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ABSTRACT 

In my dissertation, I study factors that affect the value-creating interactions between value 

producers and value consumers on two-sided platforms (e.g., Freelancer and Kickstarter). In the 

first essay, I study how bid price dispersion affects the value-creating interactions (i.e., 

contracting) between service providers (freelancers) and buyers in online labor markets. I find 

that bid price dispersion has a negative effect on buyers’ offering a contract and service 

providers’ tendency to accept the contract if offered one. I theorize that both service providers 

and buyers face uncertainty over price as to how much to charge or to pay for IT services and a 

higher bid price dispersion leads to higher uncertainty, and thus a lower contracting rate. In the 

second essay, I examine the role of the lottery in value-creating interactions (namely backings) in 

crowdfunding platforms. I find that the lottery, when designed as an option with a participation 

cost, decreases backers’ average contribution and the total value created for a project, albeit it 

incentivizes more low-value interactions (i.e., more low-value backings).  I theorize that the 

lottery, on the one hand, incentivizes low-value interactions that would otherwise not happen, but 

on the other hand, transforms high-value interactions into low-value interactions. In the third 

essay, I study the effect of backers’ online identity concealment on the value-creating interactions 

(i.e., backings) in crowdfunding platforms. Contradictory to a common practice that 

crowdfunding platforms often maintain a public list of all backers’ identity information, assuming 

a positive observational learning effect among peer backers, the empirical results demonstrate 

with backers’ online identity concealed completely, campaigns on average gain more backings 

and money as well as become more likely to succeed. And this effect is larger for donors-those 

back a campaign without receiving any reward-than for rewardees-those back the campaign for 

the reward.  
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INTRODUCTION, BACKGROUND AND MOTIVATION  

Empowered by digital technology that eliminates barriers of time and space thus facilitate 

exchanges of goods, services or social currency, platforms have become a disruptive innovation 

and claim a large and growing share of the economy in every region of the world (Parker et al. 

2016). Different from traditional pipeline economy where the value is created in a “producer to 

consumer” pipe, platforms do not own assets or produce products/service directly. Instead, the 

value is created via the interactions between value producers and value consumers. As described 

by Tom Goodwin, senior vice president of Havas Media, “Uber, the largest taxi company, owns 

no vehicles. Facebook, the world’s most popular media owner, creates no content. Alibaba, the 

most valuable retailer, has no inventory. And Airbnb, the world’s largest accommodation 

provider, owns no real estate.”1 Therefore, the value-creating interactions between value producer 

and consumer become critical to the success of any platform business.  

However, the content for transactions on different platforms varies dramatically, indicating 

the factors that affect the value-creating interactions may also vary. For transactions of physical 

products on Alibaba or Amazon, information asymmetry and uncertainty are the key barriers 

(Dimoka et al. 2012; Ghose 2009; Hong and Pavlou 2014). For transactions of labor and service 

on Freelancer or Upwork, the difficulty in pricing those unstandardized services may be more 

salient (Snir and Hitt 2003). For transactions of investment in crowdfunding platforms like 

Kickstarter, where backers’ motivation varies significantly from case to case, understanding 

backers’ motivations and how they respond to different incentives seems to be of greater 

relevance.      

 
1 Tom Goodwin, “The Battel Is for the Customer Interface,” Tech-Crunch, March 3, 2015,.  
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In my dissertation, I study how factors--that are unique to what are to be exchanged-- play a 

role in the value-creating interactions in newly emerging innovative two-sided platforms. 

Specifically, in my first essay, I focus on factors (price dispersion) that affect service buyer’s 

uncertainty about how much they should pay for unstandardized, highly customized IT services. 

In my second essay, I shift my focus to how to incentivize backers with both intrinsic and 

extrinsic motivations to conduct value-creating interactions with probabilistic choice design. And 

in my third essay, I challenge a common practice in crowdfunding- platforms often maintain a 

public list of all backers who finish a value-creating traction (i.e., contribute to a crowdfunding 

campaign) and reveal backers’ online identity by default. I empirically show concealing backers’ 

online identity would benefit campaign crowdfunding outcomes.  
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ESSAY I: MATCHING IN ONLINE LABOR MARKETS 

FOR IT SERVICES: BID PRICE DISPERSION, BUYER 

INDECISION AND FREELANCER REGRET 

ABSTRACT 

Online labor markets, two-sided digital platforms that connect buyers with freelancers for IT 

services, have become increasingly important for labor sourcing and job creation around the 

globe. However, matching buyers and freelancers is challenging, largely because of the difficulty 

in pricing idiosyncratic IT services. Buyers and freelancers face uncertainty over the price 

(termed value uncertainty) they should pay, or bid, for an IT service, respectively. We propose 

“bid price dispersion” as a key determinant of matching (percentage of posted IT services that are 

actually contracted between buyers and freelancers), and we empirically examine the effect of bid 

price dispersion on two key sequential stages of matching in online labor markets: (a) buyer 

indecision — whether a buyer offers a contract to any freelancer; and (b) freelancer regret — 

whether the freelancer accepts the contract offered by the buyer. Using panel data from a leading 

online labor market (Freelancer), our results show that bid price dispersion is associated with an 

increase in both buyer indecision and freelancer regret, thus hurting matching. Also, we examine 

factors that reduce bid price dispersion. The results are robust across alternative model 

specifications and various measurements of bid price dispersion. This paper contributes to the 

literature on two-sided platforms by theorizing and empirically demonstrating the negative effect 

of bid price dispersion on buyer-freelancer matching in online labor markets for IT services. We 

conclude by discussing the study’s practical implications for enhancing the design and matching 

capability of online labor markets. 
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Keywords: Online Labor Markets, Bid Price Dispersion, Two-sided Platforms, Buyer 

Indecision, Freelancer Regret, Value Uncertainty 

1. INTRODUCTION 

As two-sided digital platforms for IT services, such as software development and website 

design, online labor markets (e.g. Freelancer and Upwork) have grown rapidly, creating a new source 

of labor for buyers (employers) and creating job opportunities for freelancers (Agrawal et al. 2013; 

Chan and Wang 2017). According to an industry survey in 2014,2 53 million people in the United 

States (US), or over 1/3 of the US workforce, work as freelancers in some capacity, contributing over 

$715B to the US economy each year. While in the offline labor markets, individuals find employment 

through job postings in traditional media, such as newspapers or through recruiters, online labor 

markets, like many other two-sided platforms,3 have developed the capability to match buyers and 

freelancers. Achieving a match between buyers and freelancers is perhaps the most important success 

criterion of online labor markets (e.g. Horton 2017a, Horton 2017b). Based on data from the focal 

labor market in this study, a 1% increase in the matching rate would lead to an increase of over $.5M 

in transaction volume. However, in comparison with most platforms for commodities, such as 

Amazon or eBay, that use a price-determined mechanism (buy-it-now or auction) to achieve a match, 

online labor markets use buyer-determined auctions to match buyers and freelancers,4 largely because 

of the idiosyncratic nature of IT services that price-determined auctions do not readily apply (Snir and 

Hitt 2003).   In buyer-determined auctions, buyers decide whether to offer a contract to a freelancer 

based on multiple criteria besides price, while freelancers have the option to decline the contract, if 

 
2 The survey was conducted by the independent research firm Edelman Berland and commissioned by 

Freelancers Union and Elance-oDesk. For details: 

https://www.freelancersunion.org/blog/dispatches/2014/09/04/53million/.  
3 Platforms that match host and travelers on Airbnb, men and women on Match.com, and buyers and sellers on 

eBay. 
4 A buyer-determined auction is a type of reverse auction where the winning bid is selected by the buyer 

based on a multitude of buyer-determined criteria rather than by pre-specified rules, most commonly the 

lowest price.  

https://www.freelancersunion.org/blog/dispatches/2014/09/04/53million/
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offered one. Although the low matching rate has been plaguing online labor markets for a long time 

(Snir and Hitt 2003; Carr 2003), there is a lack of understanding of what determines the observed low 

matching rate in online labor markets.  

In this paper, we propose that the low matching rate in online labor markets can be partially 

explained by value uncertainty for both buyers and freelancers. Buyers face uncertainty over how 

much to pay for an IT service in general (termed common value uncertainty), and how much to pay for 

the IT service by a particular freelancer (termed private value uncertainty). Freelancers also face value 

uncertainty over how much to bid for an IT service given the buyers’ often ambiguous project 

requirements. Value uncertainty is defined as the buyer’s (or freelancer’s) difficulty of assessing the 

value and specifying the price of an IT service. We propose bid price dispersion, measured by the 

coefficient of variation (mean-adjusted standard deviation) of all bid prices by freelancers for an IT 

service, as an important determinant of buyer-freelancer matching in online labor markets by 

theorizing that bid price dispersion affects both the buyer’s and also the freelancer’s value uncertainty. 

Specifically, we empirically examine the effect of bid price dispersion on two sequential stages of 

matching in online labor markets: (a) buyer indecision — whether the buyer offers a contract to any 

freelancer; and (b) freelancer regret — whether the freelancer accepts the contract offered to him by 

the buyer.5 In sum, we are interested in two research questions in the focal context of online labor 

markets for IT services: 

1) Does bid price dispersion affect buyer indecision (not offering a contract to any 

freelancer)?  

2) Does bid price dispersion affect freelancer regret (not accepting the contract when offered 

one)?  

 
5 In the focal online labor market (Freelancer), for 18% of the projects, freelancers declined the buyers’ 

contract offer. 
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Unlike physical products that typically use posted prices or auctions, there are no standard 

prices for IT services in online labor markets. Therefore, a buyer has to estimate the price of an IT 

service by observing the bid prices of all freelancers, while freelancers set their bid prices by 

inferring the buyer’s needs and by observing other freelancers’ bid prices. From a buyer’s 

perspective, she observes all the bid prices submitted by freelancers. When bid price dispersion is 

low, i.e. bid prices are similar to each other, the buyer will be more certain about the price she should 

pay for the IT service (low common value uncertainty). In contrast, when bid price dispersion is 

high, i.e. bid prices are significantly different from each other, it is difficult for the buyer to estimate 

a reasonable price she should pay for the IT service (high common value uncertainty). From a 

freelancer’s perspective, there is also uncertainty over how much to bid for the IT service due to 

uncertainty about the buyer’s requirements and competition from other freelancers. If bid price 

dispersion is high, the freelancer is less certain about whether he will suffer from the “winner’s 

curse” with the bid placed for the IT service (high value uncertainty), and he is thus more likely to 

decline the contract if offered one. However, when bid price dispersion is low, since freelancers’ 

prices are similar to each other, the freelancer would be more certain about the price he should bid 

for the IT service (low value uncertainty), and he would be thus more likely to accept the contract, if 

offered one.  

With a panel dataset from Freelancer (one of the world’s largest online labor markets), we 

empirically examine our research questions using two Logit models with buyer- (freelancer-) level 

fixed effects to account for unobserved buyer- (freelancer-) level project invariant preferences. 

Estimation results based on several model specifications and different measures of bid price 

dispersion show that bid price dispersion has a significant negative effect on buyer-freelancer 

matching, which results from two sequential effects on (1) buyers’ contract indecision and on (2) 

freelancer regret. We further support the robustness of these main results by using instrumental 

variables, and we evaluate the heterogeneity in these effects. 
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This paper makes four contributions to the literature on online labor markets and more 

broadly, the literature on platform research. First, we theoretically propose and empirically examine 

bid price dispersion as an important determinant of matching in two-sided platforms, using online 

labor markets as our context. Second, while the literature has primarily focused on either the buyer’s 

(e.g. Horton 2017a; Horton 2017b; Moreno and Terwiesch 2014) or the freelancer’s perspective (e.g. 

Agrawal et al. 2013; Kokkodis et al. 2015), this study examines both sides of the platform by 

decomposing the matching process into two sequential stages: (1) buyer indecision and (2) freelancer 

regret. Third, this study contributes to the uncertainty literature (e.g. Ghose 2009; Hong and Pavlou 

2017; Pavlou et al. 2007) by theorizing the role of value uncertainty due to price dispersion in the 

context of IT services. Fourth, in terms of managerial implications, by empirically showing that bid 

price dispersion increases both the buyer’s indecision to offer a contract and the freelancer’s regret to 

accept an offered contract, the management of online labor markets and other two-sided platforms 

should actively seek to reduce both buyers and freelancers’ value uncertainty in order to facilitate 

matching on two-sided platforms. In terms of generalizability, our findings cautiously extend to two-

sided platforms (e.g. Parker and Van Alstyne 2005; Parker and Van Alstyne 2014) with the following 

two characteristics: a) the price of the focal good is idiosyncratic, and b) transactions on two-sided 

platforms are conducted via buyer-determined auctions where buyers select a winner based on both 

price and non-price characteristics.  

2. BACKGROUND AND RELATED LITERATURE 

2.1 Overview of Online Labor Markets 

Online labor markets are one of the emerging, innovative two-sided platforms enabled by 

digital infrastructure that facilitate the transaction of IT services between buyers and freelancers 

via reverse, buyer-determined auctions (Engelbrecht-Wiggans et al. 2008; Hong et al. 2016). The 

contract process in online labor markets can be described in four stages (Snir and Hitt 2003): 1) 

Posting: buyers post a request for proposals describing the desired project and specifying a budget 
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range and auction duration during which freelancers can place a bid; 2) Bidding: freelancers search 

for projects that match their expertise. When a freelancer identifies a suitable project, he can place 

a bid to be considered by the buyer; 3) Contracting: as freelancers bid for the project, buyers 

evaluate bids by trading off price and freelancers’ non-price attributes (e.g. freelancers’ reputation, 

experience, etc.), and decide whether to offer a contract to one of the freelancers (or not). 4) 

Accepting: Once a buyer selects a freelancer and offers the contract, the winning freelancer decides 

whether to accept the contract. Therefore, only when the buyer decides to offer a contract and the 

freelancer accepts (rather than rejects) the contract, a match is officially reached.  

Online labor markets differ from online platforms that facilitate the transaction of physical 

products (e.g. eBay and Amazon) in several ways. First, most online labor markets follow a reverse 

auction mechanism, wherein buyers post jobs and freelancers (sellers) bid for projects (e.g. 

Yoganarasimhan 2013). Second, unlike standard commodities, IT services are often highly 

customized, idiosyncratic, and the buyer’s requirements are not easily described (Snir and Hitt 

2003). As a consequence, a freelancer faces uncertainty over the actual project requirements posted 

by the buyer (herein termed “value uncertainty”), and thus the price to bid (Hong et al. 2016). Third, 

given the heterogeneity of IT services, it is often difficult to estimate the price for an IT service by 

observing the price of other similar IT services. Therefore, a buyer estimates the price of the IT 

service based on the bid prices the other freelancers placed (Blouin et al. 2001). That is, buyers also 

face value uncertainty about the price they should pay for the IT service.  

2.2 Determinants of Matching in Online Labor Markets 

We categorize the literature on matching in online labor markets into two major streams. 

First, given that the global reach of online labor markets helps buyers obtain more bids than they 

would typically receive offline, one stream of the literature explains the low matching issue from 

the perspective of “choice overloading” theory (e.g. Iyengar et al. 2000; Hertwig et al. 2003). As 
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the theory suggests, the buyers’ limited cognitive capacity to evaluate a large number of choices 

could prevent them from making a decision. Carr (2003) supported this argument from the 

perspective of high bid evaluation costs in online labor markets. Distinct from auctions of physical 

products for which price dictates the outcome, the contract decision in buyer-determined auctions 

for IT services entails a complex set of decision variables, including bid price and the freelancer’s 

non-price attributes (e.g. quality, experience, expertise, reputation). Carr further argued that high 

bid evaluation costs increase the possibility that qualified and even desirable bids could not be 

evaluated due to the buyers’ limited cognitive capacity, leading to a low matching rate.  

Second, by emphasizing information asymmetry between buyers and freelancers, another 

stream of literature focuses on information signals that facilitate a buyer’s selection of freelancers 

and frictions that affect the matching process in terms of the buyers’ hiring preferences. For 

example, Yoganarasimhan (2013) examined the role of freelancers’ reputation on buyer’s 

contracting decisions. Yoganarasimhan showed that buyers value freelancers with high average 

quality ratings and a large number of reviews. Similarly, Moreno and Terwiesch (2014) found 

that buyers weigh between the freelancers’ bid prices and their reputation (both ratings and text 

reviews by previous buyers), and they pay a price premium to reputable freelancers. Kokkodis 

and Ipeirotis (2015) extended the understanding of reputation into different categories, arguing 

that each freelancer has a category-specific quality that will affect the probability of getting hired 

by a buyer. Aside from user-generated reputation measures, Agrawal et al. (2013) found that 

third-party certification plays an important role in buyer’s contract decisions. In this respect, Goes 

and Lin (2012) further demonstrated that third-party certifications might actually negatively 

affect a freelancers’ probability to win a contract when the freelancer has no ratings. In 

conclusion, mitigating information asymmetry has been the main focus of research on online 

labor markets.   



10 

 

Research on freelancer regret and value uncertainty in online labor markets is scarce. For 

instance, using data from oDesk, Horton (2015) was among the very few to study freelancer’s regret 

by emphasizing buyer’s lack of information on freelancers’ capacity. Horton showed that, due to 

capacity limits, freelancers are more likely to reject contracts when they have more contracts from 

which to choose. To understand freelancers’ wage (price) premium in online labor markets, Stanton 

and Thomas (2015) were among the few to propose buyer’s uncertainty over price (termed as 

“market value” in their paper) in online labor markets. By modeling supply and demand, they 

showed that one-third of a freelancer’s wage premium is attributed to inexperienced buyers’ 

uncertainty over price. While the focus of Stanton and Thomas is how freelancers gain wage 

premiums by taking advantage of inexperienced buyers’ value uncertainty, our work seeks to study 

how bid price dispersion affects buyer-freelancer matching due to value uncertainty. Table 1 

summarizes the key determinants of buyer contracting, freelancer hiring, and matching in online 

labor markets.  

In sum, to understand the matching between buyers and freelancers in online labor markets, 

previous studies tackled this problem mainly from the buyer’s perspective, neglecting the fact that 

these markets are two-sided platforms wherein a contract can only be reached if both sides agree to 

it and the freelancer accepts the contract offered by the buyer. Despite the abundance of research on 

choice overloading and information asymmetry between buyers and freelancers, few studies have 

studied matching from the theoretical perspective of value uncertainty. In this study, we seek to 

understand matching in online labor markets as two-sided platforms from the perspective of both 

buyers and freelancers in terms of value uncertainty of the IT service, and we decompose matching 

into the buyer’s decision to offer a contract (or “buyer contracting”) and the freelancer’s decision to 

decline the contract (or “freelancer regret”). 
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Table 1. Determinants of Buyer-Freelancer Contracting and Matching in Online Labor Markets 

DV Determinants Measurement Authors 

W
h

eth
er a freelan

cer g
ets h

ired
 

Freelancer experience  Verified freelancer experience information  Agrawal et al. 2013 

Freelancer country   
Whether a freelancer comes from 

developed countries 
Agrawal et al. 2013 

Freelancer country   Freelancer’s country origin  Mill, 2011 

Buyer feedback  
Whether a freelancer gets an evaluation 

from a buyer  
Pallais, 2014 

Prior interaction  
Whether a freelancer has worked with the 

buyer before  

Gefen and Carmel 2008 

Kokkodis et al. 2015 

Hong and Pavlou 2017 

Expertise  Skill set of a freelancer  Kokkodis et al. 2015 

Bidding time  
Time length between project posting and 

freelancer bidding  
Kokkodis et al. 2015 

Agency affiliation  
Whether a freelancer is affiliated with an 

agency 
Stanton &Thomas 2015 

Country differences  
Language, time zone, culture, country IT 

reputation  
Hong & Pavlou 2017 

Freelancer Reputation Average rating by buyers, text reviews Moreno &Terwiesch 2014 

W
h

eth
er a b

u
y

er 

fo
rm

s a m
atch

 w
ith

 a 

freelan
cer 

Information asymmetry 

about freelancer capacity  

Number of simultaneous projects a 

freelancer wins to choose from  
Horton 2017a 

Auction format 
Open bid auctions are more likely to result 

in a buyer’s decision to select 
Hong et al. 2016 

System recommendation  
Whether the system recommends a 

freelancer for the buyer  
Horton, 2016 

Bid evaluation costs Analytical model, no measurement  Carr 2003 

Project value  The budget of a project  Snir & Hitt 2003 

 

3. THEORY DEVELOPMENT AND HYPOTHESES 

As extensively studied in the literature (e.g., Dimoka et al. 2012; Ghose 2009; Hong and Pavlou 

2014), uncertainty is a major obstacle in online transactions. A key feature that differentiates online 

labor markets from other markets for the transaction of physical goods is the difficulty in pricing IT 

services (Snir and Hitt 2003). Hence, both buyers and freelancers face value uncertainty, herein defined 

as the uncertainty buyers and freelancers face over the price they should pay or bid for an IT service, 

respectively. Accordingly, we theorize that value uncertainty should affect the matching between 

buyers and freelancers. In this section, we first introduce a common/private value framework to 

decompose buyers and freelancers’ value uncertainty into common value uncertainty and private value 
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uncertainty,6 and we theorize how bid price dispersion affects buyers and freelancers’ common and 

private value uncertainty, which are then hypothesized to affect buyers’ indecision and freelancer’s 

regret in online labor markets.  

3.1 Common versus Private Value Framework 

There are two key theoretical paradigms in the literature that can explain the value of an 

auctioned item: independent private value and interdependent common value auctions (Goeree and 

Offerman 2002, 2003). A commonly cited example of private value is an auction of a rare painting 

(Goeree and Offerman 2002), where each bidder knows the value of that painting for himself, but 

there is uncertainty regarding other bidders’ values. In contrast, a typical example of common value 

is an auction of an oil field where the value is the same to all bidders, but unknown to each one 

(Kagel and Levin 2009). While this dichotomy is convenient from a theoretical viewpoint, most 

real-world auctions exhibit both private and common value elements (Goeree and Offerman 2002). 

With this common / private value framework, we decompose a freelancer’s bid price into a 

common value and a private value component, and we analyze both the buyer’s common and 

private value and the freelancer’s common value uncertainty over the price of an IT service.  

Given the difficulty in determining the price of an IT service (Snir and Hitt 2003), a buyer 

often estimates the price of an IT service based on bid prices (termed price discovery by Chen-

Ritzo et al. 2005). To a buyer, the bid price of a particular freelancer 𝑃𝑖 (value for freelancer i) 

 
6 Value uncertainty is theoretically distinct from “seller uncertainty” and “product uncertainty”. In online labor 

markets, a buyer faces uncertainty about a freelancer’s true attributes (skills, experience, reputation) (akin to 

seller uncertainty), and the quality of the IT service (akin to product uncertainty). Seller uncertainty in online 

labor markets would refer to the buyer’s difficulty in assessing the freelancer’s true characteristics and 

predicting whether the freelancer will act opportunistically after the contract is signed. Product uncertainty 

would refer to the buyer’s difficulty in assessing the quality of the IT service, and whether the IT service would 

meet her actual needs. Value uncertainty, however, focuses on the buyer’s difficulty in inferring the price of the 

IT service, and the freelancer’s difficulty in estimating how much to bid for the IT service. In fact, even if a 

buyer has no uncertainty over the freelancer’s characteristics and the quality of the IT service, she still faces 

uncertainty about how much to pay for the IT service (termed buyer’s value uncertainty). Hence, reducing the 

other types of uncertainty (seller and product) would not necessarily eliminate value uncertainty.  
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actually consists of two parts: a common value V, which is the reasonable (common) price of that 

an IT service in general, unobservable to the buyer, the same to all freelancers, and a private value 

element 𝑣𝑖, which is freelancer-specific and varies across freelancers (e.g. Bajari and Hortacsu 

2002; Goeree and Offerman 2002) due to differences in freelancers’ attributes, such as expertise 

level. To a buyer, the average of all bid prices 𝑃𝑖 (Equation 1) is the common value of the IT 

service (Goeree and Offerman 2002; Yin 2006).  

�̂� =
1

𝑛
∑ 𝑃𝑖

𝑛

𝑖=1
=

1

𝑛
∑ (V + 𝑣𝑖) = 𝑉 +

𝑛

𝑖=1

1

𝑛
∑ 𝑣𝑖

𝑛

𝑖=1
 (1) 

For a freelancer, in contrast, other freelancers’ bid prices consist of two parts: common 

value V, which is other freelancers’ estimates about the price of the IT service based on the 

description of the project, and private value 𝑣𝑖, which includes the freelancer’s bidding strategies 

and expectation for his cost and profit. To a freelancer, the average of all bid prices 𝑃𝑖 is a 

reasonable estimate of the price of the IT service based on the buyer’s “true” requirements. A 

certain buyer’s “true” requirement is unknown to the freelancers, and it can only be estimated 

based on the project description. Table 2 summarizes the definitions of value uncertainty, 

common value, and private value.  

Table 2. Definitions of Value Uncertainty and Common/Private Value Uncertainty 

Construct Definition 

Value Uncertainty 

A buyer’s (freelancer’s) difficulty in assessing how much she needs to pay 

(bid/charge) for an IT service. Value uncertainty includes both common value 

uncertainty and private value uncertainty.   

Common Value 
The price component of an IT service that is unobservable to the buyer, same to 

every freelancer, and only differs across different IT services.  

Private Value The price component of an IT service that is specific to each freelancer. 
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3.2 Value Uncertainty in IT Services 

3.2.1 Buyer’s Value Uncertainty: Common versus Private 

A buyer faces value uncertainty in online labor markets for several reasons. First, IT 

services in online labor markets usually consist of certain, domain-specific knowledge buyers may 

be unfamiliar with, making it difficult for a buyer to estimate the “right” price she should pay for 

the IT service. Additionally, IT services in online labor markets are idiosyncratic; hence, it is 

difficult for a buyer to precisely value them, ex ante. Even when a buyer has some prior knowledge 

of the requested IT service, determining the exact price to pay is difficult because of the lack of 

standardization, the high degree of customization, and the difficulty in assessing the quality of the 

IT service, ex ante (e.g. Snir and Hitt 2003). Taken together, a buyer often has little prior domain 

knowledge of the customized, idiosyncratic IT service. Accordingly, the buyer faces value 

uncertainty over the price of an IT service.   

