate, but the differences are not statistically

significant. The results are the same in the regression analysis using a probit model

on the probability to donate. Column 1, Table 3.4 shows the results for the short and

medium treatment compared to the control group. In column 2 we add our control

variables. The treatment difference stays the same, but we find a tiny significant

positive effect of age on the propensity to give. Older receivers are slightly more likely

to give. Based on the propensity to donate, we do not find any support for either of

our model predictions.

A closer look at the time pattern for donations reveals that donation behavior is
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remarkably similar across treatments. Figure 3.2 shows the timing of all donations

made in the e-mail experiment by treatment. Irrespective of treatment, most do-

nations were made on the day the e-mails were sent out. Hence, we find a ’now or

never’ donation behavior for all three deadlines. People in the medium or control

treatments do not appear to make use of the option to donate later, and we observe

no spike in donations around the time of the deadlines. Thus, our findings seem to be

more in line with delay and inattention theory, which predicts that individuals forget

about donating when they are not reminded (Karlan et al., 2010; Taubinsky, 2013;

Calzolari and Nardotto, 2014) rather than with our standard model or with the model

with present-biased preferences without inattention (Laibson, 1997; O’Donoghue

and Rabin, 1999). The results can also be explained if there is a high variation in

warm-glow between the individuals. Individuals with very high warm-glow utility

might donate in the first period irrespective of any variation in transaction costs in

order to experience the warm-glow immediately.

Table 3.4. E-mail: Likelihood of donating and amount donated

Donated Amount Donated

(1) (2) (3) (4)

3-Day Deadline 0.00074 0.00072 -400.00000∗∗∗ -395.17110∗∗∗
(0.00135) (0.00146) (65.76096) (47.58827)

10-Day Deadline 0.00075 0.00132 -400.00000∗∗∗ -394.43580∗∗∗
(0.00135) (0.00149) (65.76096) (46.95574)

Female 0.00075 -50.00000
(0.00086) (29.97718)

Age 40-59 0.00007∗∗∗ 0.99689
(0.00002) (0.65144)

Age 60+ 0.00009∗∗∗ 0.73529
(0.00002) (0.50435)

Urban 0.00166 0.41714
(0.00106) (28.93211)

Observations 20,293 15,664 68 63
Pseudo R2 0.000 0.039

Columns 1 and 2: Provide marginal effects from probit regressions with the binary variable Donated
as dependent variable. Columns 3 and 4 give gives coefficients in a median regression to control for
outliers with the amount donated conditional on donating as the dependent variable. All explanatory
variables are dummy variables. The omitted categories are: 34-day deadline, male, age 18-3,9 and rural.
Significance values * p<0.10 ** p<0.05 *** p<0.01.
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Figure 3.2. E-mail Experiment: Timing of Donation

Notes: The first vertical line marks the short (three-day) deadline, the second marks the medium
(ten-day) deadline, and the last marks the long (34-day) deadline.

Amount donated

We find some evidence that deadlines can move people on the intensive margin. The

average donated amount is lowest in the short deadline treatment and highest in the

control treatment. This also holds if we compare conditional means, i.e., the average

donations conditional on having donated. It should be noted that it is less straight

forward to compare across treatments when we condition on having donated because

there is no longer random assignment to the groups. However, a median regression

(in order to reduce the impact of outliers) on the size of donations conditional on

giving replicates the finding that the amount given is larger in the control group than

in any of the treatments (see Table 3.4 columns 3 and 4). Donors in the short and

medium deadline gave on average 400 DKK less than donors in the long deadline.

This effect is mostly driven by a lower number of small donations in the long deadline,

see Figure 3.3. Moreover, this effect is robust to the inclusion of control variables,

which are all insignificant. Hence, there is some evidence that people who face shorter

deadlines donate less. This finding is in line with the social pressure hypothesis by

DellaVigna et al. (2012). In a door-to-door solicitation experiment they find that

individuals, who feel pressured to give due to social pressure created by the direct

ask, rather give small amounts than not give at all. Arguably, the social pressure

is less strong in an e-mail solicitation than in a door to door fund-raiser, but the

short deadline and implied time pressure could trigger a similar response in some

individuals. In DellaVigna et al. (2012) individuals are also asked to make a donation

decision under time pressure while the solicitor is standing in front of their door.

In their comparison treatment individuals knew that the solicitor would approach

their house the next day. This knowledge gave them the possibility to opt out, but

also more time to think about the amount they wanted to donate. It is important to

consider that no matter the length of the deadline nearly all donors give on the first or

second day. So the reaction seems to be triggered by the perception of time pressure,

not actual time pressure.
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Figure 3.3. E-mail Experiment: Donation Amounts

Notes: Using a Wilcoxon rank-sum test we do not find that distributions of the unconditional donation
amount are significantly different (Short vs. Control: p-value=0.58; Medium vs. Control: p-value=0.56).
However, we do find significant differences between the distribution of the donated amount in the
long deadline and the short and medium treatments when we condition on giving (p-values = 0.04,
in both comparisons).

Text Message Experiment Results

In our text message experiment, we find a much higher response rate than in the

e-mail sample of on average 3.8 percent (1,243 donations). In the text message exper-

iment, we raised 31,075 DKK. This provides evidence that soliciting via text message

could be a more successful channel than e-mail.

Response rates and time patterns

Evidence from the text message experiment also does not support the hypothesis

that shorter deadlines lead to more donations (see Figure 3.1, right hand side). The

response rates for the short and medium deadlines are practically identical. These

results are confirmed in a probit regression on the response rate, Table 3.5, column 1.

The regression yields an insignificant increase in likelihood of donating of 0.4 to 0.45

percentage points in the short and medium deadlines compared to the control group.

When we add controls, the effect becomes bigger, but in the case of the medium

deadline it becomes negative. Being older and living in the city has a significant

negative effect of 0.1-0.2 percentage points and 1.9 percentage points, respectively.

This age effect could be explained by the fact that older people are less familiar with

using a phone to make monetary transactions. The is in line with the age effect being

positive although not significant in the e-mail experiment. Generally, older people

are more likely to use traditional channels of donating.

As in the e-mail experiment, we find evidence of a ’now or never’ behavior. Only

11 percent of the donations in the text message control treatment are made after the

first three days and none in the two weeks immediately before the long deadline (see

Figure 3.4).

Since the donation amount for the text message experiment was set by us at 25
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DKK, there is no variation in the amount donated.

Figure 3.4. Text Message: Timing of Donation

Notes: The first vertical line marks the short (two-day) deadline, the second marks the medium
(three-day) deadline, and the last marks the long (34-day) deadline. Time of donation is only available
for a random 1/3 of the text message sample.

3.5 Discussion and conclusion

We estimate the effects of deadlines on charitable giving using two large scale natural

field experiments. Results are reported for e-mails and text messages sent to about

53,000 Danish residents asking them to donate to a large Danish charity. In order to

create binding deadlines and increase giving, we utilized a fixed match amount per

person who donated. Furthermore, we model the effect of deadlines on donations

theoretically in a standard neoclassical setting with varying transaction costs and

in a setting with a naive individual with present-biased preferences. Our standard

model predicts donations equally distributed over time, while our model with present-

biased preferences predicts a spike in donations right before the deadlines. However,

we do not find a significant effect of the deadlines on giving. Most donations are

made within the first two to three days no matter how long the deadline is. In both

experiments later donations are negligible. We call this ’now or never’ behavior. Thus,

neither model is able to correctly predict behavior in the experiment. The results are

more in line with the delay and inattention theory by Karlan et al. (2010); Taubinsky

(2013); Calzolari and Nardotto (2014), who predict that individuals procrastinate

and subsequently forget about their intention to give when they are not reminded,

as is the case in our experiments. Additionally, we find that longer deadlines lead

to slightly larger average donations, which comes from a lower amount of small

donations. This finding is in line with social pressure costs of giving as first discussed

by DellaVigna et al. (2012). Although we observe no donations after the 34-day period,

one could argue that an even longer time to donate could affect behavior differently.

Inspired by the first version of our paper (Damgaard and Gravert, 2014), Knowles

et al. (2015) add a treatment in which they do not set a deadline and find a higher
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Table 3.5. Text Message: Likelihood of donating

Donated

(1) (2)

1-Day Deadline 0.00408 0.02524
(0.00381) (0.07313)

3-Day Deadline 0.00449 -0.02759
(0.00381) (0.07386)

Age 40-59 -0.00223∗∗∗

(0.00014)

Age 60+ -0.00111∗∗∗

(0.00012)

Urban -0.01922∗∗∗

(0.00387)

Observations 32,996 13,691
R2

Pseudo R2 0.000 0.069

The table reports marginal effects (standard errors) in a probit re-
gression with the binary variable Donated as dependent variable. All
explanatory variables are dummy variables. The omitted categories
are: 34-day deadline, age 18-39, and rural. Due to a low number of
observations, it is not possible to include gender in the regression.
Significance values * p<0.10 ** p<0.05 *** p<0.01.

response rate than with a deadline. Their finding contradicts a later experiment by

Zamir, Lewinsohn-Zamir, and Ritov (2015) who find an increase of responses with a

deadline compared to no deadline in a class evaluation. The conflicting results could

be an indication that not specifying a deadline could send different signals to the

receiver than setting a deadline, such as perceived pushiness of the sender or urgency

of the action. The responses to a deadline versus to no deadline are thus not directly

comparable, but provide an addition to our understanding of how time constraints

impact charitable giving.

Overall, our findings will be useful for theorists and empiricists by contributing to

the literature on charitable giving through exploring new methods of solicitation and

giving insight into time preferences when making donation decisions. For charita-

ble organizations our results lead to the practical conclusion that the length of the

deadline does not affect the number of donations, while there is some evidence that

time pressure can lead to smaller donations. To reduce this perceived time pressure,

charities can give a longer deadline, but should not expect any further donations

after the first two to three days.
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3.7 Appendix A: Additional figures

Figure A1. Screenshot of one of the e-mails

Figure A2. Content of text message
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3.8 Appendix B: Technical appendix

This appendix provides the technical details of the theoretical framework. We first

derive the implications of the standard model without present-biased preferences or

deadlines. Next we derive the predictions of a model with present-biased preferences

and finally we introduce a deadline into both models. We refer to the main text for

the model setup.

Standard model

The inter-temporal utility for individual i of making the donation at time t is given by

U (ĝ ,ct ) = u(W − ĝ )+ v(ĝ )+a(G−i + ĝ )− ct +
∑
k 6=t

u(W ).

The corresponding utility of never making a donation is U (0,0) = ∑
t u(W )+

a(G−i ).

The donor chooses when (if ever) to donate. The inter-temporal utility function

above is maximized when ct is minimized, so it follows that if the donor makes a

donation he makes it at time t = t (1). The donor makes a donation at time t = t (1) if

the benefits of donating are greater than the costs of donating at time t (1), or more

formally if

u(W − ĝ )+ v(ĝ )+a(G−i + ĝ )− ct (1) +
∑

k 6=t (1)

u(W ) ≥ ∑
t

u(W )+a(G−i ) ⇔ (3.3)

u(W − ĝ )+ v(ĝ )+a(G−i + ĝ )− ct (1) ≥ u(W )+a(G−i ) ⇔ (3.4)

v(ĝ )+a(G−i + ĝ )−a(G−i )︸ ︷︷ ︸
Effect on others

≥ u(W )−u(W − ĝ )︸ ︷︷ ︸
Consumption effect

+ct (1) .(3.5)

That is if the benefits of donating are greater than the costs of donating at time

t (1). The first term on the left hand side is the warm glow utility from giving and

a(G−i + ĝ )− a(G−i ) is the increase in the utility of others (or altruistic utility) that

comes from the donation made by donor i . The terms u(W )−u(W − ĝ ) is the cost of

donating in terms of lower consumption of the composite good in period t (1) when

the donation is made and the last term is the transaction cost from donating in period

t (1).

The condition in (3.5) can be rewritten as

ct (1) ≤ v(ĝ )+a(G−i + ĝ )−a(G−i )− (u(W )−u(W − ĝ )) ≡ ¯̄c. (3.6)

So the donor donates at time t = t (1) where transaction costs are minimized if

and only if ct (1) ≤ ¯̄c where ¯̄c is the transaction cost that equates the benefits and costs

of donating. This implies that in the standard model, the donor gives straight away

if transaction costs are minimized in the first period (period t = 1) while the donor
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rationally delays donating when transaction costs are minimized in a later period

such that t (1) > 1.

Under the assumption that transaction costs are identically and independently

distributed across time and individuals, the model predicts that donations are equally

distributed across time in the population.

βδ-model

Now suppose that the donor has present-biased preferences which can be repre-

sented by βδ-preferences.

Optimal choice from date-0 perspective (Self 0). From Self 0 point of view all costs

and benefits of donating are in the future, so Self 0 would maximize

U0(ĝ ,ct ) =β
[

u(W − ĝ )+ v(ĝ )− ct +a(G−i + ĝ )+ ∑
k 6=t

u(W )
]

which is equivalent to maximizing equation (3.8) in the standard model. Self 0

would thus choose to make a donation at time t = t (1) such that ct (1) = mint (ct ) if

and only if ct (1) ≤ ¯̄c. Hence, the threshold transaction cost below which donating is

optimal is identical to the standard model.

Optimal choice from date-1 perspective (Self 1). For Self t > 0 the utility depends

on whether the donation is made now (at time t ) or in a future period. Consider the

choice of Self 1. His utility from making the donation at time t = 1 is

U1(ĝ ,c1) = u(W − ĝ )+ v(ĝ )− c1 +β
(
a(G−i + ĝ )+ ∑

k>1
u(W )

)
. (3.7)

There are two key questions to ask in respect to Self 1. First, does Self 1 prefer

donating now to never donating and secondly does Self 1 prefer donating now to

waiting to some other period. We answer these questions in turn.

Self 1’s utility from never donating is U1(0,0) = u(W )+β∑
k>1 u(W )+βa(G−i ). As

in the standard model, it follows that Self 1 prefers donating now (at time t = 1) to

never donating if transaction costs are below a certain threshold. Formally, Self 1

prefers donating now to never if and only if

U1(ĝ ,c1) ≥ U1(0,0) ⇔
u(W − ĝ )+ v(ĝ )− c1 +βa(G−i + ĝ )+β ∑

k>1
u(W ) ≥ u(W )+β ∑

k>1
u(W )+βa(G−i ) ⇔

c1 ≤ v(ĝ )+β
(
a(G−i + ĝ )−a(G−i )

)
+u(W − ĝ )−u(W ) ≡ c̄ ≤ ¯̄c.

The transaction cost threshold under which Self 1 prefers to donate now versus

never is lower than the threshold of Self 0 because the costs of altruism occur in the

current period for Self 1 and therefore are not discounted, while the benefits occur in
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the the future and are discounted. Consequently, there should be fewer donations if

donors have βδ-preferences and there is thus a conflict between the interests of Self

0 and Self 1.

This conflict between Self 0 and Self 1 may also lead to procrastination problems.

Self 1’s utility from donating in a future period t > 1 is:

U1(ĝ ,ct ) = u(W )+β
(
u(W − ĝ )+ v(ĝ )− ct +a(G−i + ĝ i )+ ∑

k>1,k 6=t
u(W )

)
Comparing this to the utility in (3.7), it follows that Self 1 prefers donating in a

future period t > 1 to donating now if and only if

U1(ĝ ,ct ) ≥U1(ĝ ,c1) ⇔

u(W )+β
(
u(W − ĝ )+ v(ĝ )− ct +a(G−i + ĝ i )+ ∑

k>1,k 6=t
u(W )

)
≥ u(W − ĝ )+ v(ĝ )− c1 +β

(
a(G−i + ĝ )+ ∑

k>1
u(W )

)
⇔

u(W )+β(
u(W − ĝ )+ v(ĝ )− ct

)≥ u(W − ĝ )+ v(ĝ )− c1 +βu(W ) ⇔
c1 ≥βct + (1−β)

(
v(ĝ )− (u(W )−u(W − ĝ ))

)≡ cF (ct ). (3.8)

Hence for a given ct , Self 1 prefers delaying the donation to a future period t > 1 if

c1 ≥ cF (ct ) where cF (ct ) is a threshold value that depends ct .

To fix ideas suppose that ct (1) < ¯̄c such that Self 0 would prefer that a donation is

made at time t = t (1) and suppose that β< 1 such that the donor is present-biased.

We first consider the case where t (1) = 1 and then the case where t (1) > 1.

• Case 1: t (1) = 1. In this case the first period is also the period with the lowest

transaction costs. Under these assumptions, Self 0 would prefer that a donation

is made at time t = 1. Recall that t (2) denotes the time period with the second

smallest transaction cost and hence the smallest future transaction cost. Since

Self 1 discounts all future periods but not the current period, Self 1 considers

whether to donate now at time t = 1 or to wait to a future period t = {2,3, ...}. If

he doesn’t donate in the current period, he optimally plans to make the dona-

tion in period t = t (2) which is the future period with the smallest transaction

costs.

– Case 1A: c1 ∈
(
c̄, ¯̄c

]
. Then Self 0 prefers that the donation is made and that

it is made at time t = 1 but Self 1 prefers that a donation is never made to

making the donation now. Hence no donation is made by Self 1 or by any

future selves as we have assumed c1 = mint (ct ).
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– Case 1B: c1 ≤ c̄. Self 1 prefers donating now to never making a donation,

but if at the same time c1 ∈ [cF (ct ), c̄] he prefers waiting to period t = t (2)

to make the donation, because the costs seem smaller in the future. The

interval [cF (ct (2) ), c̄] is non-empty if and only if

cF (ct (2) ) ≤ c̄ ⇔

βct (2) + (1−β)
(
v(ĝ )− (u(W )−u(W − ĝ ))

)
≤ v(ĝ )+β

(
a(G−i + ĝ )−a(G−i )

)
+u(W − ĝ )−u(W ) ⇔

βct (2) ≤β
(
a(G−i + ĝ )−a(G−i )

)
+β(

v(ĝ )− (u(W )−u(W − ĝ ))
)⇔

ct (2) ≤ v(ĝ )− (u(W )−u(W − ĝ ))+a(G−i + ĝ )−a(G−i ) = ¯̄c.

That is the interval is non-empty if there exists some future transaction

costs for which the current self thinks that it will be optimal for the future

self to donate. Consequently, although Self 1 prefers donating now to

never, he chooses to delay giving to period t = t (2), naively thinking that

when period t = t (2) arrives he will in fact give. However, when period

t = t (2) arrives Self t (2) makes similar comparisons and may again pre-

fer to procrastinate and may end up never donating. This is the classic

procrastination case.

– Case 1C: c1 < cF (ct (2) ). Self 1 prefers donating now to waiting. This may for

example happen if the warm-grow utility from donating is very large as

warm-glow is felt at the time of the donation and therefore may alleviate

potential self-control problems.

• Case 2: t (1) > 1. Similar conditions as those discussed above may lead to pro-

crastination and to a situation where a donation is never made although the

donor would ex ante have preferred that a donation would have been made.

However, in addition in this case there is room for self-control problems in

the sense that the donor may fail to wait until the ex ante preferred period to

make his donation. To see this consider the case where c1 < cF (ct (1) ) then Self 1

prefers making a donation now to waiting to the optimal period. If β= 1 this

is not possible as we then have cF (ct (1) ) = ct (1) which by assumption is smaller

than c1 in this case. However, with present-biased preferences c1 < cF (ct (1) )

possible for example if the utility from warm-glow is large and the loss in con-

sumption utility from giving is small. In this case the donor may donate sooner

than Self 0 would have liked.
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The effect of deadlines

Deadlines in the standard model. Recall that in the standard model the donor prefers

making a donation at time t to never making a donation if ct ≤ ¯̄c. Let p = 1−F ( ¯̄c)

denote the probability that transaction costs in any given period are so high that the

donor prefers never making a donation to making a donation in that period. Then

pd is the probability that d independent draws from the distribution are all too high

to and 1−pd is the probability that transaction costs are sufficiently low at least in

one period within the d period deadline. It follows that limd→∞ pd = 0. Hence, the

longer the deadline the lower the probability that there will be no period within the

deadline where transaction costs are sufficiently low.

In the βδ-model. For a donor with present-biased preferences, it is also the case that

a longer deadline makes it more likely that transaction costs are sufficiently low at

some point in time. In this case, Self t prefers making a donation now to never making

a donation if ct ≤ c̄ and no donation is ever made if ct > c̄ for all t . Let q = 1−F (c̄)

denote the probability that transaction costs in any given period are too high . Then

qd is the probability that d independent draws from the distribution are all too high.

So a longer deadline makes it more likely that transaction costs at some point within

the deadline are sufficiently low.

At the same time a longer deadline might make procrastination more likely. For

illustrative purposes consider the case where t (1) = 1 and take c1 < c̄ as given. Recall

that in this case it is optimal from the point of view of Self 0 to donate in period t = 1

and Self 1 prefers making a donation now to never making a donation. From the

definition of p and the result that procrastination can occur when ct (2) ≤ ¯̄c, it follows

that with probability 1− pd−1 transaction costs in at least one of the subsequent

periods is sufficiently low that the interval [cF (ct (2) ), c̄] in non-empty. Recall that Self

1 procrastinates if his current costs are higher than his discounted future costs, i.e.

c1 ∈ [cF (ct (2) ), c̄]. It follows that limd→∞(1−pd−1) = 1 so the longer the deadline the

more likely it is that procrastination can occur.

