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Abstract

Crowdfunding is omnipresent. The rise of the internet and the explosion

of social media have made it an important source of funds for, i.a., charities,

musicians and startups. Yet, it has received remarkably little attention in the

economics literature. In particular, the allocation mechanisms used by crowd-

funding platforms remain understudied. We make a first step towards filling this

gap by studying the performance of the prevailing All-Or-Nothing mechanism

(AON). We also introduce a new, strategy-proof, crowdfunding mechanism, the

Generalized Moulin-Shenker mechanism (GMS). We show that in theory GMS

outperforms AON in terms of equilibrium profit and funding success. We test

these theoretical predictions in a laboratory, distinguishing between a sealed-bid

and a dynamic version of GMS. Our results show that the dynamic GMS per-

forms better than the sealed-bid GMS. It outperforms AON when the producer’s

objective is to maximize funding success. For crowdfunding in practice, this im-

plies that the current standard of financing projects could be improved upon by

implementing a crowdfunding mechanism that is similar to the dynamic GMS.
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1 Introduction

Crowdfunding is booming. Over the past decade-and-a-half it has become increas-

ingly common to raise capital by collecting contributions from individual investors,

customers, friends, and family. The Cambridge Center for Alternative Finance es-

timates the global market for crowdfunding to now exceed $300 billion per year.1

This is more than the GDP of roughly 80% of the countries in the world. Crowd-

funded capital is used for a large variety of purposes, ranging from donations for

an individual medical treatment or charities to ‘pre-sales’ to fund the recording

of music albums and the development of a new product like a smartwatch. The

latter examples involve crowdfunding used to raise finances for startups or existing

businesses that have traditionally relied on other sources like venture capitalists or

banks. The widespread use of the internet and social media has made it possible to

tap into a large pool of potential funders. Various large-scale crowdfunding plat-

forms like Kickstarter, Indiegogo, and GoFundMe have appeared, where demand

and supply for funding are matched using a mechanism chosen by the platform.

When contributing to a business, funders may be rewarded with equity shares

(the funder obtains a stake in the business) or a reward. Our focus is on the latter.

Reward-based crowdfunding denotes the practice to raise monetary contributions

for a project from a large number of people who, in exchange, obtain a non-financial

reward.2 Think of a pre-release streaming of an album, a personalized version of

a product, or even a public “thank you” by a celebrity. Reward-based fundrais-

ing offers producers a low-cost opportunity to advertise and finance their projects

(Belleflamme et al., 2010; Gerber and Hui, 2013), and enables them to gain in-

formation about market demand prior to production (Da Cruz, 2018; Chemla and

Tinn, 2020).

In spite of its growing importance, reward-based crowdfunding has so far re-
1As reported by P2P Market Data, https://p2pmarketdata.com/

crowdfunding-statistics-worldwide/ (site visited October 26, 2020). More than two-
thirds of this amount was raised in China. More than 90% involves credit- (a.k.a. loan-) based
crowdfunding, which has been around for centuries (Everett, 2019).

2Statista (2019) estimates the global reward-based crowdfunding market in 2020 at $8.5 billion
and expects an annual growth rate of 12%. See Grüner and Siemroth (2019) for further estimates.
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ceived little attention in the economics literature (notable exceptions are discussed

below).3 As a consequence, little is known about the characteristics of the mecha-

nisms used by crowdfunding platforms, such as the popular All-or-Nothing mech-

anism (AON). In this study we address this gap in the literature. We investigate

the performance of the AON and ask whether other mechanisms exist that score

better. For this purpose, we introduce an alternative crowdfunding mechanism, the

Generalized Moulin-Shenker mechanism (GMS). As explained below, GMS gener-

alizes Moulin and Shenker’s (1992) serial cost sharing mechanism, while retaining

its desirable properties (in particular, strategy proofness, individual rationality,

anonymity, and budget balancedness). Because of these favorable properties, we

choose this alternative for the comparison to AON. While AON is the prevailing

reward-based crowdfunding mechanism in practice, GMS provides a simple and

theoretically promising alternative. We distinguish between a sealed-bid and a dy-

namic version of GMS. The latter generalizes Deb and Razzolini’s (1999) ‘English

Auction-Like Mechanism’ for allocating an indivisible and excludable public good.

The dynamic GMS is obviously strategy-proof in the sense of Li (2017), while

the sealed-bid GMS is not. Together, this makes the dynamic GMS a promising

alternative to the AON.

In our theoretical analysis, we compare these crowdfunding mechanisms using

a model in which a producer can develop a non-rivalrous but excludable good at

fixed costs. A producer may do so either for direct profit, or aim to develop the

good per se, for example to establish a reputation in the market. We therefore con-

sider two distinct producer objectives: maximization of profit and maximization

of the fundraising success probability. As is standard in crowdfunding practice,

the producer decides on a threshold for the amount to be raised and a reservation
3In contrast, the management literature has paid ample attention to crowdfunding (see Moritz

and Block (2016) and Shneor and Vik (2020) for reviews of this literature). A large part of this
literature has focused on the relationship between funding success and certain characteristics of
the producer and product. A producer’s track record, the size of her social network and her
locational proximity to potential consumers are positively related to the likelihood of funding
success (see. e.g. Agrawal et al., 2015; Zvilichovsky et al., 2015; Lin and Viswanathan, 2016;
Buttice et al., 2017; Cai et al., 2019). Further, projects that have a non-profit focus, feature
a product video and have low fundraising thresholds and time-limited rewards are more likely
to get funded (Belleflamme et al., 2013; Mollick, 2014; Pitschner and Pitschner-Finn, 2014; Lin
et al., 2016; Kunz et al., 2017).
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price. Given this choice, consumers decide on how much to offer for the good.

Consumer values for the good are drawn independently from a continuous distri-

bution function. For this environment, we show that for a sufficiently large crowd

of consumers, both versions of GMS outperform AON in expected producer profits

and success probability. Moreover, aggregate surplus is larger under GMS when

the producer’s goal is to maximize the likelihood of success.4

We test our theoretical predictions in a laboratory experiment. While GMS

is predicted to outperform AON when consumers follow the intuitive and weakly

dominant strategy to bid their own value, GMS is plagued by a multitude of equi-

libria. AON may outperform GMS if consumers play according to some of these

equilibria. Our experiment allows us to identify which equilibrium is empirically

most plausible. Further, our choice to use the laboratory as the environment for

our empirical analysis is motivated by its superior level of control. Testing the

theoretical properties of the mechanisms we are interested in requires that we cre-

ate an environment where the basic assumptions of the theory are met (Schram,

2005; List, 2020). Laboratory control allows us to meet this requirement. If the

theoretical dominance of GMS over AON is not supported in the controlled setting

of the laboratory, there is little reason to expect that GMS will do better in the

field. If the laboratory does support the theoretical predictions, then this is a good

reason to move forward with trials in the field.5

In our experiment, we systematically vary the mechanism, producer objective,

and cost level. This allows us to draw conclusions for a wide range of possible

crowdfunding scenarios. To capture the ‘crowd’ in crowdfunding, we use compara-

tively large consumer groups of 15 subjects each. Simulation results show that 15

consumers form a sufficiently large crowd for GMS to outperform AON in terms

of expected producer profits and success probability. Our laboratory results show
4Though we do consider the efficiency of the mechanisms, this is usually not considered as a

main goal of crowdfunding activities. We will see in the following section that for the environment
we are interested in, no efficient, incentive-compatible and individually rational mechanism exists
where the producer’s expected revenue in equilibrium is non-negative.

5Note the similarity to the role of laboratory experiments in the FCC spectrum auctions. Paul
Milgrom and Robert Wilson, based on their seminal theoretical contributions, advised the FCC
to use the simultaneous multiple round auction. The FCC commissioned experiments to further
test this auction format before applying it for the first time in the field in 1994 (McMillan, 1994).
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that the dynamic GMS performs consistently better than the sealed-bid GMS and

outperforms AON when the producer’s objective is to maximize funding frequency.

While subjects play close to the theoretical predictions in both the dynamic GMS

and AON, there is severe underbidding in the sealed-bid GMS. In the concluding

section, we discuss the implications of our results for crowdfunding in practice.

The remainder of the paper is organized as follows. The next section discusses

the literature on which we build and the contributions we aim to make. Section 3

theoretically analyzes the mechanisms, while Section 4 describes the experimental

design and states the hypotheses. Section 5 presents the results and Section 6

concludes.

2 State of the Art

Our study is related to several strands of the literature. To start, reward-based

crowdfunding resembles a public good in the sense that all consumers could poten-

tially benefit from the project being completed. Think, for example, of crowdfund-

ing aimed at producing a smartwatch. Pebble Time used the platform Kickstarter

to raise funds to set up production facilities for its watch, and raised over $20 mil-

lion (Brown et al., 2017). Once the production capacity was set, other consumers

could benefit from it by buying the watches it produced. The problem they faced is

that Pebble Time would not have raised enough money beforehand if all consumers

had waited for the production to be set up. Indeed, for public goods both theory

and experiments show that free riding causes severe underprovision, resulting in an

inefficient outcome (see Batina and Ihori, 2005 for a review).

In recent decades, several ingenious mechanisms have been developed that mit-

igate free riding and achieve (almost) efficient provision of the public good in set-

tings with private information, such as ours (e.g. Arrow, 1979; d’Aspremont and

Gérard-Varet, 1979; d’Aspremont and Gerard-Varet, 1979; Walker, 1981; Falkinger,

1996). The most famous of these mechanisms is perhaps the Vickrey-Clarke-Groves

mechanism (VCG) (Vickrey, 1961; Clarke, 1971; Groves, 1973; Groves and Loeb,

1975). VCG achieves an efficient outcome by charging or compensating the agents
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for the externalities that they exert on or are caused by others. VCG, however,

is unsuitable for application to crowdfunding because it is generally not weakly

budget balanced in that setting, i.e., in expectation, the consumers’ equilibrium

contributions fall short of the project costs.

This negative result for VCG has important consequences for crowdfunding

mechanisms. In particular, there exists no efficient, incentive-compatible and in-

dividually rational mechanism that balances the budget in an environment where

VCG results in an expected deficit (Krishna and Perry, 1998). Therefore, no ef-

ficient crowdfunding mechanism exists where the producer obtains a non-negative

expected revenue in equilibrium. Instead of searching for an efficient mechanism,

we therefore resort to finding mechanisms with favorable other properties and com-

paring them in a setting where consumers can be excluded from consuming the good

when produced. Our study contributes by introducing GMS, a strategy-proof, in-

dividually rational, anonymous, and (weakly) budget-balanced mechanism, that

can be easily implemented in practice and by comparing it to AON, the dominant

mechanism used in practice.