Based on the common / private value framework, a buyer faces a) uncertainty over the price 

of the IT service in general, termed buyer’s common value uncertainty, and b) uncertainty over the 

price of a particular freelancer for that IT service, termed buyer’s private value uncertainty. For a 

buyer, common value uncertainty is associated with the question “what’s the price of an IT service 

in general I should pay?” while private value uncertainty is associated with the question “how much 

should I pay for the IT service provided by a particular freelancer, given his/her attributes?” 

Common value often serves as a benchmark for a buyer to evaluate the private value of each 

freelancer. The buyer’s common value uncertainty and private value uncertainty will jointly affect 

the decision to offer a contract to one of the freelancers or not.  

3.2.2 Freelancer’s Value Uncertainty: Common versus Private  

Although a freelancer has better knowledge, when compared to the buyer, of the price for 

his own IT service, he still faces value uncertainty in terms of how much to bid for the IT service 
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due to uncertainty over the buyer’s actual requirements. In online labor markets, a freelancer 

learns about the buyer’s requirements based on the posted description. On the one hand, a buyer 

may not be able to fully describe what they need due to a lack of relevant domain knowledge (Carr 

2003; Snir and Hitt 2003), which makes it difficult for the freelancer to estimate the actual 

workload. On the other hand, IT services are highly customized and idiosyncratic (Snir and Hitt 

2003), and a freelancer may not be able to understand the “true” requirements of a particular 

buyer. Thus, for a specific IT service, each freelancer who aims to bid for the IT service faces 

value uncertainty over how much to bid. Following the common / private value framework, we 

define a freelancer’s common value uncertainty as the difficulty in assessing how much to bid for 

an IT service due to the buyer’s ambiguous requirements and his own private value uncertainty as 

the difficulty in assessing his own price of an IT service given the uncertain workload. Table 3 

summarizes common value uncertainty and private value uncertainty for both buyers and 

freelancers.   

Table 3. Explanation of Value Uncertainty for Buyers and Freelancers 

 Buyer  Freelancer  

Common 

Value 

Uncertainty 

Buyer’s uncertainty over the reasonable 

(common) price of an IT service in general. 

(How much should I pay for this IT service 

in general?)  

Freelancer’s common value uncertainty 

results from the uncertainty over the buyer’s 

requirements. (How much should I bid for 

the IT service for this particular buyer?) 

Private 

Value 

Uncertainty 

Freelancer quality and expertise may vary, 

so it is possible to pay a high (low) price to 

an excellent (ordinary) freelancer. (How 

much should I pay for a particular freelancer 

for the IT service?) 

Freelancer’s uncertainty over his own cost 

given the exact tasks. (How much should I 

bid for the IT service given the exact 

workload?) 

 

3.3 Effect of Bid Price Dispersion on Buyer Contracting (versus Contract Indecision) 

Due to the complex nature of IT services and buyers’ lack of full knowledge of IT 

services, buyers in online labor markets face value uncertainty over how much to pay for an IT 

service in general (termed common value uncertainty) and how much to pay for the IT service 
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from a particular freelancer (termed private value uncertainty). Because of the difficulty in 

assessing a freelancer’s true characteristics (e.g. skills, expertise, capacity, etc.), the buyer cannot 

precisely estimate the price she should pay to a particular freelancer for an IT service given the 

freelancer’s attributes (private value). However, it is feasible to infer the common value of an IT 

service based on the average of all freelancers’ bid prices, as each freelancer’s bid price includes 

his estimate of the common value (aside from his own private value). This process has been 

documented in related literature as “price discovery” (e.g. Chen-Ritzo et al. 2005). Below, we 

elaborate on how the dispersion of all freelancers’ bid prices is likely to affect a buyer’s common 

value uncertainty and accordingly her decision to offer a contract to any freelancer.  

 Following Bang et al. (2014), we define Bid Price Dispersion (BPD) as the coefficient of 

variation CV (CV =
σ

μ
 , σ is the bidding price standard deviation and μ is the bidding price average 

for a project) of all freelancers’ bid prices. To illustrate how BPD shapes a buyer’s common value 

uncertainty, let us consider two scenarios where the same buyer receives three bids for the same IT 

service: (a) $40, $80, $120 and (b) $75, $80, $85 (referred to as Example A). Although the average 

of all freelancers’ bid prices, namely the estimate of the common value, is $80 in both scenarios, 

BPD in Scenario (a) is larger than that in Scenario (b). In Scenario (b), all three freelancers bid a 

price very close to $80, which delivers a consistent message to the buyer that the common value of 

the IT service is $80. Hence, the buyer is less uncertain in inferring the common value as $80. In 

Scenario (a), however, the three freelancers offer very different bid prices, which makes a buyer 

more uncertain about the common value of the IT service ($80). In sum, a buyer will have higher 

(lower) common value uncertainty when BPD is high (low).  

We argue that the common value could serve as a practical benchmark for evaluating each 

freelancer’s bid price and inferring how much more or less a buyer should pay a particular 

freelancer (to overcome private value uncertainty). Using our running example, in Scenario (a), the 



17 

 

three bid prices ($40, $80, $120) are highly dispersed around the average of $80, and it would be 

very difficult for a buyer to evaluate any of these bids in terms of how much more or less she would 

need to pay a particular freelancer. Specifically, the lowest-priced freelancer may deliver a low-

quality IT service, while the highest-priced freelancer would reap the buyer’s potential surplus. In 

contrast, in Scenario (b) of the running Example A, the three bid prices ($75, $80, $85) are less 

dispersed around the average of $80, and hence a buyer would be more certain about the common 

value, making it easier to evaluate each freelancer’s bid price given a higher confidence on the 

benchmark price. Therefore, a buyer would also have higher (lower) private value uncertainty about 

each freelancer when bid price dispersion is high (low). 

A buyer faces two potential losses because of value uncertainty: a) paying unnecessarily 

too much for an IT service from a freelancer with a high bid price, thus potentially suffering a loss 

of surplus, and b) paying inappropriately too little for a low-priced freelancer and thus suffering 

from low-quality IT service. As discussed earlier, a high BPD is likely to lead to high common 

value and private value uncertainty. Given buyers in a transactional setting are generally risk-

averse, uncertainty inadvertently leads to a loss of utility (e.g. Kahneman and Tversky 1979; 

Pavlou and Gefen 2005). Specifically, uncertainty about the common value of an IT service in 

general and the private value of a particular freelancer is proposed to reduce a buyer’s expected 

utility if she offered a contract to any freelancer, thus demotivating a buyer from offering a 

contract to any freelancer at all.  

H1: Bid price dispersion has a negative effect on a buyer’s decision to contract with any 

freelancer.  

3.4 Effect of Bid Price Dispersion on Freelancer Regret 

In online labor markets, after a buyer offers the contract to a freelancer, the winning 

freelancer is not obligated to accept the contract offered to him, but he still has the option to 
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decline the contract.7 We formally define Regret as a freelancer’s decision to decline the contract 

when selected as the winner and offered a contract based on the freelancer’s bid price.8 The cost 

of regret in online labor markets includes two parts: first, there is a limit on the total number of 

bids a freelancer can place within a month, and freelancers have to buy additional bids if they use 

up their monthly quota, creating a monetary cost to regret. Second, it takes time, effort, and 

resources to search and read “Call for Bids” for IT services and prepare competitive bids, and it is 

a “sunk cost” for freelancers to decline a contract when offered one.   

As theorized earlier, a freelancer faces uncertainty about the price he should bid for an IT 

service due to the uncertainty about a buyer’s “true” requirements. Therefore, for a freelancer, 

other freelancers’ bid prices serve as estimates of the price for a buyer’s “true” requirements. 

When BPD is high, other freelancers’ estimates about a buyer’s “true” requirements differ 

considerably, which makes a freelancer uncertain about the common value of the IT service. When 

BPD is low, other freelancers have similar estimates of a buyer’s “true” requirements, thus 

decreasing the freelancer’s common value uncertainty over the price of the IT service.  

In general, a freelancer’s goal in using online labor markets is to obtain contracts at an 

optimal price. Accordingly, a freelancer suffers from “winner’s curse” when he wins a contract at a 

suboptimal price (e.g. Bajari and Hortaçsu 2003b; Kagel and Levin 2009). When a freelancer has 

higher common value uncertainty about a buyer’s “true” requirements, he may incur potential losses 

due to unexpected costs in implementing the IT service. This is largely because of a buyer’s 

potentially ambiguous requirements and competition from other freelancers. Once offered a contract, 

the freelancer’s focus shifts from winning the contract by competing with other freelancers to 

 
7 In online labor markets, a freelancer can revise the bidding price as many times as she wants before the 

auction ends. However, once a buyer selects a winner, the project will be “frozen” and freelancers cannot 

revise their bid prices anymore. This bid price will be the final contract price if the freelancer does not 

“regret.” 
8 Regret is defined as the freelancer’s decision to decline the contract offered by a buyer. We do not 

emphasize the psychological meaning of the term “regret.”   
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avoiding the “winner’s curse,” since the former goal of being offered the contract has already been 

achieved. The fact that other freelancers’ bid prices substantially differ from each other makes a 

freelancer perceive a higher risk of the winner’s curse. Therefore, freelancers are likely to regret by 

declining the contract to avoid the winner’s curse.  

H2: Bid price dispersion has a positive effect on freelancer regret.  

4. EMPIRICAL METHODS AND RESULTS 

4.1 Variable Definition 

4.1.1 Bid Price Dispersion 

We used the coefficient of variation (CV =
σ

μ
, standard deviation of bid prices σ over sample 

mean μ) of bid prices as the measure of bid price dispersion, which is comparable across different IT 

service projects (Equation 2). CV is widely used in the IS literature (e.g. Clemons et al. 2002; Ghose 

and Yao 2011; Yin 2006).9  

𝐶𝑉 =
√1

𝑛
∑ (𝑃𝑖 −

1
𝑛

∑ 𝑃𝑖
𝑛
𝑖=1 )2𝑛

𝑖=1

1
𝑛

∑ 𝑃𝑖
𝑛
𝑖=1

     (𝟐) 

To illustrate why CV is a better measure than the standard deviation of bid prices, let us 

consider the following example (referred to as Example B): a buyer may consider three bid prices for 

a large project, such as “$980, $1000, $1020” (Scenario (c), STD=20, CV=0.02) as very similar and 

infer the common value of this project value as $1,000 with a lower level of common value 

uncertainty. However, three bid prices “$30, $50, $70” (Scenario (d), STD=20, CV=0.4) for a small 

project may be perceived as highly dispersed, and a buyer would have higher common value 

uncertainty. Thus, we would not be able to differentiate Scenario (c) from (d) if we used the standard 

 
9 As the focus of this study is to investigate how bid price dispersion affects the matching decisions of both 

buyers (buyer contracting) and freelancers (freelancer regret), the measure (price difference) used by Ghose 

and Yao (2011) to capture price dispersion is not relevant to this study.  



20 

 

deviation (equal to 20 in both scenarios) as the bid price dispersion measure. In contrast, the 

coefficient of variation (0.02 vs. 0.4) can account for the effect of project size.  

4.1.2 Buyer Contracting and Freelancer Regret 

In this paper, we measure contract as a binary variable based on whether the buyer offers a 

contract to any freelancer. Contract equals 1 if a buyer selects any freelancer as the winner and 

offers him a contract; 0 otherwise. Similarly, we measure regret as a binary variable that indicates 

whether a freelancer accepts the contract conditional on being offered a contract from the buyer. 

Regret equals 1 if the winner rejects the contract when awarded, 0 otherwise. Please refer to Table 4 

for descriptions/definitions of all other variables.  

Table 4. Variable Definition 

Variable Definition 

1. Contract 1 – a buyer decides to select a winner and offer the contract, 0 – otherwise  

2. Bid Price Dispersion Bid price dispersion measured as price coefficient of variation  

3. Quality Dispersion  Standard deviation of freelancers’ rating gained in previous projects 

4. Number of Bids Total number of bids received for a project  

5. Buyer Experience Total number of projects a buyer has contracted before  

6. Average Freelancer Exp. 
Average experience (measured as the number of projects a freelancer has 

finished in the platform) of freelancers for a project  

7. Average Freelancer Rat. Average rating of all the freelancers received by a project  

8. Project Size Maximum budget of the project  

9. Auction Duration Pre-specified time window (hours) that freelancers can bid for a project 

10. Arrival Rate Average arrival time (hours) of all freelancers for a buyer  

11. Bid Arrival Dispersion Standard deviation of freelancers’ arrival time  

12. Project Type 
1 – website and software development, 2 – writing and content, 3 – 

graphic design, 4 – data entry and management 

13. Regret 1-a freelancer rejects to accept the contract when selected, 0-otherwise 

14. Winner Price  Bid price of the winner  

15. Winner Price Premium Winner’s bid price over the average of other freelancer’s bidding price  

16. Winner Experience  Number of projects that the winner has competed before  

17. Winner Exp. Overqualified Winner experience over average experience of other freelancers 

18. Winner Rating  Buyer generated rating for the winner ranging from 0~10  

19. Winner Rating Overqualified Winner rating over the average rating of other competing freelancers 

20. Buyer Rating  Freelancer generated rating for the buyer ranging from 0~10 

21. Previous Interaction  Whether there is at least one freelancer that worked with the buyer before  

22. Month Dummy variable (1-7) indicating the month a project posted in 

23. Quality-Weighed BPD 
Bid price dispersion measured as the coefficient of variation of  freelancer 

quality weighed bid prices (p/rating) 

24. Distribution-Weighed BPD 
Bid price dispersion (BPD) taking account of the multimodal distribution 

of bid prices  



21 

 

25. Legitimate BPD 
Bid price dispersion (BPD) excluding bids that have little chance to be 

contracted by a buyer (what remains is called legitimate bids) 

26. Description Length The total number of words of the project description  

27. First-bid Price  
The relative bid price (bid price / maximum project budget) of the first 

freelancer 

28. % of Rating0 Bids Percentage of freelancers that are rated as 0  

 

4.2 Data  

We obtained access to a proprietary database from a leading online labor market—

Freelancer—which has 20.4 million registered users (buyers and freelancers) contracting almost 10 

million IT services since 2004. Our data are based on a snapshot of the company’s database in 

March 2010. Matching follows the buyer-determined reverse auction mechanism (e.g. Engelbrecht-

Wiggans et al. 2008; Hong et al. 2016). In the posting stage, instead of setting a specific budget a 

buyer chooses from one of the four budget ranges [$30, $250], [$250, $750], [$750, $1500] and 

$1500 and above.10 Freelancers have to bid a certain price within the buyer’s specified budget range. 

In the contracting stage, a buyer selects only one freelancer as the winner and offers a contract.11 

There was no “recommended freelancer” feature in the online labor market platform at the time of 

data collection.12 In total, we have 67,921 project-level observations. The matching rate in our 

dataset is 54%. For 61% of the projects, buyers selected a freelancer to offer the contract, but for 

11% of them, the winning freelancer did not accept the contract. Descriptive statistics are shown in 

Table 5. 

Table 5. Descriptive Statistics 

Variable Obs. Mean Std. Dev. Min Max 

1. Contract 67,921 0.606 0.489 0 1 

2. Bid price dispersion (CV) 67,921 0.503 0.349 0 6.347 

3. Bid price dispersion (S.D.) 67,921 1.302 2.480 0 55.084 

4. Number of Bids 67,921 14.827 19.320 1 577 

5. Buyer Experience 67,921 15.854 57.277 0 1179 

6. Average Freelancer Experience 67,921 51.483 91.983 0 1652 

7. Average Freelancer Rating 67,921 6.045 1.434 0.031 10 

 
10 In practice, a buyer can customize the range of the budget, which is extremely rare in our data set.  
11 Only a few projects have multiple winners. We exclude them for the analysis in this study.  
12 “Recommended freelancer” is an available feature in Freelancer now. However, it hadn’t been 

implemented yet back in the time window from which our data comes.  
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8. Project Size 67,921 433.660 429.951 40 3000 

9. Auction Duration 67,921 282.433 406.251 24 1440 

10. Arrival Rate 67,921 33.225 118.678 0.036 1440.627 

11. Arrival Dispersion 67,921 41.956 98.236 0 5335.403 

12. Project Category 67,921 1.979 1.057 1 4 

13. Regret 41,800 0.111 0.314 0 1 

14. Winner Price 41,800 187.579 480.448 20 40128 

15. Winner Price Premium 41,800 0.888 0.402 0.000 12.582 

16. Winner Experience 41,800 102.509 223.274 0 1657 

17. Winner Exp. Overqualified 41,800 1.797 2.664 0 67.129 

18. Winner Rating 41,800 1.049 0.243 0.007 2.706 

19. Winner Rating Overqualified 41,800 6.492 1.965 0.031 10 

20. Buyer Rating 41,800 2.300 4.024 0 10 

21. Previous Interaction 67,921 0.059 0.235 0 1 

22. Month 67,921 7.504 4.065 1 12 

23. Quality Weighed BPD 67,921 1.178 0.539 0 17.902 

24. Distribution Weighed BPD 67,921 0.301 0.239 0 6.259 

25. Legitimate BPD 67,921 0.503 0.349 0 6.347 

26. Description Length 67,921 112.183 146.612 1 8023 

27. First-bid Price 67,921 0.531 0.814 0.067 40 

28. % of Rating0 Bids 67,921 0.434 0.289 0 1 

4.3 Buyer Contracting 

4.3.1 Identification Strategy  

Following the common practice in the literature (e.g. Chan and Wang 2017; Hong et al. 

2016; Horton 2017b), we used a logit model (and linear probability models) with fixed effects to 

focus on how BPD affects buyers’ final binary contracting decision. It is possible that BPD is 

subject to endogeneity, because it is measured based on all bids submitted. Therefore, the 

identification challenges around the endogeneity of BPD primarily arises from two sources: a) 

unobserved buyer and project characteristics, such as buyers’ general lack of experience on the 

platform, the quality and complexity of the project that leads to both BPD and the outcome 

variables; and b) unobserved bidding dynamics, such as the freelancers’ strategic bidding and price 

revising aimed at increasing their profit and chances of winning a contract. We took several 

measures to address these concerns. First, we controlled all buyer / project-level variables that are 

observable to freelancers that may affect a freelancer’s likelihood to bid for the project and time 

dummies that may affect the potential pool of freelancers a project attracts. Second, we used buyer 

fixed effects to account for a buyer’s unobserved tendency to contract or trust in IT services in 
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online labor markets, which may lead to omitted variable bias and reverse causality. Third, we 

employed an Instrumental Variable (IV) approach to further enhance causal interpretation. Our goal 

is to leverage an IV that addresses the potential endogeneity concern that the dependent variable 

(buyer indecision) and freelancers’ bidding prices, which affect BPD, may be affected by 

unobserved buyer uncertainty, unobserved project complexity, and the dynamic bidding process. 

Specifically, we used the freelancer’s project-size-adjusted average historic bid prices for the same 

project category (termed as PSA-Bid-Price) as an IV for his bid price.13 The rationale of PSA-Bid-

Price as a valid IV is twofold. On the one hand, PSA-Bid-Price is a freelancer’s average bid price of 

all other projects, indicating the freelancers’ outside options, which are correlated with his bid price 

for the focal project. On the other hand, the PSA-Bid-Price is not correlated with a specific buyer, 

specific project, or the bidding dynamics of the project, and thus it does not affect a buyer’s 

contract decision, except through the bid price for the focal project. Fourth, we examined the 

moderating role of buyer experience and number of bids to explore the heterogeneous effects of 

BPD in buyer contracting. These analyses also serve as falsification tests that attest to the validity 

of our findings. Finally, we used alternative measures of BPD, including the standard deviation of 

bid prices (a commonly used measure of dispersion in the literature), quality-weighted BPD, 

distribution-weighed BPD, and BPD with legitimate bids as alternative measures of BPD to check 

the robustness of our measurement.  

4.3.2 Econometric Specification  

Equation 3 is our main econometric specification for the buyer contracting model. In 

Equation 3, 𝑈𝑖𝑗 is the latent utility a buyer i infers from project j.  𝛽1 captures the effect of BPD on 

the buyer’s contract decisions. 𝐵𝑢𝑦𝑒𝑟𝑖𝑗 is a vector of buyer-level controls, including project-variant 

 
13 We constructed the IV in three steps: 1) computed the project-size-adjusted bidding price (bid price/project 

size); 2) computed the average of project-size-adjusted bidding price that a freelancer bids for the same project 

type before; 3) used this project-size-adjusted average historical bidding price as the IV of bid price for the 

project and computed BPD.  
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buyer experience and rating. Buyer experience is the total number of projects a buyer has completed, 

while rating is the mean rating of the buyer as evaluated by the freelancers who worked with the 

buyer before. On the one hand, experienced, highly-rated buyers are likely to continue to have higher 

contract likelihood given their prior performance. Also, experienced, highly-rated buyers tend to be 

more capable of describing their posted projects, specifying a more accurate budge range, and 

communicating better with freelancers, all of which may affect the freelancers’ bid prices, thus 

affecting the final BPD. Note that given our short observation window, after controlling for buyer 

fixed effects, within-buyer variation for these variables tends to be very small. 

𝑈𝑖𝑗 = 𝛽1𝐵𝑃𝐷𝑖𝑗 + 𝛽4−5𝐵𝑢𝑦𝑒𝑟𝑖𝑗 + 𝛽6−10𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 + 𝛽11−13𝐹𝑟𝑒𝑒𝑙𝑖𝑗 + 𝛽14−16 𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝑖𝑗

+ 𝛼𝑖 + 𝜀𝑖𝑗         (𝟑) 

 𝐶𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖𝑗 =
𝐸𝑥𝑝(𝑈𝑖𝑗)

1 + 𝐸𝑥𝑝(𝑈𝑖𝑗)
 

𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 is a vector of project-level characteristics, such as auction duration (control 

variables that may affect the contract), project size (measured as the maximum budget of a project 

for an IT service), project posting time, project description length, and project type (potential 

confounding factors that affects both the buyer’s contracting and also the BPD). Some types of IT 

services are more complex in nature, and thus may have a higher BPD (and a lower contracting 

probability). We argue that project complexity can be captured by project type, project size within 

each project type (assuming that complex projects will generally have a higher budget), and the 

length of the project description. Meanwhile, we introduced time fixed effects: month dummy to 

account for the general growth of freelancer pool, day of the week dummy (1~7) to account for the 

fluctuation of freelancers available at different days of the week, and hour dummy (1~24) to account 

for the time differences that may affect the freelancers available at the time a project is posted. 

Project posting time dummies, in tandem with project size and project type, should capture the 
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variation of the potential freelancer pool that is available to the project: first, different types of 

projects have different freelancer pools due to the heterogeneity of the expertise needed; second, for 

the same type of project, the freelancers who are willing to bid for a project can vary with the budget 

of the project; third, the freelancers available at different time points can be different. Finally, the 

total number of bids represents the number of choices a buyer has available, which is likely to have 

an effect on the buyer’s contracting decision.  

𝐹𝑟𝑒𝑒𝑙𝑖𝑗 is a vector of the freelancer’s characteristics like average experience, mean quality 

rating (control variables), and quality dispersion (a potential confound that may affect BPD and 

buyer’s contracting). A freelancer’s average experience and mean rating represent the average quality 

of the freelancers that a project attracts. A buyer facing a pool of high-quality freelancers to choose 

from (a higher average experience and mean rating) will be more likely to make a contracting decision. 

Freelancer quality dispersion is measured as the standard deviation of all freelancers’ mean ratings, 

which represents the diversity of choices a buyer faces; thus, it is correlated with the buyer’s 

contracting decisions. Finally, quality dispersion is correlated with BPD, since freelancers’ bid prices 

can vary with their experience and overall quality.  

𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝑖𝑗 is a vector of observable dynamic bidding characteristics, such as freelancers’ 

arrival rate (average arrival time (hours) of all freelancers), time dispersion (time dispersion of the 

arrival rate), and whether there are freelancers who have worked with the buyer before. The literature 

has shown that the longer a buyer waits, the less likely she is to offer a contract (e.g. Yoganarasimhan 

2013). Freelancers’ arrival rate captures the average waiting time for a buyer, and time dispersion 

captures the arrival patterns of freelancers. A higher time dispersion means that freelancers arrive in 

an inconsistent manner over time, making it difficult for a buyer to predict the quality of freelancers 

who will arrive in the future, thus discouraging the buyer from waiting and demotivating her from 

offering a contract to any freelancer.  
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Finally, in a project, if there are freelancers who have worked with a buyer before, on the one 

hand, the buyer may terminate the auction early by directly contracting with this familiar. 14 On the 

other hand, a buyer may face lower (common and private) value uncertainty. We thus created the 

dummy variable “previous interaction,” denoted 1 if at least one freelancer has worked with the buyer 

before and 0 otherwise. Table 6 summarizes all control variables accounted for in the model. 