A shorter deadline could reduce procrastination problems if donors have present-

biased preferences. However, as in the standard model, a very short deadline could

also make it less likely that a donation is made.

In terms of the timing of donations. The βδ-model with a deadline makes very

different predictions than the standard model. Recall that in the standard model,

donations are predicted to be evenly distributed across time in the population. In

contrast, when procrastination occurs, the βδ-model predicts an uneven distribution

of donations across time with a spike in donations just before the deadline. To see this,

consider the simple case where transaction costs are constant across time i.e. ct = c

and assume that c < c̄ such that Self 1 prefers donating now to never donating. Then

it also follows immediately from c < c̄ < ¯̄c that procrastination can occur. Assuming

that c is such that the individual procrastinates, then in every period t < d he chooses
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to delay donating. However, in period d he then faces the choice between donating

now or never donating. Then since we have assumed that c < c̄ , he donates in period

d . Hence, we would expect to see a spike in donations just prior to the deadline.
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Abstract

We document the hidden costs of one of the most policy-relevant nudges, reminders.

Sending reminders, while proven effective in facilitating behavior change, may come

at a cost for both senders and receivers. Using a large scale field experiment with

a charity, we find that reminders increase donations, but they also substantially
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increase unsubscriptions from the mailing list. To understand this novel finding, we

develop a dynamic model of donation and unsubscription behavior with limited

attention which is tested in reduced-form using a second field experiment. We also

estimate our model structurally to perform a welfare analysis. We show that when not

accounting for the hidden costs of reminders the average welfare effects for donors

are overstated by a factor of ten and depending on the discount factor the welfare

effects of the charity may be negative. Our results show the need to evaluate nudges

on their intended as well as unintended consequences.

4.1 Introduction

In recent years, “nudging” policies have gained increased attention both from prac-

titioners and from academics. Nudges are small deliberate changes to the decision

environment designed to increase privately and socially beneficial behavior such

as healthy habits, savings, environmental protection, or charitable giving without

altering prices or taking away any options. Nudging interventions often require low

implementation costs and induce significant positive behavioral change, which has

fueled enthusiasm for its use among policy makers. However, evaluating the success

of a nudge on the magnitude of behavioral change and implementation cost alone

could be misleading from a social welfare perspective.

This paper provides a theoretical and empirical analysis of one of the most fre-

quently applied and well-known nudges: reminders. Reminders are designed to curb

forgetfulness by bringing a particular decision or task to recipients’ attention and in-

duce behavioral change. A large number of recent papers have shown that reminders

can influence behavior in the context of gym attendance (Calzolari and Nardotto,

2014), adherence to medical treatments (Vervloet, Linn, van Weert, de Bakker, Bouvy,

and van Dijk, 2012; Altmann and Traxler, 2014), personal savings (Karlan et al., 2012),

take-up of social benefits (Bhargava and Manoli, 2015), electricity consumption (All-

cott and Rogers, 2014; Gilbert and Zivin, 2014), and giving to charitable organizations

(Huck and Rasul, 2010; Sonntag and Zizzo, 2015).

Technological improvements over the past few decades have led to low imple-

mentation costs of reminders, implying that reminders are likely to become even

more common in coming years. This makes it relevant to explore whether there are

any indirect or non-pecuniary costs to using reminders for either the recipients or

the senders.

These costs should then be taken into account when evaluating the nudge and

could constitute a “hidden cost of nudging”. Reminders could impose time and effort

costs on recipients as well as psychological costs such as annoyance and guilt. The

“hidden costs” could make recipients prefer to opt out of the reminder and block

the communication channel by unsubscribing. From a welfare perspective, a cost

inducing reminder only increases the utility of the recipient if it prompts a behavioral
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change. Hence, if many people are nudged, but only few change their behavior, then

the welfare effects of the nudge could be negative.

In addition to the potential and immediate costs for recipients, reminders can also

lead to long-term costs for the sender when recipients unsubscribe from the mailing

list. The sender therefore has to weigh current returns against long-term costs due to

unsubscriptions. Depending on his discount rate, the total costs of lost donors might

outweigh the benefits of an additional reminder despite the low implementation

costs.

We examine the reminder effect, including the hidden costs, in the context of

charitable giving. In particular, we consider a revealed preference measure of the

“annoyance costs”: unsubscribing from reminder messages.

To simultaneously understand giving and unsubscription behavior, we develop

a dynamic model of warm-glow giving where individuals incur an annoyance cost

every time the charity sends a fundraising appeal. Annoyance costs can be psycho-

logical costs such as guilt or perceived pressure or practical costs such as time and

attention. Every period, individuals decide whether to give or not if reminded about

the donation possibility (Andreoni, 1989, 1990; DellaVigna et al., 2012). In addition,

individuals have the option to unsubscribe from future communication, making dy-

namic considerations relevant. By unsubscribing they avoid future annoyance costs

associated with reminder messages, but they also risk missing future information and

opportunities to donate. We model forgetting by incorporating inattention similar

to Karlan et al. (2012); Taubinsky (2013), and Calzolari and Nardotto (2014). Our

model predicts a higher rate of giving and a higher unsubscription rate in response to

reminders. We show that the unsubscription decision further depends on whether

people evaluate the option value of staying subscribed to be sufficiently large to

justify anticipated future annoyance costs.

We test these predictions in two field experiments with a charity. In field exper-

iments, participants are not aware that their behavior is being observed, and we

therefore observe their natural reactions. The first experiment tests the prediction

that reminders increase unsubscriptions by sending solicitation e-mails to approxi-

mately 17,000 warm-list donors, i.e., individuals who have donated to the charity in

the recent past. Individuals in the control group receive one e-mail asking them to

donate within ten days. People in the treatment group receive the same e-mail and an

additional reminder one week later. In line with the predictions of the model, we find

that the reminder significantly increases donations but also significantly increases

unsubscriptions from the mailing list.

The second field experiment tests the prediction that the unsubscription choice

is determined by the option value of subscribing and anticipated annoyance costs.

A sample of approximately 43,000 previous donors receives a regular solicitation

e-mail from the charity. With the exception of one sentence, the solicitation e-mails

are identical across our three treatment groups. In all three treatments, potential
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donors are made aware that the charity sends an e-mail to individuals on the mailing

list approximately once per month. This is to fix expectations of how often people

should expect to receive e-mails from the charity, and it allows potential donors

to form beliefs about future annoyance costs. In our Low Frequency treatment, we

exogenously decrease anticipated annoyance costs relative to the control treatment

by announcing that the charity will only send one e-mail in the next three months.

The model predicts that individuals in the Low Frequency group are less likely to

unsubscribe than individuals in the control group. In the Future Benefit treatment,

we increase the option value of staying on the list by announcing that next month

an anonymous donor will make a donation for every person on the mailing list who

donates in response to the next e-mail. Compared to the control group, this message

should make individuals less willing to unsubscribe because the utility from donating

in the next period is increased. Four weeks later, all participants receive the same

e-mail about a donation opportunity, regardless of which treatment they are assigned

to.

In line with our model predictions, we find that announcing a reduced frequency

of mailings significantly decreases the number of unsubscriptions relative to the

control treatment. Announcing a future matching opportunity also reduces the num-

ber of unsubscriptions, but this result is only marginally significant. While the main

outcome of interest is the decision to unsubscribe, we also measure how these nudges

affect the decision to donate. The treatments have no effect on the decision to donate

or the donated amount which is also consistent with our model.

Using the results from the second experiment, we structurally estimate the annoy-

ance costs of being solicited through e-mail. We then use these estimates to conduct a

welfare analysis from the perspective of the recipients. For the potential donor, there

is a trade-off between annoyance costs and warm-glow from remembering to give.

We estimate the costs associated with receiving a reminder to 12.95 DKK ($1.95). This

negative amount is on average slightly outweighed by the high benefits of warm-glow

resulting from a donation and the benefit of the possibility to donate in a later period

leading to average welfare costs of 1.50 DKK ($0.23). However, by failing to consider

the annoyance costs, a standard welfare evaluation would overstate the benefits of

the reminder by a factor of eight.

We then consider the perspective of the charity by estimating the impact of a

reminder on donations. When accounting for the long-term effects of unsubscriptions

on giving, we find that the net effect for the charity of sending a reminder is just

1.33 DKK ($0.20) per potential donor when using a discount rate of 10%. With a

discount rate of 2% the net effect for the charity is negative.

The findings have important implications for public policy. The increasing volume

of reminders being send out by organizations and charities, fueled by the encouraging

results of previous studies, creates heretofore unanticipated costs for both receivers

and senders. A one sided and short-term analysis based solely on the intended
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behavioral outcome, as is common today, can lead to negative surprises in the long-

run. A possible solution may be to use better targeted nudges.

Our paper adds to several strands of literature. First, it presents evidence on

the hidden costs of nudging that have been mostly neglected until now. Previous

studies on reminders do not distinguish between an effect on behavior and an effect

on welfare (Macharia, Leon, Rowe, Stephenson, and Haynes, 1992; Vervloet et al.,

2012; Karlan et al., 2012; Gilbert and Zivin, 2014; Huck and Rasul, 2010; Sonntag

and Zizzo, 2015; Calzolari and Nardotto, 2014; Allcott and Rogers, 2014). However, a

small number of studies have looked at the welfare effects of other choice enhancing

policies (Carroll, Choi, Laibson, Madrian, and Metrick, 2009; Bernheim, Fradkin,

and Popov, 2015; Bhattacharya, Garber, and Goldhaber-Fiebert, 2015; Murooka and

Schwarz, 2016). Allcott and Kessler (2015) present an experimental design to evaluate

the welfare effects of social comparisons in reducing energy consumption by eliciting

the willingness to pay for the nudge. They show that ignoring “non-energy costs”

such as psychological costs (like guilt or shame) and time costs for turning off lights

and adjusting thermostats overstates the welfare gain of the nudge by a factor of

five. Chesterley (2015) makes a related point in his paper analyzing the theoretical

drawbacks of default choices. Handel (2013) shows that nudges to overcome inertia

in health insurance markets could exacerbate adverse selection and thus lead to an

overall welfare loss through the nudge. In contrast to the other studies, we estimate

welfare effects both to those nudging others and to those who are being nudged.

Second, our paper provides new insights on social pressure costs which have

been discussed in the “avoiding-the-ask” literature (Dana, Weber, and Kuang, 2007;

Andreoni, Rao, and Trachtman, 2011; DellaVigna et al., 2012; Knutsson, Martinsson,

and Wollbrant, 2013; Cain, Dana, and Newman, 2014; Trachtman, Steinkruger, Wood,

Wooster, Andreoni, Murphy, and Rao, 2015). Our annoyance cost is similar in flavor

to social pressure costs although our setting does not involve personal contact with

a fundraiser. If the social pressure/annoyance costs are too high in our experiment,

people unsubscribe from the mailing list, while they avoid opening the door or tick

the opt-out box in DellaVigna et al. (2012).

Third, the model we propose in this paper is an addition to the theoretical liter-

ature on the effect of reminders on attention (Karlan et al., 2012; Taubinsky, 2013;

Calzolari and Nardotto, 2014). These papers assume that individuals have a decaying

attention function, which can be reset to full attention through the use of a reminder.

Although all authors agree that there seems to be a natural upper limit to the number

of reminders that should be sent out, their models nevertheless predict an increasing

utility in the number of reminders.

In terms of its methodology, our paper is part of a growing literature on structural

behavioral economics which estimate behavioral models using non-experimental

(Conlin, O’Donoghue, and Vogelsang, 2007; Laibson, Repetto, and Tobacman, 2007) or

experimental field data (DellaVigna et al., 2012). A close link between the theoretical
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model and the field experiment is advocated in this literature (Card, DellaVigna, and

Malmendier, 2011; Harrison, 2014).

The remainder of the article proceeds as follows. Section 4.2 presents our model,

while section 4.3 introduces the design of the two experiments and ties testable pre-

dictions derived from our model to their treatments. Section 4.4 describes our sample

and the implementation of our experiment. Section 4.5 presents the reduced-form

results from our experiments, and section 4.6 estimates the structural parameters of

our model. Section 4.7 presents our welfare analysis and section 4.8 concludes.

4.2 Model

Building on the work by Andreoni (1989, 1990), we present a dynamic T -period model

of giving and unsubscription behavior which includes a fixed cost of each solicitation

to the potential donor. The potential donor chooses both whether to give and whether

to unsubscribe.2

The general setup

We consider a repeated interaction between a charity and a warm-list donor who is

asked to give via e-mails. We refer to the potential donor simply as “the donor” and

to the solicitations as “the messages”. In every period t ∈ {1,2, ...,T }, the donor must

decide if he wants to donate and if so, how much. In addition, whenever he receives

a message, he decides if he wants to unsubscribe from future messages sent by the

charity.

We assume that the donor receives warm-glow utility from every donation g t ≥ 0

to the charity. We denote the warm-glow utility from giving by v(g t ) where v ′(·) >
0, v ′′(·) < 0, and limg t→∞ v ′(g t ) = 0.3 We model the cost of giving by the function

c(·) where c ′(·) > 0 and assume that this captures all costs associated with giving,

including the reduction in consumption utility, transaction costs, and opportunity

costs. The net donation utility from giving g t is therefore

d(g t , at ) = at v(g t )− c(g t )

where at is the weight on warm-glow utility. We further assume that d ′′
g g (g t , at ) < 0,

d(0, at ) = 0, and d(g t , at ) ∈ L1, i.e., the integral of the absolute value of d(g t , at ) is

finite. The law of motion for at is given by an AR(1) process

at =µ+ρat−1 +εt

2The technical details, including proofs, are provided in the Appendix E.
3Note that although we refer to it as warm-glow utility, v(·) could also capture prestige or utility from

conforming to social norms, and the model could easily be adapted to include pure altruism.
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where εt ∼ I I D(0,σ2) on a finite support [−M , M ], i.e., M <∞. The AR(1) process

introduces time-variation in the weight on warm-glow utility which can capture both

variations in warm-glow from different fundraising campaigns and variations in the

cost of giving, e.g. due to time-varying opportunity costs.4

To capture the effect of reminders, we assume that the donor has limited attention

and therefore only remembers the donation problem with probability θ ∈ [0,1) in

every period. If the donor is attentive and remembers the donation decision, he gives

an amount g t ≥ 0 to the charity. On the other hand, if he is inattentive and forgets

about the donation decision, then g t = 0. Similar to the inattention models of Karlan

et al. (2012) and Taubinsky (2013), we assume that the donor is sophisticated and

therefore aware of his inattention.

We assume that any message from the charity serves as a reminder of the donation

problem. We let pt denote the probability that the charity sends a message in period

t . The donor receives the message if he has not unsubscribed in any of the previous

periods. If the donor is subscribed to messages in period t and the charity sends a

message, then the donor always recalls the donation problem, otherwise the donation

problem is only remembered with with probability θ.5 Hence, subscribing to the

mailing list at the beginning of period t , increases the probability that the donor

remembers the donation problem.

We let Λ denote a cost to the donor of receiving a message from the charity.

This cost can be thought of as an effort cost of looking at the message or to a first

approximation a moral cost of feeling guilty for having to be reminded.6 We refer

to this cost as an “annoyance cost”, which for simplicity is assumed to be constant.

We also assume that any type of message generates the same fixed cost, i.e., original

solicitations and reminders induce the same cost.

If the donor receives a message in period t , he also has the option to unsubscribe

ut = 1 or not ut = 0 from the mailing list. The decision to unsubscribe is considered

irreversible and eliminates all future messages from the charity, i.e., ut+k = 1 if ut = 1

for all k ∈ {1,2, ...,T − t }. It follows that if pt (1−ut−1) = 1, the donor is subscribed at

the beginning of period t and receives a message from the charity.

Under these assumptions, the donor’s inter-temporal optimization problem in

4We also note that a deterministic process for at would lead to a static problem where the donor
either unsubscribes in period t = 1 or never unsubscribes.

5We note that θ can capture both natural recall and cues other than direct messages, e.g., general
advertisements or news about catastrophes.

6Guilt could, however, also influence the weight put on warm-glow utility and hence giving behavior,
but in the present paper we abstract from such effects to focus on the dynamic problem of whether to
unsubscribe.



122 CHAPTER 4. THE HIDDEN COSTS OF NUDGING

period t is

max
g t ,ut

E

T−t∑
τ=0

δτ
[

pt+τ(1−ut−1+τ)(d(gt+τ, at+τ)−Λ)+ (1−pt+τ(1−ut−1+τ))θd(gt+τ, at+τ)
] ∣∣∣∣∣∣ Ωt


(4.1)

where 0 < δ< 1 is the inter-temporal discount factor and E [· | Ωt ] denotes the expec-

tation given period t information. The information setΩt includes {aτ}t
τ=1, meaning

that the donor knows the weight he assigned to warm-glow utility in current and past

periods.

A few remarks regarding the dynamic structure of the model are in place. First,

we assume that donors have a finite horizon T to capture that people are unlikely

to plan years ahead when it comes to charitable giving. In addition, a finite horizon

allows us to investigate the effect of varying the horizon. Second, we do not assume

an inter-temporal budget constraint for the maximization problem. This simplifying

assumption is made for tractability and because in the case of charitable giving it

seems unlikely that the inter-temporal budget constraint would be binding. Predic-

tion 5 below follows directly from this assumption and therefore allow us to test this

feature of the model.

When solving the model we assume that the donor is rational in the sense that

he knows his preferences, the timing of events, how he will respond to messages

in future periods, and forms rational expectations regarding the charity’s reminder

strategy, i.e, {pt }T
t=1. If a donor has not unsubscribed in period t but does not receive a

message because pt = 0, then he has no opportunity to unsubscibe, and we therefore

let ut = 0. In addition, it is assumed that the donor does not unsubscribe when he is

indifferent between doing so or not.7 Similarly, we assume that the donor does not

give anything if he is indifferent between doing so or not.

Giving and unsubscribing

The optimal donation and unsubscription decisions are obtained by backwards

induction, and both have classic threshold properties. As illustrated in Figure 4.1,

a donor with a sufficiently low realization of at unsubscribes, while a donor with a

high realization of at makes a donation. Lemma 1 gives the threshold property for

the optimal donation choice.

Lemma 1. Conditional on remembering, the optimal donation decision g∗(at ) is

weakly increasing in at and has the threshold property: (i) g∗(at ) = 0 for at ≤ ā ≡ c ′(0)
v ′(0) ;

and (ii) g∗(at ) > 0 for at > ā.

7One can think of this assumption as capturing some tiny cost of pressing the unsubscribe button that
tips the balance in favor of not unsubscribing. Alternatively, it can be interpreted as a small default bias.
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Lemma 1 follows directly from the maximization problem in Equation (4.1), and

the assumption that giving in period t only affects utility in this period. Hence, con-

ditional on remembering the donation problem, the donor only takes into account

his current generosity, as captured by at , when choosing whether to make a positive

donation. The amount donated is weakly increasing in at .8 Notice that the threshold

ā is constant and that time variation in giving solely originates from variability in at .

Figure 4.1. Optimal unsubscription and donation thresholds

Notes: The optimal donation and unsubscription thresholds when εt follows a trun-
cated normal distribution.

Lemma 2 gives the corresponding threshold property for the optimal unsubscrip-

tion choice. Recall that M is the upper bound on the support for the innovation in

the AR(1)-process for at .

Lemma 2. Conditional on receiving a message from the charity in period t and for

M sufficiently large, the optimal unsubscription decision u∗
t (at ) has the threshold

property: (i) u∗
t (at ) = 1 for at < at ; and (ii) u∗

t (at ) = 0 for at ≥ at . The threshold at is

increasing in t .

Lemma 2 follows from exploiting the finding in Lemma 1 that g∗ only depends

on at and not on current or future unsubscription or donation choices. This property

of our model eases tractability and implies that the model solution has a sequential

structure: the donor simply conditions on the optimal donation rule when making

his unsubscription decision. More formally, for a given at , he first obtains {g∗
τ }T
τ=t

8This is similar to the predictions of usual static models of giving in Andreoni (1989, 1990) and
DellaVigna et al. (2012).
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and then computes {u∗
τ }T
τ=t backwards. The unsubscription problem is then reduced

to an optimal stopping problem with one state variable at and one control variable

ut ∈ A = {0,1}. Its value function is given by a standard Bellman equation, and it is

well-known that the solution has a threshold property (see for instance Rust (1987)).9

The lower threshold at can be interpreted as an optimal unsubscription boundary

similar to the optimal exercise boundary for American options.10 In our context, the

donor unsubscribes if he expects future annoyance costs to be larger than the warm-

glow utility foregone by not being reminded in the future. This latter effect is referred

to as “the option value” of subscribing. The boundary at increases with time as the

value of subscribing decreases over time given a finite horizon T .

The threshold property in Lemma 2 implies that a donor unsubscribes from

future messages if he gets a message and his realization of at is sufficiently low.

Combining Lemma 1 and Lemma 2, we obtain the following proposition for the effect

of reminders:

Proposition 1. A reminder increases both the unconditional probability that the donor

makes a donation and the unconditional probability that he unsubscribes.

We note that current utility is unaffected by the unsubscription choice in this

period because the current annoyance cost cannot be avoided. Hence, the current

unsubscription choice only affects the utility in future periods. We summarize these

observations in the following proposition which ties the current unsubscription

decision to expectations about the future:

Proposition 2. The unsubscription choice of the donor depends on the option value

of subscribing and expected future annoyance costs.