A different strand of the non-excludable public-goods literature focuses on rev-

enue rather than efficiency. For some organizations (like charities), revenue is an

important objective. Such organizations are therefore interested in the extent to

which a fundraising mechanism elicits contributions. A public good provider can,

for example, increase contributions by bundling the public good with a private good

(e.g. Morgan, 2000; Goeree et al., 2005; Lange et al., 2007). By selling the private

good in a lottery or auction, the free-rider problem inherent in public-good provi-

sion is alleviated by the negative externalities consumers exert on each other when

buying lottery tickets or bidding in an auction (Morgan, 2000). Laboratory experi-

ments predominantly confirm the theoretical predictions (e.g. Morgan and Sefton,

2000; Lange et al., 2007; Schram and Onderstal, 2009), while the results of field

experiments are mixed (Landry et al., 2006; Onderstal et al., 2013). By the very

nature of crowdfunding, revenue also plays an important role in our study. We add

to this literature in that we theoretically and experimentally analyze fundraising

mechanisms in a setting with an excludable good.
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There is also a small but growing literature studying the theoretical proper-

ties of crowdfunding. Compared to traditional financing, crowdfunding introduces

efficiency gains because it enables producers to execute projects that would oth-

erwise not have been executed (Kumar et al., 2020). Crowdfunding also caters to

donors who just want the campaign to succeed (Deb et al., 2019). Moreover, crowd-

funding allows firms to explore their market at an early stage to inform possible

future investments. This real option value of learning helps to overcome moral-

hazard issues (Chemla and Tinn, 2020), though the expected producer profit needs

to be sufficiently large to prevent entrepreneurial moral hazard and ensure effi-

cient production (Strausz, 2017). In practice, crowdfunding mechanisms tolerate

some fraud to increase profits and welfare (Ellman and Hurkens, 2019a).6 In the

field, crowdfunding indeed acts as a mechanism to reveal demand. Producers that

were unsuccessful with their crowdfunding campaign tend to nevertheless release

the product if contributions suggest sufficient market demand (Da Cruz, 2018).

GMS is particularly informative in this respect due to its strategy proofness, which

ensures that consumers have an incentive to reveal their true demand even when

there is a secondary market for the good. To focus on a between-mechanism perfor-

mance comparison, however, our study abstracts from moral-hazard and screening

issues. We will show that GMS has favorable properties in comparison to AON

even without these issues.

Aside from studies on general crowdfunding characteristics, there is also a small

literature that introduces or tests the performance of alternative crowdfunding

mechanisms. Cumming et al. (2020) observe empirically that AON outperforms the

Keep-it-All mechanism in which the producer may keep the money raised regard-

less of reaching the threshold. In a setting similar to ours, the profit-maximizing

crowdfunding mechanism is impractical (Cornelli, 1996); it leads to the producer

making a loss in certain states and conditions funding success on individual bids in

a complicated manner. Nevertheless, practical mechanisms could exist that outper-

form AON. Though AON constitutes the optimal crowdfunding mechanism when
6The term ‘fraud’ refers to an entrepreneur pocketing the money raised in crowdfunding with-

out delivering the project or rewards.
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consumers’ values are binary, it falls considerably short for three or more possible

values (Ellman and Hurkens, 2019b). Existing mechanisms like AON can also be

modified. For example, producers can increase the success rate of their crowdfund-

ing campaigns by offering refund bonuses (Cason and Zubrickas, 2019; Cason et al.,

2021). We depart from such modifications to AON and add to the literature by

introducing a promising and easily implementable new crowdfunding mechanism,

GMS, and test its performance relative to AON.

GMS is a generalization of the serial cost sharing mechanism by Moulin and

Shenker (1992).7 Amongst budget-balanced and strategy-proof mechanisms, the

worst possible welfare loss is minimized by this serial cost sharing mechanism

(Moulin and Shenker, 2001). It also maximizes welfare among a restricted set

of strategy-proof mechanisms (Deb and Razzolini, 1999). These results are partic-

ularly relevant for our study; we will show that for a producer aiming to maximize

funding success probability, the optimal funding threshold and reservation price

imply that GMS coincides with the serial cost sharing mechanism.

There are a few papers that have tested the serial cost sharing mechanism in

laboratory experiments. In groups of three consumers, subjects predominantly

bid their value in this mechanism (Gailmard and Palfrey, 2005). In groups of

four, subjects deviate from playing the dominant strategy at the beginning of the

experiment but converge to it over time (Chen et al., 2007; Razzolini et al., 2007).

Such convergence diminishes as the number of players grows (Friedman et al., 2004).

Our experiment uses comparatively large groups of consumers. In line with these

previous studies, we observe that a substantial number of subjects does not converge

to playing the dominant strategy in the sealed-bid GMS. Moreover, to the best of

our knowledge, we are the first to study a dynamic serial cost sharing mechanism

in the laboratory. In contrast to the sealed-bid GMS, we find that behavior in

the dynamic GMS rapidly converges to bidding one’s value. Finally, while our

experiment provides an additional test of the serial cost sharing mechanism for

larger groups, we are also the first to test a cost-sharing mechanism when the
7Moulin and Shenker’s (1992) serial cost sharing mechanism was developed for indivisible and

excludable public goods. Our generalization consists of endogenizing the threshold amount and
minimum price.

7



producer aims to maximize her profits.

3 Theory

3.1 Model

A risk-neutral producer can develop a non-rivalrous and excludable good at fixed

costs 𝐶 > 0. Once the good has been developed, the producer produces the good at

constant marginal costs that are normalized to zero. 𝑁 ≥ 2 risk-neutral consumers,

labelled 𝑖 = 1, . . . , 𝑁 , are interested in obtaining a unit of the good. Let 𝑣𝑖 denote

consumer 𝑖’s value for the good. We assume that the values are drawn indepen-

dently from the interval [0, 𝑣] with distribution function 𝐹 that is differentiable and

strictly increasing over [0, 𝑣]. We assume that 0 < 𝑣 < 𝐶 and 𝑁𝑣 > 𝐶. This ensures

that production requires at least two consumers buying the good and that efficient

production is sometimes feasible.

Consumers have quasi-linear utilities. Consumer 𝑖’s utility is given by

𝑢𝑖 =


−𝑝𝑖, if she does not obtain a unit

𝑣𝑖 − 𝑝𝑖, if she obtains a unit

where 𝑝𝑖 is the amount paid by consumer 𝑖.

The good is allocated either via AON or GMS. Both are characterized by a

threshold 𝑇 and a reservation price 𝑟 set by the producer. The AON and sealed-

bid GMS are simultaneous-move games in which each consumer 𝑖 reports a bid.

In the dynamic GMS, consumers implicitly report bids, as explained below. All

three crowdfunding mechanisms then map bids, threshold and reservation price into

an outcome specifying whether the good is produced, and if so, which consumers

obtain the good and how much each consumer pays to the producer.

More formally the mechanisms are described as follows.

All-or-Nothing (AON). Each consumer 𝑖 simultaneously and independently re-

ports a bid 𝑏𝑖 ≥ 0. The good is produced if and only if
∑𝑁

𝑖=1 𝑏𝑖 ≥ 𝑇 . If the good is

produced, consumer 𝑖 pays her own bid 𝑏𝑖 to the producer. She obtains a unit if
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and only if 𝑏𝑖 ≥ 𝑟 . If the good is not produced, all consumers pay zero.

Sealed-bid Generalized Moulin-Shenker (sGMS). Each consumer 𝑖 simulta-

neously and independently reports a bid 𝑏𝑖 ≥ 0. sGMS then proceeds according to

the following algorithm:

1. List all bids 𝑏𝑖 that satisfy 𝑏𝑖 ≥ 𝑟 .

2. If there are no bids on the list, the good is not produced, all consumers pay

zero, and the algorithm ends. Otherwise, calculate the producer’s revenue 𝑅

assuming that all consumers whose bids are on the list pay the lowest bid on

the list.

3. If 𝑅 ≥ 𝑇 , proceed to step 4. Otherwise, remove the lowest bid from the list

and go back to step 2.

4. The good is produced. All 𝑀 consumers whose bids are on the current list

obtain a unit of the good and pay max
{
𝑟, 𝑇

𝑀

}
. The remaining consumers do

not obtain a unit of the good and pay zero.

Dynamic Generalized Moulin-Shenker (dGMS): In dGMS, the price is raised

successively, starting at the reservation price 𝑟 . At any price, consumers can drop

out. This decision is irrevocable. Let 𝑀 (𝑝) be the number of consumers remaining

at price 𝑝. The resulting revenue at price 𝑝 is 𝑀 (𝑝) 𝑝. The ascending clock stops

when it reaches price 𝑝, for which either (1) all consumers have dropped out, in

which case the good is not produced and all consumers pay zero or (2) 𝑀 (𝑝) 𝑝 ≥ 𝑇 ,

in which case the good is produced and all remaining consumers obtain a unit and

pay 𝑝. Note that this procedure is sequential, but is strategically equivalent to an

environment where consumers bid by specifying a priori at which price they wish

to drop out. In what follows, we refer to such a drop-out price as a ‘bid’ in dGMS.

3.2 Equilibrium Properties

This is a game of incomplete information involving producers and consumers in-

teracting in two stages. In the first stage, producers choose a threshold 𝑇 and a
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reservation price 𝑟 and in the second stage each consumer is informed about her

value 𝑣𝑖 and chooses her bid 𝑏𝑖 . The mechanism in place subsequently determines

whether the good is produced, which consumers receive it, and how much they pay.

To find perfect Bayesian equilibria (PBE) of the game, we start by considering the

subgames that can occur between consumers after 𝑇 and 𝑟 have been set. For these

subgames, we derive Bayesian Nash equilibria (BNE). First, however, we make

one assumption regarding the choice of 𝑇 . This is that no producer will choose a

threshold that allows for the possibility of making a loss. That is, we assume that

𝑇 ≥ 𝐶. We will see below that this condition is fulfilled in the equilibria we are

interested in.

3.2.1 Bayesian-Nash Equilibria for Consumers

To derive BNE, we start by noting that any consumer strategy in any mechanism

is a function mapping values to bids. We label an equilibrium ‘truthful’ if all

consumers having a value weakly greater than 𝑟 submit a bid equal to value, that

is 𝑏𝑖 = 𝑣𝑖 ∀ 𝑖 : 𝑣𝑖 ≥ 𝑟 . We refer to an equilibrium as ‘semi-pooling’ if all consumers

having a value weakly greater than 𝑟 submit a bid equal to 𝑟 and the remaining

consumers bid zero, i.e., 𝑏𝑖 = 𝑟 ∀ 𝑖 : 𝑣𝑖 ≥ 𝑟 and 𝑏𝑖 = 0 ∀ 𝑖 : 𝑣𝑖 < 𝑟 .

We start the BNE analysis with AON. In Appendix B, we implicitly derive a

general form for a symmetric BNE in AON. That analysis suggests pooling at 𝑟 for

values greater than, but close to, 𝑟 . The second part of the following theorem es-

tablishes that for sufficiently large 𝑁 , AON has a unique semi-pooling equilibrium.

Theorem 1

(i) Suppose 𝑇 ≥ 𝐶 and 𝑟 = 0. Then the strategy where 𝐵(𝑣) = 0 ∀ 𝑣 constitutes a

symmetric BNE of AON.

(ii) Suppose 𝑣 > 𝑟 > 0. Then, for sufficiently large 𝑁 , AON has a unique BNE

in undominated strategies, which is given by:

𝐵(𝑣) =


0 if 𝑣 < 𝑟

𝑟 if 𝑣 ≥ 𝑟

10



Proof See Appendix A

The intuition underlying Theorem 1.i is a standard free riding argument. If no

positive bid is required to be eligible to receive the good, then the best response

to nobody else bidding a positive amount is to bid zero as well. The semi-pooling

equilibrium in Theorem 1.ii also has an intuitive appeal. Recall that if the threshold

is reached, all consumers pay their bid in AON, irrespective of whether they receive

the good (which they only do if they bid at least 𝑟). For consumers whose value lies

below the reservation price, it is then best to bid zero. For consumers with a value

above 𝑟 , the intuition is that if 𝑁 is large enough, it is unlikely for a consumer’s bid

to be pivotal for reaching the threshold. This induces her to bid the reservation

price, i.e. the lowest possible amount that guarantees her a unit of the good if it is

produced. The size (𝑁 ) needed to obtain a semi-pooling equilibrium need not be

restrictively high. Section 4.2 shows that for some of our experimental parameters,

it is an equilibrium for 𝑁 = 15.