Table 6. Model Specification for Buyer Contracting 

 Potential Confounding Variables Control Variables 

𝐹𝑟𝑒𝑒𝑙𝑖𝑗  
Average freelancer experience, mean 

freelancer quality rating 
Freelancer quality dispersion 

𝐵𝑢𝑦𝑒𝑟𝑖𝑗  N/A 
Buyer experience, buyer rating, unobserved 

buyer characteristics 𝛼𝑖 

𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗  
Auction duration, time fixed effects, project 

description length   
Project size, total number of bids, project type 

𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝑖𝑗 
Freelancer arrival rate, freelancer arrival time 

dispersion, previous interaction 
N/A 

 

4.3.3 “Buyer Contracting” Main Results 

Based on the estimation results shown in Table 7, we first observe a negative and 

significant association between BPD and a buyer’s contracting decision. Specifically, Columns (1) 

and (2) show the results of the logit estimation with and without buyer fixed effects, both of which 

are qualitatively similar (β=-0.205 vs. β=-0.246). In terms of economic effects, this coefficient 

translates to a 5.75%15 absolute (and 9.2% relative) decrease in the probability of a buyer offering a 

contract with one unit increase in BPD (bid price standard deviation increases by the mean). Given 

that the marginal effect of the logit model depends on other covariates, we also used a Linear 

Probability Model (LPM) to check the average effect of BPD on a buyer’s contracting decisions as 

a robustness check. Although LPM allows for a straightforward and meaningful interpretation of 

 
14 We also ran subsample analysis by excluding projects that have at least one freelancer who worked with 

the buyer before. Results are consistent with our main findings (Online Supplementary Appendix A, Table 

A2). In our sample, 5.88% projects have freelancers that worked with the buyer before. 
15 All marginal effects were calculated using the default margins command in Stata 14. In particular, the 

marginal effect was calculated as the average predicted probability change with one unit of increase in bid 

price dispersion. Standard errors for the post-estimation command were obtained through the delta method. 
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coefficients, it may introduce heteroscedasticity into the estimates and generate predicted 

probabilities outside the [0, 1] bound. Following Horrace and Oaxaca (2006), aside from estimating 

cluster-robust standard errors, we also performed a post-estimation inspection, which shows that 

99.71% (99.99% for LPM without buyer fixed effects) predicted probabilities remain within the [0, 

1] interval. The marginal effect (5.20%) of the LPM estimates is identical to the logit estimates 

(5.74%) in terms of both the sign and significance, and it differs very slightly in magnitude.  

Using PSA-Bid-Price as an IV, we estimated the linear probability model using 2SLS with 

and without buyer fixed effects (Column (5) and Column (6)). The F-statistic of the first stage is 

significant, and the Cragg-Donald statistic is 23,056, which well exceeds all Stock-Yogo cutoff 

values (5.53~16.38), indicating our instrument is quite strong (Stock and Yogo 2002). The Durbin-

Wu-Hausman (DWH) statistic is also significant, suggesting we should reject the null hypothesis that 

BPD is exogenous (Davidson 2000). Aligned with our main findings, we observe a significant 

negative effect between BPD and buyer contracting. The effect size of the IV estimator is larger than 

that in our main model, implying that our estimation results in the main model are likely conservative. 

However, we should be cautious in interpreting the IV estimates, as IV estimates only use partial 

variation of BPD, and thus they may be biased (Angrist and Pischke 2008). 

In terms of other variables, the number of bids has a significant negative effect on buyer 

contracting, consistent with the literature on high bid evaluation cost (e.g. Carr 2003) and choice 

overloading (e.g., Iyengar et al. 2000; Hertwig et al. 2003). A buyer’s experience and the quality of 

freelancers (mean rating and average experience) have a positive and significant effect on the 

buyer’s contracting. The coefficient of buyer experience in models (1) and (3) is negative, most 

likely due to the small variation of experience within buyers after controlling for buyer fixed effects. 

Additionally, a buyer is less likely to contract for larger projects (consistent with Snir and Hitt 
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(2003)), when it takes too long for all freelancers to arrive and when the arrival time of the 

freelancers’ bids are too dispersed from each other. 

Table 7. The Role of Bid Price Dispersion in Buyer’s Contracting Decisions 

 (1) (2) (3) (4) (5) (6) 

Model: Logit (FE) Logit LPM (FE) LPM IV LPM-FE IV LPM 

DV: Buyer Contracting  

Bids Price Dispersion (BPD)  -0.205*** -0.246*** -0.037*** -0.052*** -0.127*** -0.155*** 

 (0.0371) (0.0271) (0.0058) (0.0055) (0.0117) (0.0114) 

Quality Dispersion  -0.038** -0.025** -0.004* -0.004* -0.003 -0.002 

 (0.0157) (0.0105) (0.0023) (0.0019) (0.0023) (0.0019) 

Log Freelancer Experience 0.135*** 0.184*** 0.022*** 0.037*** 0.020*** 0.035*** 
 (0.0106) (0.0068) (0.0016) (0.0014) (0.0016) (0.0014) 

Average Freelancer Rating 0.100*** 0.129*** 0.015*** 0.025*** 0.014*** 0.024*** 
 (0.0117) (0.0080) (0.0018) (0.0016) (0.0018) (0.0016) 

Log Buyer Experience -0.596*** 0.126*** -0.089*** 0.024*** -0.089*** 0.024*** 

 (0.0426) (0.0065) (0.0061) (0.0013) (0.0061) (0.0013) 

Buyer Rating 0.033*** 0.034*** 0.006*** 0.007*** 0.006*** 0.007*** 

 (0.0033) (0.0024) (5.07e-04) (4.47e-04) (0.0005) (0.0004) 

Log Number of Bids -0.080*** -0.090*** -0.012*** -0.018*** -0.002 -0.008*** 

 (0.0161) (0.0106) (0.0025) (0.0021) (0.0027) (0.0023) 

Project Size -0.871*** -0.685*** -0.150*** -0.152*** -0.166*** -0.170*** 

 (0.0331) (0.0200) (0.0052) (0.0044) (0.0055) (0.0047) 

Auction Duration 9.02e-05* -7.51e-06 -3.43e-06 -2.68e-05*** -0.000 -0.000*** 

 (4.98e-05) (3.21e-05) (7.69e-06) (6.99e-06) (0.0000) (0.0000) 

Log Description Length  -0.223*** -0.066*** -0.033*** -0.013*** -0.033*** -0.013*** 
 (0.0149) (0.0081) (0.0022) (0.0016) (0.0022) (0.0016) 

Log Arrival Rate -0.050*** -0.046*** -0.009*** -0.013*** -0.008*** -0.011*** 
 (0.0097) (0.0070) (0.0015) (0.0014) (0.0015) (0.0014) 

Arrival Dispersion -0.009*** -0.007*** -0.001*** -0.001*** -0.001*** -0.001*** 

 (3.14e-04) (3.15e-04) (3.32e-05) (4.07e-05) (0.0000) (0.0000) 

Previous Interaction -0.552*** -0.190*** -0.103*** -0.039*** -0.104*** -0.040*** 
 (0.0435) (0.0341) (0.0070) (0.0071) (0.0070) (0.0072) 

Constant  3.730*** 1.687*** 1.348*** 1.807*** 1.485*** 

 
 (0.145) (0.0367) (0.0312) (0.0392) (0.0338) 

Observations 41916 66605 66605 66605 66605 66605 

Number of buyer ID 5922 –– 20906 –– 20906 –– 

Pseudo/R-squared –– 0.115 0.108 0.14 –– 0.14 

Buyer FE YES NO YES NO YES NO 

Project Type YES YES YES YES YES YES 

Month Dummy YES YES YES YES YES YES 

Day Dummy YES YES YES YES YES YES 

Hour Dummy  YES YES YES YES YES YES 

Note 1: Cluster-robust standard errors in parentheses; Coefficients significant at level *** p<0.01, ** p<0.05, * p<0.1 

Note 2: The F-statistic of the DWH test is 112.089 and P-value is 0.0000;  

Note 3: The F-statistic of the first stage is 2872.04. The Cragg-Donald statistic is 23,056 and the Stock-Yogo cutoff values 

 are: 16.38 (10%), 8.96 (15%), 6.66 (20%) and 5.53 (25%).  
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4.3.4 Robustness Check 1: Potential Endogeneity of the Number of Bids  

Although we measured BPD with a dimensionless measure—coefficient of variation 

(Bedeian and Mossholder 2000)—the number of bids is correlated with both BPD and a buyer’s 

contract probability, which introduces potential endogeneity from the number of bids. To capture a 

potential bias, we conducted another sub-sample analysis by fixing the number of bids, assuming 

that projects that receive the same (or similar) number of bids are free from the issue of endogeneity 

with regards to the number of bids. Ideally, we should conduct the subsample analysis at each 

specific number of bids. However, the number of observations at each specific number of bids is 

relatively small, which makes it difficult to achieve adequate statistical power for estimation. We 

therefore conducted the analysis by combing nearby groups based on certain criteria to create a 

similar number of observations in each group. In Table 8, we report the coefficients and standard 

errors (in brackets) of BPD on buyer contracting for both the logit and linear probability models for 

various numbers of bids.16 The marginal effect of BPD on buyer contracting varies from 3.9% to 

7% (mean= 5.8%), which is qualitatively very similar to the average effect of 5.74% that we 

estimated in Table 7.  

Table 8. The Role of Bid Price Dispersion in Buyer Contracting at Different Numbers of Bids 

Number of Bids = Number of Obs. Logit  Linear  

NoB = 2&3 8,865 -0.028(0.0858) -1.11e-04(0.0132) 

NoB = 4&5 7,746 -0.311***(0.0836) -0.060***(0.0167) 

NoB = 6&7 6,848 -0.170**(0.0855) -0.039**(0.0182) 

NoB = 8&9&10 8,317 -0.354***(0.0758) -0.077***(0.0163) 

NoB = [11, 15] 9,985 -0.320***(0.0714) -0.070***(0.0152) 

NoB = [16, 25] 11,472 -0.226***(0.0603) -0.051***(0.0131) 

NoB = [26, 45] 8,713 -0.204***(0.0754) -0.045***(0.0154) 

NoB = [46, maximum] 4,659 -3.39e-03(0.0920) -1.75e-03(0.0189) 

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 

 
16 The primary reasons we did not report a logit model and a linear probability model with buyer fixed effects 

are: a) we have shown in the previous section that unobserved buyer characteristics are not a serious concern 

in the study, and b) there are not enough observations that a buyer posts more than two projects for IT 

services in the focal labor market.  
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4.3.5 Robustness Check 2: The Moderating Role of Buyer Experience  

Another practical concern is whether a buyer actually observes the overall BPD, perceives it 

as a source of value uncertainty, and draws upon it to make her contract decision. As discussed 

before, value uncertainty from BPD partly results the buyers’ lack of prior experience. Therefore, we 

should expect a difference between experienced and inexperienced buyers in terms of the negative 

effect of BPD. To test this possible interaction effect, we conducted an additional analysis with 

regards to between-buyer variation, thereby allowing us to examine whether BPD has a smaller effect 

for experienced buyers. This analysis also serves as a falsification test for our main results. Following 

Ai and Norton (2003), both BPD and buyer experience were centered to ensure that the coefficients of 

BPD and buyer experience capture the main effect. In Table 9, the main effect of BPD is negative and 

significant, consistent with the main results in Table 7 without the interaction term. As noted by many 

authors (e.g. Ai and Norton 2003; Hoetker 2007; Zelner 2009), the interpretation of interaction terms 

in logit (a non-linear model) models is difficult, and the coefficient of the interaction term can be 

inconsistent in sign, statistical significance, and magnitude, thus requiring a simulation to estimate the 

marginal effect of the interaction terms. We used LPM in Column (2) to verify the interaction effect 

between buyer experience and BPD. In this analysis, we leveraged the variation among buyers to 

identify the interaction effect between buyer experience and BPD. As our panel data covered a period 

of six months, buyer fixed effects would account for the majority of the variation in buyer experience, 

and thus it would most likely make a buyer fixed effects model for the interaction effect not 

identifiable. Specifically, we estimated the model below: 

𝑈𝑖𝑗 = 𝛽0𝐵𝑃𝐷𝑖𝑗 + 𝛽0𝐵𝑃𝐷𝑖𝑗 ×  BuyerExp𝑖 + 𝛽2−3𝐹𝑟𝑒𝑒𝑙𝑖𝑗 + 𝛽4−5𝐵𝑢𝑦𝑒𝑟𝑖𝑗

+ 𝛽6−8𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 + 𝛽9−10 𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝑖𝑗+𝜀𝑖𝑗       (𝟒) 

 𝐶𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖𝑗 =
𝐸𝑥𝑝(𝑈𝑖𝑗)

1 + 𝐸𝑥𝑝(𝑈𝑖𝑗)
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Table 9. The Moderating Role of Buyer Experience in the Effect of Bid Price Dispersion on 

Buyer Contracting 

  (1) (2) 

VARIABLES Logit LPM 

DV: Buyer Contracting    

Bid Price Dispersion (BPD)  -0.244***(0.0270) -0.052***(0.0056) 

Log Buyer Experience 0.129***(0.0063) 0.025***(0.0012) 

BPD × Log Buyer Experience  0.035*(0.0178) 0.011***(0.0034) 

Quality Dispersion  -0.023**(0.0105) -0.000005985 

Log Freelancer Experience 0.183***(0.0067) 0.037***(0.0014) 

Average Freelancer Rating 0.135***(0.0079) 0.026***(0.0016) 

Buyer Rating 0.035***(0.0024) 0.0069***(4.47e-04) 

Log Number of Bids -0.109***(0.0104) -0.022***(0.0021) 

Project Size -1.52e-03***(4.39e-05) -3.36e-04***(9.60e-06) 

Auction Duration -1.74e-05(3.20e-05) -2.88e-05***(6.99e-06) 

Log Arrival Rate -0.049***(0.0069) -0.013***(0.0014) 

Arrival Dispersion -0.0073***(3.16e-04) -0.0012***(4.07e-05) 

Previous Interaction -0.117***(0.0035) -0.051***(0.0062) 

Constant 0.186***(0.0527) 0.566***(0.0112) 

Observations 66,605 66,605 

Pseudo/R-squared 0.121 0.140 

Project Type YES YES 

Time Dummy YES YES 

Note: Robust standard errors in parentheses. Coefficients significant at level *** p<0.01, ** p<0.05, * p<0.1  

 

As shown in Columns (1) and (2), Table 9, buyer experience attenuates the negative 

effect of BPD on a buyer’s contracting decision. In terms of economic effects, on average, a 1% 

increase in buyer experience (0.16 more projects) would make the marginal effect of BPD on 

contract decrease by 19% (1% in absolute probability). This indicates that BPD has a smaller 

effect on buyers’ contract decisions for experienced buyers (see Figure 1-Left in Appendix A for 

a graphic display of the interaction effect), implying that buyers do observe BPD and use this 

variable in their contracting decisions.   

4.3.6 Robustness Check 3: Distribution-Adjusted Bid Price Dispersion (DA-BPD) 

Instead of setting a fixed budget, buyers in our research context are advised to set a budget 

range, such as [30, 250]. Therefore, it is possible that the distribution of the bid prices is bimodal 
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(or multimodal) rather than unimodal, which may make the buyer interpret the BPD differently. 

Assume a project receives 10 bids (50, 45, 55, 50, 201, 220, 195, 200, 200, 199, referred to as 

Example C). Apparently, those 10 bids are distributed around 50 and 200. The BPD will be 

exaggerated if we use the overall dispersion measure in Equation (2). To test the robustness of bid 

price distribution, we constructed a distribution-adjusted measure [Equation (4)]. K (k=4 in the 

example) is the total number of bids whose price is lower than the median of the maximum and 

minimum bid price [which is 132.5 = (45+220)/2]. The DA-BPD measure in example C would be: 

0.4*the BPD of the first four bid prices + 0.6*the BPD of the other six bid prices.  
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Table 10. Robustness Check With Distribution Adjusted Bid Price Dispersion17
 

  (1) (2) (3) (4) 

Model: Logit (FE) Logit LPM (FE) LPM 

DV: Buyer Contracting          

Bids Price Dispersion (BPD)  -0.329*** -0.231*** -0.055*** -0.050*** 

 (0.0551) (0.0398) (0.0085) (0.0080) 

Observations 41,916 66,605 66,605 66,605 

Number of buyer ID 5,922 -- 20,906 -- 

R-squared -- -- 0.101 0.143 

Buyer Fixed Effects YES NO YES NO 

Project Type YES YES YES YES 
Notes: Cluster-robust standard errors in parentheses; Coefficients significant at level *** p<0.01, ** p<0.05, * p<0.1 

Table 10 reports the results with the DA-BPD. Again, we notice a consistently significant 

negative effect between BPD and buyer contracting across different model specifications. The 

 
17 To save space, we omitted the estimation results for the control variables. Please refer to Appendix A, 

Table A1 for a complete table. 
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coefficient is qualitatively similar to the main results in Table 7, which indicates that our 

estimation is robust and reliable. 

4.3.7 Other Robustness Checks 

Finally, we report a number of additional robustness checks, including a sub-sample 

analysis with a balanced sample, interaction effects between BDP and the number of bids, 

excluding dominated bids, and finally an alternative measure for BPD (standard deviation). We 

discuss these additional robustness tests below, and we report the results in Online Supplementary 

Appendix A. 

In the main results (Table 7), we used buyer fixed effects to account for unobserved 

buyer characteristics. Since the data panel is unbalanced, the sample size of Model (1) with buyer 

fixed effects in Table 7 is smaller than that of model (2) without buyer fixed effects,18 which 

makes the coefficients of BPD in Model (1) and Model (2) less comparable. We thus conducted 

another subsample analysis with observations used in Model (1). Again, results are robust (Table 

A1, Online Supplementary Appendix A). To further validate the assumption that buyers do infer 

the common value of an IT service by observing the freelancers’ bid prices, we checked the 

interaction effect between BPD and the number of bids. Theoretically, if a buyer does infer the 

value of an IT service, the overall BPD should have a smaller effect when there are more bids. 

Results in Table A4 (Online Appendix A) validate this prediction.  

In practice, some freelancers’ bids have a very low likelihood of receiving contracts, as 

they are dominated by other freelancers in all observable attributes, like rating, experience, and 

price. Assuming there are two freelancers: Joe ($160, 7 stars mean rating, 5 completed projects) 

and Frank ($140, 9 stars, 15 completed projects). Joe will have little chance of winning the 

 
18 There are two reasons for the sample size reduction: 1) buyers that only have one project were excluded 

from the analysis in Model (1), and 2) buyers who offer (or do not offer) contracts for all projects for IT 

services were excluded from the analysis in Model (1) because of no within-group variation. 
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contract, as Frank outperforms him in every observable aspect. We therefore replicated the 

analysis with a refined measure of BPD by excluding all dominated bids. Once again, the results 

are robust (Table A5, Appendix A). Given that standard deviation is the most commonly used 

measure of dispersion in the literature, Table A6 (Appendix A) reports the results of BPD when 

measured with the standard deviation of a buyer’s contracting decision in order to exclude the 

possibility that the effect of BPD on a buyer’s contracting decision is driven by the specific 

measure of the coefficient of variation we used. The results remain robust.  

4.4 Freelancer Regret 

4.4.1 Identification Strategy 

We modeled the relationship between BPD and freelancer regret conditional on a buyer 

offering a contract to a freelancer (termed the “winner”). The endogeneity of BPD in freelancer 

regretting when offered a contract originates from the unobserved project complexity and the 

unobserved bidding dynamics that may affect both BPD and a freelancers’ likelihood to reject the 

offer when offered one as the auction winner. We therefore used the same IV—a freelancer’s 

average historical bid prices for the same category—as we did for buyer contracting. Furthermore, 

freelancer fixed effects were included to account for unobserved time-invariant winner preferences 

and a general tendency to regret that may affect both freelancer regret and BPD. Similar to buyer 

contracting, we further examined the moderating role of freelancer experience and the number of 

bids to explore the heterogeneity of BPD on freelancer regret, which also serve as falsification tests. 

To exclude the possibility that the results are driven by the particular measure of BPD we used and 

to ensure the robustness of the measurement of BPD, we used the standard deviation of all bid prices 

(a commonly used measure of dispersion in literature) as an alternative measure.  
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4.4.2 Econometric Specification 

Since our dependent variable is a binary variable, we used a logit model with robust 

standard errors. Equation 5 is our main econometric model for freelancer regret. In Equation 5, 

𝑅𝑒𝑔𝑟𝑒𝑡𝑘𝑗 is a binary variable (1 – reject the contract, 0 – accept the contract), which indicates 

whether a freelancer accepts the contract if offered one (Equation 5). 𝑈𝑘𝑗 is the latent utility a 

freelancer k infers from project j.  𝐵𝑃𝐷𝑘𝑗 is the bid price dispersion for project j and 𝛽1 captures 

the effect of BPD on freelancer regret.  𝑊𝑖𝑛𝑛𝑒𝑟𝑘𝑗 is a vector of a winner’s characteristics, like 

winner’s bidding price, experience, and quality rating, all of which are included as control 

variables that affect a freelancer’s decision to reject a contract when offered one. 𝑂𝑣𝑒𝑟𝑞𝑢𝑎𝑙𝑖𝑓𝑦𝑘𝑗 

is a vector that captures the relative position of the winning freelancer’s price, quality, and 

experience relative to the rest of the freelancers. On the one hand, if the winner’s quality and 

experience are much higher than the average of the other freelancers, he is probably more likely to 

regret and not accept the contract since he may perceive that he is overqualified for the job. 

However, if the winning freelancer’s bid price is much higher than the average of the other 

freelancers, the winning freelancer is probably less likely to decline the contract, since he already 

bid the highest price. 

𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 is a vector of project-level characteristics, including project size, project type, 

and the total number of bids. On the one hand, a freelancer’s preference and the likelihood of 

declining a contract may vary with project size, project type, and the number of bids 

(competitors). On the other hand, we showed earlier that BPD also varies across project type and 

project size. Therefore, 𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 also serves as control variables to account for observed 

heterogeneity and address potential omitted variable bias.  

𝑅𝑒𝑔𝑟𝑒𝑡𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑘𝑗 =
𝐸𝑥𝑝(𝑈𝑘𝑗)

𝐸𝑥𝑝(𝑈𝑘𝑗) + 1
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𝑈𝑘𝑗 = 𝛽1𝐵𝑃𝐷𝑖𝑗 + 𝛽2−5𝑊𝑖𝑛𝑛𝑒𝑟𝑘𝑗, + 𝛽6−9𝑂𝑣𝑒𝑟𝑞𝑢𝑎𝑙𝑖𝑓𝑦𝑘𝑗, + 𝛽10−11𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 +

𝛽12−13 𝐵𝑢𝑦𝑒𝑟𝑘𝑗 + +𝛽14 𝑂𝑝𝑡𝑐𝑜𝑠𝑡𝑘𝑗 + 𝛾𝑘 + 𝜀𝑘𝑗 (𝟓)  

 𝐵𝑢𝑦𝑒𝑟𝑘𝑗 is a vector of buyer-level controls, including the buyer’s experience and 

average rating.  As noted earlier, buyer characteristics can be correlated with BPD via, for 

example, project descriptions.  A freelancer will also be less likely to reject the contract offered 

by a buyer with a higher reputation. Therefore, 𝐵𝑢𝑦𝑒𝑟𝑘𝑗 serves as a set of control variables to 

address potential omitted variable bias as well.  

𝑂𝑝𝑡𝑐𝑜𝑠𝑡𝑘𝑗 captures the winner’s opportunity cost by measuring the number of projects the 

winner has bid during the period when the focal auction was open for bids.19 As Horton (2015) 

showed, winning freelancers are more likely to “reject” a contract when they have more contracts to 

choose from. Table 11 summarizes all control variables used in the “Freelancer Regret” model. 

Another potential identification threat is the unobserved freelancer preferences that affect a 

winning freelancer’s choice to bid for what type of projects (which is correlated with BPD) and 

overall likelihood to regret. Taking advantage of the nature of our data and the fact that we can 

repeatedly observe a winner’s regret behavior in our dataset, 𝛾𝑘 is a freelancer fixed effect that 

accounts for winner-level unobserved confounding factors. Similar to our buyer contracting model, 

with regards to the threat of unobserved project quality and complexity, as well as the unobserved 

bidding dynamics, the freelancer’s project-size-adjusted average historical bidding prices for the same 

project type (PSA-Bid-Price) is a valid instrument. PSA-Bid-Price is a freelancer’s average bidding 

price of other projects, which indicates the freelancers’ outside options and is correlated with bid 

price for the specific project. On the other hand, the PSA-Bid-Price is not correlated with the bidding 

 
19 We also used the number of projects the winner has won during the auction period, and the results remained 

the same.  
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dynamics of a specific project, and thus it does not affect a freelancer’s regret decision for the project, 

except through the bid price. Table 11 summarizes control variables in Equation 5.  

Table 11. Model Specification for Freelancer Regret 

 Potential Confounding Variables Control Variables 

𝑊𝑖𝑛𝑛𝑒𝑟𝑘𝑗  NA 
Winner bid price, winner experience, winner 

rating, 𝛾𝑘 

𝑂𝑣𝑒𝑟𝑞𝑢𝑎𝑙𝑖𝑓𝑦𝑘𝑗  
Rating over qualification, experience over 

qualification, price premium 
N/A 

𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗  
Project size, total number of bids, project 

type 
N/A 

𝐵𝑢𝑦𝑒𝑟𝑘𝑗  Buyer rating, buyer experience N/A 

𝑂𝑝𝑡𝑐𝑜𝑠𝑡𝑘𝑗  N/A 
Number of projects the winner freelancer has 

won recently  

 

4.4.3 Freelancer Regret Main Results  

Table 12 reports the main results of BPD on freelancer regret. Columns (1) and (2) report the 

results of the logit estimation with and without winner fixed effects. The coefficient of BPD on 

freelancer regret is 0.14 for the logit model, which translates to a 1.33% absolute (14.5% relative) 

increase in the winning freelancer’s probability to regret when offered a contract with a unit increase 

in BPD. Since it is practically impossible to calculate marginal effects for non-linear models with 

fixed effects, we cannot interpret the coefficient in Column (1). In comparison with the coefficient in 

Column (2), we can conjecture the marginal effect in Column (1) would be close and slightly smaller 

than 1.33%. Given the attractive properties of LPM, Column (3) and Column (4) report the results of 

OLS regression. Again, we performed a post-estimation inspection, which shows that 99.69% of the 

predicted probabilities remained within the interval [0, 1], following the approach of Horrace and 

Oaxaca (2006). The marginal effect of BPD on freelancer regret is 1.1% and 1.6% for the LPM, with 

and without winner fixed effects respectively. Column (5) and column (6) report the results of the IV 

estimation,20 which is consistent in sign and statistical significance with the base models, but larger in 

 
20 We did tests similar to the ones we did in buyer contracting and showed that the IV is strong.  
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magnitude. The six models in Table 12 consistently show that BPD has a positive effect on freelancer 

regret. Therefore, Hypothesis 2 is supported.  