4.3 Experimental design and testable predictions

To test our model, and Proposition 1 and 2 in particular, we design two separate

field experiments carried out via e-mail. The following sub-sections describe these

experiments, their treatments, and derive testable predictions which hold for all

specifications of warm-glow utility and costs given the stated assumptions.11

Experiment I: A targeted reminder

Experiment I tests Proposition 1 that reminders increase donations at the expense

of more unsubscriptions. The experiment is carried out in a setting with infrequent

9Formal proofs verifying these results in our setting are deferred to Appendix E. The technical re-
quirement that the bound M (on the support for εt in the AR(1) process) must be sufficiently large is not
particularly restrictive as M can be chosen arbitrarily large.

10For instance, the holder of an American put option exercises his right to sell the option if its value
falls below a critical value, which is referred to as the optimal exercise boundary (Kim, 1990; Jacka, 1991;
Carr, Jarrow, and Myneni, 1992, among others).

11Technical details including proofs are provided in Appendix F.
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e-mail communication from the charity to donors. Potential donors are randomized

into two treatments:12

• Control I (CI): A solicitation e-mail presents the cause and informs that for

every person who donates within the next 10 days an anonymous donor will

donate an additional 10 DKK (approx. 1.8 USD).

• Targeted Reminder (TR): In addition to the first e-mail an unannounced tar-

geted reminder is sent seven days later to anyone who has not donated or

unsubscribed within the first week. The reminder contains no new informa-

tion.

Given the specific treatments, Proposition 1 can be translated into testable predic-

tions. In both treatments, we send an initial donation request in period t = 1. In addi-

tion, potential donors in the Targeted Reminder treatment receive an unannounced

targeted reminder in period t = 2 if they do not give or unsubscribe in response to

the initial message. Let u j
t and g j

t denote the unsubscription and donation decision,

respectively, in period t for individuals in treatment j where j ∈ {C I ;T R}.

Prediction 1. The unconditional probability of giving is higher in the Targeted Re-

minder treatment than in the Control I treatment: P (g T R
1 +g T R

2 > 0) > P (g C I
1 +g C I

2 > 0).

In particular, the unconditional probability of giving in period t = 2 is larger in the

Targeted Reminder treatment than in the Control I treatment: P (g T R
2 > 0) > P (g C I

2 > 0).

Donors in the two treatments are equally likely to give in period t = 1. However,

donors in Control I do not receive the targeted reminder and are inattentive to the

donation problem in period t = 2 with probability θ. They may therefore fail to give

in period t = 2 even if their realization of a2 is above the upper threshold ā. Potential

donors in the Targeted Reminder treatment remember the donation problem in

period t = 2 with certainty and are therefore more likely to donate in period t = 2.

Taking the two periods together, the probability of giving is therefore greater in the

Targeted Reminder treatment than in Control I.13

Next we consider the probability of unsubscribing.

Prediction 2. The unconditional probability of unsubscribing is higher in the Targeted

Reminder treatment than in the Control I treatment: P (uT R
2 = 1) > P (uC I

2 = 1).

Donors in the Targeted Reminder get two messages that they can unsubscribe

from, while those in Control I only have one possibility to unsubscribe.

12A number of other cross-randomized treatments were implemented in parallel with Experiment I
and are described and analyzed in Damgaard and Gravert (2016). The current paper includes the targeted
reminder treatment not included in Damgaard and Gravert (2016). In addition, this paper provides
additional experimental evidence from Experiment II.

13This prediction of the model is similar to the prediction in Huck and Rasul (2010).
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Experiment II: Changing the option value of subscribing

Experiment II tests Proposition 2 that unsubscription choices are affected by the

option value of subscribing and beliefs about future annoyance cost. We therefore

consider treatments that either i) change the option value of subscribing by announc-

ing a future “matching” opportunity, or ii) change the future expected annoyance

costs by announcing a temporary reduction in the frequency of messages. The experi-

ment is carried out in a setting with e-mails from the charity to donors approximately

once a month. This well-established frequency also makes Experiment II well-suited

for data collection for a structural estimation of our model. With that purpose in

mind, we inform potential donors of the e-mail frequency in all treatments in the

experiment to fix their beliefs about the frequency at the true level. This feature of

the design is convenient for our structural estimation.

Potential donors are randomized equally into the following three treatments:14

• Control II (CII): A solicitation e-mail informs of the cause and contains the

information that subscribers usually receive one e-mail a month from the

charity.

• Future Benefit (FB): The same solicitation e-mail as in Control II is used with

the information that subscribers usually receive one e-mail a month plus an

announcement that in the next e-mail an anonymous donor will donate a

healthy meal to a poor child for every person on the mailing list who donates

in response to the second e-mail.

• Low Frequency (LF): The same solicitation e-mail as in Control II is used with

the information that subscribers usually receive one e-mail a month plus an

announcement that in the coming three months subscribers will only receive

one e-mail from the charity.

To derive testable predictions related to Proposition 2, we let one period cor-

respond to one month. Hence, pt = 1 for all t in the Control II and Future Benefit

treatments, as the charity sends a message every month and potential donors are

made aware of this. In the Future Benefit treatment potential donors are told in

period t = 1 that a lead donor will give a “match” worth m > 0 for every person on the

mailing list who donates at least X > 0 in period t = 2. Assume that the donors get

warm-glow utility from the sponsored amount m, then donors in the Future Benefit

treatment on the mailing list in period t = 2 (i.e. uF B
1 = 0) get donation utility

dm(g2, a2) =
{

a2v(g2 +m)− c(g2) if g2 ≥ X

a2v(g2))− c(g2) otherwise.

14We cross-randomize the receivers who participated in Experiment I and the new subscribers into the
treatments of Experiment II to avoid any confounds with the first experiment.
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Donors in the Future Benefit treatment who are not on the mailing list at time t = 2

get the standard donation utility, i.e., d(g2, a2) = a2v(g2)−c(g2). Assume that donors

in the Control II treatment believe that m = 0, and assume that the utility in all other

periods is unaffected by the announcement of the match. This leads to a prediction

about the the relative size of unsubscription rates in the Future Benefit and Control II

treatments.

Prediction 3. The unconditional probability of unsubscribing in period t = 1 is lower

in the Future Benefit treatment than in the Control II treatment : P (uF B
1 = 1) < P (uC I I

1 =
1).

To understand this result, first note that the match m > 0 reduces the cost of

achieving a certain level of warm-glow utility for donations above the threshold X

and thus dm(g∗
2 , a2) ≥ d(g∗

2 , a2). Hence for a given value of a1, the expected option

value of remaining subscribed (at least until the next period) is greater in the Future

Benefit treatment than in the Control II treatment. The model therefore predicts that

the unsubscription rate is smaller in the Future Benefit treatment than in the Control

II treatment.

To derive a similar prediction for the Low Frequency and Control II treatments,

note that donors in the Low Frequency treatment in period t = 1 are told that they

will only receive one message in the next three months, i.e., p2 = p3 = p4 = 1
3 and

p j = 1 for all j > 4. This leads to a prediction about the size of the unconditional

unsubscription rates.

Prediction 4. For P (at > ā) sufficiently low, the unconditional probability of unsub-

scribing in period t = 1 is lower in the Low Frequency treatment than in the Control II

treatment: P (uLF
1 = 1) < P (uC I I

1 = 1).

The intuition behind this result is as follows. The Low Frequency treatment im-

plies fewer messages that impose annoyance costs on potential donors. At the same

time potential donors are less likely to remember to give in cases where giving is

optimal, and this could make it less valuable to remain on the list. For donors with

a low realization of at who are on the margin of unsubscribing, the effect of lower

annoyance outweighs the effect of foregoing opportunities to donate when the prob-

ability of giving, i.e., P (at > ā), is sufficiently low. This therefore implies that the

unconditional probability of unsubscribing is lower in the Low Frequency treatment

than in the Control II treatment.15

In terms of giving behavior, the model predicts no differences across treatments:

15In a setting as ours with no social pressure costs, it seems reasonable to assume that P (at > ā) is small.
In Control I we find very little giving without asking. This is similar to the results reported by DellaVigna
et al. (2012) who find virtually no giving via regular mail or internet but only giving through door-to-door
solicitation.
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Prediction 5. The unconditional probability of giving in period t = 1 is the same in the

Control II treatment, the Low Frequency treatment, and the Future Benefit treatment:

P (g C I I
1 > 0) = P (g LF

1 > 0) = P (g F B
1 > 0).

This prediction arises directly from the assumption that giving is not constrained

by an inter-temporal budget constraint. Effectively, Prediction 5 is a test of the validity

of this assumption.16

4.4 Sample and implementation

We collaborated with the Danish charity DanChurchAid (DCA) to run the field experi-

ments in the summers of 2013 and 2015. DCA is one of the largest NGO’s in Denmark

with a total revenue of 0.57 billion DKK in 2013 (DanChurch Aid, 2013). The total

annual revenue of charities in Denmark is estimated to be about 2 billion DKK.17

DCA mostly implements and supports emergency and development programs in

Asia, Africa, the Middle East, and Central America.

Our samples for the two experiments consist of warm-list donors who have pro-

vided their e-mail address to the charity. The mailing list is constantly updated as

new subscribers are added and others unsubscribe or close their e-mail accounts. A

total of 11,324 individuals (roughly one third of the combined sample) participated in

both experiments. Our samples do not include regular donors with payments to the

charity setup as a monthly Direct Debit at the time of the experiments because the

automatic nature of these payments alter attention considerations. E-mail communi-

cation from the charity was relatively uncommon prior to the first experiment and

varied depending on which campaigns donors had previously responded to. However,

at the time of the second experiment, donors on the mailing list had received e-mail

messages from the charity approximately every month for the past year. In addition

to e-mails, the charity uses several other communication channels to reach poten-

tial donors, including mass media, social media, regular door-to-door solicitations,

and text messages solicitations. DCA also runs 125 charity shops across Denmark,

and it has partnered with an electricity provider to offer people the opportunity to

donate via their electricity bill. All donations are tax deductible, which is stated in all

correspondence.

Implementation of the experiments

The initial e-mail in Experiment I was sent on the 28th of May 2013, and the reminder

was sent on the 4th of June 2013. Our sample for the first experiment consisted of

16Intuitively, it implies that there is no inter-temporal substitution of giving as only the current realiza-
tion of at matters for the decision to give.

17Deloitte and the Danish Fundraising Association (ISOBRO) estimate that ISOBRO members had a
combined revenue of 1.8 billion DKK and accounted for more than 75% of the market in 2013 (ISOBRO
and Deloitte, 2014).
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17,391 donors, and approximately half the sample was randomly allocated to each

of the two treatments (Targeted Reminder and Control I). Personal characteristics

are similar across the two treatments as shown in Table 4.1. The style of the e-mail

was similar to the style of other communication sent by the charity, and the e-mail

solicited money for poor children in Africa (see Figure H3 for a screenshot).18

For Experiment II, 43,591 donors received a solicitation e-mail approximately two

years later on the 9th of July 2015. The e-mail was in the style of regular solicitations

by the charity and announced the possibility of supporting the opening of a store

selling surplus food in order to reduce food waste and raise money for the charity

(see Figure H5 for a screenshot). People were asked to donate money in steps of 100

DKK, which constituted the “price” of a “share” in the store, but the shares did not

entitle them to any ownership or rights regarding the store, i.e., it was a pure donation.

Donors did however receive a physical printout of a share in the mail for every 100

DKK donation they made.19 To avoid self-selection into opening the e-mail, all three

treatments had the same subject line “Stop Food Waste”.

The matching opportunity announced in the Future Benefit treatment consisted

of a “health meal” to a poor child for every person who donated. This was chosen

to be in keeping with the champaign style usually used by DCA. The charity website

offers potential donors the possibility to choose between a number of different “gifts”

such as “give a goat”, “give an olive tree”, and “give a school bench”, and the charity

regularly run campaigns among warm-list donors asking them to give one of these

gifts. At the time of Experiment II, the charity had “give a healthy meal” in their

portfolio of gifts. The price was 20 DKK.

A second e-mail was sent out a month after Experiment II to measure the medium

term effects of the intervention and provide the matching opportunity announced

in the Future Benefit treatment. Our research funds paid for one “healthy meal” per

person that donated in response to the second e-mail.20 More information on this

e-mail and the effect it had can be found in Appendix C.

We obtained a good balance across the treatments in Experiment II, as shown in

Table 4.1. Given the natural development in the e-mail list of the charity, some of the

summary statistics have changed between the first and the second experiment. The

average age is lower (38 versus 46 years), and the average amount donated at the last

donation through any channel has decreased from around 300 DKK to around 190

DKK. Other characteristics are very similar to those of the first experiment.

18Translations of the experimental material are in Appendix H.
19The physical “food share” was an illustrated sheet of paper. If donors were not interested in receiving

the physical share, they could opt out and make a “regular” donation to the project. In our sample, 78
percent of the donors received the physical share. None of the explanatory variables we have in our data
significantly explain opting out of receiving a share in a probit regression (results available on request).

20It should be noted that there is not necessarily a one-to-one correspondence between number of
gifts donated and the gifts provided in the field. The amount donated in the “healthy meal” campaign was
spent helping poor families grow their own food and hence provided several healthy meals.
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Table 4.1. Summary statistics and covariates balance

Experiment I Experiment II

Control I Targeted Control II Low Future
Reminder Frequency Benefit

Female (share) 0.62 0.63 0.63 0.64 0.63
(0.49) (0.48) (0.48) (0.48) ( 0.48)

Age (years) 46 46 38 38 38
(15) (15) (15) (15) (15)

City (share) 0.33 0.33 0.35 0.36 0.35
(0.47) (0.47) (0.48) (0.48) (0.48)

Amount donated
last time (DKK)

300 313 191 194 192

(622) (553) (408) (419) (516)
Number of
months since last
donation

35 35 32 32 31

(19) (19) (22) (22) (22)
Number of
months on
e-mail list

1 1 24 24 24

(-) (-) (5.5) (5.5) (5.5)

Observations 8,692 8,699 14,536 14,527 14,528

Notes: The table reports means and standard deviations (in brackets). The variable city is a dummy for
the 10 biggest cities in Denmark. For Experiment I (Experiment II) information on city is available for
99% (87%) of the sample, gender for 83% (89%), age for 41% (70%), and past donations for 88% (76%)
of the sample. The number of months on the e-mail list was at most 27 months in Experiment II. By
definition it was equal to one month in Experiment I.

The unsubscribe link and landing page

It was possible to unsubscribe from the mailing list by clicking a button at the bottom

of every e-mail. The design and visibility of the button was identical in all e-mails

and the unsubscription button was less salient than the donation button. If donors

clicked on the unsubscribe button, they were directed to a website hosted by the

charity, a so-called landing page. In Experiment I the landing page would prompt

donors to confirm the unsubscription. In Experiment II we used the landing page to

gather survey information about why donors unsubscribe, thus complementing the

experimental treatments. The landing page therefore presented unsubscribers with

five radio buttons; four possible reasons for unsubscribing and an “Other” choice,

allowing them to specify a reason. Two of the stated reasons were generic and allowed

donors to express a general lack of interest in the charity and newsletter (“ I no longer

want to give to DCA” and “I don’t find the content of the newsletter interesting”). The

other two reasons provided information about the role of annoyance (“DCA sends me

too many e-mails”) and perceived pushiness of the charity (“I don’t like to be asked

directly to donate to DCA”) in the unsubscription decision. Unsubscribers were asked

to choose one of the five options provided and confirm the unsubscription. On the
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Table 4.2. Experiment I and II: Results statistics

Experiment I Experiment II

All Control I Targeted All Control II Low Future
Reminder Frequency Benefit

Responses (in %)

Percentage who gave
0.44 0.35 0.53 0.66 0.65 0.67 0.65
(6.6) (5.9) (7.3) (8.1) (8.0) (8.2) (8.0)

Percentage who unsubscribed
2.90 2.14 3.67 0.38 0.49 0.30 0.36

(16.8) (14.5) (18.8) (6.9) (7.0) (5.5) (5.9)
Observations (N)
Full sample 17,391 8,692 8,699 43,489 14,501 14,494 14,494
Number of people who gave 76 30 46 285 94 97 94
Number of unsubscribers 504 186 318 167 71 44 52

Notes: The table provides means and standard deviations (in brackets).

next page the unsubscription was confirmed, and a link to the general homepage

of the charity was provided. A discussion of the survey findings can be found in

Appendix B.

4.5 Reduced-form results

We first present the results on giving and unsubscriptions from Experiment I before

presenting the results from Experiment II. An overview of the response rates and

total observations for the two experiments is provided in Table 4.2. The experiments

have similar donation rates, but there is a relatively large drop in the unsubscription

rate from Experiment I to Experiment II which we discuss further below. The average

amount donated is similar across the two experiments although the causes supported

by the two experiments are different.

Experiment I: The effect of a targeted reminder

Our model provides a number of predictions regarding giving, timing of giving, and

unsubscription behavior in Experiment I. We discuss the evidence for each of these

predictions in turn.

The reminder increases the number of donations

Figure 4.2 shows that the share of donors with positive donations in the Targeted

Reminder treatment is larger than that in the Control I treatment (0.53% and 0.35%,

respectively), which is in line with Prediction 1. This is a significant increase of about

two-thirds (p-value = 0.066). In addition, Table 4.3 provides the results of probit

regressions on the likelihood of donating.21 The treatment effect is similar in sign

21We provide a robustness check for multiple hypothesis testing based on List, Shaikh, and Xu (2016)
in Appendix D for all our estimation outcomes.
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and magnitude when including individual specific controls but is then insignificant.

Thus, we replicate the findings of Huck and Rasul (2010) that reminders can increase

donations on the extensive margin. When it comes to the intensive margin, we see

a slight increase in the amount donated, conditional on donating, for people in the

Targeted Reminder group compared to the Control I group as shown in Figure 4.2.

However, this increase is not significant and does not hold in a regression analysis of

the amount donated unconditional on donating (see Table A1 in the appendix).

Figure 4.2. Giving and unsubscription behavior in Experiment I

Notes: Panel A illustrates the rate of giving and unsubscribing. Panel B shows the cumulative distribution
function (CDF) of the amount donated conditional on giving. There are 30 and 46 donors in Control I and
Targeted Reminder, respectively. The corresponding number or unsubscribers is 186 and 318, respectively.
Difference in rate of giving is significant at 10% level (Pearson chi2(1) = 3.3703, p-value = 0.066, Fisher’s
exact = 0.084) and the difference in unsubscription rate is significant at 1% level (Pearson chi2(1) = 35.4939,
p-value = 0.000, Fisher’s exact = 0.000). The differences in distribution of amounts between the treatments
are not significant using a Mann-Whitney test (p-values > 0.62), and neither do we find a significant
difference in a two-sided two-sample t-test or a Kolmogorov-Smirnov test.

We find further support for Prediction 1 when looking at the timing of the do-

nations. Prediction 1 says that the probability of donating around the time of the

reminder is higher in the Targeted Reminder group than in the Control I group. Fig-

ure 4.3 shows that the donations are made either on the day or the day after the initial

solicitation mail or the reminder, and we only see donations around the time of the

reminder in the Targeted Reminder group. Hence, donations are not made close to

the deadline. The results suggest that receivers have a very low rate of natural recall

and are unlikely to make a donation without being reminded.
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Table 4.3. Donation decisions in Experiment I and II

Experiment I Experiment II

(1) (2) (3) (4)

Targeted Reminder 0.00184∗ 0.00269
(0.00100) (0.00195)

Low Frequency 0.00021 0.00006
(0.00095) (0.00091)

Future Benefit 0.00000 -0.00006
(0.00095) (0.0009)

Female 0.00131 0.00198∗∗∗
(0.00193) (0.00074)

Age 0.00015∗∗ 0.00026∗∗∗
(0.00007) (0.00002)

City 0.00058 0.00319∗∗∗
(0.00214) (0.00093)

Months since last donated -0.00027∗∗∗ -0.00005∗∗
(0.00006) (0.00002)

Amount last donated -0.00000 0.00000∗∗∗
(0.00000) (0.00005)

Months on e-mail list -0.00018∗∗∗
(0.00000)

Observations 17,391 6,448 43,592 27,220
Pseudo R2 0.004 0.046 0.000 0.079

Notes: The table provides the marginal effects and standard errors in brackets of probit
regressions on the binary donation choice. The variables Targeted Reminder, Low
Frequency, and Future Benefit are dummy variables that are evaluated in comparison to
their respective control groups (control dummies are set to zero). Female and City are
dummy variables. Months since last donated and Amount last donated correspond to the
last donation prior to the respective experiment through any channel. Months on e-mail
list is set at one month for everyone in the first experiment.∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗
p < 0.01
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Figure 4.3. Timing of giving in Experiment I

Notes: The figure shows the number of donations made on each day in the Control I and Targeted Reminder
groups. The initial e-mail was sent on May 28th, and the reminder was sent on June 4th. The deadline for
donating was June 7th. Data for timing of unsubscriptions is not available for Experiment I.