We now turn to GMS. dGMS is strategically equivalent to sGMS. In fact, dGMS

is an ascending-price implementation of GMS in the same way as the Japanese

auction is an ascending-price implementation of the second-price sealed-bid auc-

tion (Milgrom and Weber, 1982). Because the equilibrium properties of dGMS

carry over to sGMS, we frame all theoretical results in terms of the more general

representation of GMS only, unless indicated otherwise. In GMS, the amount a

consumer pays when obtaining the good only depends on the bids of the other

consumers, not on her own bid. Moreover, a consumer pays at most her own bid.

Theorem 2 presents the main equilibrium result for GMS.

Theorem 2 In GMS, 𝛽 (𝑣𝑖) = 𝑣𝑖 , 𝑖 = 1, . . . , 𝑁 , constitutes a BNE in weakly domi-

nant strategies.

Proof See Appendix A

Theorem 2 establishes that GMS has a truthful equilibrium in weakly dominant

strategies. Moreover, following Moulin and Shenker (2001), it can be shown that

consumer behavior in GMS is ‘group strategy-proof’, i.e. no group of consumers
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has an incentive to lie about their values. Given that bidding one’s value also is an

intuitive strategy, we expect the truthful equilibrium to be a natural focal point

for consumers. However, the truthful equilibrium is not unique; in Appendix B,

we show that GMS has a multiplicity of equilibria. Some equilibria involve bidders

bidding ‘in the neighborhood’ of their value. Such equilibria are outcome equivalent

to the truthful equilibrium. This is a useful property of the GMS in that small

mistakes in consumers’ bidding strategies have no effect on the outcome. Other

equilibria involve underbidding relative to the truthful equilibrium, including a

semi-pooling equilibrium, resulting in lower producer profit and success probability

than the truthful equilibrium. Our laboratory data will allow us to investigate

which equilibrium is empirically most plausible.

Although sGMS and dGMS yield the same BNE for any subgame following

a producer’s choice of 𝑇 and 𝑟 , we can still theoretically distinguish between the

two mechanisms. For the extensive-form representation of a mechanism, Li (2017)

introduces the notion of ‘obvious strategy-proofness’. This is defined as follows.

Strategy 𝑠 is obviously dominant if, for any other strategy 𝑠′, at the earliest infor-

mation set where 𝑠 and 𝑠′ differ, the worst possible outcome from 𝑠 is at least as

good as the best possible outcome from 𝑠′. A mechanism that has an equilibrium in

obviously dominant strategies is obviously strategy-proof. This yields the following

difference between sGMS and dGMS.

Theorem 3 sGMS is not obviously strategy-proof. dGMS is obviously strategy-

proof.

Proof See Appendix A

Li (2017) argues that obviously strategy-proofness has the intuitive behavioral

interpretation that a cognitively limited agent can recognize a strategy as weakly

dominant if and only if it is obviously dominant. In other words, Theorem 3

suggests that for cognitively limited consumers it is easier to recognize that bidding

value is a weakly dominant strategy in dGMS than in sGMS.
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3.2.2 Producers’ Best Response

To complete the PBE, we derive the optimal choice of 𝑇 and 𝑟 by the producers.

We consider two possible producer objectives. The first concerns the maximization

of the likelihood of the project’s success. The project is marked a success if and

only if (1) the project is initiated, i.e.
∑𝑁

𝑖=1 𝑝𝑖 ≥ 𝑇 , and (2) the project’s revenues

exceed its costs, i.e.,
∑𝑁

𝑖=1 𝑝𝑖 ≥ 𝐶. The second producer objective is the maximiza-

tion of the project’s profit. To derive producer behavior in the PBE, we assume

that consumers play the semi-pooling equilibrium in AON (Theorem 1.ii) and the

truthful equilibrium in GMS (Theorem 2). We let 𝑇𝑚
𝑜 and 𝑟𝑚𝑜 denote the optimal

threshold and reservation price respectively for mechanism 𝑚 = {𝐴𝑂𝑁,𝐺𝑀𝑆} and

objective 𝑜 = {𝑠, 𝜋}, where 𝑠 (𝜋) stands for the success (profit) objective.

We first consider the AON when the producer’s goal is to maximize the project’s

success probability. We have

Theorem 4 Suppose that in AON consumers play according to the semi-pooling

equilibrium. The producer maximizes the project’s success probability by setting

𝑇𝐴𝑂𝑁
𝑠 = 𝐶 and 𝑟𝐴𝑂𝑁

𝑠 ∈ arg max𝑟 𝐼(1−𝐹 (𝑟 ))
(
𝐶
𝑟
,
(𝑁+1)𝑟−𝐶

𝑟

)
s.t. 𝑟 =

{
𝐶
𝑁
, . . . , 𝐶2

}
& 𝑟 ≤ 𝑣,

where 𝐼𝑥 (·) denotes the regularized incomplete beta function. The solution involves

lim𝑁→∞ 𝑟𝐴𝑂𝑁
𝑠 = 0.

Proof See Appendix A

While the theorem does not provide a closed-form solution for the optimal

producer choices in AON under a success objective, it restricts the number of po-

tentially optimal threshold/reservation price combinations to 𝑁 − 1. The producer

optimally sets 𝑇𝐴𝑂𝑁
𝑠 = 𝐶 because consumers who play according to a semi-pooling

equilibrium do not make bids that depend on the threshold. Setting 𝑇 < 𝐶 puts

the producer at risk of a loss, while setting 𝑇 > 𝐶 puts the producer at risk of un-

necessary project failure. Similarly, the producer chooses a reservation price from

the discrete set of prices that potentially fund the project without excess aggregate

payments.

When producers in AON aim to maximize profits, we show in Lemma A4 in

Appendix A that the producer optimally sets𝑇𝐴𝑂𝑁
𝜋 = 𝐶. For the optimal reservation
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price, we find no analytical solution but show in Theorem B2 of Appendix B that

for sufficiently large 𝑁 , 𝑟𝐴𝑂𝑁
𝜋 is equal to the price that a monopolist would charge in

this market if the production costs were sunk. Appendix D shows how the optimal

𝑟𝐴𝑂𝑁
𝜋 can be derived numerically.

Turning to GMS, we again start with the success probability objective. Theorem

5 displays the optimal parameters.

Theorem 5 Suppose that in GMS, consumers play according to the truthful equi-

librium. Then the producer maximizes the project’s success probability by setting

𝑇𝐺𝑀𝑆
𝑠 = 𝐶 and 𝑟𝐺𝑀𝑆

𝑠 = 0.

Proof See Appendix A

Thus, the PBE for GMS when producers aim to maximize the likelihood of suc-

cess is intuitive for both producer and consumers. It involves producers choosing

a threshold equal to the project costs and reservation price zero, while consumers

bid their value. By choosing 𝑇 = 𝐶 and 𝑟 = 0, a producer optimally uses the serial

cost sharing mechanism by Moulin and Shenker (1992). The intuition is straight-

forward. The project should not be produced if the costs are not covered. So,

𝑇𝐺𝑀𝑆
𝑠 ≥ 𝐶. Then, conditional on the costs being covered, the producer maximizes

the likelihood that the project is completed by pushing 𝑇 and 𝑟 as low as possible

so that 𝑇𝐺𝑀𝑆
𝑠 = 𝐶 and 𝑟𝐺𝑀𝑆

𝑠 = 0.

Comparing Theorems 4 and 5 shows that when the producer aims at maximizing

the likelihood of success, 𝑇𝐴𝑂𝑁
𝑠 = 𝑇𝐺𝑀𝑆

𝑠 = 𝐶. The optimal reservation price is larger

in AON but converges to that in GMS (𝑟𝐺𝑀𝑆
𝑠 = 0) with increasing 𝑁 .

For the case of profit maximization under GMS, we have found no generally

applicable analytical solutions. We show in Appendix D that these can be eas-

ily derived numerically for any specific environment. The numerical solutions all

involve 𝑇𝐺𝑀𝑆
𝜋 ≥ 𝐶, because they would otherwise involve including outcomes that

yield a loss.

Finally, note that the PBE for both mechanisms and both objectives involve

setting the threshold weakly above the costs. This justifies the assumption that

𝑇 ≥ 𝐶 made above.
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3.3 Comparing Mechanisms

Our main objective in this theoretical analysis is to compare the equilibrium prop-

erties of AON and GMS. Although we have not analytically derived the complete

PBE for all cases, the comparison turns out to be straightforward if consumers

bid according to the equilibria derived in Theorem 1.ii and Theorem 2. Our first

proposition then shows that GMS outperforms AON in terms of expected producer

profit and success probability.

Proposition 1 Consider the PBE for AON and GMS where consumers play ac-

cording to the semi-pooling equilibrium in AON and the truthful equilibrium in

GMS.

(i) If the producer aims to maximize expected profit, GMS yields weakly higher

expected profit than AON. GMS yields strictly higher expected profit than AON

if and only if ⌈ 𝐶

𝑟𝐴𝑂𝑁
𝜋
⌉ − 1 > 𝐶

𝑣
.8

(ii) If the producers aims to maximize success probability, GMS yields weakly

higher success probability than AON. GMS yields strictly higher success prob-

ability than AON if and only if 𝐶 < (𝑁 − 1)𝑣.

Proof See Appendix A

In the semi-pooling equilibrium of AON, consumers with a value below the

reservation price bid 0 and all others bid the reservation price 𝑟 . The underlying

intuition for Proposition 1 is that a producer in GMS can always set the threshold

and reservation price that are optimal under AON – and will sometimes outperform

AON for these choices (because consumers with a value above r have a higher

equilibrium bid in GMS than in AON) – but may even do better for other parameter

choices.

We also compare the two mechanisms in terms of the aggregate surplus that

they generate in their PBE. Recall that no efficient, incentive-compatible and indi-

vidually rational mechanism exists where the producer’s expected revenue in equi-
8⌈·⌉ denotes a ceiling function that rounds up its argument to the nearest integer.
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librium is positive. Nevertheless, Proposition 2 establishes that GMS is weakly

more efficient than AON in equilibrium under a success objective.

Proposition 2 Assume that producers’ objective is to maximize the project’s suc-

cess probability. In the BNE described in Theorems 4 and 5, aggregate surplus is

weakly higher in GMS than in AON. Expected aggregate surplus is strictly higher

in GMS than in AON if and only if 𝐶 < (𝑁 − 1)𝑣.

Proof See Appendix A

Together, Propositions 1 and 2 establish that GMS outperforms AON both from

the producer’s perspective (irrespective of their objective) and from the perspective

of aggregate welfare (under a success objective). Of course, whether this theoretical

dominance is realized depends very much on how consumers bid. To study this

behavior, we designed the experiment described in the following section.