Table 12. Main Results for the Effect of Bid Price Dispersion on Freelancer Regret  

 (1) (2) (3) (4) (5) (6) 

Model: Logit (FE) Logit LPM (FE) LPM IV LPM-FE IV LPM 

DV: Freelancer Regret 

Bids Price Dispersion (BPD) 0.131* 0.140*** 0.011* 0.016*** 0.029** 0.067*** 
 (0.0690) (0.0520) (0.0058) (0.0057) (0.0125) (0.0120) 

Price Premium -0.069 -0.130*** -0.007 -0.013*** -0.004 -0.006 
 (0.0609) (0.0443) (0.0050) (0.0044) (0.0053) (0.0047) 

Rating Overqualified 0.550*** 0.445*** 0.042*** 0.043*** 0.042*** 0.043*** 
 (0.1180) (0.0851) (0.0099) (0.0092) (0.0099) (0.0092) 

Log Number of Bids 0.053** -0.037** 0.002 -0.006*** 0.000 -0.010*** 
 (0.0262) (0.0182) (0.0021) (0.0018) (0.0023) (0.0020) 

Log Buyer Experience -0.081*** -0.085*** -0.006*** -0.008*** -0.006*** -0.008*** 
 (0.0161) (0.0121) (0.0013) (0.0011) (0.0013) (0.0011) 

Buyer Rating -0.002 -0.008* -2.71e-04 -0.001*** -0.000 -0.001*** 
 (0.0113) (0.0043) (0.0010) (4.12e-04) (0.0010) (0.0004) 

Experience Overqualified 0.030*** 0.023*** 0.002*** 0.001** 0.002** 0.001 
 (0.0086) (0.0066) (7.44e-04) (6.97e-04) (0.0008) (0.0007) 

Log Winner Bid Price 0.147*** 0.100*** 0.013*** 0.009*** 0.013*** 0.010*** 
 (0.0290) (0.0204) (0.0025) (0.0021) (0.0025) (0.0021) 

Winner Experience -0.002*** -0.002*** -9.65e-05*** -8.68e-05*** -0.000*** -0.000*** 
 (6.17e-04) (1.64e-04) (3.23e-05) (6.84e-06) (0.0000) (0.0000) 

Winner Rating 0.001 -0.104*** 0.001 -0.011*** 0.001 -0.011*** 
 (0.0225) (0.0126) (0.0020) (0.0013) (0.0020) (0.0013) 

Optcost 0.004*** 0.006*** 5.00e-04*** 7.96e-04*** 0.000*** 0.001*** 
 (5.13e-04) (5.86e-04) (5.12e-05) (7.53e-05) (0.0001) (0.0001) 

Constant  -1.980*** 0.022 0.132*** 0.013 0.109*** 
  (0.1170) (0.0168) (0.0121) (0.0177) (0.0129) 

Observations 20,505 37,612 37,612 37,612 37,612 37,612 

F-statistics   18.86 62.06 11.87  

Number of winner ID 1,682  9,564  9,564  

Winner FE YES NO YES NO YES NO 

Project Type YES YES YES YES YES YES 

Note 1: Notes: Cluster-robust standard errors in parentheses; Coefficients significant at level *** p<0.01, ** p<0.05, * p<0.1; 

Note 2: The F-statistic of the DWH test is 25.07 and P-value is 0.0000;  

Note 3: The F-statistic of the first stage is 13626.59. The Cragg-Donald statistic is 116,54and the Stock-Yogo cutoff values 

 are: 16.38 (10%), 8.96 (15%), 6.66 (20%) and 5.53 (25%).  

 

In terms of control variables, the winning freelancer’s relative rating and experience 

compared to the non-winning freelancers have a positive effect on freelancer regret, which confirms 

that a winner is more likely to regret when he is over-qualified (more experienced and better-rated 
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when compared with competing freelancers). As expected, a freelancer’s price premium—relative 

price compared to the mean of the other freelancers—is negatively related to freelancer regret, 

suggesting that a winner is less likely to regret when his bid price is higher than that of the other 

freelancers. A winning freelancer is more likely to regret for larger projects21 (coefficient of winner 

bid price is positive) and when the freelancer has more projects to choose from (coefficient of 

opportunity cost is positive), which is consistent with the finding reported in Horton (2015). Finally, 

more experienced and better-rated winning freelancers are less likely to regret.  

4.4.4 Robustness Check: Moderating Role of Winner Experience in Freelancer Regret 

Similar to the “Buyer Contracting” model, a practical concern is whether winners really 

use BPD in their decisions on whether to accept the contract. If winners indeed do use BPD in 

their decision, BPD should have a smaller effect on experienced winners, as they know more 

about the market and are more capable of estimating a buyer’s true requirement. Limited by the 

sample size, instead of analyzing the interaction effect between winner experience and BPD,22 we 

perform a sub-sample analysis with winner’s experience below the median and above the median. 

In Table 13, we show a positive and significant effect of BPD on freelancer regret in both the 

conditional logit model (Column 1) and LPM (Column 3) when the winner’s experience is below 

the median. However, for winning freelancers whose experience is above the median, the 

coefficient is closer to zero and statistically insignificant (Column 2 and Column 4). This 

indicates BPD may have a larger effect on regret among inexperienced freelancers.   

 

 
21 The winning freelancer’s bid price is highly correlated with project size. Results remained qualitatively 

the same when we used project size as the regressor.  
22 Similar analysis using interaction term between BPD and winner experience was conducted. However, 

the interaction term was statistically insignificant, which may be caused largely by the abrupt reduction in 

the sample size conditional on the buyer offering a contract. We therefore ran a sub-sample analysis 

instead.   
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Table 13. The Moderating Role of Winner Experience in the Effect of BPD on Freelancer Regret: 

Sub-sample Analyses23 

  (1) (2) (3) (4) 

Model: Logit (FE) Logit LPM (FE) LPM 

DV: Freelancer Regret Exp.< Median   Exp.> Median Exp.< Median Exp.>Median 

Bid Price Dispersion (BPD)  0.147** 0.038 0.018** 0.003 

 (0.0632) (0.0934) (0.0083) (0.0076) 

Observations 19,095 18,517 19,095 18,517 

F-statistics   26.08 33.65 

Winner FE NO NO NO NO 

Project Type YES YES YES YES 

Notes: Cluster-robust standard errors in parentheses;  

Coefficients significant at level *** p<0.01, ** p<0.05, * p<0.1 

4.4.5 Other Robustness Checks 

Similar to the buyer contracting model, we further report a number of additional 

robustness checks in Online Supplementary Appendix B, including a sub-sample analysis with a 

balanced sample, interaction effects between BDP and the number of bids, and an alternative 

measure for BPD (standard deviation).  We discuss these robustness tests below and report the 

results in the corresponding tables in Appendix B. 

In the main results in Table 12, we used freelancer fixed effects to account for unobserved 

freelancer characteristics. Since the data panel is unbalanced, the sample size of Model (1) with 

freelancer fixed effects in Table 13 is smaller than that of Model (2) without freelancer fixed 

effects, which makes the coefficients of BPD in Model (1) and Model (2) less comparable. We thus 

conducted another subsample analysis with observations used in Model (1). Again, the results are 

robust (Table B2, Appendix B).  

To validate the assumption that freelancers do infer the buyer requirement by observing 

other freelancers’ bid prices, we checked the interaction effect between BPD and the number of 

bids. Theoretically, if a freelancer does infer the value of an IT service from other bids, the overall 

BPD should have a smaller effect if there are more bids. Results in Table B3 (Online 

 
23 To save space, we do not report control variables. Please refer to the Appendix B, Table B1 for a 

complete table. 
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Supplementary Appendix B) validate this expectation. Given that the standard deviation is the most 

commonly used measure of dispersion in the literature, Table B4 (Online Supplementary Appendix 

B) reports the results of BPD when measured with the standard deviation of the buyer’s contracting 

decision in order to exclude the possibility that the effect of BPD on the buyer’s contracting 

decision is driven by the specific measure of the coefficient of variation we used. The results 

remain robust. 

5. DISCUSSION 

5.1 Key Findings  

Motivated by the common observation that many two-sided platforms, such as dating 

platforms, ride-sharing platforms, and home rental platforms, face challenges in matching the two 

sides, and notably almost half of the projects for IT services in online labor markets end up with 

buyers not contracting with any freelancer (e.g. Snir and Hitt 2003; Yoganarasimhan 2013), this 

paper theoretically proposes and empirically examines the role of BPD (bid price dispersion) on both 

sides of the two-sided platform: (a) buyer contracting and (b) freelancer regret. Our estimation 

results from different model specifications consistently show that BPD has a significant negative 

effect on matching in online labor markets, resulting from two main effects: a negative effect on 

buyers’ decision on whether to contract with any freelancer and a positive effect on freelancer regret 

(if offered a contract). Specifically, a unit increase in BPD (measured as the coefficient of variation) 

is associated with a 5.74% decrease in a buyer’s likelihood of offering a contract. Conditional on a 

buyer offering a contract to any freelancer, a unit increase in BPD makes the winning freelancer 

1.33% more likely to decline a contract when offered one. In sum, a unit increase in BPD renders a 

project 6.2% less likely to end up with a match between a buyer and a freelancer (Table C1, Online 

Supplementary Appendix C). These findings make the contributions and implications discussed 

below. 
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5.2 Theoretical and Practical Contributions and Implications  

5.2.1 Theoretical Contributions  

This paper makes several contributions to several streams of IS literature. First, given the 

difficulty in pricing IT services in online labor markets, this study theorizes and empirically 

shows BPD (bid price dispersion) to be an important predictor of matching in two-sided 

platforms in the context of online labor markets. In doing so, this study extends the literature that 

has largely focused on mitigating information asymmetry in online labor markets, such as 

freelancer experience (Agrawal 2013), freelancer skills (Kokkodis et al. 2015), freelancer 

reputation gained in past projects (Moreno and Terwiesch 2014), freelancer’s capacity (Horton 

2017a), platform recommendation (Horton 2017b), same country effects (Agrawal 2013), 

whether a freelancer worked with the buyer before (Kokkodis et al. 2015), and auction format 

effects (Hong et al. 2016). Given the importance of matching in two-sided platforms in general 

and online labor markets for IT services in particular, BPD is herein introduced as a novel 

determinant.    

Second, while prior studies have primarily focused on the determinants of a buyer’s hiring 

decision to offer a contract to a freelancer by estimating buyer preferences (e.g. Horton 2017a; 

Horton 2017b; Moreno and Terwiesch 2014; Agrawal et al.2013; Kokkodis et al. 2015), this study 

extends the literature on the inefficient matching problem in two-sided platforms from both the 

buyer’s and also the freelancer’s perspective by decomposing the matching into two sequential 

stages: buyer indecision and freelancer regret. This study, to our knowledge, is the first to examine 

the matching problem in two-sided platforms in the context of online labor markets for IT services 

by examining both the buyer’s and the freelancer’s decisions. Our empirical results indicate that the 

two sequential stages of the decisions play a significant role in determining the ultimate matching in 

online labor markets for IT services, and it is important to holistically examine both sides of the 

equation in order to fully grasp matching in two-sided platforms. These findings have implications 
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for other two-sided platforms, such as online dating platforms, luxury home rental platforms, and 

ride-sharing platforms that regret from the responder (e.g. freelancer) side is common. 

Third, we contribute to broader IS literature on uncertainty in online markets and e-

commerce. Uncertainty was extensively shown to negatively affect online transactions in e-

commerce literature (e.g. Ghose 2009; Dimoka et al. 2012). Bajari and Hortacsu (2003a) noted that 

uncertainty arising from information asymmetry is perhaps the biggest limitation of online markets. 

As earlier studies on uncertainty in e-commerce literature focused specifically on a buyer’s 

difficulty in assessing a seller’s true characteristics and predicting whether the seller will act 

opportunistically (seller uncertainty), evaluating the product’s quality and performance (product 

uncertainty) (e.g. Ghose 2009; Dimoka et al. 2012), and fit with a buyer’s needs (product fit 

uncertainty) (Hong and Pavlou 2014), this study contributes to this literature by theoretically 

proposing and empirically testing value uncertainty in the context of IT services. Extending 

transactions for physical products whose value is usually known to buyers prior to the transaction, 

notably IT services, buyers also face value uncertainty beyond the types of uncertainty examined by 

prior literature.  

5.2.2 Practical Implications  

By empirically demonstrating that BPD negatively affects buyer’s contracting decisions, 

positively affects freelancer’s regret, and jointly has a significant net negative effect on matching 

in online labor markets, our findings also have important implications for practice. Different from 

platforms for physical products where higher price dispersion may result in more choices and 

transaction liquidity, BPD in online labor markets may affect both buyer and freelancer value 

uncertainty, thus hindering matching and transaction liquidity. Platform managers should pay 

particular attention to the negative effect of BPD while trying to attract diverse freelancers. 

To prescribe how buyers and the platforms can better manage BPD, we conducted an 

exploratory predictive analysis on the factors that may predict BPD. We propose five types of 
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predictors of BPD (refer to Appendix D for details): 1) buyer characteristics, such as buyer 

experience and buyer rating, 2) project characteristics, such as size, type, duration, description, 

budget range, and total number of bids,  3) freelancer characteristics, such as the average 

freelancer experience and the mean rating of freelancers, 4) freelancer distribution, such as 

quality dispersion, and 5) bidding dynamics, such as arrival patterns, first-bid price, the portion of 

zero-rated freelancers, and how freelancers bid and revise their bid prices according to other 

freelancers’ bid prices. Please see Online Supplementary Appendix D for details of the analyses 

and results, while we summarize the most significant predictors of BPD in Table 14.  

Based on the predictive model (Table 14), first, larger projects tend to have a higher 

BPD, and different types of projects tend to differ in BPD. Thus, platform managers need to pay 

special attention to larger projects, helping buyers reduce their value uncertainty given the 

relatively higher BPD and the large revenue the project may generate if a match between the 

buyer and a freelancer is achieved. Second, BPD tends to be higher when a project receives more 

bids. While aiming to match buyers and freelancers, online labor markets should not allow too 

many bids for a single project. For instance, the platform may deprioritize projects (e.g. put them 

in a lower rank on the listing page) that have received too many bids. Third, the predictive model 

also shows that longer auction durations lead to higher BPD. Therefore, buyers and the platform 

may consider shortening auction duration for projects.24 Finally, a higher bid price of the first 

freelancer is associated with a higher BPD. Platform managers may postpone displaying or 

pushing newly posted projects to new, inexperienced, or poorly-rated freelancers. Buyers could 

also invite more experienced or better-rated freelancers to first bid for the project to reduce BPD. 

Generally, our findings evoke a dialectic thinking of BPD in matching on two-sided platforms for 

IT services.  

 
24 At the time of data collection, the platform allows the auction to be between 1 and 60 days. 
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Table 14. The Most Effective Predictors of Bid Price Dispersion (BPD) 

 Coefficient Effect Size 

Log Project Size 0.176*** (0.0162) 18% 

Log Number of Bids 0.091*** (0.0014) 9% 

First-bid Price 0.049*** (0.0016) 4.9% 

Log Auction Duration  0.016*** (0.0003) 1.6% 

Project Category   

Writing & Content -0.016*** (0.0038) 2% 

Graphical Design -0.024*** (0.0031) 2% 

Data Entry & Management 0.068*** (0.0055) 7% 

Unknown 0.068*** (0.0043) 7% 

 

5.3 Limitations and Suggestions for Future Research 

This paper has some limitations that create opportunities for future research. First, we 

adopted reduced-form regressions with IV to address potential endogeneity. We acknowledge that 

theoretically, BPD changes dynamically as freelancers sequentially come and bid on a project, and 

thus buyers may update their estimate of the common value (e.g. using a Bayesian updating 

process) based on BPD. This implies that buyers will be better informed of the common value of 

the IT service when evaluating more bids.  In our study, we examined the effect of BPD of all 

possible bids on a buyer’s contracting decisions. Future research may estimate the effect of BPD 

on buyer contracting using a Bayesian approach. Second, we can neither observe the buyer’s 

offline contracting decisions, nor her projects / contracts in other online labor markets. This means 

those buyers who do not make a contracting decision in our dataset may contract offline or in other 

labor markets. Therefore, matching may be underestimated and so is the effect of BPD on buyer 

contract decisions and freelancer regret. As online labor markets are dominated by a few large 

platforms, future studies could possibly acquire longitudinal data across different platforms to 

address buyers’ and freelancers’ contracting decisions across platforms. Third, both buyer and 

freelancer value uncertainty may evolve as they stay longer and become more familiar with the 

platform. In this study, we only have a six-month panel, which is a relatively short time window to 

observe the role of BPD in buyer contracting and freelancer regret. With a longer panel, future 
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research could examine the longer-term effects of BPD to observe how value uncertainty affects 

matching in online labor markets over time.  

5.4 Concluding Remarks 

By leveraging the power of digital infrastructure to facilitate transactions of labor across the 

globe on online platforms, online labor markets have created a substantial “freelancer economy.” This 

study utilizes a panel dataset from a leading online labor market to examine bid price dispersion 

(BPD) as an important impediment to two-sided platforms efficiently matching participants from both 

sides (buyers and freelancers) of the platform. By theoretically proposing and empirically showing 

that BPD is negatively associated with matching between buyers and freelancers on both sides of the 

two-sided platform (online labor market for IT services), our findings provide new insights by 

demonstrating that the matching capability of two-sided platforms can be enhanced when value 

uncertainty from both the buyers’ and also the freelancers’ perspective is considered and BPD is 

recognized as an important determinant of matching in online labor markets. Our research aims to 

provide a modest initial step in understanding the prevalent problem of matching in two-sided 

platforms and providing actionable insights for practitioners and platform managers to design more 

effective matching systems for two-sided platforms by reducing BPD. 
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ESSAY II:  ON USING THE LOTTERY IN 

CROWDFUNDING PLATFORMS: IMPLICATIONS FOR 

FUNDRAISING SUCCESS AND BACKER BEHAVIOR  

 

ABSTRACT 

Crowdfunding aims to collect small investments from a large number of backers to support a 

project by fundraisers. Since crowdfunding projects typically attract a small number of backers, 

this study examines the role of the lottery—a new backing mechanism used to attract backers in 

crowdfunding platforms, besides the existing reward and donation backing mechanisms. We 

hypothesize how the lottery (1) affects project-level crowdfunding outcomes, and how these effects 

vary over time; and (2) shapes individual-level backer behavior. We empirically test our set of 

hypotheses using data collected from a reward-based crowdfunding platform in China. First, the 

results from project-level analysis show that, although the lottery does help to attract a higher 

number of backers for a project, it also reduces the total money raised by the project and thus the 

probability of reaching the funding goal. Specifically, while the lottery incentivizes people who 

would otherwise not fund the project to become lottery backers, it also cannibalizes prospective 

rewardees and donors by encouraging them to opt for the (cheaper) lottery. Notably, both the 

incentivizing and cannibalizing effects of the lottery are stronger in the earlier stages of a project’s 

fundraising cycle. Second, our individual backer-level analysis shows that the lottery has larger 

effects on (a) backers with higher prior tendencies to be donors than rewardees, (b) backers with 

higher prior backing frequency, and (c) backers with lower prior average backing amount. Our 

study contributes to three streams of literature, crowdfunding, lottery, and philanthropy. It also 

informs practitioners on how to leverage the lottery as an alternative probabilistic backing 

mechanism in crowdfunding platforms. 

 

Keywords: Lottery, Crowdfunding, Reward-based Crowdfunding Platforms, Crowdfunding 

Outcomes 
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1. INTRODUCTION 

Crowdfunding platforms allows fundraisers to raise small amounts from the crowd instead of raising 

funds from a small group of wealthy investors as in traditional fundraising (Mollick 2014, Burtch et 

al. 2013). The “power of the crowd” is a key feature of crowdfunding platforms, which have 

attracted considerable attention from fundraisers and the public at large. For example, Eric 

Migicovsky, the founder and CEO of Pebble Technology Corporation, launched three campaigns on 

Kickstarter between 2012 and 2016, raising a total of $43.39 million from 214,073 backers and 

making the Pebble Watch one of the most successful crowdfunding projects of all time. Notably, 

fundraisers have become increasingly interested in utilizing crowdfunding platforms to not only 

raise funds, but also to expand awareness of their products or work and get feedback from the public 

(Gerber and Hui 2013, Belleflamme et al. 2013). One survey indicates that over 85% of the 

fundraisers expressed that increasing public attention and awareness is a key motivation for 

crowdfunding (Belleflamme et al. 2013).  Since crowdfunding has been empirically shown to lead 

to greater visibility and higher product consumption (e.g., Burtch et al. 2013, Mollick and 

Kuppuswamy 2014), attracting backers has become a primary goal for fundraisers in crowdfunding 

platforms. 

However, despite the numerous success stories seen in the popular press, many crowdfunding 

projects find it challenging to successfully attract backers and reach their funding goals. In practice, 

the average number of backers per successful project is around 30 (Burtch et al. 2013), but this 

number is much smaller for projects that fail to reach their funding goals. Many crowdfunding 

platforms, therefore, offer various incentive mechanisms to help crowdfunding projects attract 

backers and reach their funding goals, such as the lottery. While most reward-based crowdfunding 

platforms allow backers to either back a pre-specified amount for a reward (Hu et al. 2015) or donate 

without receiving the reward (Cai et al. 2017), the lottery is another backing mechanism used by 

many reward-based crowdfunding platforms, such as Zhongchou, JD Finance, and Suning 
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Zhongchou. The lottery allows backers to pay a small lottery price in order to win a reward with a 

certain probability. When used as an additional incentive, the lottery was shown to be effective at 

driving participation in charitable donations (e.g., Landry et al. 2006, 2010) and marketing 

promotions (e.g., Kalra and Shi 2010, Reczek et al. 2014). Critically, however, the lottery in 

crowdfunding platforms differs from other settings in the sense that the lottery is designed as an 

alternative backing mechanism with an extra participation cost (i.e., lottery price), while in 

charitable donations and marketing promotions, people automatically enter the lottery after donating 

or purchasing the product without having to pay extra for the lottery. Accordingly, the nature and 

role of the lottery in crowdfunding is not well understood. 

This study examines the role of the lottery in (1) project-level crowdfunding outcomes, including 

(i) the total number of backers, and (ii) total money raised and probability of reaching the funding 

goal, and (2) individual-level backer behavior, and the underlying theoretical mechanisms. A growing 

body of research has explored the various backer motivations to support crowdfunding projects, such 

as extrinsic motivations (e.g., the desire to obtain the reward) and intrinsic motivations (e.g., helping 

others) (e.g., Gerber and Hui 2013, Ryu et al. 2018). Projects on reward-based crowdfunding 

platforms often offer extrinsic rewards, such as newly-designed gadgets. Potential backers with 

extrinsic motivations can back the project as rewardees. Some reward-based crowdfunding platforms 

also allow potential backers with intrinsic motivations to back the project as donors without obtaining 

any extrinsic rewards in return (e.g., Cai et al. 2017, Ryu et al. 2018). With the introduction of the 

lottery as a new backing mechanism, in addition to the existing reward and donation backing 

mechanisms, backers can now back a crowdfunding project as lottery backers. Yet, we have limited 

understanding of the underlying effects that drive lottery backers to support crowdfunding projects. 

On the one hand, the lottery may lead to an incentivizing effect, in that the lottery may attract new 

backers who would otherwise not fund the project to become lottery backers. Prior lottery literature 

offers insights into why the lottery may be effective in attracting backers: individuals who are risk-

seeking (Friedman and Savage 1948, Nyqvist et al. 2018), or disproportionally overweigh small 
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probabilities (Kahneman and Tversky 1979), or have limited budget (Kwang 1965), may find the 

lottery appealing. The lottery may also attract those that derive pleasure from the gambling-like 

experience (Conlisk 1993, Miyazaki et al. 1999). The lottery serves as an additional incentive for 

these individuals, thus potentially increasing the total number of backers and the total money raised 

and increasing the probability of reaching the project’s funding goal.  

On the other hand, the lottery may also have a cannibalizing effect, as prospective backers may 

switch from backing other options to the lottery one. Prospective backers who would otherwise back 

as rewardees may instead opt for the lottery, becoming lottery backers at a lower amount (as the 

lottery price is always lower than the reward price) when the lottery is available for a project versus 

when it is not available. Similarly, some potential backers who would otherwise back as donors may 

opt for the lottery, thus being cannibalized as lottery backers instead. If the cannibalizing effect is 

stronger than the incentivizing effect, the lottery may reduce the total money raised by a project, thus 

making it more difficult for a crowdfunding project to reach its funding goal. Accordingly, the above 

theoretical mechanisms offer competing predictions in terms of the total effect of the lottery on a 

project’s fundraising outcomes, thereby necessitating an empirical examination. 

We collected a 3-year dataset from one of the largest crowdfunding platforms in China that 

implemented the lottery mechanism on November 12, 2015. After this date, fundraisers could employ 

the lottery as a third alternative backing mechanism by specifying the lottery price, the winning 

probability, and the lottery prize. Prospective backers can choose one of three options: (1) backing 

the lottery with a chance of winning a reward, (2) backing as a donor without a reward, or (3) backing 

as a rewardee to receive a reward with certainty.  