The reminder increases the number of unsubscriptions

Figure 4.2 documents a large treatment difference in unsubscription behavior.22 The

Targeted Reminder is associated with a higher unsubscription rate of 3.7% compared

to an unsubscription rate of 2.1% in Control I. This is a difference of about 76%,

it is highly significant (p-value = 0.000), and it is in line with Prediction 2. In the

regression analysis provided in Table 4.4, we find that this effect is robust to the

inclusion of control variables. Including all controls, the reminder increases the

likelihood of unsubscribing by 1.1 percentage points compared to Control I. The

number of months that has passed since the last donation negatively affects the

probability of unsubscribing. This is consistent with the prediction of the model that

unsubscribers have a low realization of a and suggests that people who have donated

many times in the past should be less likely to unsubscribe. The model predicts that

the unsubscribers are marginal donors.

Experiment II: Effects of changing the option value

We now present the results from Experiment II which change the option value of

subscribing in two treatments. Here we test whether people account for the option

value of subscribing when making their unsubscription decision as predicted by our

model.

22Data on unsubscriptions is only available for the treatment period, and we only have information on
unsubscriptions through the links in the e-mails sent out as part of this experiment.
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Table 4.4. Unsubscriptions in Experiment I and II

Experiment I Experiment II

(1) (2) (3) (4)

Targeted Reminder 0.01516∗∗∗ 0.01114∗∗∗
(0.00254) (0.00398)

Low Frequency -0.00186∗∗ -0.00192∗∗
(0.00074) (0.00081)

Future Benefit -0.00131∗ -0.00039
(0.00076) (0.00091)

Female -0.01804∗∗∗ 0.00027
(0.00444) (0.00083)

Age -0.00035∗∗ -0.00003
(0.00014) (0.00003)

City 0.00645 -0.00001
(0.00445) (0.00086)

Months since last donated -0.00022∗ -0.00001
(0.00011) (0.00002)

Amount last donated 0.00000 -0.00000
(0.00000) (0.00000)

Months on e-mail list -0.00015∗∗
(0.00007)

Observations 17391 6448 43489 27053
Pseudo R2 0.008 0.023 0.003 0.014

Notes: The table shows the marginal effects and standard errors in brackets of probit
regressions on unsubscribing. The variables Targeted Reminder, Low Frequency, and Future
Benefit are dummy variables that are evaluated in comparison to their respective control
groups (controls are set to zero). Female and City are dummy variables. Months since last
donated and Amount last donated correspond to the last donation prior to the respective
experiment through any channel. Months on e-mail list is set at one month for everyone in
the first experiment. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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A lower frequency of messages reduces the unsubscription rate

In line with Prediction 4 from our model, the Low Frequency treatment reduces the

unsubscription rate from 0.49% to 0.30% (see Figure 4.4).23 That is a reduction of

39%. The probit regressions in Table 4.4 show that the announcement of the reduced

frequency has a significant effect on the unsubscription rate. Including all controls,

individuals in the Low Frequency treatment are 0.17-0.20 percentage points less likely

to unsubscribe than donors in the Control II treatment. The coefficient of the Future

Benefit treatment goes in the direction implied by the model, i.e., Prediction 3. We

find a marginally significant effect on the unsubscriptions compared to the Control II

treatment, but this effect is not robust to the inclusion of controls.

Surprisingly, the unsubscription rate is far lower than that in Experiment I. When

we compare the unsubscription rates of our experiments with the rates the charity

observed for some of their other campaigns, we find that Experiment I is at the up-

per range of unsubscription rates and Experiment II at the lower range. Appendix

Figure A1 shows the trend in the unsubscription rate over the past two years since

Experiment I. The rates have been constantly declining, with no visible difference

between donation request e-mails and other newsletters. Since the e-mails of Exper-

iment I were some of the first e-mails the donors received, individuals who dislike

newsletters may have reacted to that first e-mail and left the mailing list by the time

we ran Experiment II. Nevertheless, there is a constant stream of unsubscriptions

every time the charity sends out an e-mail, and these subscribers are not just the most

recent people joining the list (although being on the list for a longer time significantly

reduces the propensity to unsubscribe). The lower unsubscription rate in the second

experiment does not seem to be explained by a more difficult unsubscription process

in Experiment II due to the attached survey question. We note that the number of

donors who click on the unsubscription link (which was identical in the two experi-

ments) in Experiment II is 222, and 167 ultimately unsubscribe. While some people

seem to change their mind after clicking the link to unsubscribe, this cannot explain

the far lower unsubscription rate compared to Experiment I.

For Experiment II, we have information on the timing of the unsubscriptions (see

Appendix Figure A2). Most unsubscriptions happen as an immediate reaction to the

e-mail (within the first 3 days). There are no visible treatment differences between

the timing of the unsubscriptions. Around 70 percent of all unsubscriptions happen

on the day the e-mail is sent out.

23To measure the reaction to the reminder in a clean way, we only analyze behavior within the first
three days of receiving the solicitation. This is the time frame in which most unsubscriptions are carried
out, and it helps reduce the noise created by other reminders or motivations for unsubscribing such as
cleaning up the inbox after summer vacation. Ideally, we would like to measure the response immediately
after sending the message such that behavior (for some people) is not the result of several shocks to the
weight on warm-glow utility.
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Figure 4.4. Giving and unsubscription behavior in Experiment II

Notes: Panel A illustrates the rate of giving and unsubscribing. Panel B shows the cumulative distribution
function (CDF) of the amount donated conditional on giving. There are 94, 97, and 94 donors in the
Control II, Low Frequency, and Future Benefit treatments, respectively. The corresponding numbers of
unsubscribers are 71, 44, and 52, respectively. The differences in rate of giving are not significant. The
difference in unsubscription rates between Control II and Low Frequency is significant at 1% level (Pearson
Chi2(1) = 6.35 (p-value = 0.01), between Control II and Future Benefit at the 10% level (Pearson chi2(1) = 2.94
(p-value=0.09)), and between Low Frequency and Future Benefit are not significant (Pearson chi2(1)=0.67
(p-value 0.41)). The differences in distribution of amounts between the treatments are not significant using
a Mann-Whitney test (p-values > 0.48), nor do we find a significant difference in a two-sided two-sample
t-test or a Kolmogorov-Smirnov test.

The option value does not influence giving

In Table 4.3 we show that the treatments have no significant effect on the decision to

give, which is consistent with Prediction 5. When considering the average amount

donated, we find no significant effect of the treatments (see Appendix Table A1).

As in the first experiment, we find that most donations are made on the day the

e-mail is sent out or the following day (see Appendix Figure A2). This shows that

giving is either an immediate reaction to the solicitation or otherwise forgotten.

4.6 Structural estimation

Our reduced form results are consistent with all five predictions from our general

model (at least in terms of directional effects) and provide suggestive evidence of a

cost to potential donors for receiving reminders. To obtain a more precise estimate of

this cost and to conduct a welfare analysis, we next consider a more specific version

of our model which permits estimation of the structural parameters.

The version of our model considered in this section is given by v(gi t ) = log(1+gi t )

and c(gi t ) = gi t .24 We allow for individual specific heterogeneity through ai t , where

24 The assumptions of log warm-glow utility and a cost of giving proportional to the amount donated
are similar to those made in DellaVigna et al. (2012).
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εi t follows a truncated normal distribution with mean 0 and σ2 variance on the

interval [−M ; M ] with M arbitrarily large, implying that εi t effectively is normally

distributed. We also let pt = 1, meaning that the charity sends a message in every

period, and we let a period correspond to one month.25 To capture the lack of giving in

some periods in the data (see below), we set the probability of remembering without

being reminded to zero, i.e., θ = 0. Finally, the monthly discount rate is calibrated to

δ= 0.99835 which corresponds to an annual real interest rate of 2%.

Solving the model

For this version of our model, we have g∗
i t = argmaxgi t≥0(ai t log(1+ gi t )− gi t ), which

implies g∗
i t = ai t −1 for all ai t > 1 and g∗

i t = 0 otherwise. Hence, g∗
i t (ai t ) = max(0, ai t −

1) and ā = 1, meaning that people with a realization of ai t greater than one donate a

positive amount.

Given the donation rule, the unsubscription decision is derived from an optimal

stopping problem.26 Solving the optimal stopping problem is complicated by serial

correlation in the unobservable state variable ai t , continuity of our state variable,

and by the fact that the value function for the optimization problem depends non-

linearly on ai t and its future values. This implies that we cannot obtain a closed

form recursive expression for the unsubscription threshold at . Instead, the solution

is approximated using backwards induction, where conditional expectations are

evaluated by Monte Carlo integration. Here, we use a relatively large number of draws

S = 3,000,000 to accurately capture unsubscription and donation behavior, which

are given by extremely low and high realizations of ai t , respectively.

Data for structural estimation

We use data from the Control II treatment in Experiment II because the frequency of

messages was well-established by the time of Experiment II, and we fixed the beliefs

of the donors at the correct frequency. The data is further restricted to individuals for

whom historical donation data is available, giving a total of N = 12,470 individuals.

We observe donation behavior for T = 54 periods prior to the treatment period for

Experiment II and until two periods after the treatment period.

Our data contains individual level information about amounts donated and the

timing of giving. Figure 4.5 displays the share of people in our sample that gave a

25A monthly timing is natural for the following reasons: i) at the time of Experiment II, messages were
sent approximately monthly, ii) potential donors were informed of the monthly frequency in Experiment
II, and iii) we observe some donors donating monthly or approximately monthly but very rarely observe
more frequent donations. There are a few cases of donors making several donations on the same day. This
is likely to be caused by people purchasing multiple charity “items” through the charity’s website. We treat
these as one donation.

26Eckstein and Wolpin (1989), Aguirregabiria and Mira (2010), and Rust (1994) provide reviews of solu-
tion and estimation methods for dynamic stochastic discrete choice models including optimal stopping
problems.
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positive amount by each month, excluding donations made by Direct Debit and cash

donations.27 All past Direct Debit donations are excluded to ensure comparability

across time as our experimental sample does not include people with a Direct Debit

at the time of the experiment. We observe large spikes in giving in December every

year, which most likely capture additional giving due to Christmas and the end of the

tax year. In addition, we observed spikes around the 2011 famine in East Africa and

the 2015 earthquake in Nepal. 28 Figure 4.5 also shows the time series for the average

amount donated conditional on donating.

Figure 4.5. Donation behavior over time

Notes: Based on Experiment II sample. The figure excludes payments made using Direct Debit or cash.

Estimation methodology

To present our estimation approach let γ′
1 = (µ,σ,ρ) and γ2 =Λ with γ = (γ′

1,γ2)′.
This decomposition of our structural parameters is adopted because γ1 contains pa-

rameters in the process for the weight on warm-glow that can be identified solely from

historical donation data independently of the donor’s planning horizon T , whereas

27Cash donations for example from street solicitations or door-to-door fundraisers are not linked to
donors in the database and hence cannot be included in the analysis.

28The spikes in giving might suggest that there are common shocks to ai t in those time periods. We note
that these shocks appear transitory. As a robustness check we exclude months with spikes in donations in
Appendix Table A2. Not surprisingly our estimates of µ and σ are lower for the reduced sample as there is
less giving on average over in the reduced sample. Our estimate of ρ is rather stable while the estimate
of Λ is significantly reduced because by removing the peak events we are also implicitly assuming that
people will remember to give in peak periods without being reminded. That may not be the case and in
fact being reminded to give at peek events may be an important argument for donors to stay subscribed.
The qualitative conclusions of the welfare analysis remain the same although the magnitudes of the effects
are lower for the reduced sample.
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the annoyance cost in γ2 must be identified from unsubscription data and therefore

depends on the planning horizon. To facilitate comparisons of γ2 for different plan-

ning horizons and hence interpretation of γ2, we first estimate γ1 using historical

data prior to the treatment period, and then identify γ2 from the unsubscription

behavior in the treatment period given our estimate of γ1.

Step 1: Estimation of γ1

Estimation of γ1 is complicated by the fact that ai t is unobserved, and we therefore

use the method of simulated moments (MSM) following McFadden (1989).

The considered moments are: i) the probability of not giving P (gi t = 0), ii) the

probability of giving 100 DKK or less P (0 < gi t ≤ 100), iii) the probability of giving be-

tween 100 DKK and 200 DKK P (100 < gi t ≤ 200), iv) the probability of giving between

200 DKK and 400 DKK P (200 < gi t ≤ 400), v) the probability of giving between 400

DKK and 600 DKK P (400 < gi t ≤ 600), vi) a measure of the auto-covariance in giving

E(gi t gi t−1).29 Our last moment is required to identify the persistence ρ in the pro-

cess for ai t . These six empirical moments are stored in m1(gi t ). The corresponding

model moments E [m1(γ1)] are computed by simulating donation data for T periods

across π1N individuals, where π1 = 20 is the scaling factor controlling the number of

simulations.

The estimation is carried out using the standard procedure where the weighting

matrix W = di ag (S−1
mean) is used in a preliminary step to obtain γ̃1 with Smean de-

noting the variance of 1
NT

∑N
i=1

∑T
t=1 m1(gi t ) when re-centered around their sample

means. Our final estimate γ̂1 is then obtained using the optimal weighting matrix

Ŵ = (S̃)−1, where S̃ denotes the variance of the moments when re-centered around

E [m1(γ̃1)]. In both cases the variances are obtained by the Newey-West estimator

using 12 lags. As shown by McFadden (1989), γ̂1 is asymptotically normal for N →∞
with �V ar

[
γ̂1

]= 1
N T

(
1+ 1

π1

)(
Ĝ ′Ŵ Ĝ

)−1
, where Ĝ = 1

π1NT

∑T
t=1

∑π1N
s=1

∂m(γ̂1,gs )
∂γ′

1
.

Step 2: Estimation of γ2

To estimate γ2 we condition on γ̂1, impute starting values for ai t from the uncon-

ditional distribution, and determine γ̂2 using MSM with the unsubscription rate

P (ui = 1) serving as our only moment. Our setting is therefore just identified, making

the weighting matrix redundant. We let m2(ui ) denote the empirical moment and

E [m2(γ1, γ̂1)] the model-implied moment. The latter is computed using Monte Carlo

integration as described above.

This estimator of γ2 is also asymptotically normal, but its asymptotic variance is

complicated by the estimation of γ̂1 in the first step. Using the standard procedure to

29To avoid perfect linearity between the chosen moments and hence insure full rank of the Jacobian
∂m1
∂γ1

, we do not include the probability of giving more than 600 DKK P (gi t > 600) in the matched moments.
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account for such nuisance parameters, it follows that the asymptotic variance of γ2

may be estimated by30

V ar
[
γ̂2

]= 1

N

(
1+ 1

π2

)
(Â)−1V ar

[
f (γ̂2,ui ; γ̂1)

]
(Â)−1 + (Â)−1F̂ V ar

[
γ̂1

]
F̂ ′(Â)−1

(4.2)

where π2 is a scaling factor controlling the number of simulations in the second es-

timation step. Here Â ≡ 1
π2N

∑π2N
s=1

∂m(γ̂2,us ;γ̂1)
∂γ1

, F̂ ≡ 1
π2N

∑π2N
s=1

∂m(γ̂2,us ;γ̂1)
∂γ′

1
, and the ex-

pression �V ar
[

f (γ̂2,ui ; γ̂1)
]

denotes the variance of 1
N

∑N
i=1 m2(ui ) when re-centered

around E [m2(γ̂2; γ̂1)]. The first term of Equation (4.2) represents the standard vari-

ance from MSM, whereas the second term accounts for estimation uncertainty about

γ̂1 from our first step.

Structural estimates

Table 4.5 shows that our model matches the low propensity to give in the empirical

data and the empirical distribution of giving in different ranges quite well. However,

we underestimate the probability of giving between 100 DKK and 200 DKK (0.0040 in

the data vs. 0.0029 based on the model), and we overestimate the autocovariance in

the data (35.9 in the data vs. 40.9 implied by our model).

The unconditional mean of ai t is estimated to µ = −1,274 and the standard

deviation σ to 704. The low mean captures the fact that on average across the pre-

treatment period 98.79% of individuals did not donate in any given month. Hence,

a large share of the distribution of a is below the donation threshold ā. At the same

time the distribution of a must capture the tendency that people most frequently

give between 100 and 200 DKK conditional on donating. We note that the model

implies that potential donors get zero donation utility if they do not give a strictly

positive amount. Hence, a negative value of a does not translate into negative utility.

We estimate the persistence in the process for a to ρ = 0.22, suggesting that the

warm-glow parameter in the previous period has a modest but statistically significant

positive effect on current period warm-glow.

The estimate of the annoyance costΛ depends on the planning horizon T of the

donors. When T = 12, donors have a one year horizon, and we estimate the annoyance

cost to 12.95 DKK (' $1.95). This is quite similar in magnitude to the social pressure

cost estimated in DellaVigna et al. (2012). The average hourly wage in Denmark was

DKK 243 in 2012 (Danmarks Statistik, 2013) meaning that the annoyance cost equals

about 5% of the average hourly wage.

Figure 4.6 illustrates how the estimated annoyance cost varies with the planning

horizon T . The estimates increase sharply until T ' 10 after which it stabilizes at

about 14 DKK. This suggests that there is little difference in the estimates for planning

horizons beyond a year (T = 12).

30The derivations are deferred to the Appendix G.
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Table 4.5. Structural estimates

Estimated parameters

Model parameters

Mean weight on warm-glow, µ
-1,274.48
(19.211)

Auto correlation in warm-glow, ρ
0.22

( 0.001)

Std.dev. of warm-glow error term, σ
704.49

(19.211)
Annoyance cost,Λ, when T = 12 12.95

(0.805)

Model moments Empirical moments
Step 1:
P (gi t = 0) 0.9885 0.9879
P (0 < gi t ≤ 100) 0.0036 0.0031
P (100 < gi t ≤ 200) 0.0026 0.0040
P (200 < gi t ≤ 400) 0.0030 0.0029
P (400 < gi t ≤ 600) 0.0014 0.0012
E(gi t gi t−1) 40.930 35.906
N 249,380a 12,469
T 54 54

Step 2:
P (ui = 1) 0.0050 0.0050
N 3,000,000a 12,469

Notes: The upper part of the table reports estimated parameters with standard errors in
brackets. The bottom part of the table reports model-implied and empirical moments.
Empirical moments are calculated for individuals in Control II for whom data on donation
history is available. Model-implied moments are calculated from simulated data. a) reports
the total number of simulations, i.e., Nπ.

Intuitively, the positive relationship between the planning horizon and the es-

timated annoyance cost can be explained as follows. If the potential donor has a

very short planning horizon (i.e. T small), the option value of subscribing is small,

because there are few future periods in which he could get a high realization of ai t

and hence be generous enough to give. Hence, the potential donor will be relatively

more likely to unsubscribe, and a relatively low annoyance costΛ is needed to explain

the unsubscription rate in our data. On the other hand, if the potential donor has a

long planning horizon, the option value of subscribing is larger because there are

more periods in which the individual can potentially get a high enough realization of

ai t to make a donation. In this case a relatively high value ofΛ is needed to explain

the empirical unsubscription rate.

Further intuition for the dynamic mechanisms in the model can be obtained by

considering the effect of changes in ρ, the persistence in the process for a. If ρ = 0,

then the weight on warm-glow is determined only by random shocks and current

generosity has no impact on future generosity. This is similar to the setting in typical
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Figure 4.6. Estimated annoyance costΛ as a function of the planning horizon T

Notes: The solid line shows estimates of the annoyance costΛ in DKK for different planning horizons T .
The shaded area illustrates the 95% confidence interval for the point estimates.

static models of giving. In contrast when ρ is large, the weight on warm-glow is highly

persistent implying that people experience long periods of high generosity and long

periods of low generosity. When ρ is larger than the estimated value of ρ = 0.22, the

option value of subscribing is smaller for most people, because it is less likely that

individuals with an initially low weight on warm-glow utility will want to donate in

a future period. As a result people with a low realization of a will be more likely to

unsubscribe and the estimated annoyance cost that can rationalize the observed

unsubscription rate is lower than in our benchmark case (see Appendix Figure A3). In

addition, the estimated annoyance cost rises less sharply with the planning horizon

because a additional month on the list has less influence on the possibility of experi-

encing a high realization of a. Similar arguments but with opposite sign can be made

if ρ is lower than the estimated value. At our estimated value of ρ = 0.22 differences in

a are relatively short-lived and it is not surprising that unsubscribers and subscribers

are relatively similar in terms of donation behavior prior to the treatment period (see

Figure 4.7).

Figure 4.7. Unconditional average amount donated by month in Experiment II

Note: Based on Experiment II sample and including only individuals for whom we have donation history.
The figure excludes payments made using Direct Debit or cash.
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4.7 Welfare implications of reminders

This section conducts a welfare analysis to quantify the relative size of the costs and

benefits of reminders. Using the structural estimates of the model provided in Section

4.6, we calculate the welfare effect of an average regular e-mail reminding people to

donate, i.e., in an institutional setting as that of Experiment II.

Potential donors either give or do not give depending on their realization of

ai t when they receive the reminder. Donors with ai t < 1 do not give and have a

negative utility because they incur the annoyance cost Λ without the warm-glow

from giving. Donors with ai t > 1 give and receive warm-glow utility, but they also

incur the annoyance cost. Conditional on giving in response to the message, the

welfare of the donor is 1,191 DKK on average when accounting for the hidden costs

of nudging (see Table 4.6). For individuals who do not give, the welfare is equal our

estimate of the annoyance costs, −12.95 DKK. On average 1.2% of donors give in a

given month, implying that when accounting for the hidden costs of nudging, the

average welfare effect for recipients is positive and equals 1.50 DKK.