4 Experimental Design and Hypotheses

4.1 Experimental Procedures and Design

The experiment consisted of 18 sessions that were conducted at the CREED labo-

ratory of the University of Amsterdam. For each session we recruited 16 subjects

from the CREED subject pool. Subjects were on average about 22 years old. Our

sample was almost gender-balanced (54% females) and consisted primarily (68%) of

Economics or Business students. 71% of the subjects had no prior experience with

crowdfunding. Throughout the experiment, payoffs are denoted by ‘francs’. Accu-

mulated earnings are paid out at an exchange rate of 1 Euro for 8 francs. Sessions

lasted about 80 minutes and subjects earned 14.14 Euros on average, including a

show-up fee of 7.00 Euros.

The experiment is structured as follows. First, subjects read the instructions

on their monitor. We then ask subjects to answer questions that test whether they

have understood the crowdfunding game. Appendix E presents a transcript of the

instructions and comprehension questions. Subjects are allowed to move forward

16



only after they have correctly answered all comprehension questions. Thereafter,

subjects are asked some crowdfunding intuition questions concerning theoretically

optimal producer and consumer behavior. One of the subjects that has correctly

answered the most producer intuition questions is assigned the role of (passive)

producer.9 Once all subjects have answered all test and intuition questions, subjects

assigned the role of consumers play the crowdfunding game for 45 rounds, while

the subject assigned the role of passive producer plays a non-incentivized allocation

game. Subsequently, all subjects are required to fill out a short survey and are then

privately paid out their earnings.

The experiment features a 3x2x3-design. It varies the mechanism (AON, sGMS,

dGMS) between subjects, and the producer objective (profit, success) and project

costs (low, medium, high) within subjects. As we focus on consumer behavior, we

computerize producer decisions. This is common knowledge. In each session, 15

subjects are assigned the role of consumers, while the subject who is assigned the

role of a passive producer cannot influence the producer decisions, which are set

by the computer.10

To provide subjects with sufficient opportunity to learn to play the crowdfund-

ing game, they interact in it for 45 rounds. In 27 of these rounds, the producer has

a profit objective. The computerized producer chooses the threshold and reserva-

tion price to maximize expected profit as predicted by theory (details are presented

below). In the other 18 rounds, the producer has a success objective, setting the

threshold and reservation price that maximize funding success probability. Note

that the consumers are not informed about the objective, but simply face a given

threshold and reservation price in each round. For each producer objective, project

costs in any given round are low, medium, or high. In rounds with a profit objec-

tive, costs are 𝐶 = 50, 𝐶 = 70, and 𝐶 = 90 respectively. In rounds with a success
9This procedure intends to reflect that producers tend to be more knowledgeable about using

crowdfunding as a fundraising practice than consumers.
10We assign a subject to be a passive producer in order to allow for potential pro-social behavior

of consumers towards the producer. In a companion paper, we study producer behavior in
crowdfunding (Woerner et al., 2021). That study motivates our selection procedure for producers,
described above. Even though producers are passive in the experiment reported here, we use the
same procedure in order to maintain consistency across studies.
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objective, costs are 𝐶 = 60, 𝐶 = 80, and 𝐶 = 100 respectively. The 45 rounds are

split in three blocks of 15, nine with a profit objective and six with a success objec-

tive. Project costs are randomly drawn in such a way that in each block, 𝐶 = 50,

𝐶 = 70 and 𝐶 = 90 occur three times each, while 𝐶 = 60, 𝐶 = 80 and 𝐶 = 100

occur twice each. The different cost levels allow us to analyze subject behavior in

situations when funding success is supposed to be very likely, somewhat likely and

unlikely according to the theoretical predictions presented in Section 4.2.

At the start of each round, the consumers are informed about the fundraising

threshold 𝑇 and reservation price 𝑟 , which depend on the round’s producer objec-

tive and project costs (details are presented below). Consumers are not informed

about the producer’s objective and project costs. The consumers are privately

informed about their values, which are drawn independently from a discrete uni-

form distribution over the set {0, 1, . . . , 19, 20}. Then, the consumers interact in the

crowdfunding mechanism.11 To reduce noise, the order of the cost levels and the

draws of the values are kept constant across mechanisms.12

At the end of each round, all subjects are informed about their payoffs, whether

the good was produced, the other consumers’ decisions (listed anonymously in

ascending order), and which price was implemented if the good is produced (in

GMS).13 A consumer’s payoff when obtaining the good equals her value minus the

payment she made to the producer. If she does not obtain the good, her payoff

is equal to zero minus her payment. The earnings of the passive producer are

determined by the producer’s payoff. Under the profit objective, the producer’s

payoff in francs is 20% of the profits, that is, 20% of the aggregate consumers’

payments minus the project costs, if the product was produced and zero otherwise.

Under the success objective, the payoff is 3 francs if the producer managed to

successfully fund the project and zero otherwise. At the end of the experiment,
11Decision screens in AON, sGMS and dGMS are depicted in Figures E1, E3 and E5 in Appendix

E. Note that subjects in dGMS were not informed during the bidding phase about the number
of consumers remaining in the market at a given price.

12To illustrate, the second session in AON has the same cost order and value draws as the
second session in sGMS; it has a different cost order and different value draws than the third
session in AON.

13Feedback screens in AON, sGMS and dGMS are depicted in Figures E2, E4 and E6 in
Appendix E.
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each subject’s payoffs in francs across all 45 rounds are paid out.

4.2 Hypotheses

We apply the theoretical predictions to the parameters of our experiment to derive

hypotheses that we will test with the laboratory data. We are interested in the

mechanisms’ performance in terms of producer objectives and welfare. For this

reason, we derive hypotheses both about the producers’ profit and probability of

success and about overall efficiency.

We first derive the optimal choice of parameters 𝑟 and 𝑇 for both mechanisms

under each of the two producer objectives. We start with AON. Recall from the

theory section that consumers face a trade-off between increasing the likelihood of

production and paying as little as possible to obtain the good. If 𝑁 is large enough,

consumers’ behavior is characterized by the semi-pooling equilibrium (cf. Theorem

2.ii). For a moderately large crowd of 15 consumers (as used in this experiment),

it is already quite unlikely that a consumer’s individual contribution is pivotal. In

that case, even consumers with a high value are unwilling to pay a price that is

substantially higher than the reservation price, 𝑟 . Nevertheless, it is a priori unclear

whether 𝑁 = 15 is sufficient to make semi-pooling the BNE for consumers for all 𝑟

and 𝑇 . It is clear, however, that an unwillingness to pay substantially more than 𝑟

implies that the producer must set high reservation prices to mitigate consumers’

scope to free ride.

Aside from the reservation price, the producer has a second instrument, the

fundraising threshold 𝑇 . This allows the producer to only produce the good if the

consumers are willing to pay enough for it in aggregate. If the producer sets 𝑇 ≥ 𝐶,

she can ensure to never make a loss.

We use numerical analyses to simultaneously determine the BNE for consumers

and the optimal 𝑟 and 𝑇 for producers for our experimental parameters (Appendix

D describes the algorithm used). For the producers, we find equilibrium behavior

in AON as depicted in the top panel of Table 1. It appears that the equilibrium

threshold not only depends on the project costs but also on the producer’s objective.
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Under the success objective, the producer sets the fundraising threshold equal to

the costs (cf. Lemma A4 in the appendix). Under the profit objective, it can be

worthwhile to choose a threshold that is strictly higher than the costs. A threshold

that equals a multiple of the reservation price plus one unit, for example, induces

consumers with a high value to deviate from semi-pooling and bid one monetary

unit above the reservation price.

Table 1: Equilibrium Thresholds and Reservation Prices

Success Objective Profit Objective
Costs 60 80 100 50 70 90

AON Threshold 60 80 100 50 78 97
Reservation Price 10 10 11 11 11 12

GMS Threshold 60 80 100 56 78 97
Reservation Price 0 0 0 11 11 11

Notes: The table presents equilibrium thresholds and reservation prices in AON and GMS for all
cost levels used in the experiment.

Next, consider GMS. We derive the optimal 𝑟 and 𝑇 assuming that consumers

play according to the truthful equilibrium, which is an equilibrium in weakly dom-

inant strategies (Theorem 2). Therefore, unlike in AON, consumers do not adjust

their bids with respect to the threshold and reservation price; this somewhat sim-

plifies the analysis. As in AON, the equilibrium producer behavior depends on

the producer’s objective. Recall that producer behavior if the producer wants to

maximize her success probability coincides with the serial cost sharing mechanism

by Moulin and Shenker, i.e. 𝑇𝐺𝑀𝑆
𝑠 = 𝐶 and 𝑟𝐺𝑀𝑆

𝑠 = 0 (Theorem 5). The intuition

is that as consumers bid their own value irrespective of the fundraising threshold

and reservation price, setting 𝑇 > 𝐶 and 𝑟 > 0 only make it more difficult to reach

aggregate payments equal to or higher than the costs. This is confirmed in the

lower panel of Table 1.

If the producer’s objective is to maximize expected profit, she should set a

relatively high reservation price. By doing so, she can ensure that payments, and

therefore profits, are large in case she faces many high-valued consumers. The

producer sets a threshold above the costs to still ensure a strictly positive payoff
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if only few consumers contribute. Using numerical analysis (see Appendix D for

the algorithm used), we find equilibrium producer behavior in GMS as depicted in

Table 1.

Table 2 shows the expected performance of AON and GMS in terms of average

profit, average surplus, and success frequency. Surplus is defined as the sum of the

consumer values for the consumers who obtain the good minus the costs conditional

on the good being produced. The sealed-bid and dynamic GMS are predicted

to perform equally well, outperforming AON in all four outcome measures (cf.

Propositions 1 and 2). However, the difference in expected performance between

GMS and AON is considerably larger for the success objective than for the profit

objective.

Table 2: Theoretical Predictions

Success Objective Profit Objective
Success Surplus Profit Surplus

AON 0.559 33.84 15.79 35.77
GMS 0.651 46.73 16.29 37.62

Notes: For the experimental parameters, the table presents theoretical predictions for expected
success frequency and surplus under a success objective and expected profit and surplus under a
profit objective in AON and GMS.

The superior theoretical performance of GMS compared to AON (cf. Proposi-

tions 1 and 2, and Table 2 yields the following two hypotheses that we test in the

experiment.

Hypothesis 1 Relative to AON, sGMS yields

(a) higher average profits under a profit objective

(b) higher average surplus under a profit objective

(c) higher success frequency under a success objective

(d) higher average surplus under a success objective.

Hypothesis 2 Relative to AON, dGMS yields
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(a) higher average profits under a profit objective

(b) higher average surplus under a profit objective

(c) higher success frequency under a success objective

(d) higher average surplus under a success objective.

Theory predicts that sGMS and dGMS should perform equally well on all out-

come measures as both mechanisms have a truthful equilibrium in weakly dominant

strategies (see Theorem 2). However, there is reason to believe that more consumers

will recognize that bidding one’s own value is weakly dominant in dGMS than in

sGMS (cf. Li, 2017; Breitmoser and Schweighofer-Kodritsch, 2021). Consumers

that deviate from bidding truthfully might bid according to one of the equilibria

as described in Appendix B. As said, these equilibria have some consumers bid

below their value. Put together, we expect lower bids in sGMS than in dGMS. Un-

derbidding decreases expected profits, success probability and – as it exacerbates

underprovision of the good – expected surplus, leading to the following hypothesis.