Results show that projects with a lottery attract, on average, 18% more backers than those 

without a lottery, providing evidence of the incentivizing effect of the lottery. When decomposing 

this effect, the lottery is associated with a 41% decrease in the number of rewardees and a 21% 

decrease in the number of donors, providing evidence of the cannibalizing effect. Together, these 
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two competing effects make a project with the lottery 11% less likely to reach its funding goal due 

to a 64% decrease in the total money raised. These findings are robust across model specifications, 

including models with and without fundraiser fixed effects, Coarsened Exact Matching (CEM) to 

address fundraisers’ self-selection of the lottery, a Difference-in-Differences Model with a matched 

sample, and instrumental variables. Analyses at the individual backer level support the presence of 

both mechanisms proposed and heterogeneity across backers. Specifically, results show that the 

lottery has larger incentivizing and cannibalizing effects on backers with higher prior tendencies to 

be donors than rewardees, higher prior backing frequency, and lower prior average backing amount. 

Finally, while prior studies have consistently found evidence of herding among backers, e.g., 

backers are more likely to back a project with higher prior cumulative funding (e.g., Zhang and Liu 

2012, Burtch et al. 2018), we find that the lottery attracts backers who rely less on the cumulative 

funding by prior backers as a signal for project quality (the ability to attract backers and obtain funds 

to pursue its objectives), implying that the herding behavior is weaker for lottery backers, as 

compared to rewardees and donors.  

Our study makes several contributions to the growing literature on crowdfunding. The literature 

showed that backer behavior in reward-based crowdfunding to be driven by both extrinsic and 

intrinsic motivations (Gerber and Hui 2013, Molick 2014). Our findings show that the lottery as an 

alternative probabilistic backing mechanism may drive extrinsically-motivated backers who are 

risk-seeking, backers with limited budgets to allocate to crowdfunding projects, or backers who are 

motivated by the gambling-like lottery experience. While the literature has explored various factors 

(e.g., Burtch et al. 2013; Mollick 2014) and incentive tools (e.g., Cai et al. 2017, Burtch et al. 2018) 

that affect crowdfunding outcomes, our study contributes to this literature by examining the role of 

a new probabilistic backing mechanism, the lottery, in crowdfunding. Second, our work also 

contributes to the lottery literature (e.g., Clotfelter and Cook 1990, Rogers 1998, Nyqvist et al. 

2018) by showing that risk-seeking individuals and those who derive pleasure from the uncertainty 
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of the gambling-like lottery experience are more likely to be attracted by the lottery. Third, the 

study contributes to the literature on the positive effects of the lottery in charitable donations 

(Landry et al. 2006) and consumer engagement (e.g., Kalra and Shi 2010, Reczek et al. 2014). More 

broadly, we contribute to the charitable fundraising literature that examines the role of various 

incentives, such as rebates and matching grants, on philanthropic giving (e.g., Eckel and Grossman 

2003, Karlan and List 2007, Ariely et al. 2009) by specifically examining the role of the lottery as 

a new additional backing mechanism. 

Finally, this study has managerial and policy implications. Since the lottery has been 

increasingly common as an incentive on crowdfunding platforms (e.g., JD Finance and Suning 

Zhongchou), our results indicate that the lottery does incentivize backers. If fundraisers’ primary 

goal is to increase awareness of their products or work, the lottery may be an effective approach by 

attracting a large number of backers. However, fundraisers should be cautious about the negative 

role of the lottery in reducing total money raised, if their primary goal is to secure enough fund to 

reach their funding goal. From a policy perspective, currently, online gambling (which also 

includes the online lottery) is prohibited in most states in the U.S., which may prevent 

crowdfunding platforms and other fundraising platforms (e.g., peer-to-peer lending) from adopting 

the lottery as an incentivizing backing mechanism. Our findings have broader implications for 

policymakers who are considering legalizing the online lottery, and online gambling more generally. 

2. BACKGROUND AND HYPOTHESES DEVELOPMENT 

2.1 Background: Crowdfunding 

The crowdfunding literature has examined several factors that may influence crowdfunding 

outcomes, such as project characteristics (e.g. project type, goal, and duration) (e.g., Mollick 2014), 

fundraiser characteristics (e.g. experience and social capital) (e.g., Mollick 2014, Agrawal et al. 

2015), and the geographic location of fundraisers and backers (e.g., Agrawal et al. 2015, Lin and 

Viswanathan 2015). Recent work has found that cumulative backing behavior by prior backers plays 
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an important role in influencing the behavior of subsequent backers, thereby providing evidence of 

“herding” behavior (e.g., Zhang and Liu 2012, Agrawal et al. 2015, Burtch et al. 2018). Moreover, 

a small body of work has examined incentive designs in crowdfunding. For example, Hu et al. (2015) 

examined optimal reward tiers in reward-based crowdfunding platforms. Cai et al. (2017) found that 

incorporating donation as a backing mechanism to reward-based crowdfunding projects increases 

the probability of project success. Burtch et al. (2018) found that an “all-or-nothing” funding 

mechanism, compared to a voluntary contribution mechanism, attenuates subsequent backers’ 

reliance on prior cumulative funding as a signal of a project’s quality.25 

Understanding what motivates backers to contribute to crowdfunding projects has been an 

important focus of the literature. Backer motivations are broadly divided into two categories: (i) 

extrinsic motivations, or (ii) intrinsic motivations (e.g., Gerber and Hui 2013, Ryu et al. 2018). First, 

in reward-based crowdfunding platforms, backers can be extrinsically motivated by the tangible 

rewards, such as receiving a product (e.g., Gerber and Hui 2013, Mollick 2014). Backers in reward-

based crowdfunding platforms are often considered early consumers since crowdfunding, as a pre-

selling process (Mollick 2014), gives early access to new products (Agrawal et al. 2014). Second, 

backers can be intrinsically motivated, regardless of whether the backing is rewarded. Intrinsic 

motivations include pure altruism, such as the desire to help others (e.g., Gerber and Hui 2013), help 

a product or idea (Agrawal et al. 2014), support a cause (Gerber and Hui 2013), or make a 

meaningful impact (Gerber and Hui 2013, Kuppuswamy and Bayus 2017); or they may include self-

interest motivations, such as recognition from others and promoting a project in hope of its fruition 

(Bretschneider and Leimeister 2017). Prior work has shown that intrinsic motivations are primary 

drivers of backer behavior in donation-based crowdfunding (e.g., Burtch et al. 2013, Tan et al. 2016). 

For example, Burtch et al. (2013) showed that the cumulative contribution of prior backers 

negatively affected backers’ backing decisions in donation-based crowdfunding, since backers 

 
25 Under the “all-or-nothing” mechanism, fundraisers only receive proceeds if they have secured sufficient 

funds to reach their funding goal. Under the voluntary contribution mechanism, fundraisers retain all funds 

pledged by the backers. 
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favored contributing to those projects that had a stronger need for support, implying that backers are 

altruistic. Yet, recent studies showed that intrinsic motivations are also prevalent in reward-based 

crowdfunding (e.g., Gerber and Hui 2013, Kuppuswamy and Bayus 2017, Ryu et al. 2018). For 

example, interviews confirmed that backers in reward-based crowdfunding are motivated not only 

by the rewards, but also by the desire to help others (e.g., Gerber and Hui 2013). Kuppuswamy and 

Bayus (2017) analyzed data from Kickstarter to find that backer contributions were highest as 

projects approached their funding goals, but significantly dropped after they reached their funding 

goal, suggesting that backers want to help fundraisers if their contribution makes a meaningful 

impact.  

Backer behavior in reward-based crowdfunding can be driven by both intrinsic and extrinsic 

motivations, and ignoring either of them would be incomplete (Molick 2014, Ryu et al. 2018). In 

reward-based crowdfunding platforms, donors are mainly intrinsically-motivated, as they back an 

amount without receiving an extrinsic reward as a return. The motivation of rewardees can be purely 

extrinsic or both extrinsic and intrinsic. Rewardees could be purely extrinsically motivated if they 

are interested in the reward itself and are willing to pay the reward. Rewardees can also be 

intrinsically motivated by altruistic reasons, such as a desire to help the fundraiser and support the 

cause, and they may simply appreciate the focal reward as an additional benefit. Given the fact that 

rewardees typically back a larger amount than donors and they actually receive a reward, we argue 

that extrinsic motivation is the primary motivation for rewardees. Finally, if a potential backer has 

both low intrinsic motivations and low extrinsic motivations, he would be unlikely back the project, 

thus becoming a non-backer because of the cost associated with the backing options. 

2.2 Background: The Lottery  

The lottery is generally seen as a probabilistic mechanism (e.g., Rogers 1998, Clotfelter and Cook 

1990). While the lottery has multiple forms (e.g., numbers game, lotto, and scratch card), its main 

features are: 1) an attractive prize, 2) a disproportionally small price to participate, and 3) a low 

probability of winning (Rogers 1998). With a generally low probability of winning, and in most 
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cases, a negative expected value, the lottery is often a poor decision under the assumption of 

rationality and diminishing marginal utility (Clotfelter and Cook 1990). Yet, the popularity of the 

lottery shows that people still find the lottery appealing. 

Why People Play the Lottery? Much of the literature on the lottery has focused on explaining 

why people play the lottery. Many explanations, building upon classical expected utility theory, rely 

on locally risk-seeking utility functions (Rogers 1998). Friedman and Savage (1948) and Markowitz 

(1952) offered theories about the curvature of the individual utility function, such that people are 

risk averse over some ranges of income, but are risk-seeking over other ranges of income, which 

provides an explanation for why individuals exhibit risk-seeking behavior with the lottery. Notably, 

Markowitz’ utility function suggests that when the stakes are small, people prefer fair gambles to 

small certain rewards, but when the stakes are high, people prefer certain rewards to fair gambles. 

Another possible explanation for the lottery is that people disproportionally overweigh small 

probabilities as specified by generalized expected utility theories (e.g., prospect theory, Kahneman 

and Tversky 1979). As the lottery offers a small probability of winning a large prize, the overweight 

on small probabilities makes the lottery appealing. A third explanation rests on the indivisibility of 

spending, which posits that because limited resources do not allow consumers to purchase fractions 

of products, rational consumers with limited budgets who want to purchase many products will 

participate in the lottery (Kwang 1965). The low cost of the lottery makes it possible for consumers 

to allocate their budget to many products that they are interested by leveraging the lottery. The 

indivisibility of spending also explains the fact that the lottery is eagerly bought by the poor (e.g., 

Clotfelter and Cook 1989). 

In addition to expected utility theories, there have been a number of cognitive theories 

explaining why people purchase the lottery. One explanation is that people are generally risk-averse, 

but sometimes enjoy uncertainty (Chandon et al. 2000, Lee and Qiu 2009), and that purchasing the 

lottery generates additional non-pecuniary pleasure, such as thrill and entertainment (Clotfelter and 
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Cook 1990, Miyazaki et al. 1999). Conlisk (1993) showed that, when the stakes are small, risk 

aversion is relatively unimportant, and the pleasure of the gambling experience may make the 

lottery attractive. This view that people derive pleasure from gambling could be relevant to the 

lottery in charitable fundraising—besides the pleasure derived from gambling, the knowledge that 

lottery proceeds are used to support charitable causes may render the lottery attractive (Clotfelter 

and Cook 1990). Another explanation is unrealistic optimism, which refers to people’s belief that 

negative events are less likely to happen to them than to others, while positive events are more 

likely to happen to them than to others (Weinstein 1980). Therefore, lottery participants tend to 

overestimate the winning probability for themselves (e.g., Alloy and Abramson 1988, Goldsmith 

and Amir 2010). 

A small body of work examines how consumers respond to uncertain rewards versus certain 

rewards. Dhar et al. (1995) showed that low-probability lottery-like discounts can lead to higher 

purchase intentions than equally costly conventional discounts. Goldsmith and Amir (2010) 

showed that, when the stakes are low and the choices do not demand much thinking, consumers 

prefer uncertain rewards almost as much as the more preferred outcome, often driven by innate 

optimism. It is also postulated that uncertain promotions offer customers hedonic benefits with 

experiential pleasure and emotions (Chandon et al. 2000). Lastly, the motivating-uncertainty effect 

posits that people are willing to invest more effort, time, and money in pursuit of an uncertain 

reward than a certain reward of a higher expected value when focusing on the process of pursuing 

a reward rather than the reward itself (Shen et al. 2015). This is because people gain a positive 

experience, such as excitement, from uncertainty when they focus on the process of pursuing a 

reward. 

Lottery Design. A small stream of literature examines how the lottery design affects the 

demand for the lottery, including the lottery price, the winning probability, and the prize. Regarding 

the lottery price, prior studies offered mixed results. While some studies found that the lottery price 
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does not have a significant impact on lottery demand (e.g., Vrooman 1976), other studies found a 

negative link between lottery price and lottery sales (e.g., Clotfelter and Cook 1989). Regarding the 

winning probability, perceptions of the winning probability tend to be biased. Consumers who 

spend more time and money with the brand tend to believe that they have a higher likelihood of 

winning the lottery (Reczek et al. 2014). Also, people become relatively insensitive to differences 

in the winning probability at low levels of probability (Kahneman and Tversky 1979). In terms of 

the lottery prize, a lottery with a large-value prize is typically more effective than a small-value 

prize (Kalra and Shi 2010). Finally, a fixed-prize lottery induces significantly higher participation 

and raises more money versus a revenue-dependent prize (Dale 2004).  

Lottery as an Additional Incentive. Perhaps in part due to its general attractiveness, the lottery 

has been widely adopted by governments and private charities as a means to raise funds (Morgan 

2000). Specifically, Morgan (2000) posited that, because the lottery provides an additional benefit 

from philanthropic giving, it generates higher levels of donations than a voluntary donation 

mechanism. Empirical studies have also shown that, when the lottery is used as an additional benefit 

without incurring additional costs of participation (i.e., the lottery price is zero), the lottery helps 

charities raise more money than voluntary donations by inducing a higher participation rate (Landry 

et al. 2006, 2010). Similarly, the lottery has also been used in marketing to engage and incentivize 

customers (Kalra and Shi 2010). For example, retailers often offer promotional lotteries what 

customers can enter, without costs, to win a valuable prize with a low probability. The lottery was 

also shown to be more effective than coupons in incentivizing purchases by creating an interactive 

customer experience (e.g., Kalra and Shi 2010, Reczek et al. 2014).  

2.3 Hypotheses Development: Lottery and Project-level Crowdfunding Outcomes 

The lottery literature has provided insights into motivations for lottery participation, and under what 

circumstances people prefer alternatives with uncertainty to alternatives without uncertainty. 

However, the lottery as an alternative backing mechanism in reward-based crowdfunding platforms 
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differs from the traditional lottery in several aspects. First, prior literature mainly focuses on (1) the 

comparison between participating and not participating in the lottery, or (2) the comparison between 

alternatives with uncertainty to alternatives without uncertainty. In contrast, for people participating 

in crowdfunding, they also have the option of donating without receiving a reward. Therefore, it is 

not clear how the presence of the donation option would affect the effectiveness of the lottery in 

attracting backers and raising funds, and whether the lottery would incentivize new backers or 

simply cannibalize backers who would otherwise choose the donation option. Second, while the 

traditional lottery often involves a large prize, the prizes of the lottery offered by crowdfunding 

projects are typically the focal reward of the projects—often a new product of relatively low or 

unknown value, which is likely to decrease the attractiveness of the lottery to potential backers. 

Third, in crowdfunding, no winner is selected if the project fails to reach its funding goal, implying 

that the winning probability of the lottery not only depends on the pre-specified odds of the lottery, 

but also on the chances that the project will reach its funding goal, thus further affecting the 

effectiveness of the lottery. In addition, the lottery, when used as an additional incentive without an 

explicit cost to participate, has been shown to be effective in incentivizing people in marketing 

promotions and charity donations. However, the lottery in crowdfunding platforms is designed as 

an additional optional backing mechanism with an extra cost (i.e., the lottery price), and therefore it 

is unclear whether backers would still view the lottery as providing additional benefits to them 

compared to voluntary participation.  

Building upon the lottery literature, we propose that the lottery as an alternative probabilistic 

backing mechanism attracts people: (1) who are risk-seeking (e.g., Friedman and Savage 1948, 

Markowitz 1952, Nyqvist et al. 2018) or disproportionally overweigh small probabilities 

(Kahneman and Tversky 1979); (2) who would like to allocate their budget to many products in 

which they are interested because of the indivisibility of spending (Kwang 1965); and (3) who derive 

pleasure from the gambling lottery experience (e.g., Conlisk 1993, Miyazaki et al. 1999). Extending 



59 

 

the literature to reward-based crowdfunding platforms, we propose two potential theoretical 

mechanisms by which the lottery affects the decisions of prospective backers and determines key 

crowdfunding outcomes (number of backers and total money raised/probability of reaching the 

funding goal)—the cannibalizing effect and the incentivizing effect—as we theorize below. 

2.3.1 The Role of the Lottery in the Total Number of Rewardees 

In reward-based crowdfunding, prospective rewardees are primarily extrinsically motivated 

because of the project reward (Gerber and Hui 2013). When the lottery becomes available in a 

crowdfunding project, it offers prospective backers a chance to win the reward with uncertainty. 

Although the probability of winning the lottery prize is low, the lottery may be attractive to those 

who are willing to tolerate the risk of not winning the reward (Friedman and Savage 1948, 

Markowitz 1952), or disproportionally overweigh small probabilities (Kahneman and Tversky 

1979). In addition, if the lottery is available, prospective backers could allocate their limited budget, 

which they would otherwise spend on a single reward (product), across several projects in an 

attempt to probabilistically win many rewards that interest them (Kwang 1965). Therefore, it is 

possible that some prospective backers may switch from backing as rewardees, absent of the lottery, 

to backing as lottery backers when the lottery is available (cannibalizing effect). In sum, we propose:  

H1 (Total Number of Rewardees): The lottery is negatively associated with the total 

number of rewardees that a crowdfunding project attracts.  

2.3.2 The Role of the Lottery in the Total Number of Donors 

The second group of prospective backers consists of those who are mainly intrinsically motivated 

and do not seek to obtain the focal reward. Before the introduction of the lottery, intrinsically-

motivated backers may choose to become donors without receiving a reward. When the lottery is 

available, such prospective backers now have two options: back as donors without any reward (as 

before), or participate in the lottery as lottery backers to win the reward with uncertainty. First, it is 

possible that intrinsically-motivated prospective backers remain donors and do not opt for the 

lottery, because their altruistic deeds ostensibly remain unchanged. Second, the lottery may serve 
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as a tangible incentive by offering additional benefits from contributing (Morgan 2000, Landry 

2006). In addition, the lottery may attract additional backers who derive positive utility from 

uncertainty itself, i.e., the gambling-like experience, particularly when the stakes are small (Conlisk 

1993). People may be motivated to buy a lottery because of the desire to win, impulse, curiosity, 

feeling lucky, and enjoyment (Miyazaki et al. 1999). This view could be relevant to the lottery in 

crowdfunding; besides the pleasure derived from gambling, the knowledge that the money raised is 

used to help fundraisers may make the lottery attractive (Clotfelter and Cook 1990). The 

motivating-uncertainty theory also posits that people express higher motivation toward an uncertain 

versus a certain reward of a higher expected value when they focus on the process of the reward 

pursuit, but not when they focus on the reward itself (Shen et al. 2015). The reason is that when 

people focus on the process of pursuing the reward (which is likely for donors who focus on 

supporting the fundraiser rather than obtaining the reward itself), uncertainty generates a positive 

experience (e.g., excitement), thus increasing their motivation. Therefore, intrinsically-motivated 

prospective backers may choose to participate in the lottery, thus becoming lottery backers instead 

of donors (cannibalizing effect), thus reducing the total number of donors. In sum, the lottery may 

cannibalize prospective donors and encourage them to back as lottery backers, and we propose that:  

H2 (Total Number of Donors): The lottery is negatively associated with the total number 

of donors that a crowdfunding project attracts. 

2.3.3 The Role of the Lottery in the Total Number of Backers  

The lottery backing mechanism in crowdfunding provides prospective backers with a chance to 

win the reward with a much lower backing amount (the lottery price) than what is typically required 

to obtain the reward. By introducing the lottery, fundraisers may attract additional backers who 

would not otherwise back the project (incentivizing effect), thus increasing the total number of 

backers a project receives. 

First, the lottery was shown to be more appealing to risk-seeking individuals (e.g., Nyqvist et 
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al. 2018). When the stakes are small, people may prefer large rewards with uncertainty to small 

certain rewards (Friedman and Savage 1948, Markowitz 1952). Given the low lottery price, the 

lottery may attract new backers who are interested in the focal reward of the project, but who are 

not willing to pay the reward price to get the reward with certainty. Second, the indivisibility of 

spending explanation for lottery participation posits that rational consumers with limited budget 

who want to purchase multiple products may participate in the lottery, when their limited resources 

do not allow them to purchase many products (Kwang 1965). The availability of the lottery may 

attract prospective backers with a limited budget to allocate their budget over several projects in an 

attempt to win multiple rewards. Third, the lottery may attract additional backers who derive 

positive utility from uncertainty itself, i.e., the gambling-like experience (Miyazaki et al. 1999), 

particularly when the stakes are small (Conlisk 1993). Finally, for those who are intrinsically 

motivated to contribute, but do not because of the donation cost, the lottery serves as an incentive 

to offset the full cost of participation, thus incentivizing these backers to become lottery backers 

(Morgan 2000, Landry 2006). We therefore argue that the lottery has a positive effect on the total 

number of backers a project receives.  

It is worth noting that, if the lottery only encourages prospective backers to switch from 

backing as donors and rewardees (absent of the lottery) to backing as lottery backers instead, the 

total number of backers a project receives is not likely to change. Therefore, the effect of the lottery 

on the total number of backers depends on the extent to which the lottery may incentivize additional 

backers who would otherwise not back the project. Accordingly, we propose the following 

hypothesis for testing: 

H3 (Total Number of Backers): The lottery is positively associated with the total number 

of backers that a crowdfunding project attracts. 

2.3.4 The Role of the Lottery in Total Money Raised and Project Success 

As discussed earlier, the lottery may inadvertently cannibalize potential rewardees who, absent of 

the lottery, would otherwise back a large amount for the reward. Since lottery backers, by design, 
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back a smaller amount than rewardees do, this may reduce the average contribution amount. The 

lottery may also cannibalize potential donors who would otherwise back a small amount without 

receiving the reward. Although the lottery price is not necessarily lower than the backing amount 

of donors, empirically, over 50% of the projects with a lottery set the lottery price at 1 RMB, the 

minimum donation amount suggested by the crowdfunding platform. Thus, the lottery is likely to 

decrease the average contribution amount due to the cannibalizing effect on prospective donors.  

However, the proposed incentivizing effect suggests that the lottery may incentivize individuals 

who would otherwise not back at all to become lottery backers, thus increasing the total number of 

backers attracted to the project, as well as the total money raised. Therefore, the role of the lottery 

in project fundraising outcomes depends on which is the dominant effect. If the incentivizing effect 

dominates the cannibalizing effect, we would observe that the lottery has a positive effect on the 

total money raised and the probability of reaching the funding goal. This happens if the lottery 

incentivizes enough new backers to offset the reduction in total raised money caused by the lower 

average contributions due to the cannibalizing effect. In contrast, if the lottery fails to incentivize 

many non-backers, it will have a negative overall effect on the total money raised and the probability 

of reaching the funding goal. Since we cannot specify ex ante which effect (incentivizing or 

cannibalizing) is stronger, we hypothesize a set of competing hypotheses:  

H4a (Total Money Raised): The lottery is (i) positively or (ii) negatively associated with the 

total money raised by a crowdfunding project. 

H4b (Project Success): The lottery is (i) positively or (ii) negatively associated with the 

probability of reaching the funding goal of a crowdfunding project (i.e., project success). 

2.3.5 The Timing Effects of the Lottery 

Prior work has examined subsequent backers’ herding behavior caused by observational learning 

from the cumulative funding a project receives from prior backers (e.g., Zhang and Liu 2012, 

Agrawal et al. 2015, Burtch et al. 2018). This stream of literature has consistently shown a positive 

association between the cumulative funding from prior backers and subsequent backers’ behavior, 
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suggesting that prior backings provide signals about the quality of the project and alleviate 

uncertainty about whether the project will secure sufficient funds to reach its funding goal. As a 

result, backers are more likely to back a project in later stages of its fundraising cycle, when a 

project is approaching its funding goal. However, if the lottery attracts risk-seeking backers (e.g., 

Friedman and Savage 1948, Markowitz 1952, Nyqvist et al. 2018), they may rely less on the 

cumulative funding from prior backers as a signal to reduce their uncertainty. Instead, risk-seeking 

individuals may be more likely to back the project earlier in the fundraising cycle when the project 

is at higher uncertainty of reaching its funding goal. Second, if the lottery attracts individuals who 

choose the lottery because they enjoy the hedonic pleasure of uncertainty (Conlisk 1993, Miyazaki 

et al. 1999), they may rely less on prior backings as a signal to reduce uncertainty. If this is the 

case, lottery backers are more likely to back the project in earlier stages of the fundraising cycle, 

when the cumulative funding that a project has received is relatively low, indicating that both the 

incentivizing and cannibalizing effects of the lottery are likely to be stronger in earlier stages of the 

fundraising cycle. Therefore, we propose: 

H5 (Timing Effects): The association between the lottery and (a) the number of rewardees, 

(b) the number of donors, and (c) the number of backers is likely to be stronger in the 

earlier stages of the fundraising cycle than the later stages. 

2.4 Hypotheses Development: Lottery and Individual-level Backer Behavior 

Next, we theorize which types of individual backers are more likely to find the lottery appealing. 

Specifically, we characterize backers based on their prior backing behavior, based on (1) their prior 

backing tendency to be donors versus rewardees, and (2) their prior backing frequency and average 

amount backed. 

2.4.1 Prior Backing Tendency 

The effectiveness of the lottery is likely to depend on backers’ initial motivations (Kivetz 2003). 

The motivating-uncertainty effect posits that individuals express higher motivation toward an 

uncertain versus a certain reward of a higher expected value when they focus on the process of 
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getting the reward, but not the reward itself (Shen et al. 2015). The reason is that when individuals 

focus on the process of pursuing the reward, uncertainty generates a positive experience, such as 

excitement, thus increasing motivation. Intrinsically-motivated individuals are less likely to make 

the attribution that they are engaging in the process to seek for the reward; instead, they are more 

likely to attribute their activity to the excitement of the activity itself; thus, they would have a lower 

preference for the reward (Kivetz 2003). 