We note that if the welfare effect on average had been negative, the average

potential donor should want to unsubscribe and we should have observed a much

higher unsubscription rate in the empirical data. This also implies that the option

to unsubscribe lessens the negative welfare effects for potential donors because

individuals can unsubscribe to avoid expected negative future utility from being

subscribed. This is similar to the effect of the opt-out possibility in DellaVigna et al.

(2012).

Our results also suggest that by not accounting for the hidden costs of nudging,

the welfare effect would be overestimated by a factor of almost ten. In addition, one

would overlook that the positive welfare effect for people who are nudged to donate

comes at the cost of a welfare loss to the vast majority of people contacted who are

nudged but nevertheless prefer not to donate.

For the charity there is a positive immediate effect of sending an e-mail which is

equivalent to the amount raised. On average the charity raises 3.07 DKK per contacted

individual. In addition, when we take the hidden costs of nudging into account,

there is a long-term cost of lost future donations from unsubscribers. In our setting,

unsubscribing is an absorbing state, i.e., once people have unsubscribed they cannot

rejoin the list with the same e-mail address. We therefore assume that the charity

looses all donations for the remaining lifetime of the unsubscribers. Since the negative

effect of unsubscribing for the charity occurs over future periods, the long-term

effects depends on the charity’s discount rate. It is not obvious what the appropriate

discount rate for the charity is. The currently low interest rates would be suggestive

of a low discount rate but the appropriate discount rate for the charity could be

higher for example if the charity is liquidity constrained and wants to raise money

for emergency relief, e.g. in response to an earthquake or a tsunami. We therefore
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Table 4.6. Welfare effect of an average fundraising e-mail

Accounting for Not accounting for
the hidden costs the hidden costs

Potential donors
Welfare conditional on giving 1,191.02 1,203.97
Percentage of potential donors who give (%) 1.2 1.2
Welfare conditional on not giving -12.95 0
Average welfare effect per contacted individual 1.50 14.45

Charity
Charity discount rate (%) 2% 10% 20% -
Immediate effect: Money raised per potential donor 3.07 3.07 3.07 3.07
Long-term effect: Money lost per potential donor 5.27 1.75 0.91 0
Net fundraiser effect per contacted individual -2.19 1.33 2.16 3.07

Notes: Figures are in DKK unless otherwise stated. Welfare, percentage giving, immediate, and long-term
effects are calculated given the estimated parameters. Long-term effects for the charity are assumed to last
576 months (given that donors in the sample are 38 years old and have a life expectancy of 86 years).

show the long-term and net effects for the charity for annual discount rates of 2%,

10%, and 20%. The net effect for the charity may be negative if the charity is patient

and only discounts future losses with a low annual discount rate. For example, with

a discount rate of 2% the net effect for the charity is −2.19 DKK per potential donor

contacted by the charity. If the charity discounts the long-term losses at a higher

rate such as 10% or 20%, the net effect for the charity per contacted individual is

positive. The extend to which not accounting for the hidden costs of nudging leads

to overestimation of the net fundraiser effect therefore depends on the appropriate

discount rate. With a discount factor of 10%, the net fundraiser effect per contacted

individual is overestimated by a factor of more than two if the charity does not

account for the hidden costs.

Overall, our results suggest that the positive average welfare effect for potential

donors may be outweighed by negative net effects for the charity if future long-term

losses for the charity are discounted at a low rate. Hence, the money raised by the

charity must be used very efficiently to generate positive welfare effects.31

An important caveat to our analysis is that our estimates do not account for

wider effects which may be either positive or negative. For example, there may be a

substitution effect implying that unsubscribers do not donate less after unsubscribing

because they substitute donations to another charity. This would imply a positive

welfare effect not accounted for in our calculations. However, complementary effects

might also arise where potential donors start paying less attention to the content

of messages and reminders in general when they receive more of them. This could

31This could be achieved if we make the assumption that a dollar given to a poor person in a developing
country or invested in necessary infrastructure creates larger welfare effects than the welfare the same
dollar could have created in the pocket of a potential donor (Singer, 2009).
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have negative welfare consequences as it would also reduce the positive effect of

reminders sent by other organizations.

An additional caveat is that the estimates of the long-term effect of unsubscrip-

tions is based on the assumption that people forget to donate unless they are re-

minded. However, in our field setting the charity communicates with potential donors

through several communication channels and unsubscribing only means that donors

switch off one communication channel, namely e-mails. Hence, it is possible that

unsubscribers will be reminded to donate even after they have unsubscribed.

For the sample in Experiment I we have access to donation data including amount

and time of giving for a reasonably long period before and after the treatment period.

This makes it possible to asses whether unsubscribing reduces giving and whether

unsubscribers are valuable donors. As illustrated by the time series in Figure 4.8

and as predicted by our model, unsubscribers appear to be relatively more marginal

donors in terms of giving than subscribers both before and after the treatment month.

It should be noted that the donation data for Experiment I includes some regular do-

nation e.g. monthly donations made via the electricity bill whereas the donation data

for Experiment II in the structural estimation and Figure 4.7 does not include regular

donations. This may explain the more persistent differences between subscribers and

unsubscribers in Figure 4.8 than in Figure 4.7. The difference-in-difference analysis

in Table 4.7 confirms that unsubscribers are more marginal donors, and the uncondi-

tional average amount given per month is smaller for unsubscribers than subscribers

in both the pre- and post-treatment period. However, the differences in the amounts

donated are not statistically significant.

The likelihood of donating decreases for both subscribers and unsubscribers from

the pre-treatment period to the post-treatment period, and this result appears to be

largely driven by a drop in donations around Christmas (Figure 4.8). The decrease in

Christmas giving appears larger for the unsubscribers than for the subscribers, and

overall we find a larger drop in the propensity to give and the unconditional amount

given for unsubscribers than for subscribers (Table 4.7).32 However, the differences

are not statistically significant and thus suggests that the long-term effects might be

small when people can be contracted through other communication channels.

However, we note that there may be a couple of reasons why the difference-in-

difference estimates are insignificant. First, a relatively small share of our sample

are unsubscribers, and this reduces the power of our test. Second, the e-mails in

the first experiment were among the first e-mails that individuals in our sample got

from the charity and hence represent one of the first opportunities to unsubscribe.

The treatment period may therefore only work as a rather “fuzzy” treatment period

in terms of unsubscriptions because some unsubscribers might have unsubscribed

32Unsubscribers in the the Targeted Reminder and Control I treatments are not different in their
likelihood of giving in any period (results available on request). Hence, we do not have evidence to
suggest that unsubscribers in the Targeted Reminder treatment are more or less marginal on average than
unsubscribers to the first e-mail.
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before the treatment period if they had the possibility to do so.

Figure 4.8. Share donating per month by unsubsciption behavior in Experiment I

Note: Based on Experiment I sample and including only individuals for whom we have donation history
(14,995 subscribers and 458 unsubscribers, i.e., 93.1% of the sample). Data excludes donations made in
cash.

Table 4.7. Analysis of propensity to give and unconditional amount donated

Subscribers Unsubscribers DIDa DID
(1) (2) (1)-(2) with controlsa,b

Propensity to give per month
Pre-period 0.024 0.016 -0.008*

(0.086) (0.021) (0.004)
Post-period 0.018 0.007 -0.011**

(0.098) (0.042) 0.004
Change in propensity to give -0.006*** -0.009*** -0.003 -0.006

(0.001) (0.002) (0.006) (0.011)

Unconditional amount given DKK/month
Pre-period 7.78 6.71 -1.07

(0.24) (0.93) (1.44)
Post-period 5.15 3.46 -1.69

(0.27) (1.80) (1.44)
Change in mean amount given -2.63*** -3.25 -0.62 -1.39

(0.35) (2.02) (2.04) (3.82)

Notes: The table reports means and standard errors (in brackets). Includes Experiment I sample only
and only the 93.1% percent of the sample we have donation history for. Data covers the periods 1 Jan
2011 - 31 Mar 2015. The treatment period was Jun 2013. a means and standard errors are estimated
by linear regression with data collapsed into one pre-treatment and one post-treatment period. We
use one pre- and one post-treatment period to address concerns about reliable estimation of standard
errors as discussed by Bertrand, Duflo, and Mullainathan (2004). b the regression includes the following
controls: age, female dummy, number of months since last donation, and amount donated last time. *
p < 0.10, ** p < 0.05, *** p < 0.01.

The time-series in Figure 4.8 also highlights that there is considerable variation

in the donation rate across periods. This has important policy implications, as the
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welfare of potential donors on average will be smaller than the estimates provided

in Table 4.6 in periods with below average donation rates and higher in periods with

above average donation rates. Hence, one remedy to reduce annoyance costs and

unsubcriptions could be to target reminders to periods and fundraising campaigns

expected to have above average response rates.

Similarly, rather than sending e-mails to every donor, the charity could provide

donors with an opportunity to self-select into the reminder. This could however lead

to very low sign-up rates due to inertia. So a default enrollment is preferred (Thaler

and Sunstein, 2003). As is common in fundraising, our sample of individuals had

consented to the charity storing their e-mail address when they made a donation. A

better solution than an opt-in could be to allow individuals to adjust the frequency of

the newsletter. As donations spike around Christmas and New Year, some individuals

might only want to be reminded around Christmas to give. Alternatively, the charity

could use the available giving data of the donors to predict when certain individuals

are most likely to give and send targeted reminders at those points in time.33 The

availability of more detailed data through an increase in online giving could make

this a feasible strategy for charities and organizations in the near future. On the other

hand, natural catastrophes or crises do not follow a predicable pattern. A large crisis

such as a hurricane could create an external shock to a person’s ai t , which would

make him willing to make a donation at another time of the year than what would

be predicted by past donation behavior. Nevertheless, a more precisely targeted

approach to fundraising would help balance the social welfare costs.34

4.8 Conclusion

This paper documents the hidden costs of nudging in the context of reminders to

subscribers on a charity’s mailing list. Our results show that reminders increase the

number of donations and at the same time increase the number of unsubscriptions

from the mailing list. We explore the reasons for unsubscribing in a theoretical model

which we then test in a second field experiment. Based on data from the second

experiment, we also structurally estimate the annoyance costs and the utility of

giving. Finally, we conduct a welfare analysis from the perspective of the subscribers

and for the charity. We find that the annoyance cost of a reminder to subscribers is

about 12.95 DKK each month, and on average the welfare of a reminder to subscribers

33Allcott and Kessler (2015) have a similar discussion for the opt-in into Home Energy Reports (HERs)
and for sending targeted reports based on the customers willingness to pay for HERs.

34The literature on optimal catalog mailings (among others Simester, Sun, and Tsitsiklis (2006); Gönül
and Shi (1998); Gönül and Hofstede (2006)) has also advocated that companies should take long run
implications into account. Papers in this tradition argue that companies might be able to increase profits
by incurring the immediate cost of mailing a catalog to recipients who are not expected to make a purchase
in the short term because some recipients can be expected to purchase in the longer term. However, our
argument is that one might then overlook the long run annoyance costs to the recipient which leads to
loss of consumer base for the advertiser.
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is very small (1.50 DKK). Failing to consider the hidden costs of nudging in a standard

welfare analysis leads to an overestimation of the welfare effect by a factor of ten.

Furthermore, when accounting for the long-term effects of unsubscriptions on giving,

the net effect for the charity of sending a reminder is just 1.33 DKK with a discount

rate of 10% and is negative for discount rates of 2%.

The model we develop and test experimentally in this paper could be extended

to other settings were reminders are used to tackle inattention or procrastination.

Instead of warm-glow from donating, the benefits could be improved health, savings,

or academic outcomes. It is easy to see that the higher the personal benefit of the

reminder and the smaller the cost of the prompted action, the larger the utility from

the reminder, irrespective of the potential annoyance costs. However, high frequency

or very pushy reminders create a welfare diminishing cost even in these settings.

Concluding, we recommend that the literature on nudging policies continues

to include more critical evaluations of policies by pricing in the psychological costs

of the nudge and unintended behavioral reactions and include them in the welfare

calculations for all affected parties.
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4.10 Appendix A: Additional figures and tables

Table A1. Amount donated unconditionally in Experiment I and II

Experiment I Experiment II

(1) (2) (3) (4)

Targeted Reminder 0.42196 0.61872
(0.31184) (0.69962)

Low Frequency -0.24689 -0.37584
(0.25171) (0.28892)

Future Benefit -0.26455 -0.31816
(0.25335) (0.30103)

Female 0.38122 0.39175∗
(0.88231) (0.23077)

Age 0.04882∗ 0.08134∗∗∗
(0.02570) (0.01078)

City -0.01183 0.70983∗∗∗
(0.59964) (0.24663)

Months since last donated -0.04957∗∗∗ -0.01337∗
(0.01594) (0.00753)

Amount last donated 0.00099 0.00098∗∗
(0.00105) (0.00041)

Months on e-mail list -0.09101∗∗∗
(0.03329)

Constant 0.62701∗∗∗ -0.09647 1.37191∗∗∗ 0.47054
(0.20449) (1.29571) (0.21369) (0.82847)

Observations 17391 6448 43489 27053
R2 0.00 0.00 0.00 0.01

Notes: The table shows OLS regressions on the amount donated unconditional on donating with
standard errors in parentheses. Targeted Reminder, Low Frequency, and Future Benefit are dummy
variables that are evaluated in comparison to their respective control groups. Female and City are
dummy variables. Months since last donated and Amount last donated correspond to the last donation
prior to the respective experiment through any channel. Months on e-mail list is set at one month for
everyone in the first experiment. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure A1. Unsubscription rates over time

Notes: The percentage of potential donors who clicked on the unsubscrip-

tion link in a random selection of previous e-mails.

Figure A2. Timing of giving and unsubscriptions in Experiment II

Notes: The figure shows the number of donations and unsubscriptions made on each day in the
Control II, the Low Frequency, and the Future Benefit treatments. The e-mail was sent on July 9th for
all three groups.
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Figure A3. Annoyance cost estimates as a function of the planning horizon T for different
values of ρ

Notes: The lines show estimates of the annoyance cost Λ in DKK for different planning horizons T and
different values of ρ.
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Table A2. Robustness of structural estimates

Benchmark model Without peak months

Parameters Parameters

Model parameters

Mean weight on warm-glow, µ
-1,274.48 -1,092.60
(19.211) (16.969)

Auto correlation in warm-glow, ρ
0.22 0.28

( 0.001) (0.002)

Std.dev. of warm-glow error term, σ
704.49 568.02

(19.211) (16.969)
Annoyance cost,Λ, when T = 12 12.95 4.18

(0.805) (0.250)

With Without With Without
hidden costs hidden costs hidden costs hidden costs

Average welfare effectb 1.50 14.45 0.94 5.12
Net fundraiser effectb -2.19 3.07 -0.78 1.06
(2% discount rate)

Moments Model Empirical Model Empirical
Step 1:
P (gi t = 0) 0.9885 0.9879 0.9947 0.9944
P (0 < gi t ≤ 100) 0.0036 0.0031 0.0021 0.0021
P (100 < gi t ≤ 200) 0.0026 0.0040 0.0013 0.0016
P (200 < gi t ≤ 400) 0.0030 0.0029 0.0013 0.0011
P (400 < gi t ≤ 600) 0.0014 0.0012 0.0004 0.0004
E(gi t gi t−1) 40.930 35.906 9.297 6.770
N 249,380a 12,469 249,380a 12469
T 54 54 46 46

Step 2:
P (ui = 1) 0.0050 0.0050 0.0050 0.0050
N 3,000,000a 12,469 3,000,000a 12,469

Notes: The upper part of the table reports estimated parameters with standard errors in
brackets. The bottom part of the table reports model-implied and empirical moments.
Empirical moments are calculated for individuals in Control II for whom data on donation
history is available. Model-implied moments are calculated from simulated data. a) reports
the total number of simulations, i.e., Nπ. b) per contacted individual. The benchmark model
is estimated on the full panel of data. The model without peak months is estimated on data
excluding the following months where the unconditional mean amount donated was greater
than 10 DKK: 2011m7, 2011m8, 2011m12, 2012m12, 2013m11, 2013m12, 2014m12, and
2015m4.
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4.11 Appendix B: Reasons for unsubscribing

From the landing page for unsubscribers in Experiment II, we gather some indica-

tive information on why individuals unsubscribe from the mailing list. Figure B1

provides information on reasons for unsubscribing and shows answers given on

the unsubscription page for the three treatments combined.35 The most common

reason for unsubscribing is that recipients do not want to give to the charity anymore,

followed by a dislike of being asked directly for a donation and “Other” reasons.36 The

third most frequently chosen reason is that DCA sends out too many e-mails. Clearly

we observe self-selection into answering the questions as a result of unsubscribing.

Less people unsubscribed in the Low Frequency treatment, which means that we

observe a smaller group of unsubscribers, who answer this question. Therefore, we

cannot make any causal inference from the data, but just use it as a glimpse into why

individuals unsubscribe from the mailing list. In section 4.12 we compare the reasons

given in Experiment II to those given in the next solicitation e-mail.

Figure B1. Reasons for unsubscribing in Experiment II

Notes: The figure shows the percentage of each reason given for unsubscribing when combining the
three treatments.

35We pooled the answers, as there are no significant differences between the treatment regarding the
reasons for unsubscribing.

36Since it was technically impossible to randomize the answer possibilities, the first reason might be
slightly overstated due to order effects.
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4.12 Appendix C: Medium term effects of Experiment II

Four weeks after we ran Experiment II, on the 14th of August 2015, we sent out the

announced matching opportunity to all individuals who had been part of Experiment

II, except those who had unsubscribed. This mailing had been announced to the

individuals in the Future Benefit treatment, but to the other two treatment groups it

came as a surprise but followed the pattern of monthly e-mails. This e-mail took the

upcoming school start in Denmark as a reason to ask subscribers for a donation of a

school bench worth 200 DKK to some of the world’s poorest children. For one week,

until the 20th of August, we added a matching gift consisting of a school meal (worth

20 DKK) to a poor child for everyone that donated 200 DKK during that period. The

second e-mail had the subject line “School start”. Due to the uneven unsubscriptions

from all three groups and the expectations formed by the Future Benefit group about

the content of this e-mail, we have possible self-selection into opening the new

mailing. The following results thus have to be interpreted with the selection effect in

mind. They nevertheless give an insight into medium term effects of the experimental

treatments on subsequent behavior.

While the response rate in terms of the number of donations is lower than in

Experiment II, the average donation conditionally on donating is higher. Forty-eight

individuals donated within three days in response to the mailing (see Table C1). That

is 0.14 percent of the total group. Conditionally on donating the average amount

donated is 258 DKK which is higher than in Experiment II. The differences are likely

due to the solicitations being for different public goods (a food waste shop in Den-

mark vs. school benches for poor children) and due to a higher focal amount (in

Experiment II this was 100 DKK, and in the subsequent mailing it was 200 DKK). The

unsubscription rate is 0.66 percent and hence slightly higher than in Experiment II.

Table C1. Follow-up mailing: Results statistics

All Control II Low Frequency Future Benefit

Responses in (%)

Percentage who gave
0.12 0.12 0.10 0.10

(3.41) (3.52) (3.21) (3.21)

Percentage who unsubscribed
0.60 0.48 0.62 0.67

(7.66) (6.92) (7.84) (8.14)
Observations
Full sample 43,292 14,450 14,428 14,414
Number who gave 48 18 15 15
Number of unsubscribers 259 70 90 97

Notes: The table provides means and standard deviations (in brackets). The response rates are
given in percent. The table also provides information about the total number of observations
in each sample and the total number of donations.

Mostly, we are interested in whether the treatments in Experiment II had any
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effects on the response to the mailing four weeks later. Out of the 259 receivers

that unsubscribed after receiving the mailing, 70 are in the Control II group, 97 in

the Future Benefit group, and 90 in the Low Frequency group. Chi2 tests on the

differences reveal that significantly more people from the Future Benefit treatment

than the Control II group unsubscribed in response to the subsequent mailing (Chi2,

p-value=0.04). The other differences in unsubscription rates are not significant.37 This

result could be due to a higher self-selection into reading the e-mail for individuals

in the Future Benefit group, as the matching opportunity was announced in their

e-mail in Experiment II. A second explanation could be a disappointment because

the offered match and the cause do not meet expectations created in the treatment

e-mail. In order to understand which explanation is more likely, we look at the stated

reasons for unsubscribing.

Figure C1. Reasons for unsubscribing in first solicitation after Experiment II

Notes: The figure shows the percentage of each reason given for unsubscribing when combining the
three treatments.

We do not see a difference in the distribution of reasons for unsubscribing be-

tween the Future Benefit and the other two treatments. This lends credibility to

the explanation that rather than being disappointed more individuals in the Future

Benefit group took the time to open the e-mail and formally unsubscribe instead of

just deleting it without opening it. In the “Other” comments we do not observe any

reference to the matching possibility or any form of potential disappointment with

the offer. We display the pooled distribution in Figure C1. Overall, it is interesting to

note that again “Dislike being asked” was selected more often than “Too many DCA

37The p-value for a Chi2 test of differences in the unsubscription rate for the two treatments is 0.61,
and the p-value for a test for difference in unsubscription rates in the Low Frequency and Control II group
is 0.11.
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e-mails”. This difference actually seems understated as among the “Other” responses

several were along the lines “I decide myself, when I want to give” or “I give when

I can, but not when you ask”. Thus, our results from both solicitations support the

“avoiding the ask” theory (Dana et al., 2007; Andreoni et al., 2011; DellaVigna et al.,

2012; Knutsson et al., 2013), but should be interpreted with caution because of the

self-selection.