Hypothesis 3 Relative to sGMS, dGMS yields

(a) higher average profits under a profit objective

(b) higher average surplus under a profit objective

(c) higher success frequency under a success objective

(d) higher average surplus under a success objective.

As we state directional hypotheses, we will use one-tailed hypothesis testing.

5 Results

This section presents the experimental results. We use paired Fisher-Pitman per-

mutation tests to compare the mechanisms’ performance. To allow for learning, we

base our analysis on rounds 16 to 45. Section 5.1 presents results for when the pro-

ducer aims to maximize profits. Section 5.2 shows results for when the producer
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aims to maximize success probability.14 Section 5.3 compares the mechanisms’

performance when pooling the data for the two objectives. Section 5.4 analyzes

consumer behavior in more detail.

5.1 Profit Objective

Figure 1 shows average producer profit (left panel) and average surplus (right panel)

in AON, sGMS and dGMS under the profit objective.

Figure 1: Producer Profit and Overall Surplus – Profit Objective
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Notes: The figure shows average producer profit (left graph) and average overall surplus (right
graph) in AON, sGMS and dGMS for a profit objective. Error bars indicate ninety-five percent
confidence intervals. The dashed lines denote the theoretical predictions. ** 𝑝 < 0.05 in a one-
tailed paired Fisher-Pitman permutation test.

The figure reveals that dGMS yields a slightly and insignificantly higher pro-

ducer profit than AON (13.64 vs. 13.37; 𝑝 = 0.344). However, dGMS yields a

significantly higher producer profit than sGMS (10.41; 𝑝 = 0.047). Clearly, sGMS

does not yield a higher profit than AON (𝑝 = 0.984). An almost identical pattern
14Our main analysis shows the mechanisms’ performance separately under the profit and suc-

cess objective, even though differences to the theoretical predictions are solely driven by the
behavior of consumers, who are unaware of a given round’s objective. We nevertheless do so as
actual consumer behavior might influence a mechanism’s performance differently under the two
objectives. In particular, this could be the case in sGMS and dGMS due to the large difference
in reservation prices between rounds with a profit and success objective (cf. Table 1). To check
for robustness, we also show pooled results in Section 5.3.
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is observed for average surplus. dGMS yields an insignificantly higher surplus than

AON (29.64 vs. 28.90; 𝑝 = 0.344) but a significantly higher surplus than sGMS

(24.36; 𝑝 = 0.047). sGMS does not yield a higher surplus than AON (𝑝 = 0.984).

These results are in contrast with Hypotheses 1a and 1b that predict that

sGMS outperforms AON on both measures. For Hypotheses 2a and 2b, we cannot

reject the null of a weakly higher profit and surplus in AON than dGMS. The

superior performance of dGMS compared to sGMS confirms Hypotheses 3a and

3b. We further observe that all mechanisms yield lower profit and surplus than

theoretically predicted. For sGMS this is significantly so; both realized profit and

surplus lie outside the 95% confidence interval.

5.2 Success Objective

Figure 2 shows the success frequency (left panel) and average surplus (right panel)

in AON, sGMS and dGMS under the success objective.

Figure 2: Producer Success and Overall Surplus – Success Objective
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Notes: The figure shows the average success frequency (left graph) and the average overall surplus
(right graph) in AON, sGMS and dGMS for a success objective. Error bars indicate ninety-five
percent confidence intervals. The dashed lines denote the theoretical predictions. ** 𝑝 < 0.05, *
𝑝 < 0.1 in a one-tailed paired Fisher-Pitman permutation test.

We observe that dGMS yields a higher success frequency than AON and sGMS
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(0.49 vs. 0.43 resp. 0.43). The difference between dGMS and AON is marginally

significant (𝑝 = 0.063), while the difference between dGMS and sGMS is statistically

insignificant (𝑝 = 0.250). In terms of welfare, dGMS yields a significantly higher

surplus than AON and sGMS (36.39 vs. 25.29 resp. 28.31; 𝑝 = 0.016 resp. 𝑝 =

0.031). The difference in average surplus between AON and sGMS is not significant

(𝑝 = 0.250).

The data thus does not confirm the predicted superior performance in success

probability and surplus of sGMS compared to AON (Hypotheses 1c and 1d). Com-

paring dGMS and AON, our results are in line with Hypothesis 2c and confirm the

predicted higher surplus in dGMS than in AON (Hypothesis 2d). While we cannot

reject the null of a weakly higher success probability in sGMS than dGMS (Hy-

pothesis 3c), the significantly higher surplus in dGMS compared to sGMS confirms

Hypothesis 3d. Finally, as also observed for the profit objective, the mechanisms

all perform worse than theoretically predicted. In this case, the prediction falls

outside of the estimated 95% interval in five out of six cases.

Taking both producer’s objectives into account, we find that, as predicted by

theory, dGMS weakly outperforms AON. dGMS scores better than AON in all four

comparisons and significantly so in one. dGMS also weakly outperforms sGMS. In

contrast to theory, the ranking between AON and sGMS is ambiguous.

5.3 Pooled Objectives

The overall superior performance of dGMS is supported further when pooling the

data for the two objectives. We run tobit regressions of profit and surplus and

probit regressions of success on treatment group. We control for mean values,

threshold and reservation price and cluster at the producer level. Controlling for

threshold and reservation price allows us to compare the mechanisms performance

irrespective of producer behavior. Results are presented in Table C1 in the online

appendix. We find that employing dGMS rather than AON significantly increases

profit (𝑝 = 0.039) and marginally significantly increases overall welfare (𝑝 = 0.074).

While positive, there is no significant effect of using dGMS rather than AON on
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success frequency (𝑝 = 0.159) with pooled data. Switching from sGMS to dGMS

significantly increases success frequency (𝑝 = 0.030) and welfare (𝑝 = 0.023) and

marginally significantly increases profit (𝑝 = 0.082). The analysis with pooled data

thus confirms that dGMS weakly outperforms AON and sGMS on all outcome

measures. In contrast, switching from AON to sGMS does not increase profit

(𝑝 = 0.560), success frequency (𝑝 = 0.851) nor surplus (𝑝 = 0.816), confirming our

earlier results.

5.4 Consumer Behavior

In order to better understand the differences in the mechanisms’ performance, we

analyze consumers’ bidding behavior. We start with AON.

5.4.1 AON

Figure 3 depicts the frequency of bid-value combinations in AON for each combi-

nation of the threshold 𝑇 and reservation price 𝑟 . The larger the dot, the more

frequent a bid-value combination occurred. Gray dots denote observations corre-

sponding to the symmetric equilibrium bidding functions derived in Section 3.2.15

Black dots denote bids that deviate from these predictions.

We observe that subjects’ behavior is close to the theoretical prediction. In

total, 88% of the bids correspond to the theoretical equilibrium bidding functions.

Subjects with values below the reservation price almost always (98%) bid zero, and

subjects with values strictly above the reservation price almost always (97%) bid

at least the reservation price. Both observations are consistent with equilibrium

behavior (see Lemmas A1 and A2 in Appendix A). Interestingly, about two thirds

of the subjects with values equal to the reservation price bid zero rather than the

reservation price. While either yields a payoff of zero for oneself, bidding zero harms
15In fact, not all gray dots correspond precisely to the proposed equilibrium. The exception

is a bidder with a value equal to the reserve price bidding zero, where the equilibrium involves
bidding the reserve price. We note, however, that bidding zero in this case is also a best response.
This is why we say that these bids ‘correspond’ to the equilibrium. Further, notice that for
three parameter sets (𝑇 = 50, 𝑟 = 11; 𝑇 = 60, 𝑟 = 10; 𝑇 = 80, 𝑟 = 10) AON has a semi-pooling
equilibrium, i.e. the equilibrium bid is 𝑟 for any value weakly above 𝑟 . By Propositions 1 and 2,
GMS is then predicted to outperform AON.

26



Figure 3: Bidding Behavior in AON
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Notes: The figure depicts the frequency of bid-value combinations in AON for each 𝑇 , 𝑟 combina-
tion. The larger the dot, the more frequent a bid-value combination occurred. Gray dots denote
observations that correspond to the theoretical symmetric equilibrium bidding functions. Black
dots denote bids that deviate from the theoretical predictions.

other subjects as it decreases the likelihood that the good is produced.16 In line

with Lemma B1 in Appendix B, we observe that bids tend to weakly increase in

subjects’ values. A regression of bids on values 𝑣 , reservation price 𝑟 and threshold𝑇

for subjects with 𝑣 > 𝑟 clustering standard errors at the individual level yields that

subjects increase bids by 0.19 units per value unit, which is strongly significant (𝑝 <

0.001). Bids do not significantly increase in the threshold (𝑝 = 0.390). Taking into

account the frequent choice of bidding zero when the value equals the reservation

price, still 85% of the bids are in line with the theoretical equilibrium bidding

functions. There is, however, more overbidding (9%) than underbidding (3%).17

16Spiteful preferences provide a potential motive for this behavior. Note that spite has also
been proposed as a possible explanations for overbidding in second-price auctions (Morgan et al.,
2003).

17Figure C1 in the online appendix shows that subjects’ behavior approaches the theoretical
prediction over time. In particular, we observe that subjects learn to refrain from weakly dom-
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5.4.2 sGMS

We now turn to GMS. Figure 4 depicts the frequency of bid-value combinations in

sGMS in the same way that Figure 3 does for AON. Note that bidding one’s value

is not the unique weakly dominant strategy as the set of candidate prices is discrete

(cf. Theorem B4 in Appendix B). Recall that in GMS the realized price is given by

the uniform price 𝑝∗ = max{
⌈
𝑇
𝑀

⌉
, 𝑟 }, while anyone bidding less than 𝑝∗ pays zero

and does not obtain the good. Therefore, any bidding strategy that satisfies both

𝑏 ≥ 𝑝∗ if 𝑣 > 𝑝∗ and 𝑏 < 𝑝∗ if 𝑣 < 𝑝∗ for all 𝑀 ∈ {1, 2, . . . , 15} is weakly dominant.

The case for higher values follows from the uniform price, while bidding anything

positive but below the realized price results in paying zero.

Figure 4: Bidding Behavior in sGMS
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Notes: The figure depicts the frequency of bid-value combinations in sGMS for each 𝑇 , 𝑟 com-
bination. The larger the dot, the more frequent a bid-value combination occurred. Gray dots
denote weakly dominant bids. Black dots denote weakly dominated bids.

inated play. The share of weakly dominated bids drops from 10% (rounds 1-15) to 4% (rounds
16-30) to a mere 2% (rounds 31-45).

28



In total, 73% of the bids are weakly dominant.18 We observe in Figure 4

that the majority of black dots lies below the identity line. Subjects thus tend to

underbid (20% of the bids) rather than overbid (7% of the bids). This asymmetry in

deviations from weakly dominant play is the reason why sGMS does not outperform

AON as predicted by theory. The bidding behavior suggests that a noteworthy

share of subjects falsely expects that bidding below value increases one’s payoff

conditional on the good being produced. Ceteris paribus, an underbidding subject

forewent on average 21% of the round’s payoff that she would have earned by

bidding value. The type of underbidding differs, however, between the two producer

objectives. This is because the two objectives give rise to distinct reservation prices.