When the lottery is not available, an intrinsically-motivated backer who is willing to back a 

project even without any reward may back as a donor if he is willing to bear the cost of the donation 

and the amount he is willing to donate is smaller than the reward price. Otherwise, if he is not 

willing to bear the donation cost, he may choose not to back at all. For such backers, the lottery 

may serve as a benefit to compensate for the cost of the backing, making them more likely to back 

the project. In contrast, an extrinsically-motivated backer who is mainly attracted by the reward 

may back as a rewardee if his willingness to pay is higher than the reward price. Otherwise, he may 

not back the project at all. Because the lottery is associated with a low probability of winning the 

reward, backers whose main motivation is to obtain the reward may be less affected by the lottery 

due to the motivating-uncertainty effect (Shen et al. 2015). Hence, we expect that the effectiveness 

of the lottery should vary with the different motivations of the backers, as indicated by their prior 

tendency to back as rewardees versus donors. We propose the following hypothesis: 

H6 (Prior Backing Tendency): Prospective backers with a higher prior tendency to back as 

donors are more likely to back projects with a lottery (than those with a higher prior tendency 

to back as rewardees). 

2.4.2 Prior Backing Frequency and Amount 

How backers may benefit from the lottery may also affect a backer’s likelihood to choose the lottery. 

We argue that the lottery is more likely to attract backers with higher backing frequency and lower 

budget. Prior literature argues that rational consumers with a limited budget who want to purchase 
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many products are more likely to buy the lottery in order to allocate their budgets across multiple 

products (Kwang 1965). As frequent backers are attracted by multiple projects, a lottery makes it 

possible for these backers to allocate their budget across several projects. Therefore, the lottery 

provides backers with a chance to win a reward with a lower backing amount, meaning that frequent 

backers may benefit more from the lottery as they can allocate their budget across many projects. 

Similarly, as backers’ prior backing amount is likely to reflect their budget for crowdfunding 

projects, we expect that the lottery to have a higher incentivizing effect on backers with lower 

average backing amount versus those with higher average backing amount. Therefore, we propose 

the following two hypotheses for testing: 

H7a (Prior Backing Frequency): Prospective backers with a higher prior backing frequency 

are more likely to back projects with a lottery. 

H7b (Average Prior Backing Amount): Prospective backers with a lower average prior 

backing amount are more likely to back projects with a lottery. 

3. DATA AND RESEARCH CONTEXT 

We collected data from Zhongchou (www.zhongchou.com), one of the largest reward-based 

crowdfunding platforms in China, launched in 2013. Similar to other reward-based crowdfunding 

platforms like Kickstarter, Zhongchou specifies an “all-or-nothing” mechanism, wherein fundraisers 

must reach their funding goal to collect the amount raised. Another similarity between Zhongchou 

and Kickstarter is that both platforms allow backers to either back a pre-specified amount for a reward 

(as rewardees) or back any amount without receiving the reward (as donors). Rewardees who back a 

pre-specified reward price receive a reward if the project successfully reaches its funding goal.  We 

define the lowest pre-specified price to get a reward (e.g., 36 RMB in Figure 1A) as the minimum 

reward price. To initiate a project, fundraisers must pre-specify the backing amount needed to receive 

different reward tiers (Figure 1). However, the crowdfunding platform (rather than the fundraiser) 

pre-specifies the donation options—1 RMB, 5 RMB, 10 RMB—in addition to any other self-selected 

amount. Potential backers can observe the current funding status of each project, such as the 
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cumulative funding received and the number of backers that have chosen each backing option. 

 

Figure 1. Backing Choices for Backers: Projects with a Lottery Versus Projects without a Lottery 

The platform introduced a third, optional lottery backing mechanism on November 12, 2015, 

allowing fundraisers to set up a lottery for their project. When posting a project with a lottery (Figure 

1B), fundraisers need to specify the backing amount needed for backers to participate in the lottery 

(lottery price, e.g., 2 RMB),26 the winning probability (e.g., one out of 20), and the winning prize 

(which is typically the focal reward of the project), all of which are pre-specified and remain 

unchanged throughout the duration of a project. In sum, for projects with a lottery, potential backers 

have three ways of backing the project: (1) back the pre-specified amount for a reward as rewardees; 

(2) back without receiving the reward as donors; or (3) back the lottery with a pre-specified small 

amount and small winning probability as lottery backers. 

 
26 In practice, over 50% of the projects with a lottery option set the lottery price at 1 RMB, and 93% of the 

projects with a lottery set the lottery price less than 10 RMB. 
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In total, we collected data on 15,252 projects spanning March 2013 to September 2016, among 

which 6,033 projects started after the introduction of the lottery. We excluded projects that had not 

completed the fundraising process by the time we initially collected the data, projects that did not 

receive any backing at all, and projects that were removed from the platform’s website. After this 

cleaning, we are left with 5,442 projects, among which 38.9% (3,327) adopted the lottery (treatment 

group), and 61.1% (2,115) did not (control group). The definition of each variable is shown in Table 

15. Table 16 reports the summary statistics. 

Table 15. Variable Definition 

Variable Definition  

No. of Rewardees Total number of backers who backed for the focal reward with certainty 

No. of Donors Total number of backers who backed for no reward  

No. of Backers Total number backers a project received  

Total Money Total money raised for a project  

Success Binary indicator of whether a project was successfully funded 

Lottery  Binary indicator of whether a project used the lottery 

Goal The funding goal of a project, in RMB  

No. of Rewards Number of reward options for a project 

Min. Reward Price  Minimum price to get a reward, in RMB 

Mean Reward Price  Average price of reward options, in RMB 

SD Reward Price Standard deviation of the prices of reward options 

Project Duration  Fundraising duration (in days) 

Video Binary indicator of whether a project has a video describing the project 

No. of Pictures Number of projects a project used to describe the project  

Text Length Number of Chinese characters in the text description 

Fundraiser Back Exp. Number of projects a fundraiser has backed before  

Fundraiser Raise Exp. Number of projects a fundraiser has raised fund for previously 

Project Type 1-Public Cause, 2-Agriculture, 3-Press, 4-Entertainment, 5-Art, 6-Other 

Project Post Week The week a project was posted 

Project Province The location (province) of the project 

 

Table 16. Summary Statistics (N = 5,442) 

Variable Mean Std. Dev. Min Max 

No. of Rewardees 21.47  83.07  0 2,913  

No. of Donors 17.95  61.75  0 1,941  

No. of Backers 45.70  134.66  1 4,736  

Total Money 6,654.63  23,642.43  1 454,923  

Success 0.27  0.44  0 1  

Lottery 0.39  0.49  0 1  

Goal 39,228.77  98,329.66  500 1,000,000  

No. of Rewards 5.02 2.90 1 48 

Min. Reward Price  129.53  310.80  11 5,000  

Mean Reward Price  1,563.01 6,850.42 6.5 293,856 

SD Reward Price 2,469.00 13,007.15 0 424,512.20 
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Project Duration  38.99  22.05  10 90  

Video 0.22  0.42  0 1  

No. of Pictures 17.47  11.49  1 184  

Text Length 2,519.59  1,359.52  538 16,188  

Fundraiser Back Exp. 45.70  134.66  1 4,736  

Fundraiser Raise Exp. 21.47  83.07  0 2,913  

 

4. PROJECT LEVEL ANALYSES 

4.1 Variable Definition 

We first performed our analysis at the project level by investigating how the lottery affects 

crowdfunding outcomes. The dependent variables were the log-transformed number of rewardees, 

number of donors, total number backers, total money raised, and project success. The main 

independent variable of interest is Lottery, a binary variable indicating whether the project has a 

lottery backing mechanism. We controlled for project characteristics, such as the funding goal, 

duration, project type, whether the description included a video, minimum reward price, number of 

reward options, the minimum, mean, and standard deviation of the reward prices, and the length of 

the project description (e.g., Mollick 2014, Frydrych et al. 2014). We also controlled for the starting 

week of the project (using dummy variables) to account for unobserved time-variant factors, such 

as seasonality and platform-wide changes, which may affect the number of backers and project 

success. Lastly, we accounted for fundraiser characteristics, such as the total number of projects that 

the fundraiser had backed before and the total number of projects the fundraiser had posted before 

on the focal crowdfunding platform, which are proxies for the fundraiser’s experience on the 

platform (Mollick 2014). We log-transformed all non-categorical variables to reflect percentage 

changes. This was deemed appropriate, primarily because these non-categorical variables vary 

widely, and understanding these effects in percentage terms is more useful (Burtch et al. 2013). 

4.2 Model Specification  

In Model 1, we examined the impact of the lottery on a set of non-categorical outcomes as follows: 

Y𝑗 = 𝛽0 + 𝛽1𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 + 𝛽2𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 + 𝛽3𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗 + 𝜀𝑗            

[1] 
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where j indicates a project. Y𝑗 is one of the four non-categorical dependent variables, including the 

log-transformed number of rewardees, number of donors, total number backers, and total money 

raised. 𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗  is a binary variable indicating whether the project has a lottery. 𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗  and 

𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗  are vectors of observable project-level and fundraiser-level characteristics, 

respectively. 

Similarly, we used a Logit model to examine the role of the lottery in 𝑆𝑢𝑐𝑐𝑒𝑠𝑠𝑗 , a binary 

variable indicating whether project j reached its funding goal:  

𝐿𝑜𝑔𝑖𝑡(𝑆𝑢𝑐𝑐𝑒𝑠𝑠𝑗) = 𝛽0 + 𝛽1𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 + 𝛽2𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 + 𝛽3𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗           

[2] 

4.3 Identification Strategy 

A major concern with our identification strategy was that the adoption of the lottery may be self-

selected by the fundraiser and may thus be endogenous. The comparison may be misleading if 

projects with a lottery differ systematically from projects without a lottery in terms of type, goal, 

duration, project quality, and fundraisers’ desire and effort to reach the funding goal. Endogeneity 

would arise if (a) the treatment and control groups are imbalanced in terms of observable 

characteristics, and (b) the treatment may be confounded by unobserved project quality and 

fundraiser effort. First, we used Coarsened Exact Matching (CEM) and a Difference-in-Differences 

model with CEM to account for fundraisers’ self-selection of the lottery based on observed 

characteristics. Second, we used a fundraiser fixed effect model to account for unobserved 

fundraiser factors that may affect both the propensity to use the lottery and crowdfunding outcomes. 

Third, we employed the instrumental variable (IV) approach to address unobserved fundraiser and 

project characteristics confounding the choice to use the lottery and crowdfunding outcomes. 

4.4 Results 

4.4.1 Main Model: Coarsened Exact Matching 

To estimate the effect of the lottery on crowdfunding outcomes, we compared the outcomes of 

projects with a lottery (treatment group) to projects without a lottery (control group) posted after 
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the introduction of the lottery mechanism. Ideally, we wanted the treatment and control groups to 

be statistically identical (by randomly assigning some projects with a lottery) except for the 

treatment. In our empirical setting, however, fundraisers decide whether to adopt a lottery for a 

crowdfunding project based on project characteristics and their own preferences. The self-selection 

of the lottery may have resulted in differences in observable characteristics between the treatment 

and the control groups. CEM, commonly used in IS studies (e.g., Bapna et al. 2016, Subramanian 

and Overby 2016, Burtch et al. 2018), is designed to match observations in the control group to 

observations in the treatment group by balancing observable characteristics (Blackwell et al. 2009), 

thus mimicking an “ideal” counterfactual for projects with a lottery. Specifically, CEM was 

conducted in two steps: First, projects were stratified based on observable characteristics, including 

project type, funding goal, number of reward options, the minimum, mean, and standard deviation 

of the reward prices, project duration, fundraisers’ funding and backing experience, whether there 

is a video, and project posting week. After this, each stratum contained identical (exact match) or 

similar (approximate match) projects based on these characteristics. Second, we discarded strata 

containing only treated or untreated projects, and we matched each treated project with a control 

project in the same stratum (i.e., on a one-to-one basis). CEM entails a tradeoff between matching 

granularity and number of discarded observations. Thus, we chose our matching criteria to achieve 

a reasonable balance to ensure that units within each stratum are similar without discarding too 

many observations. In sum, the CEM procedure produced 1,308 projects in the treatment group 

matched with 1,308 projects in the control group. 

To ensure that the CEM resulted in comparable matches, we ran a t-test to examine whether the 

means of the observable characteristics differed significantly between the treatment and the control 

groups (Appendix A1). Before matching, the treatment and control groups differed significantly in 

terms of their funding goal, number of reward options, minimum reward price, fundraising duration, 

and fundraiser’s prior fundraising experience. After matching, the magnitude of the differences 
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became statistically insignificant, indicating that the matching procedure reduced the imbalance 

between the treatment and the control groups. Table 17 reports the estimation results of all 

crowdfunding outcomes based on the matched sample.27  

Table 17. The Effect of Lottery on Crowdfunding Outcomes: Coarsened Exact Matching 

 (1) (2) (3) (4) (5) 

Variables OLS OLS OLS OLS Logit 

DV Ln(#Rewardees) 
Ln(#Donors

) 
Ln(#Backers) Ln($Money) Success 

Changes in Y -41% -21% 18% -64% -11% 

Lottery -0.529*** -0.238*** 0.162*** -1.035*** -0.760*** 

 (0.0621) (0.0554) (0.0591) (0.1158) (0.1196) 

Ln(Goal) 0.082*** 0.119*** 0.077*** 0.196*** -0.387*** 
 (0.0224) (0.0211) (0.0221) (0.0429) (0.0496) 

Ln(No. of Rewards) -0.331*** 0.001 -0.144*** -0.228*** -0.084 

 (0.0407) (0.0383) (0.0400) (0.0851) (0.0869) 

Ln(Min. Reward Price)  0.014 -0.202*** -0.092* 0.090 0.136 

 (0.0515) (0.0524) (0.0544) (0.1045) (0.1187) 

Ln(Mean Reward Price) -0.013 0.116*** 0.051 0.013 -0.026 

 (0.0318) (0.0329) (0.0344) (0.0668) (0.0793) 

Ln(SD Reward Price) 0.058 0.079 0.117 0.106 0.224 

 (0.0972) (0.0890) (0.0929) (0.1802) (0.2025) 

Ln(Project Duration) -0.199*** -0.031 -0.120** -0.353*** -0.483*** 
 (0.0494) (0.0455) (0.0493) (0.0946) (0.1010) 

Video 0.127* 0.070 0.063 0.139 0.138 
 (0.0756) (0.0688) (0.0729) (0.1415) (0.1454) 

Ln(No. of Pictures) 0.071 -0.028 0.049 0.198** 0.064 
 (0.0530) (0.0492) (0.0529) (0.0978) (0.1077) 

Ln(Text Length) 0.466*** 0.324*** 0.446*** 0.788*** 0.890*** 
 (0.0768) (0.0658) (0.0713) (0.1385) (0.1410) 

Ln(Fundraiser Back 

Exp.) 0.197*** 0.101*** 0.184*** 0.332*** 0.284*** 
 (0.0419) (0.0368) (0.0401) (0.0715) (0.0733) 

Ln(Fundraiser Raise 

Exp.) 0.115** -0.125** 0.031 0.243** 0.268*** 
 (0.0522) (0.0490) (0.0511) (0.0988) (0.0972) 

Constant -0.028 -0.687 0.163 1.048 -3.029** 

 (0.6409) (0.5778) (0.6160) (1.1838) (1.2451) 

Observations 2,616 2,616 2,616 2,616 2,616 

(Pseudo) R-square 0.27 0.23 0.23 0.21 0.21 

Project Type FE Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes 

City FE Yes Yes Yes Yes Yes 

Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 

 
27 In log-linear models, when the coefficient is negative or large, the coefficient is no longer an 

approximate estimate of the percentage change in the dependent variable y. Instead, we calculate the 

percentage change in y using the following formula: ln(𝑦𝑖 + ∆y) − ln(𝑦𝑖) = β. The percentage change is: 
∆y

𝑦𝑖
= eβ − 1. This applies to all Tables. 
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Projects with a lottery receive on average 41% fewer rewardees (Column 1) (supporting H1), 

and 21% fewer donors (Column 2) (supporting H2), providing evidence of the cannibalizing effect 

of the lottery. Projects with a lottery attract, on average, 18% more backers than those without a 

lottery (Column 3). This indicates that the lottery increases backer engagement (supporting H3), 

providing evidence of the incentivizing effect of the lottery.28 In terms of H4, projects with a lottery 

raise 64% less money than those without a lottery (Column 4), which makes them 11% (coefficient: 

-0.760) less likely to reach their funding goal (Column 5). The lottery thus does not incentivize an 

adequate number of additional backers to offset the decrease in the average contribution due to the 

cannibalizing effect, making it more difficult for fundraisers to reach their funding goals. As to other 

covariates, results suggest that a lower funding goal and a shorter duration increases the chances of 

success, consistent with prior literature (Frydrych et al. 2014, Mollick 2014). A longer description 

helps attract more backers and increase the likelihood of project success (Liu et al. 2014). 

Furthermore, fundraisers who had previously backed or posted other projects tend to receive more 

backings, raise more money, and have a higher probability of reaching their funding goal (e.g., 

Mollick 2014). Finally, the number of reward options is negatively associated with the number of 

backers, number of rewardees, and total money raised; a higher minimum reward price decreases 

the number of backers and number of donors; and a higher average reward price increases the 

number of donors. 

We also conducted additional CEM analyses with alternative criteria and matching methods, 

and the results remained robust. First, instead of matching on a one-to-one basis, we also match each 

treated project with more than one control project. The matching procedure then produces a series 

of weights for the matched projects, with treatment projects receiving a weight of one, and control 

 
28 We also tested the total number of lottery backers and donors combined as the dependent 

variable to examine the incentivizing role of the lottery. Results show that projects with a lottery 

attract, on average, 106% more donors and lottery backers combined. 
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projects receiving a positive weight. We replicated the main analyses using weighted regressions 

based on the CEM procedure. The results remain consistent. Second, we also used propensity score 

matching methods to construct alternative matching samples, and the results remained consistent 

(Appendix A3). Finally, results are robust if we include the full sample of projects posted after the 

lottery mechanism became available (Appendix A4). 

4.4.2 Difference-in-Differences Model with Matched Sample 

While the CEM procedure described above matches projects that offered a lottery with projects that 

did not offer a lottery, the procedure only considered projects that were posted after the introduction 

of the lottery mechanism as an additional backing mechanism. To utilize projects that were posted 

before the introduction of the lottery mechanism, we ran a Difference-in-Differences (DID) model 

based on a matched sample. 

Our data do not follow a typical panel data structure required for the DID model, as each project 

is only observed once. To mimic the data structure required for the DID model, we conducted the 

CEM procedure by matching projects posted after the introduction of the lottery mechanism with 

projects posted before the introduction of the lottery mechanism. Specifically, for each project posted 

after the lottery mechanism became available and offered the lottery (i.e., a treated project), we 

matched with a project posted before the lottery mechanism became available, and we considered 

such a matched pair of projects as a treatment match pair. Similarly, for each project posted after the 

lottery mechanism became available but without the lottery (i.e., a control project), we also matched 

with a project posted before the lottery mechanism became available, and considered such a matched 

pair of projects as a control match pair. Similar to the previous section, projects were matched based 

project type, funding goal, number of reward options, the minimum, mean, and standard deviation of 

the reward prices, project duration, fundraisers’ funding and backing experience, and whether there 

is a video. Projects were matched on a bi-monthly basis. For example, projects posted during January-

February 2016 (after the lottery mechanism became available) were matched with projects posted 

during January-February 2015 (before lottery mechanism became available) so that the matched pairs 
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experienced similar seasonality. The CEM procedure resulted in 806 treatment match pairs and 494 

control match pairs (2,600 projects in total). Our DID model specification is as follows: 

Y𝑗 = 𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗 + 𝛽2𝐴𝑓𝑡𝑒𝑟𝑗 + 𝛽3𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 + 𝛽4𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 + 𝛽5𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗 + 𝜀𝑗           

[3] 

where j indicates a project. Y𝑗  is one of the four non-categorical dependent variables. 

𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗 is a binary variable indicating whether the project is in a treatment match pair (i.e., 

either a treated project posted after the lottery mechanism became available, or a project posted before 

the lottery mechanism became available matched to a treated project). 𝐴𝑓𝑡𝑒𝑟𝑗 is a binary variable 

indicating whether the project is posted after the lottery mechanism became available. 𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 

indicates whether the project has a lottery. Specifically, 𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 equals one if the project is in a 

treatment match pair (i.e., 𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗 = 1) and posted after the lottery mechanism became 

available (i.e., 𝐴𝑓𝑡𝑒𝑟𝑗 = 1). Hence, 𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗  is equivalent to the interaction 𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗 ×

𝐴𝑓𝑡𝑒𝑟𝑗 typically used in a DID model to capture treatment effect. Finally, 𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 and 𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗 

are vectors of observable project and fundraiser characteristics. Similarly, we used a Logit model to 

examine the role of the lottery in project success:  

𝐿𝑜𝑔𝑖𝑡(𝑆𝑢𝑐𝑐𝑒𝑠𝑠𝑗) = 𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗 + 𝛽2𝐴𝑓𝑡𝑒𝑟𝑗 + 𝛽3𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 + 𝛽4𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 +

𝛽5𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗  [4] 

Our results for the DID model are presented in Table 18. We first present results without controls 

(Panel A), and then with controls (Panel B). The coefficients on the controls are omitted for simplicity. 

First, in both panels, the coefficients are similar to those from the main analyses (Table 17). Second, 

the coefficients on 𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗 are negative and statistically significant across all regressions 

in Panel A, implying that the treatment match pairs experienced fewer backers (including fewer 

rewardees and donors), less money raised, and lower probability of success than the control match 

pairs. However, the coefficients on 𝑇𝑟𝑒𝑎𝑡𝑀𝑎𝑡𝑐ℎ𝑃𝑎𝑖𝑟𝑗  become statistically insignificant when 
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controlling for observed characteristics (Panel B), implying that the difference between the treatment 

and the control match pairs are largely captured by the unobserved controls. 

Table 18. The Effect of Lottery on Crowdfunding Outcomes: Difference-in-Differences 

Model 

Panel A: DID Model without Control Variables 
 (1) (2) (3) (4) (5) 

Variables OLS OLS OLS OLS Logit 

DV Ln(#Rewardees) Ln(#Donors) 
Ln(#Backers

) 

Ln($Money

) 
Success 

Treat Match Pair -0.347*** -0.386*** -0.369*** -0.723*** -0.374*** 

 (0.0681) (0.0667) (0.0657) (0.1126) (0.0951) 

After -0.338*** 0.089 -0.233*** -0.488*** -0.137 

 (0.0706) (0.0676) (0.0680) (0.1164) (0.0976) 

Lottery -0.406*** -0.281*** 0.176* -0.582*** -0.446*** 

 (0.0970) (0.0836) (0.0905) (0.1725) (0.1519) 

Observations 2,600 2,600 2,600 2,600 2,600 

R-square 0.20 0.26 0.19 0.17 0.02 

Control Variables No No No No No 

Panel B: DID Model with Control Variables 
 (1) (2) (3) (4) (5) 

Variables OLS OLS OLS OLS Logit 

DV 
Ln 

(#Rewardees) 
Ln (#Donors) 

Ln 

(#Backers) 

Ln 

($Money) 
Success 

Treat Match Pair -0.018 -0.060 -0.016 -0.124 -0.024 

 (0.0698) (0.0637) (0.0660) (0.1162) (0.1183) 

After -0.369*** 0.103* -0.233*** -0.496*** -0.202* 

 (0.0657) (0.0579) (0.0617) (0.1117) (0.1098) 

Lottery -0.453*** -0.184** 0.166* -0.809*** -0.674*** 

 (0.0916) (0.0819) (0.0862) (0.1690) (0.1674) 

Observations 2,600 2,600 2,600 2,600 2,600 

R-square 0.20 0.26 0.19 0.17 0.17 

Control Variables Yes Yes Yes Yes Yes 

Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 

 

4.4.3 Fundraiser Fixed Effects Model 

The CEM procedure helped reduce concerns about the self-selection of fundraisers’ lottery use by 

balancing observable characteristics. Yet, it is possible there were unobserved factors, such as 

fundraiser time-invariant factors, which affected both the decision to use the lottery and crowdfunding 

outcomes. To address these potential confounding factors, we considered a subset of fundraisers who 

had posted at least two projects, and we used a fundraiser fixed effects model to account for potential 

unobserved fundraiser time-invariant factors. 
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Table 19. The Effect of the Lottery on Crowdfunding Outcomes: Fundraiser Fixed 

Effects 

 (1) (2) (3) (4) (5) 

Variables OLS OLS OLS OLS Logit 

DV 
Ln(#Rewardees

) 
Ln(#Donors) 

Ln(#Backers

) 
Ln($Money) Success 

Changes in Y -22% -32% 42% -40% -4% 

Lottery -0.247 -0.388** 0.352** -0.512* -1.956*** 

 (0.1578) (0.1645) (0.1544) (0.2946) (0.6807) 

Ln(Goal) 0.022 0.109** 0.059 0.097 -1.380*** 
 (0.0507) (0.0529) (0.0496) (0.0947) (0.2424) 

Ln(No. of Rewards) -0.308*** 0.038 -0.066 0.025 0.148 

 (0.0744) (0.0775) (0.0728) (0.1388) (0.2542) 

Ln(Min. Reward 

Price)  -0.067 -0.151 -0.128 -0.148 -0.399 

 (0.0955) (0.0996) (0.0935) (0.1783) (0.4020) 

Ln(Mean Reward 

Price) 0.014 0.078 0.040 0.112 0.392 

 (0.0538) (0.0561) (0.0527) (0.1005) (0.2407) 

Ln(SD Reward Price) 0.069 -0.016 0.031 0.252 -0.135 

 (0.1451) (0.1513) (0.1420) (0.2709) (0.5628) 

Ln(Project Duration) 0.248** 0.122 0.249** 0.430** 0.917** 
 (0.1045) (0.1089) (0.1022) (0.1950) (0.4143) 

Video -0.145 -0.230 -0.185 -0.295 -0.513 
 (0.1369) (0.1426) (0.1339) (0.2555) (0.4494) 

Ln(No. of Pictures) 0.117 0.067 0.138 0.287 0.293 
 (0.1242) (0.1295) (0.1215) (0.2319) (0.4976) 

Ln(Text Length) 0.450** 0.219 0.518*** 0.830** 3.735*** 
 (0.2024) (0.2109) (0.1980) (0.3778) (0.9533) 

Ln(Fundraiser Back 

Exp.) -0.196** -0.205** -0.238** -0.313* -0.117 
 (0.0941) (0.0981) (0.0921) (0.1757) (0.3272) 

Ln(Fundraiser Raise 

Exp.) -0.115 -0.039 -0.157 -0.128 -0.398 
 (0.1091) (0.1137) (0.1068) (0.2037) (0.3843) 

Observations 1,099 1,099 1,099 1,099 1,099 

(Pseudo) R-square 0.70 0.65 0.69 0.68 - 

Project Type FE Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes 

City FE Yes Yes Yes Yes Yes 

Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 

 

Table 19 shows that four of the five coefficients are consistent in terms of sign and statistical 

significance with the coefficients from the CEM results (Table 17). The only exception is Column 1, 

where we fail to find a significant association between the lottery and the number of rewardees. The 

main reason for the difference between the CEM results (Table 17) and those from a fundraiser fixed 

effects model (Table 19) lies in the sample for the fixed effects model being constrained to fundraisers 
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who posted at least two projects, and a large number of fundraisers who had only posted one project 

or who had the same outcome for all their projects was omitted from the fixed effects model. In sum, 

the results from the fixed effects are largely consistent. 