We do not observe a higher rate of giving for the Future Benefit group, which

could have been expected as a result of more people opening the e-mail. Eighteen

individuals of the control group, 15 of the Future Benefit, and 15 of the Low Frequency

treatment donated in this mailing. Four individuals donated both in Experiment II

and in the subsequent campaign, and they are divided across all the treatments

(1/2/1). Since the treatments in Experiment II had no effect on the number on do-

nations in the experiment, we did not expect a substitution effect in the subsequent

mailing. From the response rate, it is obvious without formal testing that announcing

the match in the treatment e-mail did not have a significant positive effect on subse-

quent giving. Because of the already mentioned self-selection issue, we will not go

further in our interpretation of the results.



162 CHAPTER 4. THE HIDDEN COSTS OF NUDGING

4.13 Appendix D: Multiple Hypothesis Testing Robustness Check

Recently the concern about false positives due to multiple hypothesis testing has

increased in the experimental economics literature (Anderson, 2008; Fink, McConnell,

and Vollmer, 2011). List et al. (2016) present a number of correction mechanisms

to control for the statistical inference problem.38 In our main analysis, we have two

outcomes variables, ’Donated’ and ’Unsubscribed’. In Experiment I, we have one

treatment group, and in Experiment II we have two treatment groups, each of which

are tested against the appropriate control group.

Table D2. Multiple Hypothesis Testing Robustness Check

Outcome Control/Treatment DI p-values

Unadj. Multiplicity Adj.
Remark 3.1 Thm. 3.1 Bonf. Holm

(4) (5) (6) (7)

Unsubscribed Control I vs. Targeted Reminder 0.0152 0.0003*** 0.0003*** 0.0007*** 0.0007***
Unsubscribed Control II vs. Low Frequency 0.0019 0.0137** 0.0483** 0.0483** 0.0547*
Unsubscribed Control II vs. Future Benefit 0.0013 0.0873* 0.2273 0.2273 0.3493
Donated Control I vs. Targeted Reminder 0.0018 0.0607* 0.0607* 0.1213 0.0607*
Donated Control II vs. Low Frequency 0.0002 0.8187 0.9670 0.9670 1
Donated Control II vs. Future Benefit 0.0000 0.9960 0.9960 0.9960 1

Notes: DI reports the “difference in means”. Estimations are based on the procedure in List et al. (2016).
Column 4 displays a (multiplicity-unadjusted) p-value computed using Remark 3.1; column 5 displays
a (multiplicity-adjusted) p-value computed using Theorem 3.1. Column 6 displays a (multiplicity-
adjusted) p-value obtained by applying a Bonferroni adjustment to the p-values in column 4; column
7 displays a (multiplicity-adjusted) p-value obtained by applying a Holm adjustment to the p-values
in column 4. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table C2 shows the unadjusted (column 4) and multiplicity adjusted (columns

5-7) p-values for our main regressions. Our main findings, i) the significant reduction

in unsubscription rate in the Targeted Reminder treatment compared to Control I,

and ii) the significant reduction in unsubscription rate in the Low Frequency treat-

ment compared to Control II, hold in all specifications in Table C2. The marginally

significant reduction in the unsubscription rate in the Future Benefit treatment turns

insignificant when we add multiplicity adjustments. The positive effect of the Tar-

geted Reminder on the donation rate remains statistically significant at the 10%

level in all specifications, except in the Bonferroni adjustment. As expected, the ef-

fects on the donation rate in the Low Frequency and Future Benefit treatments stay

insignificant.

38For details on the estimation procedure, please see List et al. (2016).
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4.14 Appendix E: Mathematical appendix to Section 4.2

Proof of Lemma 1

Lemma 1. Conditional on remembering, the optimal donation decision g∗(at ) is

weakly increasing in at and has the threshold property: (i) g∗(at ) = 0 for at ≤ ā ≡ c ′(0)
v ′(0) ;

and (ii) g∗(at ) > 0 for at > ā.

Proof. Conditional on remembering at time t , the optimal donation choice g t is

given by

g∗
t = argmax

g t≥0
d(g t , at ) = argmax

g≥0
(at v(g t )− c(g t ))

The Kuhn-Tucker first-order conditions for this problem are

∂d(g t , at )

∂g t
= at v ′(g t )− c ′(g t ) ≤ 0 (4.3)

g t
∂d(g t , at )

∂g t
= 0 (4.4)

Suppose that there is an interior solution i.e. g∗
t > 0, then by condition (4.4),

condition (4.3) must be satisfied with equality, i.e. at v ′(g t )− c ′(g t ) = 0 ⇔ at = c ′(g t )
v ′(g t ) .

The second-order condition for the interior solution is d ′′
g g (g t , at ) < 0 and is satisfied

by assumption. If instead there is a corner solution g∗
t = 0, then condition (4.4) is

trivially satisfied and condition (4.3) reduces to at v ′(0)− c ′(0) ≤ 0 ⇔ at ≤ c ′(0)
v ′(0) =

ā. Since d(g t , at ) is defined as globally strictly concave in g t , the solution to the

maximization problem is unique and from limg t→∞ v ′(g t ) = 0 it follows that g∗
t is

finite.

Continuity of g∗(at ) follows trivially for a < ā and from the implicit function

theorem for a > ā. Continuity, at the point a = ā follows from limg+→0
c ′(g )
v ′(g ) = ā.

Now all that remains is to show that g∗(at ) is weakly increasing in at . This is

obviously true for at ≤ ā. For at > ā, the implicit function theorem implies
dg∗

t
dat

=
−v ′(g t )

d ′′
g g (g t ,at )

. Hence, by the assumptions on the sign of v ′(g t ) and d ′′
g g (g t , at ), g∗(at ) is

strictly increasing in at for at > ā.

Proof of Lemma 2

To prove Lemma 2, we first derive the value function of the optimization problem,

then we establish some properties of the value function and finally, we use these

properties to prove Lemma 2.

Deriving the value function

We begin by defining

Ut ≡ pt (1−ut−1)(d(g t , at )−Λ)+ (1−pt (1−ut−1))θd(g t , at ).
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Then, in every period t the donor observes at and chooses his actions g t and ut

to maximize the expected utility

E

[
T−t∑
τ=0

δτU (g t+τ,ut+τ, at+τ)

∣∣∣∣∣ Ωt

]
.

The donor takes the optimal donation rule derived in Lemma 1 as given. Then,

the problem simplifies to

E

[
T−t∑
τ=0

δτU (g∗(at+τ),ut+τ, at+τ)

∣∣∣∣∣ Ωt

]
.

The problem is now reduced to a Dynamic Stochastic Discrete Choice Model

with one state variable at and control variable ut ∈ A = {0,1}. By definition, the value

function Vt (at ) of this dynamic programming problem is given by

Vt (at ) = max
ut∈A

E

[
T−t∑
τ=0

δτU (g∗(at+τ),ut+τ, at+τ)

∣∣∣∣∣ Ωt

]
.

By Bellman’s principle of optimality, the value function can be obtained from the

recursive Bellman equation

Vt (at ) = max
ui t∈A

{
U (g∗(ai t ), ai t )+δE

[
Vt (ai t+1)

∣∣ Ωi t
]}

where VT (aT ) =U ((g∗(aT ), aT ) and u∗
T = 0 if u∗

T−1 = 0 by assumption. The first term

in the value function U (g∗(at ), at ) is the current period utility, this is unaffected

by this period’s unsubscription choice. The current period’s unsubscription choice

enters the second term through next period’s value function. It follows that the

optimal unsubscription rule is equal to

u∗
t (at ) = max

ut

{
E

[
Vt+1(at+1)

∣∣ Ωt ,ut = 1
]
,E

[
Vt+1(at+1)

∣∣ Ωt ,ut = 0
]}

.

Properties of the value function

To show some properties of the value function we first establish the following result.

Lemma A. If f is a continuous function and f ∈ L1, then E
[

f ] is continuous.

Proof. Let P denote the probability measure. First note that

lim
λ→∞

∫
| f |>λ

| f |dP = 0

because 1| f |>λ| f | ≤ | f | ∈ L1 and 1| f |>λ| f | → 0 when λ→∞ as the integrability of f

implies that f is finite almost surely.



4.14. APPENDIX E: MATHEMATICAL APPENDIX TO SECTION 4.2 165

Now let ε> 0, then there is a λ> 0 such that

lim
λ→∞

∫
| f |>λ

| f |dP < ε

2
.

Chose δ≤ ε
2λ and any measurable set A such that P (A) < δ. Then we have∫

A | f |dP = ∫
A∩{| f |>λ} | f |dP +∫

A∩{| f |≤λ} | f |dP

≤ ∫
{| f |>λ} | f |dP +∫

A∩{| f |≤λ}λdP

≤ ∫
{| f |>λ} | f |dP +λδ

< ε
2 +λδ

≤ ε
2 + ε

2
= ε

We can then prove the following properties of the value function.

Lemma B. The value function is (i) non-increasing in t , (ii) continuous in a for all t ,

and (iii) non-decreasing in a for all t .

Proof. We begin by proving (i). To ease the notation, we use Vt (a) to denote Vt (at )

and drop all other time subindexes. We let a′ denote the value of a in the next period,

i.e. a′ =µ+ρa+ε. Hence, we have Vt (a) =U (g∗(a), a)+maxu∈A

{
δE

[
V (a′)

∣∣ a
]}

. We

exploit the recursive form of the value function and prove the properties by induction.

Note that VT (a) = U (g∗(a), a) and for t = T −1, the value function for a given a is

equal to

VT−1(a) =U (g∗(a), a)+δmaxu

{
E

[
VT (a′)

∣∣ a
]}

=U (g∗(a), a)+δmaxu

{
E

[
VT (a′)

∣∣ a,u = 1
]
,E

[
VT (a′)

∣∣ a,u = 0
]}

=U (g∗(a), a)+δθE
[
d(g∗(a′), a′)

∣∣ a
]

+δmax
{

0, p
(
(1−θ)E

[
d(g∗(a′), a′)

∣∣ a
]−Λ)}

.

Note that by the definition of g∗(a) it follows that d(g∗(a′), a′) ≥ d(0, a′) = 0 and

hence E
[
d(g∗(a′), a′)

∣∣ a
] ≥ 0. Additionally, by the definition of the max-function

it follows that max
{

0, p
(
1 − θ)E

[
d(g∗(a′), a′)

∣∣ a
]−Λ)}

≥ 0 and hence VT−1(a) ≥
U (g∗(a), a). As VT (a) =U (g∗(a), a), it follows that VT−1 ≥VT which proves the base

case. Let k ∈ {1,2, ...,T −1} and suppose that Vk (a) ≥Vk+1(a), then

Vk−1(a) =U (g∗(a), a)+δmaxu

{
E

[
Vk (a′)

∣∣ a
]}

≥U (g∗(a), a)+δmaxu

{
E

[
Vk+1(a′)

∣∣ a
]}=Vk (a)

which proves the induction step and hence by the principle of induction Vt (a) is

non-increasing in t for all a.
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To show (ii) observe that if g∗(a′) is continuous in a′, then U (g∗(a′), a′) is con-

tinuous in a′ due to the assumptions imposed on the v(.) and c(.). It then follows

directly that VT (a) =U (g∗(a), a) is continuous in a.

Similarly, it follows that d(g∗(a′), a′) is continuous in a due to the assumptions

on v(.) and c(.), continuity of g∗(a), and continuity of the transition process for a.

Lemma A then implies that the conditional expectation E
[
d(g∗(a′), a′)

∣∣ a
]

is contin-

uous as d(g , a) ∈ L1 by assumption. Hence we then know that,

VT−1(a) =U (g∗(a), a)+δmaxu

{
E

[
VT (a′)

∣∣ a
]}

=U (g∗(a), a)+δθE
[
d(g∗(a′), a′)

∣∣ a
]

+δmax
{

0, p
(
(1−θ)E

[
d(g∗(a′), a′)

∣∣ a
]−Λ)}

and in particular maxu
{
E

[
VT (a′)

∣∣ a
]}

is continuous in a as the max of two continu-

ous functions is also continuous.

Suppose that Vk+1(a′) is continuous in a′, then maxu
{
E

[
Vk+1(a′)

∣∣ a
]}

is also

continuous in a and so Vk (a) =U (g∗(a), a)+δmaxu
{
E

[
Vk+1(a′)

∣∣ a
]}

is continuous

in a.

Now all that remains is to show (iii). We note first that

VT (a′) =U (g∗(a′), a′)
= p

(
d(g∗(a′), a′)−Λ)+ (1−p)θd(g∗(a′), a′)

= (p + (1−p)θ)d(g∗(a′), a′)−pΛ

Then by the envelope theorem we have

∂VT (a′)
∂a′ = (p + (1−p)θ)v(g∗(a′)) ≥ 0,

as d(g∗(a′), a′) = a′v(g∗(a′))− c(g∗(a′)). Hence VT (a′) is non-decreasing in a′ as

v ′(.) > 0 and p + (1−p)θ ≥ 0.

For t = T −1 we have that

VT−1(a) =U (g∗(a), a)+δmaxu

{
E

[
VT (a′)

∣∣ a
]}

=U (g∗(a), a)+δθE
[
d(g∗(a′), a′)

∣∣ a
]

+δmax
{

0, p
(
(1−θ)E

[
d(g∗(a′), a′)

∣∣ a
]−Λ)}

We have shown above that the first term is non-decreasing in a. Then since
∂d(g∗(a′),a′)

∂a = ρv(g∗(a′)) ≥ 0 by the envelope theorem and by monotone convergence

since d(g∗(a′), a′) ≥ 0 and d(g (a′), a′) ∈ L1, we have that E [d(g∗(a′), a′) | a] is non-

decreasing in a. Hence,

max
u

{
E

[
VT (a′)

∣∣ a
]}= θE

[
d(g∗(a′), a′)

∣∣ a
]+max

{
0, p

(
(1−θ)E [d(g∗(a′), a′) | a]−Λ

)}
is also non-decreasing in a.
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Suppose that Vk+1(a′) is non-decreasing in a′, it then also follows that maxu
{
E

[
Vk+1(a′)

∣∣ a
]}

is non-decreasing in a. Hence Vk (a) =U (g∗(a), a)+δmaxu
{
E [Vk+1(a′) | a]

}
is non-

decreasing in a.

Proof of Lemma

Lemma 2. Conditional on receiving a message from the charity in period t and for

M sufficiently large, the optimal unsubscription decision u∗
t (at ) has the threshold

property: (i) u∗
t (at ) = 1 for at < at ; and (ii) u∗

t (at ) = 0 for at ≥ at . The threshold at is

increasing in t .

Proof. The proof is by induction and we begin by showing that a lower threshold for

unsubscription exists in period t = T −1. We have that

VT−1(aT−1) =U (g∗(aT−1), aT−1)+δmaxuT−1

{
E

[
VT (aT )

∣∣ aT−1
]}

=U (g∗(aT−1), aT−1)+δθE
[
d(g∗(aT ), aT )

∣∣ aT−1
]

+δmax
{

0, pT

(
(1−θ)E

[
d(g∗(aT ), aT )

∣∣ aT−1
]−Λ)}

The first two terms, U (g∗(aT−1), aT−1) and δθE
[
d(g∗(aT ), aT )

∣∣ aT−1
]
, do not de-

pend on the unsubscription choice and by Lemma B, we know that all terms are con-

tinuous and non-decreasing in aT−1. Furthermore, we know that the last term is non-

negative by the definition of the max function and that E
[
d(g∗(aT ), aT )

∣∣ aT−1
]≥ 0

for all aT−1 because d(g∗(aT−1), aT−1) ≥ 0 for all aT−1.

By assumption −M ≤ 0 and ā ≥ 0.39 Hence, by Lemma 1 there exists an âT−1 such

that E
[
d(g∗(aT ), aT )

∣∣ aT−1
]= 0 for all aT−1 ≤ âT−1. It then follows directly that

pT

(
(1−θ)E

[
d(g∗(aT ), aT )

∣∣ aT−1
]−Λ)

< 0 (4.5)

for all aT−1 ≤ âT−1. Similarly, since pT
(
(1−θ)E

[
d(g∗(aT ), aT )

∣∣ aT−1
]−Λ)

is continu-

ous and non-decreasing in aT−1, for M sufficiently large, there exists an aT−1 > âT−1

such that

pT

(
(1−θ)E

[
d(g∗(aT ), aT )

∣∣ aT−1
]−Λ)

≥ 0

for all aT−1 ≥ aT−1. The donor optimally chooses u∗
T−1 = 1 for aT−1 < aT−1 and

u∗
T−1 = 0 for aT−1 ≥ aT−1.

For k ∈ {1,2, ...,T −2} we have

Vk (ak ) =U (g∗(ak ), ak )+δmaxuk

{
E

[
Vk+1(ak+1)

∣∣ ak
]}

=U (g∗(ak ), ak )

+δmaxuk

{
E

[
U (g∗(ak+1), ak+1)+δmaxuk+1

{
E

[
Vk+2(ak+2)

∣∣ ak+1
]}∣∣∣ ak

]}
.

39Recall that [−M ; M ] is the support for the distribution of ε.



168 CHAPTER 4. THE HIDDEN COSTS OF NUDGING

Suppose that there exits an ak+1 such that u∗
k+1 = 1 if ak+1 > ak+1 and u∗

k+1 =
0 otherwise. Then the term δmaxuk+1

{
E

[
Vk+2(ak+2)

∣∣ ak+1
]}

is a continuous, non-

negative and non-decreasing function of ak+1. The term E
[
U (g∗(ak+1), ak+1)

∣∣ ak
]

is also continuous and non-decreasing but by similar arguments as above may be

either negative or positive. Hence, it follows that for all k ∈ {1,2, ...,T −2}, there exists

an ak such that u∗
k = 1 if ak > ak and u∗

k = 0 otherwise. It also follows from Lemma B

that at is non-decreasing in t .

4.15 Appendix F: Mathematical appendix to Section 4.3

This section contains proofs of the testable predictions from the model.

A targeted reminder

Prediction 1. The unconditional probability of giving is higher in the Targeted Re-

minder treatment than in the Control I treatment: P (g T R
1 +g T R

2 > 0) > P (g C I
1 +g C I

2 > 0).

In particular, the unconditional probability of giving in period t = 2 is larger in the

Targeted Reminder treatment than in the Control I treatment: P (g T R
2 > 0) > P (g C I

2 > 0).

Proof. To prove that P ((g T R
1 + g T R

2 ) > 0) > P ((g C I
1 + g C I

2 ) > 0), define D to be the set

of all possible outcomes of a1 and let EL = {D : a1 < a1}, EM = {D : a1 ≤ a1 ≤ a},

and EH = {D : a1 > a}. Hence, D = EL ∪EM ∪EH . Similarly, define SH = {D : a2 > a}.

We note that in the First Control treatment the donors receive a message at time

t = 1 and therefore remember with certainty in that period but no donors receive a

message at time t = 2 and therefore potential donors only remember the donation

problem in that period with probability θ. Then the unconditional probability of

giving in Control I is P ((g C I
1 + g C I

2 ) > 0) = P (EH )+θP (SH ). In the Targeted Reminder

treatment all donors also receive a message at time t = 1 and those who do not donate

or unsubscribe in period t = 1, also receive a message in period t = 2. This implies

that the unconditional probability of giving in the Targeted Reminder treatment is

P ((g T R
1 +g T R

2 ) > 0) = P (EH )+P (EM ∩SH )+θP (EL ∩SH )+θP (EH ∩SH ). It follows that

P ((g T R
1 + g T R

2 ) > 0)−P ((g C I
1 + g C I

2 ) > 0) = P (EM ∩SH )+θP (EL ∩SH )+θP (EH ∩SH )

−θP (SH )

= P (EM ∩SH )+θP (EL ∩SH )+θP (EH ∩SH )

−θP (EL ∩SH )−θP (EM ∩SH )−θP (EH ∩SH )

= (1−θ)P (EM ∩SH ).

Hence, P ((g T R
1 + g T R

2 ) > 0) > P ((g C I
1 + g C I

2 ) > 0) for θ < 1.

Similarly, the unconditional probability of giving at time t = 2 in Control I is given

by P (g C I
2 > 0) = θP (SH ). The unconditional probability of giving at time t = 2 in the
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Targeted Reminder treatment is P (g T R
2 > 0) = P (EM ∩SH )+θP (EL∩SH )+θP (EH ∩SH ).

Hence,

P (g T R
2 > 0)−P (g C I

2 > 0) = P (EM ∩SH )+θP (EL ∩SH )+θP (EH ∩SH )−θP (SH )

= (1−θ)P (EM ∩SH ) > 0 for all θ < 1.

Prediction 2. The unconditional probability of unsubscribing is higher in the Targeted

Reminder treatment than in the Control I treatment: P (uT R
2 = 1) > P (uC I

2 = 1).