In rounds with a profit objective (top row), underbidding subjects often (46%) bid

the reservation price of 11. In rounds with a success objective (bottom row) the

reservation price is zero and most (83%) underbidding subjects bid a few units

below their value. A possible explanation for this difference is that the reservation

price of 11 acts as a focal point in rounds with a profit objective, but the reservation

price of 0 in rounds with a success objective is ill-suited to do so as a bid of zero

renders a positive payoff impossible.

Given that the foregone payoff from underbidding is substantial and that sub-

jects play the crowdfunding game for 45 rounds, the question arises why many

subjects do not learn over time to play a weakly dominant strategy.19 One reason

might be that useful feedback on one’s behavior is rare in this environment. In

most cases of underbidding (88%), this had no impact on a subject’s payoffs com-

pared to if she had placed a bid equal to her value, because either bid would have

resulted in the same production outcome and price.
18There is large heterogeneity in the share of weakly dominant bids within consumers. For

instance, consumers at the 20th resp. 80th percentile of the distribution of the fraction of weekly
dominant bids choose weakly dominant bids in 50% resp. 97% of the rounds.

19The overall frequency of underbidding decreases from 30% in the first 15 rounds to 21%
in the second 15 rounds. However, we observe little aggregate learning after that as subjects
still underbid 18% of the time in the third 15 rounds, as depicted in Table C2 in the online
appendix. Figure C2 shows that the type of underbidding also stays similar over time. At the
individual level, Figure C4 shows that underbidding is relatively stable over time. Consumers
who underbid in the beginning of the crowdfunding game tend to also regularly underbid in the
remaining rounds. In contrast, consumers who rarely underbid at the beginning typically do not
start underbidding later on (the Pearson correlation coefficient between underbidding in the first
15 and last 30 rounds is 0.69).
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In addition, even when underbidding negatively affected subjects’ payoffs, this

might be difficult to spot. It is arguably cognitively challenging to recognize that

in a case where a product was not produced it would have been produced if one

had bid higher. The only ‘clear’ mistakes occur when a product is produced and

underbidding subjects obtain zero payoff but could have obtained a positive payoff

by bidding higher. However, this occurs in only 7% of the cases involving underbid-

ding, which might explain why learning by underbidding subjects is rare in sGMS.

This issue is particularly pronounced under a profit objective, where a notewor-

thy minority of subjects bids the reservation price. It then becomes unlikely that

a price above the reservation price is implemented. This, in turn, decreases the

likelihood that underbidding subjects realize their mistakes.

5.4.3 dGMS

Analyzing subjects’ bidding behavior in dGMS is less straightforward than in AON

or sGMS. This is because one cannot observe what subjects would have bid in

cases where they had not yet dropped out when the ascending clock stopped. We

can, however, denote a bid as the last price that a subject implicitly agreed upon

before she either dropped out or the ascending clock stopped. Doing so, we obtain

Figure 5. Note that we can only identify weakly dominated bids, however, if a

subject has dropped out before the ascending clock stops or has not dropped out

at a price higher than her value. If a bid is not weakly dominated, we assign it a

gray dot.

We observe that the panels are pre-dominantly gray, and, in fact, 92% of the

bids are in line with a (possibly) weakly dominant strategy.20 The black dots are

distributed evenly above (47% of weakly dominated bids) and below (53% of weakly

dominated bids) the identity line.

In order to obtain a fair comparison between subjects’ bidding in dGMS and

sGMS, we construct counterfactual bids that reflect how subjects in sGMS would

have bid in dGMS. To do so, we assume that subjects’ bids in sGMS determine the
20Table C2 and Figure C3 in the online appendix show that the frequency of possibly weakly

dominant bids increases from 81% (rounds 1-15) to 90% (rounds 16-30) to 93% (rounds 31-45),
predominantly due to a decrease in underbidding from 14% to 6% to 3%.
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Figure 5: Bidding Behavior in dGMS
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Notes: The figure depicts the frequency of bid-value combinations in dGMS for each 𝑇 , 𝑟 com-
bination. The larger the dot, the more frequent a bid-value combination occurred. Gray dots
denote possibly weakly dominant bids. Black dots denote surely weakly dominated bids. The
reason why gray dots are only ‘possibly’ weakly dominant is explained in the main text.

highest price at which a subject would be willing to stay in the market. Doing so

shows that 84% of these counterfactual bids in sGMS are in line with a possibly

weakly dominant strategy (recall that 73% of the actual bids are in line with a

weakly dominant strategy). This means that at least 16% are part of a weakly

dominated strategy. 74% of these (surely) weakly dominated counterfactual bids

constitute underbidding, the remaining 26% reflect overbidding. Recall that only

8% of the bids in dGMS are in line with a surely weakly dominated strategy, and

that deviations are distributed evenly above and below the identity line. This

suggests that subjects deviate from optimal play twice as often in sGMS than in

dGMS, and they do so by more excessive underbidding. The differences in optimal

play and underbidding are statistically significant (both 𝑝 = 0.031) and are the
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reasons for why dGMS (weakly) outperforms sGMS along all dimensions.21

6 Conclusion

This paper introduces a new reward-based crowdfunding mechanism, the General-

ized Moulin-Shenker mechanism (GMS). We theoretically analyze both a sealed-bid

version (sGMS) and a dynamic version (dGSM) of GMS and show that they are

promising alternatives to the prevailing All-or-Nothing mechanism (AON). Unlike

AON, both versions of GMS are strategy-proof. In contrast to sGMS, dGMS –

that builds on Deb and Razzolini (1999) – is obviously strategy-proof in the sense

of Li (2017). For a sufficiently large crowd of consumers we find that both versions

of GMS outperform AON, both for the producer and in terms of efficiency.

We test our theoretical predictions in a laboratory experiment. We compare the

performance of both versions of GMS with AON, allowing for two producer objec-

tives: profit maximization and success probability maximization. In line with our

predictions, we find that dGMS weakly outperforms AON and sGMS. Contrary to

the theoretical predictions, however, the performance ranking between sGMS and

AON is ambiguous. While subject behavior in dGMS and AON comes close to our

predictions, many subjects tend to underbid in sGMS relative to the truthful equi-

librium. Their bidding strategies suggest that subjects perceive a (non-existent)

trade-off between on the one hand payoffs conditional on obtaining the good and

on the other the likelihood of obtaining the good. The obviously strategy-proofness

of dGMS removes this perceived trade-off and thereby reduces subjects’ inclination

to bid suboptimally low.22

21Figure C5 in the online appendix further shows that the shares of possibly weakly dominant
bids by consumer in dGMS first order stochastically dominates the shares in the ‘dynamized’
sGMS.

22Underbidding in sGMS is the mirror image of overbidding in a second-price sealed-bid auction
(e.g. Kagel et al., 1987; Cooper and Fang, 2008; Georganas et al., 2017). One explanation for
the latter is that many bidders overbid as it is easy to recognize that a bid above value increases
the likelihood of winning but less evident that it only does so in cases in which a bidder would
not want to win in the first place. In contrast, in sGMS, many subjects underbid as it seems
intuitive that a bid below value decreases the expected price conditional on obtaining the good
but less so that a higher price would only be implemented if the project is not already funded at
a lower price. Both in experimental auctions and in our crowdfunding experiment, moving to an
ascending dynamic mechanism, i.e. to the English auction resp. dGMS, mitigates such deviations

32



We believe our results to be informative about reward-based crowdfunding in

practice. Our results provide some justification for the prevalent use of AON. Even

though deriving equilibrium bidding functions in AON is computationally involved,

subjects’ bidding is close to the theoretical predictions. Our results suggest that

switching to sGMS may not be justified in terms of producer profits, project success

probability, or efficiency. The prevalent underbidding in sGMS that underlies this

also mitigates its potential as a demand elicitation tool. Our results, however,

provide evidence that crowdfunding could become more efficient by using dGMS

instead of AON. A challenge, though, is how dGMS can be implemented in practice.

It seems unpractical to require all consumers to be available for bidding at the same

time or during specified intervals. A good alternative may be to approximate dGMS

via proxy agents, where sealed bids act as automatic drop-out prices. This would

allow consumers to bid at any time they like but might still prevent underbidding.

This practical solution is supported by Breitmoser and Schweighofer-Kodritsch

(2021), who compare intermediate auction formats between a second-price sealed-

bid auction and an ascending-clock auction. They show that personally responding

as the clock increases the price is unnecessary to induce truthful bidding.

For our empirical analysis, we opted for a laboratory experiment. This choice

is grounded in the theory-testing nature of our research question. Having intro-

duced a new crowdfunding mechanism and having shown its desirable theoretical

properties, the natural first choice is to test these properties under laboratory con-

trol (Schram, 2005; List, 2020). This is particularly the case when the theory’s

predictions involve comparative statics (List, 2020), as is the case with our mecha-

nisms. Laboratory control allows us to optimize internal validity by ensuring that

the theory’s assumptions are met as closely as possible.

From here, two follow-up steps naturally arise. First, because this study has

focused on one side of the crowdfunding market, the consumers, it is natural to

study the extent to which the supply side (producer behavior) confirms the theoret-

ical predictions. Once again, the laboratory seems an obvious place to start. This

extension is the topic of our companion study (Woerner et al., 2021). The second

from dominated play (Kagel and Levin, 1993; Li, 2017).
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obvious extension involves testing the theory in an environment to which it is ul-

timately intended to apply (List, 2020). For these crowdfunding mechanisms, this

would imply, for example, comparing the results of AON and dGMS on platforms

in the field.
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A Proofs

We first establish three lemmas regarding equilibrium bidding behavior in AON

that are needed for the proofs of the theorems and propositions in the main text.

Lemma A1 In AON, it is a weakly dominant strategy for consumer 𝑖 to bid

𝐵(𝑣𝑖) = 0 if 𝑣𝑖 < 𝑟 , 𝑖 = 1, ..., 𝑁 .

Proof of Lemma A1 Consider consumer i with 𝑣𝑖 < 𝑟 . First, assume that 𝑖 bids

0 < 𝑏𝑖 < 𝑟 . Her utility is 𝑢𝑖 = −𝑏𝑖 < 0, if
∑𝑁

𝑖=1 𝑏𝑖 ≥ 𝑇 , and 𝑢𝑖 = 0 otherwise. Now,

assume that 𝑖 bids 𝑏𝑖 ≥ 𝑟 . Her utility is 𝑢𝑖 = 𝑣𝑖 − 𝑏𝑖 ≤ 𝑣𝑖 − 𝑟 < 0, if
∑𝑁

𝑖=1 𝑏𝑖 ≥ 𝑇 , and

𝑢𝑖 = 0 otherwise. By bidding 𝐵 (𝑣𝑖) = 0, 𝑖 always obtains 𝑢𝑖 = 0. It is therefore a

weakly dominant strategy for consumer 𝑖 to bid 𝐵 (𝑣𝑖) = 0 for 𝑣𝑖 < 𝑟 . ■

Lemma A2 In AON, bids 𝑏 < 𝑟 are weakly dominated by bidding 𝐵(𝑣𝑖) = 𝑟 for

𝑣𝑖 > 𝑟 .