4.4.4 Instrumental Variable Approach 

The third empirical approach we utilized to examine the effect of the lottery was an instrumental 

variable approach. Specifically, we used the log-transformed total number of lottery projects that a 

fundraiser backed before he posted his own project (NLPB) as an IV. The rationale of NLPB as a 

valid IV is twofold. First, by backing projects with a lottery, a fundraiser may be more aware of the 

newly-implemented lottery feature, learn more about how to use and benefit from the lottery, and be 

influenced by other fundraisers’ adoption of the lottery, which may make him more likely use the 

lottery in his own projects. Second, NLPB only captures the fundraiser’s prior experience in backing 

other crowdfunding projects with a lottery, which should not be directly correlated with the outcomes 

of the fundraiser’s subsequent own projects, conditional on the fundraiser’s total prior backing 

experiences and other fundraiser and project characteristics. 

Table 20. The Effect of Lottery on Crowdfunding Outcome: Instrumental Variable 

Approach 

 (1) (2) (3) (4) (5) 

Variables OLS OLS OLS OLS LPM 

DV 
Ln(#Rewardee

s) 

Ln(#Donors

) 

Ln(#Backers

) 
Ln($Money) Success 

Changes in Y -32% -31% 54% -51% -17% 

Lottery -0.382* -0.366* 0.431* -0.717* -0.184*** 

 (0.2127) (0.1986) (0.2306) (0.3905) (0.0630) 

Ln(Goal) 0.013 0.071*** 0.009 0.025 -0.081*** 
 (0.0165) (0.0155) (0.0163) (0.0304) (0.0049) 

Ln(No. of Rewards) -0.352*** 0.040 -0.137*** -0.169*** 0.007 

 (0.0303) (0.0283) (0.0304) (0.0556) (0.0090) 

Ln(Min. Reward Price)  0.026 -0.178*** -0.062* 0.044 -0.010 

 (0.0370) (0.0346) (0.0369) (0.0679) (0.0110) 

Ln(Mean Reward Price) -0.033 0.108*** 0.036 0.011 0.007 

 (0.0240) (0.0224) (0.0239) (0.0440) (0.0071) 

Ln(SD Reward Price) 0.134* 0.032 0.153* 0.210 0.014 

 (0.0782) (0.0730) (0.0799) (0.1436) (0.0232) 

Ln(Project Duration) -0.245*** -0.068** -0.151*** -0.437*** -0.072*** 
 (0.0369) (0.0345) (0.0365) (0.0677) (0.0109) 

Video 0.085* 0.139*** 0.108** 0.156* 0.007 
 (0.0491) (0.0459) (0.0485) (0.0902) (0.0146) 
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Ln(No. of Pictures) 0.178*** -0.000 0.107*** 0.351*** 0.028** 
 (0.0393) (0.0367) (0.0392) (0.0722) (0.0117) 

Ln(Text Length) 0.323*** 0.319*** 0.250** 0.557*** 0.167*** 
 (0.1140) (0.1065) (0.1218) (0.2093) (0.0338) 

Ln(Fundraiser Back 

Exp.) 0.186*** 0.100*** 0.172*** 0.338*** 0.059*** 
 (0.0281) (0.0263) (0.0277) (0.0516) (0.0083) 

Ln(Fundraiser Raise 

Exp.) -0.039 -0.161*** -0.092*** -0.029 0.003 
 (0.0361) (0.0337) (0.0357) (0.0662) (0.0107) 

Constant 1.565* -0.095 2.207** 3.592** 0.021 

 (0.8680) (0.8107) (0.9215) (1.5938) (0.2573) 

Observations 4,587 4,587 4,587 4,587 4,587 

R-square 0.27 0.29 0.22 0.19 0.25 

Project Type FE Yes Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes Yes 

City FE Yes Yes Yes Yes Yes 

Note: Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 

 

We re-estimated the main models the using two-stage least squares (2SLS) estimation (Table 20). 

The F-statistic of the first stage is significant, and the Cragg-Donald statistic is 236.7, which exceeds 

all Stock-Yogo cutoff values (5.53~16.38), indicating that our instrument is quite strong (Stock and 

Yogo 2002). Consistent with the main findings, we observe that the lottery helps attract more backers 

(Column 3), but decreases total money raised (Column 4) and the probability of success (Column 5) 

by reducing the total number of rewardees (Column 1) and donors (Column 2). It is worth noting that 

we should be cautious in interpreting the IV estimates, as IV estimates reflect the local average 

treatment effects of projects or fundraisers whose lottery adoption decisions are likely to be affected 

by the IV (Angrist and Pischke 2008). 

4.4.5 Robustness Checks: Lottery Parameters 

The lottery literature has argued that the design of lottery parameters affects the effectiveness of the 

lottery. Thus, we examine how the role of the lottery in crowdfunding outcomes may vary with lottery 

parameters, i.e., lottery price and winning probability. First, we tested how the role of the lottery in 

crowdfunding outcomes varies with different specifications of the lottery price and winning 

probability (Appendix B1). Results suggest that the effect of the lottery on crowdfunding outcomes 
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is consistent with our main findings after controlling for lottery price and winning probability.29 

Second, conditional on a crowdfunding project having a lottery, a higher lottery price helps raise 

more money but also attracts fewer backers, indicating both a smaller cannibalizing effect and a 

smaller incentivizing effect. Third, the winning probability of the lottery does not have a significant 

effect on crowdfunding outcomes. One explanation is that potential backers probably pay more 

attention to the presence or absence of the lottery, and are relatively insensitive to differences in the 

winning probability at low levels of probability (Kahneman and Tversky 1979). This is not very 

surprising, since the lottery literature has shown that lottery participants tend to be overly optimistic 

about their own chances of winning the reward (e.g., Alloy and Abramson 1988, Goldsmith and Amir 

2010). 

4.4.6 Summary Results  

The results consistently show that while the lottery helps attract more backers, it also decreases the 

total money raised and probability of reaching the funding goal. The result that the lottery attract 

more backers indicates that the lottery does incentivize new backers who would otherwise not back 

the project, which is beneficial for fundraisers who utilize crowdfunding to gain awareness. When 

decomposing the increase in the total number of backers, we find that the lottery decreases the total 

number of both rewardees and donors. Because the lottery price is, by definition, lower than the 

minimum reward price to back as a rewardee, the average contribution of the lottery backers tends 

to be much lower than that of the rewardees. Thus, projects with a lottery raise less money and are 

less likely to reach their funding goal, indicating that the money increase due to the increase in the 

total number of backers does not remedy the revenue loss due to a lower average backing amount, 

providing evidence of the lottery’s cannibalizing effect. 

4.5 Timing Effects of the Lottery 

 
29 Results are qualitatively similar if we consider the possibility that the effect of lottery price may be 

nonlinear by including dummy variables for different levels of lottery prices. In addition, we also 

conducted additional analyses examining whether fair lotteries, “good-deal” lotteries, and “bad-deal” 

lotteries have differential effects. Results suggest that the effect of the lottery is similar across the three 

types of lotteries (Online Supplementary Appendix B2). 
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While prior studies have consistently shown the positive association between the cumulative 

funding that a project has received from prior backers and subsequent backers’ behavior (e.g., 

Zhang and Liu 2012, Agrawal et al. 2015, Burtch et al. 2018), we posited in H5 that backers who 

back projects with a lottery are less likely to rely on the signaling effect of the cumulative funding 

to make backing decisions. To test H5, we constructed unbalanced panel data at the project-day 

level. Specifically, we used the CEM sample to minimize the differences between projects with a 

lottery and projects without a lottery since the analysis is at the project-day level. The dependent 

variables in our analyses are 𝐴𝑑𝑑𝑒𝑑𝐵𝑎𝑐𝑘𝑒𝑟𝑠𝑗𝑡, 𝐴𝑑𝑑𝑒𝑑𝑅𝑒𝑤𝑎𝑟𝑑𝑒𝑒𝑠𝑗𝑡, and 𝐴𝑑𝑑𝑒𝑑𝐷𝑜𝑛𝑜𝑟𝑠𝑗𝑡, which 

are count variables of the number of backers, number of rewardees, and the number of donors 

project 𝑗 receives in day 𝑡. 

Following Kuppuswamy and Bayus (2017) and Burtch et al. (2018), we used the percentage of 

goal funded (% 𝐺𝑜𝑎𝑙 𝐹𝑢𝑛𝑑𝑒𝑑𝑗𝑡) to measure cumulative funding, and we included its lagged values 

in our model to test the effect of prior cumulative funding. To allow for non-linear effects, we 

defined six mutually exclusive dummy variables: % Goal Funded [0%, 25%), % Goal Funded 

[25%, 50%), % Goal Funded [50%, 75%), % Goal Funded [75%, 100%), % Goal Funded [100%, 

125%), and % Goal Funded [125%, ...). The variable % Goal Funded [0%, 25%) is set as the 

reference category. To examine the moderating role of the lottery, we interacted the presence of the 

lottery with the dummy variables indicating the percentage of the goal funded. We also controlled 

for the days left, project characteristics, day of week fixed effects, month fixed effects, and location 

fixed effects to control for unobserved time trends and location effects. Because the data are at the 

project-day level and have a substantial number of zeros in the dependent variables, we estimated 

a Poisson model (Kuppuswamy and Bayus 2017). The standard errors are clustered at the project 

level to allow for within-project serial correlation. These results are presented in Table 21. 
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Table 21. The Timing Effects of the Lottery on Crowdfunding Outcomes 

 (1) (2) (3) 

Variables Poisson Poisson Poisson 

DV # Rewardees # Donors # Backers 

% Goal Funded    

[25%, 50%) 2.219*** 1.171*** 1.856*** 

 (0.1637) (0.2167) (0.1571) 

[50%, 75%) 2.580*** 1.176*** 2.138*** 

 (0.1833) (0.2463) (0.1672) 

[75%, 100%) 2.929*** 1.667*** 2.500*** 

 (0.1745) (0.2730) (0.1643) 

[100%, 125%) 2.467*** 0.737** 1.892*** 

 (0.2602) (0.3142) (0.2713) 

[125%, .) 3.458*** 1.030** 2.763*** 

 (0.4347) (0.4392) (0.4514) 

% Goal Funded × Lottery    

[0%, 25%) × Lottery -0.320** -1.278*** 0.236** 

 (0.1259) (0.2318) (0.1153) 

[25%, 50%) × Lottery -0.098 -1.343*** 0.218 

 (0.2033) (0.2821) (0.1763) 

[50%, 75%) × Lottery -0.088 -0.681 0.236 

 (0.2060) (0.5397) (0.1893) 

[75%, 100%) × Lottery -0.319 -0.973** 0.114 

 (0.2051) (0.4452) (0.1840) 

[100%, 125%) × Lottery -0.068 -0.395 0.482 

 (0.2535) (0.4923) (0.3071) 

[125%, ...) × Lottery 0.016 -0.583 0.415 

 (0.3798) (0.6154) (0.3619) 

Ln(Days Left) 0.143*** 0.062 0.177*** 

 (0.0460) (0.0739) (0.0451) 

Constant -7.871*** -6.217*** -6.948*** 

 (1.1761) (1.3105) (1.3364) 

Observations 85,721 85,721 85,721 

(Pseudo) R-square 0.01 0.07 0.07 

Project Type FE Yes Yes Yes 

Day of the Week FE Yes Yes Yes 

Month FE Yes Yes Yes 

City FE Yes Yes Yes 

Note 1: Robust standard errors clustered at project level in parentheses: *** p<0.01, ** p<0.05, * p<0.1;  

Note 2: Control variables are omitted in the table to save space. 

 

First, as seen in Columns 1–3, we observe a similar pattern as reported in prior studies (e.g., 

Kuppuswamy and Bayus 2017, Burtch et al. 2018). That is, before the project reaches its funding 

goal, the percentage of goal funded is positively associated with subsequent backings, suggesting that 

prior cumulative funding that a project has received provides a signal about the quality of the project, 

thus attracting more backers to back the project. In addition, immediately after the project reaches its 

funding goal, additional backer support is reduced, consistent with prior work positing that people 
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back a project when they believe that their support has greater impact (Kuppuswamy and Bayus 2017). 

With respect to the interactions between the lottery and the dummies indicating the percentage of 

goal funded, we find that the the lottery’s incentivizing effect (Column 1) and cannibalizing effect 

(Columns 2 and 3) are stronger in earlier stages of the funding cycle (supporting H5), which is 

consistent with the lottery literature that risk-seeking individuals and those who derive pleasure from 

the uncertainty provided by the gambling lottery experience are attracted by the lottery, and they rely 

less on signals of prior cumulative funding by other backers. 

5. INDIVIDUAL BACKER LEVEL ANALYSES 

To test H6-H7, i.e., whether the proposed effects differ across different types of individual backers: 

(a) backers with different prior tendencies to be donors versus rewardees, (b) prior backing 

frequency, and (c) prior average backing amount, we switched the unit of analysis from the project 

to the individual backer. 

5.1 Variable Definition 

To examine how individual backers respond to the lottery, we constructed three backer-level 

variables, rewardee index, backing frequency, and average backing amount, based on individual 

backers’ behavior prior to the introduction of the lottery backing mechanism. Therefore, only 

backers whose first backing took place before the introduction of the lottery backing mechanism 

were considered. 

Rewardee Index. Empirically, it is challenging to identify a proxy for backer motivation. We 

propose that if a backer backed as a donor for all prior projects (before the lottery mechanism was 

available), it signals that the backer may be generally intrinsically motivated. In contrast, if a backer 

backed as a rewardee for all prior projects, it signals that the backer may be generally extrinsically 

motivated. Since a backer can back as a donor for one project and as a rewardee for another, we 

constructed a continuous measure, rewardee index, the percentage of prior backings (before the 

introduction of the lottery mechanism) by a backer as a rewardee out of the total number of prior 

backings. We expect that backers with a lower rewardee index (thus are generally more intrinsically 
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motivated) are more likely to back a project with a lottery (H6). 

Backing Frequency. We measure backing frequency as the average number of projects a 

backer backed per day prior to the introduction of the lottery backing mechanism. We expect that 

backers with a higher backing frequency are more likely to back a project with a lottery (H7a). 

Average Backing Amount. The prior average backing amount that backers contribute per 

project reflects the level of budget that they have for crowdfunding projects. We thus expect that 

backers with a lower average backing amount are more likely to back a project with a lottery (H7b). 

5.2 Model Specification 

To empirically examine the heterogeneous effects of the lottery on different types of backers (based 

on the rewardee index, backing frequency, and average backing amount), we had to construct the 

choice set for each backer, which is unobservable in our setting. For each backer, we regarded all 

projects posted after the introduction of the lottery mechanism as the complete choice set that the 

backer faces. We removed outliers, and projects or backers.30 We further removed backers who have 

backed only once prior to the introduction of the lottery mechanism, since they are likely to be more 

impulsive backers, and the implications of the results by including them can be discounted (Tan et 

al. 2016). Finally, we constructed a balanced panel data on the backing decisions of 7,005 backers 

across 2,371 projects, and 40% of the projects used the lottery. The average backing amount of a 

backer is 133 RMB with a median of 49 RMB conditional on backing. Backers backed, on average, 

1.9 projects, and 95% of the backers backed no more than five projects. 

We examined the role of the lottery in a backer’s probability of backing a project and the 

heterogeneity across backers using a Logit model: 

𝐿𝑜𝑔𝑖𝑡(𝐵𝑎𝑐𝑘𝑘𝑗) = 𝛽0 + 𝛽1𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 + 𝛽2𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑗 × 𝐵𝑎𝑐𝑘𝑒𝑟𝑇𝑦𝑝𝑒𝑘 + 𝛽3𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑗 + 𝛽4𝐹𝑢𝑛𝑑𝑟𝑎𝑖𝑠𝑒𝑟𝑗 + 𝛼𝑘         

[5] 

 
30 A project is considered an outlier if its total number of backers is greater than the 99.5% quantile. A 

backer is considered an outlier if the backing amount is larger than the 99.5% quantile of the backing 

amount distribution. 
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where 𝐵𝑎𝑐𝑘𝑘𝑗 is an indicator of whether backer k backed project j. 𝐵𝑎𝑐𝑘𝑒𝑟𝑇𝑦𝑝𝑒𝑘 represents one of 

three variables: rewardee index, backing frequency, and average backing amount. 𝛼𝑘 is the backer-

level fixed effect to account for unobserved time-invariant backer characteristics. The main effect 

of 𝐵𝑎𝑐𝑘𝑒𝑟𝑇𝑦𝑝𝑒𝑘  is absorbed by backer-level fixed effects, herein not included. 𝛽1  captures the 

main effect of lottery on backing probability, and 𝛽2 captures the heterogeneous effect by backer 

type. 

5.3 Results 

Results are reported in Table 22. First, Column 1 shows a positive coefficient on the lottery, 

consistent with the incentivizing effect of the lottery. The negative coefficient for the interaction 

between the lottery and rewardee index suggests that the lottery has a larger incentivizing effect on 

prior donors than on rewardees, consistent with our theory that the lottery is more likely to attract 

backers who are intrinsically motivated, thereby supporting H6. Second, Column 2 shows that the 

interaction between the lottery and a backer’s backing frequency is positively associated with the 

backer’s probability to back a project, which impies that frequent backers are more likely to be 

incentivized by the lottery to back a project than infrequent backers, supporting H7a. Third, Column 

3 shows that the interaction between the lottery and a backer’s average backing amount is negative 

and significant, consistent with our theorization that people with limited budgets are more likely to 

back a project with a lottery, thus supporting H7b. Finally, in Column 4, we included all the three 

interaction terms, and the results remain consistent.31 

 

 

Table 22. Individual Backer Level Analysis: Lottery and Individual-level Backer Behavior 

 (1) (2) (3) (4) 

 
31 As the coefficient of the interaction term in Logit models can be inconsistent in terms of sign, 

magnitude, and even statistical significance (Ai and Norton 2003), we replicated Model (4) using linear 

probability models with standard errors clustered at the individual backer level. The results remained 

consistent. 
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VARIABLES 
Logit FE  

(Rewardee Index) 

Logit FE  

(Frequency) 

Logit FE  

(Amount) 

Logit FE  

(All) 

Lottery 0.419*** -0.110*** 0.750*** 0.542*** 

  (0.0336) (0.0241) (0.0472) (0.0502) 

Lottery × Rewardee Index  -0.646***   -0.135** 

  (0.0436)   (0.0613) 

Lottery × Log Frequency  1.650***  1.331*** 

   (0.120)  (0.124) 

Lottery × Log Avg Amount   -0.181*** -0.137*** 

   (0.0107) (0.0147) 

Observations 16,608,855 16,608,855 16,608,855 16,608,855 

Number of Backer ID 7,005 7,005 7,005 7,005 

Project Type  Yes Yes Yes Yes 

Time FE Yes Yes Yes Yes 

City FE Yes Yes Yes Yes 

Note 1: Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. 

Note 2: Control variables are included in the regressions but omitted in the table to save space. 

Note 3: The main effects of the backer frequency are omitted, because the backer fixed effect absorbed the variation. 

 

6. DISCUSSION 

6.1 Key Findings  

Several crowdfunding platforms have introduced the lottery as a third optional backing mechanism, 

besides the existing reward and donation backing mechanisms, to support crowdfunding efforts. 

First, we found that projects with the lottery in reward-based crowdfunding do attract more backers 

(H3) by incentivizing additional backers who would otherwise not back the project (incentivizing 

effect). However, projects with the lottery raise less money (H4a) and have lower probability of 

success (H4b), since the lottery switches prospective backers from backing as rewardees (H1) or 

donors (H2) to lottery backers (cannibalizing effect), thus decreasing their average contribution 

amount. The observed association between the lottery and the key crowdfunding outcomes are 

robust to alternative estimation approaches. In terms of the timing effects of the lottery, we found 

that the lottery attracts backers who rely less on the cumulative funding by prior backers as a signal 

for project quality (H5). While several studies have provided evidence of herding among backers 

(e.g., Zhang and Liu 2012, Burtch et al. 2018), that is, backers are more likely to back a project that 

already raised higher cumulative funding, our results suggest that herding behavior is weaker for 

lottery backers since they are more risk-tolerant or even risk-seeking. Moreover, our individual 
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backer-level analyses suggest that the role of the lottery is highly heterogeneous. Specifically, the 

lottery is more likely to attract donors than rewardees (H6), backers with a higher backing frequency 

(H7a), and backers with a lower average prior backing amount (H7b). Table 23 summarizes our 

hypotheses testing results. 

Table 23. Summary of Hypotheses Testing 

Hypotheses Results 

H1 (Total Number of Rewardees): The lottery is negatively associated with the total 

number of rewardees that a crowdfunding project attracts. 
Partially supported 

H2 (Total Number of Donors): The lottery is negatively associated with the total number 

of donors that a crowdfunding project attracts. 
Supported 

H3 (Total Number of Backers): The lottery is positively associated with the total number 

of backers that a crowdfunding project attracts. 
Supported 

H4a (Total Money Raised): The lottery is (i) positively or (ii) negatively associated with 

the total money raised by a crowdfunding project. 

Negative Link  

Supported 

H4b (Project Success): The lottery is (i) positively or (ii) negatively associated with the 

probability of reaching the funding goal of a crowdfunding project (i.e., project success). 

Negative Link  

Supported 

H5 (Timing Effects): The association between the lottery and (a) the number of rewardees, 

(b) the number of donors, and (c) the number of backers is likely to be stronger in the 

earlier stages of the fundraising cycle than the latter stages. 

Supported 

H6 (Prior Backing Tendency): Prospective backers with a higher prior tendency to back as 

donors are more likely to back projects with a lottery (than those with a higher prior 

tendency to back as rewardees). 

Supported 

H7a (Prior Backing Frequency): Prospective backers with a higher prior backing 

frequency are more likely to back projects with a lottery. 
Supported 

H7b (Average Prior Backing Amount): Prospective backers with a lower average prior 

backing amount are more likely to back projects with a lottery. 
Supported 

 

6.2 Theoretical Contributions and Implications 

First, we contribute to the crowdfunding literature on backer motivation. While prior studies have 

shown backer behavior in reward-based crowdfunding to be driven by both extrinsic and intrinsic 

motivations (Gerber and Hui 2013, Ryu et al. 2018), the use of the lottery, generally seen as an 

uncertain alternative (e.g., Rogers 1998, Clotfelter and Cook 1990), allows us to examine how 

backers respond to choices with uncertainty in the context of reward-based crowdfunding. Our 

findings uncover that the lottery, as a probabilistic backing mechanism, drives extrinsically-

motivated individuals who are risk-seeking or who have a limited budget to allocate across several 

crowdfunding projects. The lottery also drives intrinsically- motivated individuals by the pleasure 

from the gambling-like lottery experience (Chantal et al. 1995).  
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Second, our study also extends the crowdfunding literature by theorizing and empirically 

examining the role of the lottery, as an uncertain backing mechanism, in key crowdfunding 

outcomes (number of backers and total money raised). While prior studies explored multiple 

determinants of crowdfunding outcomes (e.g., Burtch et al. 2013; Mollick 2014), only a few studies 

have focused on incentive mechanisms (e.g., Hu et al. 2015, Burtch et al. 2018), especially by 

providing novel backing options (e.g., Cai et al. 2017). Our study contributes to this literature by 

showing that the lottery helps crowdfunding projects to attract more backers – thus increasing 

awareness of their work, by acting an incentivizing mechanism–albeit reducing the total amount 

raised and impeding the chances of reaching the funding goal by cannibalizing rewardees and donors.  

Third, while the crowdfunding literature (e.g., Zhang and Liu 2012, Burtch et al. 2018) has 

consistently found evidence of herding among backers, our results on the timing effects of the lottery 

suggest that the herding behavior is weaker among lottery backers than other types of backers (both 

rewardees and donors). This is because lottery backers who are generally risk-seeking or who derive 

pleasure from uncertainty would rely less on prior backings as a signal of project quality compared 

to rewardees and donors. Accordingly, the lottery may help fundraisers maintain early momentum 

in the fundraising process, which is critical to successful fundraising (Agrawal et al. 2014, Burtch 

et al. 2018). Taken together, our results shed light on how a new probabilistic backing mechanism 

fundamentally shapes individual backer behavior over the course of the crowdfunding funding cycle 

and how it affects the key crowdfunding success outcomes.  