Proof. We use the notation introduced in the proof of Prediction 1 and in addition

define SL = {D : a2 < a2}. The probability of unsubscribing in Control I is P (uC I
2 =

1) = P (EL). In the Targeted Reminder treatment, the probability of unsubscribing is

P (uT R
2 = 1) = P (EL)+P (EM ∩SL) > P (uC I

2 = 1).

Changing the option value of subscribing

We begin by deriving a general condition for unsubscribing which is useful for the

proofs.

General condition for unsubscribing

Conditional on reaching period t and getting a message in period t , the donor unsub-

scribes if and only if

d(g∗
t , at )−Λ+E

[
T∑
τ=1

δτ
[

pt+τ(1−u∗
t+τ−1)(d(g∗

t+τ, at+τ)−Λ)+ (1−pt+τ(1−u∗
t+τ−1))θd(g∗

t+τ, at+τ)
]∣∣∣∣∣ Ωt

]

< d(g∗
t , at )−Λ+E

[
T∑
τ=1

δτθd(g∗
t+τ, at+τ)

∣∣∣∣∣ Ωt

]
.

Here, the left hand side denotes the expected utility associated with remaining

subscribed at time t , whereas the right hand side is the expected utility associated

with unsubscribing. Simplifying and moving the expectation operator into the sum,

this can be rewritten as
T∑
τ=1

δτE
[

pt+τ(1−u∗
t+τ−1)(d(g∗

t+τ, at+τ)−Λ)
∣∣∣ Ωt

]
+θ

T∑
τ=1

δτE
[

(1−pt+τ(1−u∗
t+τ−1))d(g∗

t+τ, at+τ)
∣∣∣ Ωt

]
< θ

T∑
τ=1

δτE
[

d(g∗
t+τ, at+τ)

∣∣∣ Ωt

]
.

We can reduce this to
T∑
τ=1

δτE
[

pt+τ(1−u∗
t+τ−1)(d(g∗

t+τ, at+τ)−Λ)
∣∣∣ Ωt

]
−θ

T∑
τ=1

δτE
[

pt+τ(1−u∗
t+τ−1)d(g∗

t+τ, at+τ)
∣∣∣ Ωt

]
< 0.

which in turn can be rewritten as

T∑
τ=1

δτE
[

pt+τ(1−u∗
t+τ−1)((1−θ)d(g∗

t+τ, at+τ)−Λ)
∣∣∣ Ωt

]
< 0. (4.6)
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Proof of predictions

Prediction 3. The unconditional probability of unsubscribing in period t = 1 is higher

in the Control II treatment than in the Future Benefit treatment: P (uC I I
1 = 1) > P (uF B

1 =
1).

Proof. Begin by noting that by construction, the match only affects utility in period 2.

In Control II, the donor unsubscribes at time t = 1 if

δE
[

((1−θ)d(g∗
2 , a2)−Λ)

∣∣∣ Ω1

]
+

T∑
τ=2

δτE
[

(1−u∗
τ )((1−θ)d(g∗

1+τ, a1+τ)−Λ)
∣∣∣ Ω1

]
< 0 (4.7)

as pt = 1 for all t . Note that in Equation (4.7) g∗
2 denotes the optimal donation choice

at time t = 2 for donors in Control II. We let g∗m
2 denote the optimal donation choice

at time t = 2 when m > 0, i.e. in the Future Benefit treatment. With this notation, the

donor in the Future Benefit treatment unsubscribes at time t = 1 if

δE
[

dm (g∗m
2 , a2)−Λ

∣∣∣ Ω1

]
+

T∑
τ=2

δτE
[

(1−u∗
τ )(d(g∗

1+τ, a1+τ)−Λ)+u∗
τθd(g∗

1+τ, a1+τ)
∣∣∣ Ω1

]
< θδE

[
d(g∗

2 , a2)
∣∣∣ Ω1

]
+θ

T∑
τ=2

δτE
[

d(g∗
t+τ, at+τ)

∣∣∣ Ωt

]
.

The left hand side denotes the expected utility associated with remaining sub-

scribed at time t = 1, whereas the right hand side is the expected utility associated

with unsubscribing. We can reduce this condition as follows

δE
[

dm (g∗m
2 , a2)−θd(g∗

2 , a2)−Λ
∣∣∣ Ω1

]
+

T∑
τ=2

δτE
[

(1−u∗
τ )((1−θ)d(g∗

1+τ, a1+τ)−Λ)
∣∣∣ Ω1

]
< 0. (4.8)

Taking the difference between the left hand side of Equation (4.8) and the left

hand side of Equation (4.7), we get

δE
[

dm(g∗m
2 , a2)−θd(g∗

2 , a2)−Λ
∣∣∣ Ω1

]
−δE

[
((1−θ)d(g∗

2 , a2)−Λ)
∣∣∣ Ω1

]
= δE

[
dm(g∗m

2 , a2)−θd(g∗
2 , a2)−Λ− ((1−θ)d(g∗

2 , a2)−Λ)
∣∣∣ Ω1

]
= δE

[
dm(g∗m

i 2 , a2)−d(g∗
2 , a2)

∣∣∣ Ω1

]
≥ δE

[
dm(g∗

2 , a2)−d(g∗
2 , a2)

∣∣∣ Ω1

]
where the inequality follows by the definition of g∗m

2 . Since m > 0, it follows that

dm(g∗
2 , a2)−d(g∗

2 , a2) > 0 for those a2 where g∗
2 ≥ X and dm(g∗

2 , a2)−d(g∗
2 , a2) = 0

for all remaining a2. So E
[

dm(g∗
2 , a2)−d(g∗

2 , a2)
∣∣∣ Ω1

]
> 0 implying that the uncondi-

tional probability of Equation (4.8) being satisfied is greater than the unconditional

probability Equation (4.7) being satisfied.

Prediction 4. For P (at > ā) sufficiently low, the unconditional probability of unsub-

scribing in period t = 1 is higher in the Control II treatment than in the Low Frequency

treatment: P (uC I I
1 = 1) > P (uLF

1 = 1).

Proof. Let ct denote the active choice of whether to unsubscribe at time t conditional

on being subscribed at time t . We use c∗t to denote the optimal active unsubscription
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choice at time t in Control II and c∗LF
t to denote the corresponding choice in the

Low Frequency treatment. Hence, c∗t = 1 only if it is optimal to unsubscribe at time t

and not if it was optimal to unsubscribe at some earlier time k < t . That is u∗
t = 1 if

c∗t = 1 or u∗
t−1 = 1 and ut = 0 otherwise. Hence, (1−u∗

t ) =∏t
j=1(1−c∗j ) and similar for

(1−u∗LF
t ). With this notation note that in Control II, the donor unsubscribes if

δE
[

((1−θ)d(g∗
2 , a2)−Λ)

∣∣∣ Ω1

]
+δ2E

[
(1− c∗2 )((1−θ)d(g∗

3 , a3)−Λ)
∣∣∣ Ω1

]
+δ3E

[
(1− c∗2 )(1− c∗3 )((1−θ)d(g∗

4 , a4)−Λ)
∣∣∣ Ω1

]
+

T∑
τ=4

δτE


τ−1∏

j=1
(1− c∗1+ j )

 ((1−θ)d(g∗
1+τ, a1+τ)−Λ)

∣∣∣∣∣∣∣ Ωi 1


︸ ︷︷ ︸

RC I I

< 0

(4.9)

as pt = 1 for all t .

The announcement in the Low Frequency treatment only affects utility in fu-

ture periods. In the Low Frequency treatment we have p2 = p3 = p4 = 1
3 and hence,

p1+τ(1−uLF∗
τ ) = 1

3 for τ = {1,2,3} because there is no opportunity to unsubscribe

between now (t = 1) and when the next message arrives regardless of whether it

arrives at time t = 2, t = 3, or t = 4. We let c∗LF
4 denote the next active choice in the

Low Frequency treatment regardless of whether it is made at time t = 2, t = 3 or t = 4,

and note that the decision of how to set c∗LF
4 is equivalent to the active unsubscrption

choice at time t = 4 in Control II because the next message in both cases arrive at

time t = 5. Therefore unsubscribing only influences the utility stream from period

t = 5 and onwards in both treatments. Similar arguments hold for t > 4 and thus

c∗LF
t = c∗t for t ≥ 4.

It follows from pt = 1 for all t > 5 that, p1+τ(1−uLF∗
τ ) ≡ ∏τ−1

j=3(1− c∗LF
1+ j ) for τ =

{4,5, ...}. With this notation a donor in the Low Frequency treatment unsubscribes at

time t = 1 if

1
3δE

[
(1−θ)d(g∗

2 , a2)−Λ
∣∣∣ Ω1

]
+ 1

3δ
2E

[
((1−θ)d(g∗

3 , a3)−Λ)
∣∣∣ Ω1

]
+ 1

3δ
3E

[
((1−θ)d(g∗

4 , a4)−Λ)
∣∣∣ Ω1

]
+

T∑
τ=4

δτE


τ−1∏

j=3
(1− c∗LF

1+ j )

 ((1−θ)d(g∗
1+τ, a1+τ)−Λ)

∣∣∣∣∣∣∣ Ω1


︸ ︷︷ ︸

RLF

< 0.
(4.10)

Now note that P (uC I I
1 = 1) > P (uLF

1 = 1) if the left hand side of Equation (4.9) is

smaller than the left hand side of Equation (4.10). To prove the prediction, we there-

fore compare the size of the expressions on the left hand side of the two inequalities.

We begin by comparing the relative size of the last term in both expressions, i.e.

RC I I and RLF . The only difference between the two expressions comes from possible

differences in
(∏τ−1

j=1(1−u∗
1+ j )

)
and

(∏τ−1
j=3(1− c∗LF

1+ j )
)
.



172 CHAPTER 4. THE HIDDEN COSTS OF NUDGING

Using the Law of Iterated Expectations, we can rewrite the last term of the left

hand side of Equation (4.10) as

RLF =
T∑
τ=4

δτE

E

[(∏τ−1
j=3(1− c∗LF

1+ j )

)
((1−θ)d(g∗

1+τ, a1+τ)−Λ)

∣∣∣∣∣ Ω4

]∣∣∣∣∣∣ Ω1



=
T∑
τ=4

δτE

(1− c∗LF
4 )E

(τ−1∏
j=4

(1− c∗LF
1+ j )

)
((1−θ)d(g∗

1+τ, a1+τ)−Λ)

∣∣∣∣∣∣ Ω4


︸ ︷︷ ︸

≡T LF

∣∣∣∣∣∣∣∣∣∣∣∣
Ω1

.

Similarly, we can rewrite the last term of the left hand side of Equation (4.9) as

RC I I =
T∑
τ=4

δτE

E

[(∏τ−1
j=1(1− c∗1+ j )

)
((1−θ)d(g∗

1+τ, a1+τ)−Λ)

∣∣∣∣∣ Ω4

]∣∣∣∣∣∣ Ω1



=
T∑
τ=4

δτE

(1− c∗2 )(1− c∗3 )(1− c∗4 )E

(τ−1∏
j=4

(1− c∗1+ j )
)
((1−θ)d(g∗

1+τ, a1+τ)−Λ)

∣∣∣∣∣∣ Ω4


︸ ︷︷ ︸

≡T C I I

∣∣∣∣∣∣∣∣∣∣∣∣
Ω1

.

We distinguish between cases where a) c∗2 = c∗3 = 0, and b) c∗2 = 1 and/or c∗3 = 1.

First, consider cases where c∗2 = c∗3 = 0. Then since c∗LF
t = c∗t for t ≥ 4, it follows that

T LF = (1− c∗LF
4 )E

[(∏τ−1
j=4(1− c∗LF

1+ j )
)
((1−θ)d(g∗

i 1+τ, ai 1+τ)−Λ)

∣∣∣∣ Ω4

]
= (1− c∗4 )E

[(∏τ−1
j=4(1− c∗1+ j )

)
((1−θ)d(g∗

1+τ, a1+τ)−Λ)

∣∣∣∣ Ω4

]
= (1− c∗2 )(1− c∗3 )(1− c∗4 )E

[(∏τ−1
j=4(1− c∗1+ j )

)
((1−θ)d(g∗

1+τ, a1+τ)−Λ)

∣∣∣∣ Ω4

]
= T C I I .

Now consider cases where c∗2 = 1 and/or c∗3 = 1. Then T C I I = 0. There are two

sub-cases: i) c∗LF
4 = 1, and ii) c∗LF

4 = 0. In situations (i) where c∗LF
4 = 1, it follows that

T LF = 0 and hence T LF = T C I I . In situations where c∗LF
4 = 0, it follows that

T LF = E

[(∏τ−1
j=4(1−u∗LF

i 1+ j )
)
((1−θ)d(g∗

i 1+τ, ai 1+τ)−Λ)

∣∣∣∣ Ωi 4

]
≥ 0

where the inequality ensures that c∗LF
4 = 0 is the optimal choice. Hence, in these cases

we have that T LF ≥ T C I I = 0.

Hence T LF ≥ T C I I in all cases which implies RLF ≥ RC I I . Therefore, a sufficient

(but not necessary) condition for P (uC I I
1 = 1) > P (uLF

1 = 1) is

1
3δE

[
(1−θ)d(g∗

2 , a2)−Λ
∣∣∣ Ω1

]
+ 1

3δ
2E

[
((1−θ)d(g∗

3 , a3)−Λ)
∣∣∣ Ω1

]
+ 1

3δ
3E

[
((1−θ)d(g∗

4 , a4)−Λ)
∣∣∣ Ω1

]
> δE

[
((1−θ)d(g∗

2 , a2)−Λ)
∣∣∣ Ω1

]
+δ2E

[
(1− c∗2 )((1−θ)d(g∗

3 , a3)−Λ)
∣∣∣ Ω1

]
+δ3E

[
(1− c∗2 )(1− c∗3 )((1−θ)d(g∗

4 , a4)−Λ)
∣∣∣ Ω1

]
which can be rewritten as

1
3δ(1−θ)E

[
d(g∗

2 , a2)
∣∣∣ Ω1

]
− 1

3δΛ+ 1
3δ

2(1−θ)E
[

d(g∗
3 , a3)

∣∣∣ Ω1

]
− 1

3δ
2Λ+ 1

3δ
3(1−θ)E

[
d(g∗

4 , a4)
∣∣∣ Ω1

]
− 1

3δ
3Λ

> δ(1−θ)E
[

d(g∗
2 , a2)

∣∣∣ Ω1

]
−δΛ+δ2(1−θ)E

[
(1− c∗2 )d(g∗

3 , a3)
∣∣∣ Ω1

]
−δ2ΛE

[
1− c∗2

∣∣∣ Ωi 1

]
+δ3(1−θ)E

[
(1− c∗2 )(1− c∗3 )d(g∗

4 , a4)
∣∣∣ Ω1

]
−δ3ΛE

[
(1− c∗2 )(1−u∗

3 )
∣∣∣ Ω1

]
.

(4.11)
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By assumption d(g∗
t , at ) ≥ 0 and by definition c∗t ∈ {0,1} for all t and at . It there-

fore follows that

E
[
(1− c∗2 )d(g∗

3 , a3)
∣∣ Ω1

]≤ E
[
d(g∗

3 , a3)
∣∣ Ω1

]
and

E
[
(1− c∗2 )(1− c∗3 )d(g∗

4 , a4)
∣∣ Ω1

]≤ E
[
d(g∗

4 , a4)
∣∣ Ω1

]
.

A sufficient condition for Equation (4.11) to hold is therefore

1
3 (1−θ)E

[
d(g∗

2 , a2)
∣∣∣ Ω1

]
− 1

3Λ+ 1
3δ(1−θ)E

[
d(g∗

3 , a3)
∣∣∣ Ω1

]
− 1

3δΛ+ 1
3δ

2(1−θ)E
[

d(g∗
4 , a4)

∣∣∣ Ωi 1

]
− 1

3δ
2Λ

> (1−θ)E
[

d(g∗
2 , a2)

∣∣∣ Ω1

]
−Λ+δ(1−θ)E

[
d(g∗

3 , a3)
∣∣∣ Ω1

]
−δΛE

[
(1− c∗2 )

∣∣∣ Ω1

]
+δ2(1−θ)E

[
d(g∗

4 , a4)
∣∣∣ Ω1

]
−δ2ΛE

[
(1− c∗2 )(1− c∗3 )

∣∣∣ Ω1

]
(4.12)

which can be rewritten as

Λ
(2

3
+δ(

E
[
(1− c∗2 )

∣∣ Ω1
]− 1

3

)+δ2(E
[
(1− c∗2 )(1− c∗3 )

∣∣ Ω1
]− 1

3

))
> 2

3
(1−θ)

(
E

[
d(g∗

2 , a2)
∣∣ Ω1

]+δE
[
d(g∗

3 , a3)
∣∣ Ω1

]+δ2E
[
d(g∗

4 , a4)
∣∣ Ω1

])
.

(4.13)

Now pick an ε > 0 and suppose that E
[
d(g∗

t , at )
∣∣ Ω1

] ≤ ε for t ∈ {2,3,4} then a

sufficient condition for Equation (4.13) is

Λ
(2

3
+δ(

E
[
(1− c∗2 )

∣∣ Ω1
]− 1

3

)+δ2(E
[
(1− c∗2 )(1− c∗3 )

∣∣ Ω1
]− 1

3

))
> 2

3
(1−θ)

(
ε+δε+δ2ε

)
.

(4.14)

Now note that the left hand side is minimized when

E
[
(1− c∗2 )

∣∣ Ω1
]= E

[
(1− c∗2 )(1− c∗3 )

∣∣ Ω1
]= 0

in which case Equation (4.14) reduces to

Λ
(
2−δ−δ2

)
> 2(1−θ)

(
1+δ+δ2

)
ε.

This is equivalent to the condition ε< Λ(2−δ−δ2)
2(1−θ)(1+δ+δ2)

> 0. Since E
[
d(g∗

t , at )
∣∣ Ω1

]
is increasing in a1 (shown in the proof of Lemma B) there exists an a∗

1 such that

E
[
d(g∗

t , at )
∣∣ Ω1

]≤ ε for t ∈ {2,3,4} for all a1 ≤ a∗
1 . Hence the donor is more likely to

unsubscribe in the Control II treatment than in the Low Frequency treatment for all

a1 ≤ a∗
1 . Hence for P (a1 > ā) sufficiently low, it follows that P (uC I I

1 = 1) > P (uLF
1 = 1).

Prediction 5. The unconditional probability of giving in period t = 1 is the same in the

Control II treatment, the Low Frequency treatment, and the Future Benefit treatment:

P (g C I I
1 > 0) = P (g LF

1 > 0) = P (g F B
1 > 0).
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Proof. The result follows from Lemma 1 which implies that giving in period t = 1 only

depends on the realization of a1. Hence, in all three treatments the unconditional

probability of giving a positive amount is P (g C I I
1 > 0) = P (g LF

1 > 0) = P (g F B
1 > 0) =

P (a1 > ā).

4.16 Appendix G: Mathematical appendix to Section 4.6

This appendix contains the mathematical details related to the structural estimation.

Solving the model

Donation behavior

The optimal donation decision in period t is determined by the solution to

maximize
gi t

d(gi t ) =ai t v(gi t )− c(gi t )

=ai t log (1+ gi t )− gi t

subject to g t ≥ 0

which has the following Kuhn-Tucker first order conditions

∂d

∂gi t
= ai t

1

1+ gi t
−1 ≤ 0 (4.15)

gi t
∂d

∂gi t
= 0. (4.16)

Suppose that gi t > 0, then by condition (4.16), condition (4.15) is satisfied with

equality i.e. ai t
1+gi t

−1 = 0 ⇔ gi t = ai t −1. It follows that gi t = ai t −1 is strictly positive

when ai t > 1. This case represents the interior solution where the non-negativity

constraint is non-binding. Suppose instead that gi t = 0 then condition (4.16) is

trivially satisfied and condition (4.15) reduces to ai t
1 −1 ≤ 0 ⇔ ai t ≤ 1. In this case

the non-negativity constraint is binding and the derived condition is equivalent to

requiring that the objective function has a non-positive slope at gi t = 0. The second

order conditions are trivially satisfied as ∂2d
∂gi t∂gi t

= −ai t
1

(1+gi t )2 < 0 for all gi t when

ai t > 1.

Hence, the optimal donation in period t is

g∗
i t (ai t ) = max(0, ai t −1) (4.17)

and the upper threshold defined in Lemma 1 is ā = 1. In Figure D2 we plot the utility

from donating d(g∗
i t , ai t ) when following the optimal donation rule in Equation

(4.17).
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Figure D2. Optimal donation utility d(g∗
i t , ai t )

Notes: Based on the functional form assumptions v(gi t ) = log(Γ+ gi t ), c(gi t ) = gi t , Γ= 1 and θ = 0.

Unsubscription behavior

It follows from Equation (4.6) and the additional assumptions imposed in this part of

the paper, that conditional on getting a message in period t , the donor unsubscribes

if

T∑
τ=1

δτE
[

(1−u∗
t+τ−1)(d(g∗

t+τ, at+τ)−Λ)
∣∣∣ Ωt

]
< 0. (4.18)

where d(g∗
i t , ai t ) = ai t log (1+ g∗

i t (ai t ))− g∗
i t (ai t ) and g∗

i t (ai t ) = max(0, ai t −1) for all

t .