Proof of Lemma A2 Consider consumer i with 𝑣𝑖 ≥ 𝑟 . First, assume
∑

𝑗≠𝑖 𝑏 𝑗+𝑟 <

𝑇 . The good is not produced, neither for 𝑏𝑖 = 𝑟 , nor for 𝑏𝑖 < 𝑟 . In both cases, 𝑢𝑖 = 0.
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Now, assume
∑

𝑗≠𝑖 𝑏 𝑗 + 𝑏𝑖 < 𝑇 ≤ ∑
𝑗≠𝑖 𝑏 𝑗 + 𝑟 . By bidding 𝑏𝑖 = 𝑟 , consumer 𝑖 obtains

𝑢𝑖 = 𝑣𝑖 − 𝑟 > 0. This is higher than 𝑢𝑖 = 0, which she obtains by bidding 𝑏𝑖 < 𝑟 .

Lastly, assume
∑

𝑗≠𝑖 𝑏 𝑗 +𝑏𝑖 ≥ 𝑇 . By bidding 𝑏𝑖 = 𝑟 , consumer 𝑖 obtains 𝑢𝑖 = 𝑣𝑖−𝑟 > 0.

This is higher than 𝑢𝑖 = −𝑏𝑖 ≤ 0, which she obtains by bidding 𝑏𝑖 < 𝑟 . Bidding

𝑏𝑖 < 𝑟 is therefore weakly dominated by bidding 𝐵 (𝑣𝑖) = 𝑟 for 𝑣𝑖 > 𝑟 . ■

Lemma A3 In AON, bids 𝑏 ≥ 𝑣𝑖 are weakly dominated by bidding 𝐵(𝑣𝑖) = 𝑟 for

𝑣𝑖 > 𝑟 .

Proof of Lemma A3 Consider consumer i with 𝑣𝑖 ≥ 𝑟 . First, assume
∑

𝑗≠𝑖 𝑏 𝑗 +

𝑏𝑖 < 𝑇 . The good is not produced, neither for 𝑏𝑖 = 𝑟 , nor for 𝑏𝑖 < 𝑟 . In both cases,

𝑢𝑖 = 0. Now, assume
∑

𝑗≠𝑖 𝑏 𝑗 + 𝑟 < 𝑇 ≤ ∑
𝑗≠𝑖 𝑏 𝑗 + 𝑏𝑖 . By bidding 𝑏𝑖 = 𝑟 , consumer 𝑖

obtains 𝑢𝑖 = 0. This is higher than 𝑢𝑖 = 𝑣𝑖 − 𝑏𝑖 < 0, which she obtains by bidding

𝑏𝑖 > 𝑣𝑖 . Lastly, assume
∑

𝑗≠𝑖 𝑏 𝑗 + 𝑟 ≥ 𝑇 . By bidding 𝑏𝑖 = 𝑟 , consumer 𝑖 obtains

𝑢𝑖 = 𝑣𝑖 − 𝑟 > 0. This is higher than 𝑢𝑖 = 𝑣𝑖 − 𝑏𝑖 < 0, which she obtains by bidding

𝑏𝑖 > 𝑣𝑖 . Bidding 𝑏𝑖 > 𝑣𝑖 is therefore weakly dominated by bidding 𝐵 (𝑣𝑖) = 𝑟 for

𝑣𝑖 > 𝑟 . ■

Proof of Theorem 1 ←

(i) Suppose all consumers bid according to 𝐵(𝑣) = 0 ∀ 𝑣 . Every consumer then

obtains a payoff of 0. Now suppose consumer 𝑗 deviates by bidding 𝑏 𝑗 > 0.

If 𝑇 > 𝑏 𝑗 > 0, the good is not produced and consumer 𝑗 still obtains a payoff

of 0. If 𝑏 𝑗 ≥ 𝑇 , the good is produced and consumer 𝑗 obtains 𝑣 𝑗 − 𝑏 𝑗 < 0 as

𝑇 ≥ 𝐶 > 𝑣 . Therefore, 𝐵(𝑣) = 0 ∀ 𝑣 constitutes a symmetric BNE of AON. ■

(ii) According to Lemmas A1 and A2, any BNE 𝛽 ≡ (𝛽1, 𝛽2, . . . , 𝛽𝑁 ) in undomi-

nated strategies of AON satisfies 𝛽𝑖 (𝑣𝑖) = 0 for 𝑣𝑖 < 𝑟 and 𝛽𝑖 (𝑣𝑖) ≥ 𝑟 for 𝑣𝑖 ≥ 𝑟 .

Consider consumer 𝑗 having value 𝑣 𝑗 ≥ 𝑟 . Suppose all other consumers bid

according to 𝛽. Then bidding 𝑟 is a best response for consumer 𝑗 if and only

if

𝑃

{∑︁
𝑖≠ 𝑗

𝛽𝑖 (𝑣𝑖) + 𝑟 ≥ 𝑇
} (

𝑣 𝑗 − 𝑟
)
≥ 𝑃

{∑︁
𝑖≠ 𝑗

𝛽𝑖 (𝑣𝑖) + 𝑏 𝑗 ≥ 𝑇
} (

𝑣 𝑗 − 𝑏 𝑗
)
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for all 𝑏 𝑗 > 𝑟 . The probability on the left-hand [right-hand] side is the proba-

bility that the good is produced conditional on consumer 𝑗 bidding 𝑟 [𝑏 𝑗 ] and

all other consumers bid according to 𝛽. The inequality can be rewritten as

follows:

𝑃

{∑︁
𝑖≠ 𝑗

𝛽𝑖 (𝑣𝑖) + 𝑏 𝑗 ≥ 𝑇
} (

𝑏 𝑗 − 𝑟
)
≥ 𝑃

{
𝑏 𝑗 ≥ 𝑇 −

∑︁
𝑖≠ 𝑗

𝛽𝑖 (𝑣𝑖) ≥ 𝑟

} (
𝑣 𝑗 − 𝑟

)
Now, for arbitrarily large 𝑁 , the probability on the left-hand side of the

second inequality approaches 1 while the probability on the right-hand side

converges to zero for any 𝛽 satisfying 𝛽𝑖 (𝑣𝑖) = 0 for 𝑣𝑖 < 𝑟 and 𝛽𝑖 (𝑣𝑖) ≥ 𝑟 for

𝑣𝑖 ≥ 𝑟 . Therefore, bidding 𝑟 is the best response for consumer 𝑗 for sufficiently

large 𝑁 . As a result, for sufficiently large 𝑁 , the semi-pooling equilibrium is

the unique BNE in undominated strategies of AON. ■

Proof of Theorem 2 ← We show that it is a weakly dominant strategy for con-

sumer 𝑖 to bid her own value 𝛽 (𝑣𝑖) = 𝑣𝑖 in GMS, following Moulin and Shenker

(1992). First, note that how much a consumer needs to pay to obtain the reward

does not depend on her own but only on her fellow consumers’ bids. Now assume

consumer 𝑖 deviates from 𝛽 (𝑣𝑖) = 𝑣𝑖 and bids 𝑏𝑖 > 𝑣𝑖 . Denote the candidate price by

𝑝 = max{𝑇
𝑘
, 𝑟 } . If 𝑝 > 𝑏𝑖 > 𝑣𝑖 , the deviation makes no difference; consumer 𝑖 does

not obtain the reward and thus pays nothing anyways. If 𝑏𝑖 > 𝑣𝑖 ≥ 𝑝, the deviation

again makes no difference; consumer 𝑖 obtains the reward in both cases and pays

𝑝. But if 𝑏𝑖 ≥ 𝑝 > 𝑣𝑖 , the deviation leads to a loss. Consumer 𝑖 obtains the reward

and pays 𝑝 so that 𝑣𝑖 − 𝑝 < 0. Bidding above one’s value is thus weakly domi-

nated by bidding exactly one’s value. Now assume that consumer 𝑖 bids 𝑏𝑖 < 𝑣𝑖 . If

𝑝 > 𝑣𝑖 > 𝑏𝑖 , the deviation makes no difference as consumer 𝑖 does not obtain the

reward and pays nothing with or without deviation. If 𝑣𝑖 > 𝑏𝑖 ≥ 𝑝, the deviation

again does not change anything. Consumer 𝑖 obtains the reward and pays 𝑝. But

if 𝑣𝑖 ≥ 𝑝 > 𝑏𝑖 , consumer 𝑖 gets a payoff of 𝑢𝑖 (𝑏𝑖 < 𝑣𝑖) = 0, whereas she would have

received a positive payoff if she had bid her value, namely 𝑣𝑖 −𝑝 ≥ 0. Thus, bidding

below one’s value is also weakly dominated by bidding one’s own value. ■
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Proof of Theorem 3 ← Li (2017) shows that a strategy is only obviously dom-

inant if it is weakly dominant. For both sGMS and dGMS, any weakly dominant

strategy has a consumer bid value if her value exceeds the reservation price. Con-

sider consumer 𝑖 having value 𝑣𝑖 > max{ 𝑇
|𝑁 | , 𝑟 } who considers the strategies ‘bid-

ding 𝑣𝑖 ’ and ‘bidding 𝑏𝑖 > 𝑣𝑖 ’. For sGMS, the earliest information set where these

strategies differ is the point where the consumer submits her bid. Then, the worst

possible outcome when bidding 𝑣𝑖 is that the good is not developed, resulting in a

payoff of zero. The best possible outcome when bidding 𝑏𝑖 > 𝑣𝑖 is that the good is

developed and consumer 𝑖 obtaining the good for which she pays max{ 𝑇
𝑁
, 𝑟 } . The

resulting utility equals 𝑣𝑖 −max
{
𝑇
𝑁
, 𝑟
}
> 0. Ergo, sGMS does not have an obvi-

ously dominant strategy. Therefore, it is not obviously strategy-proof. In dGMS,

the earliest information set where quitting at 𝑏𝑖 > 𝑣𝑖 diverges from quitting at 𝑣𝑖 is

when the ascending clock reaches price 𝑣𝑖 . When that information set is reached,

the best possible outcome from quitting at 𝑏𝑖 is not better than the worst possible

outcome from quitting at 𝑣𝑖 . So, bidding value is an obviously dominant strategy

and, consequently, dGMS is obviously strategy proof. ■

Lemma A4 Setting 𝑇𝐴𝑂𝑁
𝜋 = 𝑇𝐴𝑂𝑁

𝑠 = 𝐶 is weakly dominant when consumers play

according to a semi-pooling equilibrium in AON.

Proof of Lemma A4 Denote the indicator function by I{·}. Producer profit

equals

𝜋𝐴𝑂𝑁 (𝑟,𝑇 ) = 𝔼

{[
𝑁∑︁
𝑖=1

𝐵(𝑣𝑖) −𝐶
]
I
{

𝑁∑︁
𝑖=1

𝐵(𝑣𝑖) ≥ 𝑇
}}

.

Similarly, the success probability equals

𝑃𝑟𝐴𝑂𝑁 (𝑟,𝑇 ) = 𝔼

{
I
{

𝑁∑︁
𝑖=1

𝐵(𝑣𝑖) ≥ 𝑇
����� 𝑁∑︁

𝑖=1
𝐵(𝑣𝑖) ≥ 𝐶

}}
.