We drop individual subscripts for notational simplicity. Lemma 2 implies that

conditional on being subscribed at time t the unsubscription rule has a nice threshold

property. Hence, using the notation introduced in the proof of Prediction 4 where c∗t
denotes the optimal donation choice conditional on being subscribed at time t , then

c∗t (at ) =
{

1 if at < at

0 otherwise
(4.19)

The function subscript indicates that the threshold is time-varying. Even with the

functional form assumptions of this part of the paper, a closed form expression for

the time-varying threshold cannot be obtained. We solve the problem by backwards

recursion using Monte Carlo integration to evaluate the expectations. The donor

first derives c∗T . By assumption c∗T = 0. At time t < T , conditional on getting being

subscribed at time t , c∗t is determined by (4.18).

For notational purposes define xt ≡ at log(1+g∗
t (at ))−g∗

t (at )−Λ], then the sums

on the left hand side of Equation (4.18) can be written out as
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t = T −1 : E
[
xt+1

∣∣ Ωt
]< 0 (4.20)

t = T −2 : E
[
xt+1

∣∣ Ωt
]+δE

[
(1− c∗t+1)xt+2

∣∣ Ωt
]< 0 (4.21)

t = T −3 : E
[
xt+1

∣∣ Ωt
]+δE

[
(1− c∗t+1)xt+2

∣∣ Ωt
]

+δ2E
[
(1− c∗t+1)(1− c∗t+2)xt+3

∣∣ Ωt
]< 0 (4.22)

t = T −4 : E
[
xt+1

∣∣ Ωt
]+δE

[
(1− c∗t+1)xt+2

∣∣ Ωt
]

+δ2E
[
(1− c∗t+1)(1− c∗t+2)xt+3

∣∣ Ωt
]

+δ3E
[
(1− c∗t+1)(1− c∗t+2)(1− c∗t+3)xt+4

∣∣ Ωt
]< 0 (4.23)

...

Note that when the left hand side of Equation (4.20) is equal to zero this equation

implicitly defines the threshold aT−1. Similarly, given the threshold aT−1, when the

left hand side of Equation (4.21) equals zero Equation (4.21) implicitly defines aT−2

and so on. We solve the fixed point problems backwards, i.e. in period t we solve the

fixed point problem

T−t∑
τ=1

δτ−1E

[
xt+τ

t+τ−1∏
k=t+1

(1− c∗k (ak ))

∣∣∣∣∣ Ωt

]
= 0

with respect to at taking ak for all k > t as given. We solve the fixed point problems

numerically using Monte Carlo Simulations. To evaluate the expectation we draw

S2 = 3,000,000 values of at .

Estimation methodology

To present our estimation approach let γ′
1 = (µ,σ,ρ) and γ2 =Λ with γ = (γ′

1,γ2)′.
This decomposition of our structural parameters is used because γ1 can be identified

solely from historical donation data and is independent of the donor’s planning

horizon T , whereas the annoyance cost in γ2 must be identified from unsubscription

data and therefore depends on the planning horizon. To facilitate comparisons of

γ2 for different planning horizons and hence interpretation of γ2, we first estimate

γ1 using historical data prior to the treatment period, and then identify γ2 from the

unsubscription behavior in the treatment period given our estimate of γ1.

Step 1: Estimation of γ1

Estimation of γ1 is complicated by the fact that ai t is unobserved. We solve this

problem by using method of simulated moments (McFadden, 1989) to estimate γ1.

As moments we use i) the probability of not giving P (gi t = 0), ii) the probability of

giving 100 DKK or less P (0 < gi t ≤ 100), iii) the probability of giving between 100 DKK

and 200 DKK P (100 < gi t ≤ 200), iv) the probability of giving between 200 DKK and
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400 DKK P (200 < gi t ≤ 400), v) the probability of giving between 400 DKK and 600

DKK P (400 < gi t ≤ 600), vi) a measure of the auto-covariance in giving E(gi t gi t−1).

In order to avoid linearity between the chosen moments and hence insure full rank

of the Jacobian, we do not include the probability of giving more than 600 DKK

P (gi t > 600) in the matched moments.

Recall that gi t denotes the donation of donor i at time t . Let g denote the vector of

N times T observations. Hence, we consider the following six empirical moments40

m̂1 = 1

NT

N∑
i=1

T∑
t=1

m1(gi t ) = 1

NT

N∑
i=1

T∑
t=1



Igi t=0

I0<gi t≤100

I100<gi t≤200

I200<gi t≤400

I400<gi t≤600

gi t gi t−1


(4.24)

The corresponding model moments E [m1(γ1)] are computed by simulating do-

nation data for T periods across π1N individuals where π1 = 10 is the scaling

factor controlling the number of simulations. Let S1 = π1NT then E [m1(γ1)] as
1

S1

∑S1
s=1 m(gs ,γ1).

Preliminary estimates
Preliminary parameter estimates γ̃1 are estimated by

γ̃1 = argmin
[

h(γ1, g )
]′

W
[

h(γ1, g )
]

where h(γ1, g ) ≡ m̂1 −E [m1(γ1)] and W is a positive semidefinite weighting matrix.

Note that in expectation we have that E [h(γo
1 , g )] = 0 at the true value γo

1 . That is

in expectation the theoretical moments are equal to the simulated moments. To

obtain the preliminary parameter estimates γ1 we use the standard approach where

the diagonal of an estimated variance-covariance matrix is used as the weighting

matrix. To estimate the variance-covariance matrix without an initial estimate of

γ1, we exploit that E [h(γo
1 , g )] = 0 implies E [m̂1] = E [m1(γo

1)]. We then estimate

the variance-covariance matrix using the Newey-West estimator with q = 12 lags to

account for possible autocorrelation in the time dimension of the moments. Hence,

we estimate the covariance matrix by

S̃mean = Γ̃0,mean +
q∑

v=1

(
1− v

q +1

)(
Γ̃v,mean + Γ̃′

v,mean

)
where the v ’th covariance in the time dimension is estimated by

Γ̃v,mean = 1

NT

N∑
i=1

T∑
t=1

(m1(gi t )−m̂1)(m1(gi t−v )−m̂1)′.

40We note that moments used to identify the parameters in the process for warm-glow a are similar to
those in DellaVigna et al. (2012) except for our last moment which allows us to identify the persistence in
the a-process, i.e.ρ.
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As weighting matrix in the estimation in preliminary estimation, we use the inverse

diagonal matrix of the covariance matrix, i.e., W̃ =
(
di ag (Ŝmean)

)−1
.

Estimation of γ1 given preliminary estimates
We then use the first step parameter estimates γ̃1 to obtain an estimate of the optimal

weighting matrix Ŵ =
(
Ŝ
)−1

where

Ŝ = Γ̂0 +
q∑

v=1

(
1− v

q +1

)(
Γ̂v + Γ̂

′
v

)
and

Γ̂v = 1

NT

N∑
i=1

T∑
t=1

(
m1(gi t )− 1

S1

S1∑
s=1

m(gs , γ̃1)
)(

m1(gi t−v )− 1

S1

S1∑
s=1

m(gs , γ̃1)
)′

.

The reported estimates γ̂1 are then

γ̂1 = argmin
[

h(γ1, g )
]′

Ŵ
[

h(γ1, g )
]

. (4.25)

In order to derive the standard errors we let l (γ1, gk ) = m1(gk )−E [m1(γ1)] where

k = {1,2, ..., NT } such that h(γ1, g ) =
NT∑
k=1

l (γ1, gk ) note that the first order condition

for Equation (4.25) is given by[ 1

NT

NT∑
k=1

∂l (γ̂1, gk )

∂γ′
1

]′
Ŵ

[ 1

NT

NT∑
k=1

l (γ̂1, gk )
]
= 0. (4.26)

where ∂l (γ̂1,gk )
∂γ′

1
is the Jacobian. A mean value expansion of

NT∑
k=1

l (γ̂1, gk ) around the

true parameter γo
1 implies

NT∑
k=1

l (γ̂1, gk ) =
NT∑
k=1

l (γo
1, gk )+

NT∑
k=1

∂l (γo
1, gk )

∂γ′
1

(γ̂1 −γo
1)

and we can then write the first order condition in Equation (4.26) as[ 1

NT

NT∑
k=1

∂l (γ̂1, gk )

∂γ′
1

]′
Ŵ

[ 1

NT

NT∑
k=1

l (γo
1, gk )+ 1

NT

NT∑
k=1

∂l (γo
1, gk )

∂γ′
1

(γ̂1 −γo
1)

]
= 0.

(4.27)

Then note that

1

NT

NT∑
k=1

∂l (γ1, gk )

∂γ′
1

= 1

NT

NT∑
k=1

∂

∂γ′
1

(
m1(gk )− 1

S1

S1∑
s=1

m(gs ,γ1)

)

= − 1

NT

NT∑
k=1

1

S1

S1∑
s=1

∂m
(
gs ;γ1

)
∂γ′

1

= − 1

S1

S1∑
s=1

∂m
(
gs ;γ1

)
∂γ′

1

.
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implying that 1
NT

NT∑
k=1

∂l
(
γo

1 ,gk

)
∂γ′

1
converges in probability to Go ≡ E

[
∂l

(
γo

1 ,gk

)
∂γ′

1

]
when

N →∞. Hence, from Equation (4.27) we get

G ′
oWo

[
1

NT

NT∑
k=1

l (γ1, gk )+Go
(
γ̂1 −γo

1

)]+op (1) = 0

which is equivalent to

G ′
oWoGo

(
γ̂1 −γo

1

)=−G ′
oWo

1

NT

NT∑
k=1

l (γo
1, gk )+op (1) .

Hence we get

p
NT

(
γ̂1 −γo

1

)=−
(

Aoγ1

)−1
G ′

oWo
1p

NT

NT∑
k=1

l (γo
1, gk )+op (1) (4.28)

where Aoγ1 ≡G ′
oWoGo . Then note that

1p
NT

NT∑
k=1

l (γ1, gk ) = 1p
NT

NT∑
k=1

(
m1

(
gk

)− 1

S1

S1∑
s=1

m1
(
gs ;γ1

))

= 1p
NT

NT∑
k=1

m1(gk )−
p

NT

S1

S1∑
s=1

m1(gs ;γ1)

= 1p
NT

NT∑
k=1

m1(gk )−
p

NT

NT

NT∑
k=1

E
[
m1(gk )

]
−
p

NT

(
1

S1

S1∑
s=1

(
m1(gs ;γ1)−E

[
m1(gk )

]))

= 1p
NT

(
NT∑
k=1

m1(gk )−
NT∑
k=1

E
[
m1(gk )

])

−
p

NTp
S1

(
1p
S1

S1∑
s=1

(
m1(gs ;γ1)−E

[
m1(gk )

]))
.

We then note that

1p
NT

(
NT∑
k=1

m1(gk )−
NT∑
k=1

E
[
m1(gk )

]) = 1p
NT

NT∑
k=1

(
m1(gk )−E

[
m1(gk )

])
= 1p

NT

NT∑
k=1

l (γ1, gk )

d→ N
(
0,V ar

[
l (γo

1, gk )
])

.
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We also note that
p

NTp
S1

(
1p
S1

S1∑
s=1

(
m(gs ;γ1)−E

[
m(gk )

])) d→ N

(
0,

1

π1
V ar

[
l (γo

1, gk )
])

provided NT
S1

→ 1
π1

, which is the case when we let S1 = π1NT . Finally, because

the data as given by m1(gk ) and the simulated draws as given by m1(gs ,γo
1) are

independent by construction, then

1p
NT

NT∑
k=1

l (γ1, gk )
d→ N

(
0,V ar

[
l (γo

1, gk )
]+ 1

π1
V ar

[
l (γo

1, gk )
])

or equivalently

1p
NT

NT∑
k=1

l (γ1, gk )
d→ N

(
0,

(
1+ 1

π1

)
V ar

[
l (γo

1, gk )
])

.

Using this result together with the result in Equation (4.28) we then have that

p
NT

(
γ1 −γo

1

) d→ N

(
0,

(
1+ 1

π1

)(
Aoγ1

)−1
G ′

oWoV ar
[
l (γo

1, gk )
]

WoGo

(
Aoγ1

)−1
)

Thus, for the optimal weighting matrix, where Wo =V ar
[

l (γo
1, gk )

]−1
, then(

Aoγ1

)−1
G ′

oWoV ar
[
l (γo

1, gk )
]

WoGo

(
Aoγ1

)−1 =
(

Aoγ1

)−1
G ′

oWoGo

(
Aoγ1

)−1

=
(

Aoγ1

)−1 (
Aoγ1

)(
Aoγ1

)−1

=
(

Aoγ1

)−1
.

Hence, with the optimal weighting matrix

p
NT

(
γ̂1 −γo

1

) d→ N

(
0,

(
1+ 1

π1

)(
Aoγ1

)−1
)

(4.29)

Hence, we have

V ar
[
γ̂1

]= 1

NT

(
1+ 1

π1

)(
Aoγ1

)−1

where Aoγ1 ≡ G ′
oWoGo and we estimate the standard errors for the second stage

estimates using Ŵ as an estimate for Wo and 1
NT

NT∑
k=1

∂l(γ̂1,gk )
∂γ′

1
as an estimate of Go .

Step 2: Estimation of γ2

Given γ̂1, we then estimate γ2 by SMM, that is we consider the SMM estimator

γ̂2 = argmin

[
N∑

i=1
f (γ2,ui ; γ̂1)

]′[ N∑
i=1

f (γ2,ui ; γ̂1)

]
,
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where f (γ2,ui ; γ̂1) = m2(ui )− 1
S2

S2∑
s=1

m2(γ2,us ; γ̂1) where S2 is the total number of

model simulations. We omit the weighting matrix because we only have one moment

condition namely m̂2 = 1
N

∑
i Iui=1. Note that we only observe the unsubscription

choice in the treatment period and hence we only use data in the cross-section

dimension to estimate γ2. The first-order condition for the estimator in the third step

thus reads [
N∑

i=1

∂ f (γ2,ui ; γ̂1)

∂γ2

][
N∑

i=1
f (γ2,ui ; γ̂1)

]
= 0

or equivalently, provided
N∑

i=1

∂ f (γ2,ui ;γ̂1)
∂γ2

6= 0 as needed for identification, we have

[
N∑

i=1
f (γ2,ui ; γ̂1)

]
= 0.

A mean value expansion of this expression implies

p
N

(
γ̂2 −γo

2

) =
(

Aoγ2

)−1
(
−1p

N

N∑
i=1

f (γo
2 ,ui ;γo

1)−Fo
p

N
(
γ̂1 −γo

1

))+op (1)

=
(

Aoγ2

)−1
(
−1p

N

N∑
i=1

f (γo
2 ,ui ;γo

1)−Fo
1p
T

p
NT

(
γ̂1 −γo

1

))+op (1)

where Aoγ2 ≡ E

[
∂ f (γo

2 ,ui ;γo
1)

∂γ2

]
and Fo ≡ E

[
∂ f (γo

2 ,ui ;γo
1)

∂γ′
1

]
. Inserting from Equation (4.28)

above, we get

p
N

(
γ̂2 −γo

2

) =
(

Aoγ2

)−1
(
−1p

N

N∑
i=1

f (γo
2 ,ui ;γo

1)+Fo
1p
T

(
Aoγ1

)−1
G ′

oWo
1p

NT

NT∑
k=1

l (γo
1, gk )

)
+op (1)

=
(

Aoγ2

)−1
(
−1p

N

N∑
i=1

f (γo
2 ,ui ;γo

1)

)

+ 1p
T

(
Aoγ2

)−1
Fo

(
Aoγ1

)−1
G ′

oWo
1p

NT

NT∑
k=1

l (γo
1, gk )+op (1)

When N →∞ then the central limit theorem implies that

(
−1p

N

N∑
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f (γo
2 ,ui ;γo

1)

)

converges to a normal distribution. From above, we also have that

(p
NT

NT∑
k=1

l (γo
1, gk )

)
converges to a normal distribution. However, due to no overlap in the pre-treatment

and the treatment periods, we have no correlation between these two terms. Hence,

when N →∞ we have p
N

(
γ̂2 −γo

2

) d→ N
(
0,Ωo

)
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where
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To implement the asymptotic distribution derived above, we use the following

estimators: �V ar
(

f (γ̂2,ui ; γ̂1)
)≡ 1

N

N∑
i=1

f (γ̂2,ui ; γ̂1) f (γ̂2,ui ; γ̂1)′

To get the Hessian matrix, we use

Âγ2 ≡
1

N

N∑
i=1

∂ f (γ̂2,ui ; γ̂1)

∂γ2

And finally

F̂ ≡ 1

N

N∑
i=1

∂ f (γ̂2,ui ; γ̂1)

∂γ′
1

Note finally that we approximate numerical derivatives as follows

f ′ (x) = f (x +ε)− f (x −ε)

2ε
.
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4.17 Appendix H: Experimental material

Figure H3. Experiment I: First fundraising e-mail

Translation of first fundraising e-mail in Experiment I (see Figure H3)
Support us before June 7th .

Dear XXX, One of DanChurchAid’s collaborators will give 10 DKK for every person

who donates before June 7th .

Grills rats for dinner

Lokwang and his siblings live with their sick grandmother. His parents are dead so

Lokwang is responsible for the family and for bringing food on the table. They rely on

the crops they grow, but it isn’t always enough. Therefore Lokwang hunts rats, which

are sometimes the only meal of the day.
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1,000 donations give us an additional 10,000 DKK.

By supporting us, you give children like Lokwang an opportunity to create a future

for themselves and their family. Through our projects Lokwang can for example get

an education, a vegetable garden, and goats.

Best wishes, Tania

PS. Your donation is tax deductible.

[Text under picture:] “A lot of people catch rats here, so sometimes they are hard to

catch, and we might not have a proper meal for several days”, Lokwang explains.

[Red button:] Donate now. If for example 1,000 people support us before June 7, this

will mean that we get an additional 10,000 DKK for the poorest people in the world.

[Unsubscription link:] Unsubscribe here if you no longer want to receive this e-mail

service.
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Figure H4. Experiment I: Targeted Reminder e-mail

Translation of Targeted Reminder e-mail in Experiment I (see Figure H4)
[Only the first paragraph is translated. All other text is identical to the first fundraising

e-mail in Figure H3. See the translation above]

Dear XXX, I would like to remind you that one of DanChurchAid’s collaborators will

give 10 DKK for every person who donates before June 7th .
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Figure H5. Experiment I: Control July 2015 e-mail
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Figure H6. Experiment II: Less Frequent July 2015 e-mail
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Figure H7. Experiment II: Future Benefit July 2015 e-mail
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Translation of Control I e-mail in Experiment II (see Figure H5)
Buy a food share - and help start Denmark’s first surplus food grocery store

Dear [X],

Every year, Danes throw out more than 700,000 tonnes of food and thereby waste

about 11.6 billion DKK. Meanwhile, more than 800 million people go hungry every

day.

DanChurchAid would like to change this uneven distribution and we therefore take

the lead in the fight against food waste by establishing WeFood - the first surplus food

grocery store in Denmark.

We need your help to start the store and therefore we sell 5,000 WeFood food shares

at a price of 100 DKK per share.

Click here to buy your food share

The purpose of the store is to minimize food waste in Denmark and at the same

time make a profit that can be used to fight hunger in the world and ensure global

sustainability.

We want to sell high quality food that today is thrown out because the supermarkets

cannot sell it at full price, for example, the cornflakes packet that has a few scratches

and the canned food with lopsided labels.

The Princess and the Roskilde Music Festival are doing it

The patron of DanChurchAid, HRH Princess Marie, visited the Roskilde Festival last

week, and on that occasion she was given the food share she had bought.

The Roskilde Festival Charity Society will donate half a million DKK to the project if

DanChurchAid can raise the other half million DKK needed to open the store. This

means that for every food share we sell, the Roskilde Festival Charity Society will give

100 DKK.

Click here to learn more.

We hope that you will help us stop food waste!

Best wishes,

DanChurchAid

[Treatment information:] PS. Did you know that we normally send you an e-mail

about once per month? Thank you for supporting our work!

[Unsubscription link:] Unsubscribe here if you no longer want to receive this e-mail

service.

Translation of treatment information in Low Frequency e-mail in Experiment II
(The P.S. of the e-mail in Figure H6)
PS. Did you know that we normally send you an e-mail about once per month? In the

next three months we will only send you one e-mail. Thank you for supporting our

work!

Translation of treatment information in Future Benefit e-mail in Experiment II
(The P.S. of the e-mail in Figure H7)
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PS. Did you know that we normally send you an e-mail about once per month? In the

next e-mail one of our collaborators will donate a healthy meal to a poor child for

every person on our mailing list that donates an amount. Thank you for supporting

our work!



4.17. APPENDIX H: EXPERIMENTAL MATERIAL 191

Figure H8. Experiment II: Unsubscription survey

Translation of Experiment II unsubscription survey (see Figure H8)
Unsubscription from campaign e-mails

We are sorry that you want to unsubscribe from our e-mail service. In order to con-

tinue to improve what we do, we would like to understand why you have chosen to

unsubscribe. Please select which of the following explanations best describe why you

have chosen to unsubscribe from our e-mail service. [multiple answers possible]

• I no longer want to give to DanChurchAid.

• DanChurchAid sends me too many e-mails.

• I don’t like to be asked directly to donate to DanChurchAid.

• I don’t find the content of the newsletter interesting.

• Other [Specify]

[Red button:] Unsubscribe
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