Note that under a semi-pooling equilibrium, 𝐵(𝑣𝑖) only depends on 𝑣𝑖 and 𝑟 but

not on 𝑇 . Now assume that the producer deviates and sets 𝑇 > 𝐶. If
∑𝑁

𝑖=1 𝐵(𝑣𝑖) ≥

𝑇 , then the project is successful and profit equals
∑𝑁

𝑖=1 𝐵(𝑣𝑖) − 𝐶 either way. If∑𝑁
𝑖=1 𝐵(𝑣𝑖) < 𝐶, the good is not successful and profit equals 0 either way. If 𝑇 >

42



∑𝑁
𝑖=1 𝐵(𝑣𝑖) ≥ 𝐶, then the project is not successful and profit equals 0 under the

deviation but the project would have been successful and yielded a profit equal

to
∑𝑁

𝑖=1 𝐵(𝑣𝑖) − 𝐶 ≥ 0 for 𝑇 = 𝐶. Now assume that the producer deviates and

sets 𝑇 < 𝐶. If
∑𝑁

𝑖=1 𝐵(𝑣𝑖) ≥ 𝐶, then the project is successful and profit equals∑𝑁
𝑖=1 𝐵(𝑣𝑖) −𝐶 either way. If

∑𝑁
𝑖=1 𝐵(𝑣𝑖) < 𝑇 , the project is not successful and profit

is zero either way. If 𝐶 >
∑𝑁

𝑖=1 𝐵(𝑣𝑖) ≥ 𝑇 , then the project is not a success either

way. Under the deviation, profit equals
∑𝑁

𝑖=1 𝐵(𝑣𝑖) −𝐶 < 0 but would have been 0

for 𝑇 = 𝐶. Thus, setting 𝑇𝐴𝑂𝑁
𝜋 = 𝑇𝐴𝑂𝑁

𝑠 = 𝐶 is therefore weakly dominant under a

semi-pooling equilibrium in AON. ■

Proof of Theorem 4 ← To maximize the probability of success, it is a dominant

strategy to choose 𝑇𝐴𝑂𝑁
𝑠 = 𝐶 (Lemma A4). For any 𝑟 ≤ 𝑣 , the probability that a

randomly drawn consumer has 𝑣𝑖 < 𝑟 and will therefore bid 0, is 𝐹 (𝑟 ). All other

consumers bid 𝑟 . In a population of 𝑁 consumers, the number of consumers bidding

0, denoted by 𝑛0, is binomially distributed with 𝑝 = 𝐹 (𝑟 ). The project is successful if

𝑁 −𝑛0 ≥ 𝐶
𝑟
, or 𝑟 ≥ 𝐶

𝑁−𝑛0
. Success is therefore only possible if 𝑟 ≥ 𝐶

𝑁
. Also, success is

only possible if 𝑟 ≤ 𝑣 < 𝐶 as 𝐶 > 𝑣 by assumption. Further, the optimal 𝑟𝐴𝑂𝑁
𝑠 must

satisfy 𝑟𝐴𝑂𝑁
𝑠 ∈

{
𝐶
𝑁
, . . . , 𝐶2

}
as any 𝐶

𝑘
< 𝑟 ′ < 𝐶

𝑘−1 , 𝑘 ∈ 2, . . . , 𝑁 is weakly dominated

by 𝑟 = 𝐶
𝑘

as both 𝑟 and 𝑟 ′ require 𝑘 consumers to bid 𝑟 resp. 𝑟 ′ but 𝑝 = 𝐹 (𝑟 ) <

𝐹 (𝑟 ′). The probability of success is then given by 𝐼(1−𝐹 (𝑟 ))
(
𝑁 − 𝑟𝑁−𝐶

𝑟
, 𝑟𝑁−𝐶

𝑟
+ 1

)
=

𝐼(1−𝐹 (𝑟 ))
(
𝐶
𝑟
,
(𝑁+1)𝑟−𝐶

𝑟

)
, where 𝐼𝑥 (·) denotes the regularized incomplete beta function

(Askey and Roy, 2010).

The producer’s optimization problem is therefore

max
𝑟

𝐼(1−𝐹 (𝑟 ))

(
𝐶

𝑟
,
(𝑁 + 1)𝑟 −𝐶

𝑟

)
, s.t . 𝑟 ∈

{
𝐶

𝑁
, . . . ,

𝐶

2

}
& 𝑟 ≤ 𝑣

For given values of 𝑣 , 𝑁 and 𝐶, the optimal reservation price can be determined

numerically.

As 𝑁 →∞, 𝐶
𝑁

(the lower bound on 𝑟) converges to zero. Because max𝑥 𝐼𝑥 (𝑎, 𝑏) =

1 and is reached for all (𝑎, 𝑏), when 𝑥 = 1, the maximum involves 1 − 𝐹 (𝑟 ) → 1,

therefore 𝑟 → 0. ■
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Proof of Theorem 5 ← Recall that in GMS, all consumers who obtain a unit of

the good pay the same price. Because consumers bid truthfully in GMS, projects

are successful if and only if a price 𝑝∗ exists for which both 𝑝∗ = min{𝑝 ≥ 𝑟 :

𝑝
∑𝑁

𝑖=1 I {𝑣𝑖 ≥ 𝑝} ≥ 𝑇 } and 𝑝∗
∑𝑁

𝑖=1 I {𝑣𝑖 ≥ 𝑝∗} ≥ 𝐶. Therefore, the project’s success

probability is maximized at 𝑇𝐺𝑀𝑆
𝑠 = 𝐶 and 𝑟𝐺𝑀𝑆

𝑠 = 0. ■

Proof of Proposition 1 ←

(i) Under a profit objective, the producer in AON optimally sets 𝑇𝐴𝑂𝑁
𝜋 = 𝐶 when

consumers play according to the semi-pooling equilibrium (Lemma A4). The

good is then produced if and only if 𝑀𝑟𝐴𝑂𝑁
𝜋 ≥ 𝐶, where 𝑀 is the number

of consumers having a value of 𝑟𝐴𝑂𝑁
𝜋 or greater. Define by 𝑘 the minimum

number of consumers bidding 𝑟𝐴𝑂𝑁
𝜋 that is required to fund the project, thus

𝑘 = ⌈𝑇
𝐴𝑂𝑁
𝜋

𝑟𝐴𝑂𝑁
𝜋
⌉. Now, consider GMS with 𝑟𝐺𝑀𝑆 = 𝑟𝐴𝑂𝑁

𝜋 and 𝑇𝐺𝑀𝑆 = 𝐶 + 𝜖 < 𝑘𝑟𝐺𝑀𝑆

if 𝑘𝑟𝐴𝑂𝑁
𝜋 > 𝐶 and 𝑇𝐺𝑀𝑆 = 𝐶 + 𝜖 < (𝑘 + 1)𝑟𝐺𝑀𝑆 if 𝑘𝑟𝐴𝑂𝑁

𝜋 = 𝐶, with consumers

playing the truthful equilibrium. If 𝑀𝑟𝐺𝑀𝑆 ≥ 𝑇𝐺𝑀𝑆 , AON and GMS yield

the same profit. GMS yields strictly higher profit if 𝑀𝑟𝐺𝑀𝑆 < 𝑇𝐺𝑀𝑆 and a

subset 𝑆 exists for which 𝑣𝑖 ≥ max
{
𝑟𝐺𝑀𝑆 , 𝑇

𝐺𝑀𝑆

|𝑆 |

}
for all 𝑖 ∈ 𝑆. GMS thus yields

weakly higher profit than AON. GMS yields strictly higher expected profit

than AON if the subset 𝑆 exists with strictly positive likelihood. As in GMS

every equilibrium price 𝑝 < 𝑣 is implemented with strictly positive likelihood,

there need to be at least two equilibrium prices strictly below 𝑣 . This is the

case if and only if 𝐶 < (𝑘 − 1)𝑣 . As 𝑘 = ⌈ 𝐶

𝑟𝐴𝑂𝑁
𝜋
⌉, we obtain that GMS yields

strictly higher expected profit than AON if and only if ⌈ 𝐶

𝑟𝐴𝑂𝑁
𝜋
⌉ − 1 > 𝐶

𝑣
. ■

(ii) Under a success objective, the producer in AON also optimally sets 𝑇𝐴𝑂𝑁
𝑠 =

𝐶 (Lemma A4) and chooses 𝑟𝐴𝑂𝑁
𝑠 ∈

{
𝐶
𝑁
, . . . , 𝐶2

}
s.t. 𝑟 ≤ 𝑣 (Theorem 4).

In GMS, the producer optimally sets 𝑇𝐺𝑀𝑆
𝑠 = 𝐶 and 𝑟𝐺𝑀𝑆

𝑠 = 0 (Theorem

5). Therefore, equilibrium prices in GMS are in the set { 𝐶
𝑁
, . . . ,𝐶}. Thus,

producers optimally set the same threshold in AON and GMS, and the set

of potentially optimal reservation prices in AON coincides with the set of

equilibrium prices in GMS. Therefore, whenever the good is produced in

AON, it is also produced in GMS. Now assume that the good is not produced
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in AON. In this case, the good is produced in GMS if ∃𝑝 : 𝑝
∑𝑁

𝑖=1 I{𝑣𝑖 ≥ 𝑝} ≥

𝐶. GMS thus yields weakly higher success than AON. GMS yields strictly

higher success probability if there are at least two equilibrium prices that are

strictly below 𝑣 as every equilibrium price 𝑝 < 𝑣 is implemented with strictly

positive likelihood. Clearly, this is the case if and only if 𝐶 < (𝑁 − 1)𝑣 . ■

Proof of Proposition 2 ← Producers optimally set the same threshold in AON

and GMS, and the set of potentially optimal reservation prices in AON coincides

with the set of equilibrium prices in GMS (cf. Proof of Proposition 1). Now,

fix the value vector v. Consider the case that the good is produced in AON at

the optimal threshold/reservation price pair 𝐶, 𝑟𝐴𝑂𝑁
𝑠 . Then, it must be the case

that min
{
𝑝 ≥ 0 : 𝑝

∑𝑁
𝑖=1 I{𝑣𝑖 ≥ 𝑝} ≥ 𝐶

}
≤ 𝑟𝐴𝑂𝑁

𝑠 because otherwise, the good would

not have been produced in AON. AON and GMS yield the same total surplus

if min
{
𝑝 ≥ 0 : 𝑝

∑𝑁
𝑖=1 I{𝑣𝑖 ≥ 𝑝} ≥ 𝐶

}
= 𝑟𝐴𝑂𝑁

𝑠 , as in this case the same consumers

obtain the good paying 𝑟𝐴𝑂𝑁
𝑠 each. If ∃𝑝 < 𝑟𝐴𝑂𝑁

𝑠 : 𝑝
∑𝑁

𝑖=1 I{𝑣𝑖 ≥ 𝑝} ≥ 𝐶, then GMS

yields strictly higher surplus. If the good is not produced in AON, then GMS yields

strictly higher surplus if ∃𝑝 > 𝑟𝐴𝑂𝑁
𝑠 : 𝑝

∑𝑁
𝑖=1 I{𝑣𝑖 ≥ 𝑝} ≥ 𝐶 & ∃𝑣𝑖 > 𝑝. Together,

this implies that GMS yields weakly higher aggregate surplus than AON. Now,

note that all candidate reservation prices in AON are reached with strictly positive

likelihood in GMS. Thererefore, GMS yields weakly higher expected aggregate

surplus than AON if there are at least two candidate reservation prices that are

strictly below 𝑣 . Clearly, this is the case if and only if 𝐶 < (𝑁 − 1)𝑣 . ■
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