Fourth, this study also contributes to the lottery literature. Our findings that the incentivizing 

role of the lottery is stronger in earlier stages of a project’s funding cycle suggests that lottery 

backers rely less on prior cumulative funding a project receives as a quality signal, extending the 

lottery literature that showed that the lottery attracts risk-seeking individuals and those who derive 

pleasure from the uncertainty provided by the gambling-like lottery experience (e.g., Clotfelter and 

Cook 1990, Rogers 1998). Extending the effects of the lottery in crowdfunding platforms has 

implications for understanding the broader effects of the lottery in novel fundraising contexts (e.g., 
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peer-to-peer lending and equity crowdfunding) as an additional backing mechanism for fundraisers 

to raise funds with a probabilistic form of investing.  

Finally, the study contributes to the charitable fundraising (philanthropy) literature by 

examining the effects of extrinsic incentives on philanthropic giving, such as the lottery (e.g., 

Landry et al. 2006, 2010), rebates (e.g., Eckel and Grossman 2003), and matching grants (Karlan 

and List 2007). While this stream of literature has mixed findings with respect to how extrinsic 

incentives interact with intrinsic motivations (Ariely et al. 2009), our results show that the lottery 

does incentivize backers who would otherwise not back the project, although the lottery also 

cannibalizes contributions from pure (intrinsically-motivated) donors. These findings have 

implications for the philanthropy literature on charitable giving in terms of leveraging the lottery as 

another mechanism for promoting philanthropy by incentivizing new backers with low extrinsic 

motivations while avoiding cannibalizing existing pure donors with high intrinsic motivations.  

6.3 Managerial and Policy Implications 

This study has implications for both fundraisers and crowdfunding platforms in terms of incentive 

design. As the lottery is increasingly used by crowdfunding platforms (e.g., JD Finance and Suning 

Zhongchou), our study empirically shows the incentivizing effect of the lottery as a possible 

mechanism for engaging backers on crowdfunding platforms. If the primary goal of crowdfunding 

platforms is to increase the mere number of backers, or if the fundraisers’ primary goal is to increase 

the publicity of their project, the lottery may be an effective approach. However, if their main goal 

is to secure enough funds to reach their funding goal, fundraisers should be aware of the generally 

negative role of the lottery in reducing total money raised. 

From a policy perspective, although the online lottery is currently prohibited in the U.S., our 

findings are valuable for policymakers who are considering legalizing online lottery, and online 

gambling more generally. Like many industries, the gambling industry is being transformed by 

technology (Ma et al. 2014). According to a survey by the American Gaming Association, about 85 

nations have legalized online gambling, which generated nearly $30 billion in revenues in 2010 
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(Stewart and Gray 2011). Despite its worldwide popularity, online gambling, including the lottery, is 

prohibited in the U.S. In the U.S., the Unlawful Internet Gambling Enforcement Act of 2006 makes 

it is unlawful under federal or state law from gambling businesses from knowingly accepting 

payments in connection with the participation of a person in a bet or wager that involves the use of 

the Internet (Stewart and Gray 2011). This may prevent online crowdfunding platforms from adopting 

the lottery as a potential means to incentivize backers,32 albeit it is not clear to us whether the lottery 

in crowdfunding platforms is technically gambling from a legal standpoint. 33  While some U.S. 

lawmakers seek to legalize the online gambling industry (D’Angelo and Irwin 2012), our 

understanding of how people use the online lottery is still limited. The issue of legalizing online 

gambling (including the online lottery) has broader ramifications for both the gambling industry and 

other industries, such as crowdfunding platforms. 

6.4 Limitations 

This study has certain limitations. First, although we have conducted a number of identification 

strategies, including coarsened exact matching, difference-in-differences model with a matched 

sample, fixed effects models, and instrumental variable estimation, as well as multiple robustness 

checks, which may suggest a causal relationship between the lottery and the hypothesized outcomes, 

we cannot unequivocally ascertain causality since we use observational and not experimental data. 

We thus cautiously interpret our findings as associations rather than strong causal effects. Second, 

our analyses focus on the role of the lottery in short-term crowdfunding outcomes, and did not study 

the long-term effects and other benefits of the lottery, such as the increase in publicity due to the 

increase in the total number of backers or the favorable evaluation of the focal reward to the 

crowdfunding project or the crowdfunding platform. Third, in our empirical setting, the lottery is set 

 
32For example, Indiegogo states that “[c]ampaign owners are not allowed to offer any form of lottery or 

gambling (https://support.indiegogo.com/hc/en-us/articles/204255166-What-Can-I-Not-Offer-as-Perks). 

Kickstarter also lists contests, gambling, and raffles as prohibited items 

(https://www.kickstarter.com/rules/prohibited). 
33 Several states, such as Nevada and New Jersey, have legislations passed to allow certain forms of legal 

online gambling. 

https://www.kickstarter.com/rules/prohibited
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as a third backing mechanism displayed along with other backing mechanisms, and the prize of the 

lottery is usually the focal reward of the crowdfunding project. Thus, our findings should be 

cautiously generalized to other forms of lottery designs in crowdfunding platforms. These limitations 

create interesting opportunities for future research on the effects of the lottery in crowdfunding 

platforms and other contexts. 

6.5 Conclusion 

Given the prevailing usage of the lottery in incentivizing engagement, this study provides evidence 

of the lottery’s incentivizing role by showing that the lottery, as an alternative backing mechanism, 

helps to attract more backers in crowdfunding. However, we also find that the lottery has a 

cannibalizing effect on both prospective rewardees and donors, thus decreasing the total money a 

project raises and its probability of reaching the funding goal. Analyses at the backer level support 

our theoretical predictions that the lottery, on average, is positively associated with a backer’s 

likelihood of backing a project, albeit there is heterogeneity across backers. Given that the 

motivations of backers in crowdfunding platforms are diverse, using the lottery as an alternative 

probabilistic backing mechanism in crowdfunding platforms can be challenging in practice. 

Harnessing the incentivizing effect of the lottery while overcoming its cannibalizing effect across 

backers should be a guide for practitioners and researchers in terms of designing effective 

crowdfunding platforms. 
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ESSAY III:  TO REVEAL OR TO CONCEAL: A NATURAL 

EXPERIMENT ON THE ROLE OF ONLINE IDENTITY IN 

CROWDFUNDING  

ABSTRACT 

Revealing online consumers' identity may, on the one hand, facilitate social recognition and 

observational learning thus, resulting in positive economic consequences, on the other hand, could 

induce privacy concerns, thereby, affecting interactions negatively. This study empirically explores 

the effect of online identity concealment on crowdfunding outcomes. By leveraging a natural 

experiment that happened on Kickstarter, we find evidence that concealing backers' identity 

benefits the fundraising outcomes, namely crowdfunding campaigns receive more backings, collect 

more money, and become more likely to reach the funding goal when the platform has all backers' 

identity concealed. And this positive effect is larger for donors, those who back a campaign without 

receiving the reward, compared to rewardees who back for the reward. This study contributes to 

the identity literature by empirically demonstrating the positive effect of identity concealment while 

prior literature emphasizes the benefits of identity revealing. Furthermore, the study contributes to 

crowdfunding literature by highlighting the importance of privacy concerns while prior researchers 

focus more on the backers' prosocial motivation and means to promote such motives. Managerial 

implications are discussed too. 

Keywords: Online Identity Concealment, Crowdfunding, Information Privacy, Reward-based 

Crowdfunding Platforms, Crowdfunding Outcomes 

 



92 

 

1. INTRODUCTION 

With the prevailing use of internet, online identity, such as the online usernames, pseudonyms, 

avatars, and online profiles, has become more and more important. Although online identity may 

differ from the real identity in the real world, online identity has been shown to have significant 

economic outcomes in an online marketplace. For instance, reviews tend to receive more useful 

votes if the reviewer provides more online identity information (Ghose and Ipeirotis 2011). And 

content contributors with a complete online identity tend to receive more peer edits and interactions 

and meanwhile contribute more content (Ma and Agarwal 2007). Furthermore, product sales are 

also positively affected by the disclosure of identity-related information (Forman et al., 2008). 

From the perspective of the online marketplace, encouraging users to disclose their online identities 

will facilitate the social recognition process, defined as the acknowledgment of a person's merit by 

peers online.  

Meanwhile, disclosure of online identity may cause privacy concerns since it tends to persist across 

transactions and interactions and thus can carry their own reputation (Dellarocas 2003). Burtch et 

al. (2015) show that about thirty percent of the backers in a crowdfunding context choose to conceal 

their online identity, the username and contribution amount, when provided the choice to. And 

providing the choice to conceal backers' online identities leads to a higher willingness to contribute 

to a crowdfunding campaign. Similarly, other researchers also demonstrate that privacy assurances 

and policies lead to higher product sales (Hui et al. 2007, Tsai et al. 2011). This indicates that 

revealing online identity could increase privacy concerns and lead to negative outcomes. Therefore, 

how to manage the online identity becomes an empirical question given the potential benefit of the 

social recognition process and the potential drawbacks of privacy concerns. 

In a reward-based crowdfunding context such as Kickstarter, whether to reveal or to conceal a 

backer's online identity (such as their usernames, profile pictures, and contribution records etc.) is 
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theoretically a twofold question because backers' motivations to contribute are mixed (Gong et al. 

2021). On the one hand, backers are intrinsically motivated to help the fundraisers who are often 

branded as entrepreneurs. Thus, backing a project in reward-based crowdfunding usually means 

helping an entrepreneur to realize dreams and joining a community where people are contributing 

to good causes (Agrawal et al. 2014; Gerber and Hui 2013). Therefore, making a baker's identity 

visible and accessible to other peer backers would help facilitate the social recognition process and 

further benefit the crowdfunding outcomes. On the other hand, backers are extrinsically motivated 

by the tangible rewards of a crowdfunding project. Some researchers even argue that reward-based 

crowdfunding is a pre-selling process (Mollick 2014), which gives early access to new products 

(Agrawal et al. 2014). Thus, backing a crowdfunding project is more of purchasing some novel 

products when extrinsic motivations dominate. Revealing a backer's detailed identity information 

such as their usernames, historical backing information, backing amount etc., would arouse privacy 

concerns and result in negative consequences.  

In this study, we first explore the overall effect of concealing backers' online identity on a 

campaign's performance like the total number of backers received and total money funded. Then, 

we further investigate how this effect varies across different types of backers who differ in their 

dominant motivations. We define donors as those who back the campaign without receiving a 

reward, while rewardees as those who back the campaign for a reward, following prior literature 

(Gong et al. 2021). Specifically, we are interested in two questions: 

What is the effect of concealing bakers' online identity on crowdfunding outcomes? 

How does this effect differ across different types of backers, i.e., donors vs. rewardees?  

We empirically tested these two questions by leveraging a natural experiment that happened on 

Kickstarter. Like all other crowdfunding platforms, Kickstarter kept a public list of all backers' 

identity information (referred to as "backer list") who backed the campaign. The backer list reveals 
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the icon, username, location, number of campaigns backed before and a link to the backer's profile 

via which anyone can check more details about the backer and his backing history on the platform 

(see Figure 1) 

 Please note that Kickstarter does not reveal the actual contribution amount of each backer on the 

backer list. However, other crowdfunding platforms such as Indiegogo do reveal the contribution 

amount of each backer on the backer list.  

On December 1st, 2014, Kickstarter removed the backer list completely without any 

preannouncement. After that, a backer's online identity information is completely concealed to 

anyone who visits or contributes the campaign. We use a time proximity model to evaluate the 

short-term effect and Coarsened Exact Matching (CEM) model to explore the long-term effect. The 

empirical analyses consistently show that concealing bakers' online identity completely overall has 

a positive effect on campaign outcomes. This indicates that, in the context of reward-based 

crowdfunding, backers' privacy concerns about revealing their online identity outweigh the 

potential benefit of the social recognition process. Further, we find that concealing bakers' online 

identity has a larger effect on donors than that on rewardees.  

This study makes several unique contributions to the literature. First, we contribute to the online 

identity literature by integrating the influence of online identity concealing on both the focal 

consumer and subsequent consumers who are to be influenced by the focal consumer, as prior 

literature focus either on the focal consumer (e.g., Cho and Kim 2012, Huang et al. 2017, Huberman 

et al. 2005) or consumers to be affected (e.g., Burtch et al. 2016, Forman et al. 2008, Vismara, 

2016). Second, we contribute to the crowdfunding literature by empirically demonstrating that 

concealing backer's online identity has an overall positive effect on campaign funding outcomes, 

which is a very useful complement for prior findings that concealing backer's identity information 

such as the usernames or backing amount would make subsequent backers less likely to back a 
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campaign and contribute less money even if they successfully convert (Burtch et al. 2016). Our 

study also has profound managerial implications. As a platform to help entrepreneurs realize 

dreams, both scholars and practitioners have emphasized a lot on the prosocial nature of reward-

based crowdfunding (Ariely et al. 2009, Bekkers and Wiepking 2010, Kessler and Milkman 2018), 

encouraging the platform to take advantage of this important characteristic. However, our empirical 

findings are among the first to show otherwise. Crowdfunding platforms should pay special 

attention to the overall effect of revealing or concealing a backer's online identity on campaign 

outcomes.   



96 

 

2. RELATED LITERATURE 

2.1 Online Identity   

With the prevailing use of internet in online business transactions, online identities, defined as an 

online consumer's usernames (may differ from their real names), avatars, transactions records, or 

any other digital trace that could be used to better understand the consumer about who he is and 

what he does, have become increasingly important and drawn intensive attention from both 

academia and practitioners. In IS field, the literature about online identity focuses primarily on 

revealing or concealing one's online identities and largely falls into two main streams: the effect 

of revealing (or concealing) online identities on the focal consumer and the effect of revealing (or 

concealing) online identities on subsequent arrivals who will refer to the focal consumer's 

behavior.  
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For the focal consumers, online identity is designed to identify the consumer and carry his 

reputation within the specific online environment such as a specific crowdfunding platform like 

Kickstarter or a marketplace like Amazon. Thus, online identity is, by design, to realize the social 

recognition process and reputation gain. Following this logic, online identity revealing is 

encouraged. For instance, Ariely et al. (2009) argue that people want to be seen by others as 

doing good. Bekkers and Wiepking (2010) state that people receive higher recognition when their 

online identity is more visible to others. Other researchers further find that when a consumer's 

identity is disclosed, they are more likely to publicize socially desirable information (Huberman 

et al. 2005), use emotional and uncensored words less frequently (Cho and Kim 2012, Huang et 

al. 2017), and generate fewer critical comments (Jessup et al. 1990). However, revealing a 

consumer's online identity does not always generate positive outcomes. In a company's internal 

community where employees discuss products and company strategies, Pu et al. (2020) find that 

disclosing participants' identities inhibits their willingness to generate content, resulting in fewer 

pieces of content. Similarly, Tan et al. (2016) find that in donation-based crowdfunding, backers 

are less likely to donate when the platform makes their online identity (usernames and historical 

contribution records especially) visible to everyone on that platform. To sum it up, the effect of 

revealing online identity on the focal consumer's contribution behavior is commonly believed to 

be positive because of social recognition and reputation gain, whereas the effect could become 

negative or null (Reinstein and Riener 2012, Soetevent 2005) if the amplified visibility induces 

other concerns such as privacy concerns or the concern to be disturbed.  
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For the subsequent consumers, revealing a focal consumer's online identity is commonly believed 

to have a positive effect on their contribution behaviors because identity disclosure increases the 

source credibility (Chaiken 1980, Ma and Agawal 2007) and could facilitate the formation of 

relationships, common bonds, and social attraction that electronic community members value 

(Ren et al. 2007; Forman et al. 2008). For instance, Forman et al. (2008) find that disclosure of 

identity descriptive information is positively associated with product sales and the perceived 

usefulness of the review by the focal consumer. Similarly, Vismara (2016) finds that investors 

with publicly visible profiles in crowdfunding play a crucial role in attracting other investors in 

the initial days of a campaign. While Burtch et al. (2016) find that subsequent backers are more 

likely to conceal their username or backing amount if prior backers have also done so. 

Furthermore, concealing the focal backer's username has a negative influence on subsequent 

visitors' likelihood to back the campaign, as well as their backing amount, conditional on 

conversion.  

In summary, prior research has consistently shown the benefits of revealing a focal consumer's 

online identity on subsequent consumers who will refer to prior consumers' decisions to make 

their own. In contrast, the discussion on whether a consumer is willing to reveal their identity 

information in the very first place is largely at a theoretical level, and little empirical evidence has 

been provided. Furthermore, the work by Tan et al. (2016) and Pu et al. (2020) have demonstrated 

one thing: consumers' behavior will be different when they know their identity will be disclosed. 

Taking it together, this study is to fill in this gap via comprehensively estimating the overall 

effect of concealing backers' online identities by integrating the responses of both the focal 

backer and subsequent backers who may refer to the prior to make their own decisions.  

2.1 Information Privacy 
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This work is also closely related to the literature on information privacy, defined as the concept of 

how one's personal information is acquired and used (Pavlou 2011). In crowdfunding, 

information privacy refers to how a backer's identity is manifested and used by others such as 

crowdfunding platforms, the fundraiser who initiated the campaign, and the potential peer 

backers. The discussion about information privacy is largely around the privacy paradox. That is, 

an individual often expresses strong privacy concerns but behaves in a contradictory way to these 

concerns (Goldfarb and Tucker 2012, Pavlou 2011). 

On the one hand, there is a growing prevalence of privacy concerns among consumers (Goldfarb 

and Tucker 2012), and effective privacy policy would attenuate such concerns and facilitate 

online transactions. For example, Tsai et al. (2011) find that in a shopping search engine, 

consumers tend to purchase from retailers who make their privacy protection policy salient and 

accessible. Similar effects are also found by Hui et al. (2007). Furthermore, if the privacy policy 

is good enough, consumers are even willing to share more personal information and more content 

in an open fashion. In particular, Cavusoglu et al. (2016) find a granular privacy policy would 

make Facebook users shift from generating content in private to sharing content more openly on 

the wall posts, visible to all Facebook visitors. This effect is even larger for those privacy-

sensitive Facebook users. Liu et al. (2021) even demonstrate that consumers increase their 

personal information disclosure behavior when provided with a privacy protection policy that is 

negotiable based on their individual preferences.  

On the other hand, inappropriate mentioning of privacy protection escalates consumer's privacy 

concerns, referred as the privacy priming effect. As stated by Acquisti et al. (2013), individuals 

actually place less emphasis on privacy when they are not initially endowed with it. For instance, 

asking consumers' permission to access their personal information often makes them more 

concerned about their privacy (Gu et al. 2017). Burtch et al. (2015) also find that 46.5% of the 
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backers choose to hide their identity information (either username or backing amount) when 

provided the choice to. Meanwhile, offering backers the choice to hide their identity information 

before (compared to after) they finish the payment decreases the possibility to make a backing.  

Given the complex nature of information privacy, researchers suggest the discussion of privacy 

should be context-specific as it is difficult to reach a consensus by talking about privacy in 

general (Liu et al. 2021). In this study, we are to evaluate the overall effect of concealing backers' 

online identity on crowdfunding campaign outcomes. This study is to fill up a gap where 

concealing consumers' online identity without any priming at all. 
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3. HYPOTHESES DEVELOPMENT 

3.1 Online Identity Concealing and Fundraising Outcomes    

Different from other online marketplaces like Amazon or eBay, most crowdfunding platforms 

reveal backers' comprehensive identity information by maintaining a public record of all 

transactions, including backers' usernames, the amount of their contributions, and the historical 

campaigns they chose to support (Burtch et al. 2015). The rationale to do so is to take advantage 

of the social recognition and observational learning process empowered by identity disclosure, as 

has been fully elaborated by identity literature.  

First, making contributions to a reward-based crowdfunding campaign is often interpreted as a 

prosocial behavior to help fundraiser entrepreneurs realize their dreams (Gong et al. 2021). And 

this intrinsically prosocial motivation sometimes could even outweigh the opposing effects like 

rational herding and uncertainty about the campaign, which are often seen in other online 

transaction scenarios (Dai and Zhang 2019). For instance, researchers (Dai and Zhang 2019, 

Zvilichovsky et al. 2018) find that a campaign collects funding faster right before (vs. right after) 

meeting its funding goal and backers are more likely to baker a project as well as contribute more 

money right before (vs. right after) meeting its funding goal. This indicates that backers are 

strongly motivated to help fundraisers fulfill the funding goal regardless of the fact that they face 

less uncertainty in terms of receiving the reward after a campaign reaches the funding goal. And 

making such prosocial behavior visible to others is a well-established approach to realize social 

recognition, thus, facilitating such behaviors (Ariely et al. 2009, Bekkers and Wiepking 2010, 

Kessler and Milkman 2018). Therefore, concealing backers' online identities completely would 

inhibit such social recognition process and have negative effects on backers' willingness to back a 

campaign and the backing amount conditional on backing.  
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Second, backing a crowdfunding campaign is to join a temporary online community where 

backers share similar interests and work interdependently toward achieving the same funding goal 

(Burtch et al. 2016). Specifically, the reward of reward-based crowdfunding campaigns is often 

novel and unique. Backers who choose to contribute to the same campaign are meant to share 

something in common, either implicitly or explicitly. Meanwhile, under an "all or nothing" 

fundraising mechanism like Kickstarter, backers rely on the contribution of others to fulfill the 

fundraising goal, have the project finished, and rewards delivered. No single backer achieves this 

independently (Burtch et al. 2016). Therefore, effective identity communication can help backers 

find similar others (Ma and Agwal 2007) and better achieve this goal collectively. Concealing 

online identities would block such "relationship building" completely, resulting in negative 

crowdfunding outcomes.  

To sum it up, identity disclosure of a backer would, on the one hand, make the focal backer more 

likely to contribute by amplifying the prosocial motives, and on the other hand, facilitate 

subsequent backers to build the relationship and make backing decisions by observing peer others 

in this temporal community. Thus, concealing a backer's online identity completely have negative 

effects on crowdfunding outcomes. We, therefore, hypothesize that: 

H1a: Concealing of all backers' online identities makes a campaign receive fewer backings and 

less money  
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The flip side of this story, which we ignored in the argument above, is that identity disclosure will 

inevitably generate privacy concerns, regardless of the extent, and even privacy invasion. First of 

all, privacy concerns of the focal backer are highly possible. One consensus the prior literature 

agrees on is that people would behave differently with identity revealing. For example, content 

contributors would generate fewer pieces of content and spend more time per piece of content (Pu 

et al. 2020), publicize socially desirable information (Huberman et al. 2005), simply because their 

identity becomes visible to others. Therefore, those backers who choose not to contribute to the 

campaign at all (referred to as prospective non-backers) due to privacy concerns associated with 

identity disclosure now may choose to contribute to the campaign when backers' online identities 

are completely concealed. If the total number of potential non-backers is greater than the total 

number of backers for social recognition who backed the project with full identity disclosure, the 

campaign would then receive more backings when all backers' identities are concealed.  

Second, privacy invasion is possible when all backers' identity information is listed publicly. 

Campaign creators, namely the fundraiser entrepreneurs, could search backers who have backed 

similar campaigns of their kind, send invitations to them to contribute to their own campaigns, all 

of which are not the social recognition process we expect. Prior researchers assert that although 

donors often want to support certain causes, they do not want to actively search for them (Breeze 

2013, Song et al. 2021). In a similar crowdfunding setting, Tan et al. (2016) also find that backers 

become less motivated to contribute to a philanthropy campaign when the platform makes their 

contribution records visible to all visitors to the platform. And this demotivating effect is even 

larger for backers who have a larger number of prior backings. This indicates that the social 

recognition process is not linearly positively associated with the increase of identity visibility. 

When identity visibility exceeds a certain level, at least, the social recognition process would 

diminish, and privacy concerns dominate.  
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To sum it up, if prosocial motivation is not the dominant motivation among all potential backers, 

and (or) if a full identity disclosure arouses more privacy concerns than social recognition, then a 

complete concealing of backers' identities would have a positive effect on fundraising outcomes. 

We thereby hypothesize: 

H1b: Concealing all backers' online identities makes a campaign receive more backings and 

money 

3.2 Donors versus Rewardees    

A unique feature of reward-based crowdfunding that differs from other online transactions is that 

backers' motives to contribute to a campaign are a mix of intrinsically prosocial motivations and 

extrinsic motivations (Gong et al. 2021, Song et al. 2021). A prosocial motivation in reward-

based crowdfunding is defined as the phenomenon where backers derive utility only from the act 

of backing independent of its outcomes (e.g., a reward is delivered) (Song et al. 2021). That is, a 

backer with strong prosocial motivation contributes to a campaign largely because they feel good 

about doing so, including but not limited to a positive emotional feeling like a warm glow from 

having done their bit for causes they believe in (Andreoni 1989). In contrast, extrinsic motivation 

refers to motivations that a backer derives from consuming the reward, which is similar to the 

utility deriving process of purchasing a product from an online marketplace. For backers who are 

extrinsically motivated, they focus more on the reward of the campaign, like the quality, delivery 

time and risks of successfully producing such reward etc. Following Gong et al. (2021) and Song 

et al. (2021), we tend to take a mixed view that backers in reward-based crowdfunding have both 

intrinsically prosocial and extrinsic motivation.  

In our setting, backers' motivations are not observable. Thus, we define donors and rewardees 

based on their actual behaviors following Gong et al. (2021). When a fundraiser entrepreneur 

posts the campaign on a crowdfunding platform, they are required to offer choices for backers to 
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choose from by specifying a backing amount and a reward (or no reward at all instead of a thank 

you note) associated with the amount (Yang et al. 2020). In specific, donors are defined as 

backers who choose to contribute to a campaign but not receive any reward. And rewardees are 

defined as those who contribute to a campaign by choosing a choice with a reward product.  

In comparison with rewardees who are primarily motivated by the reward of a crowdfunding 

campaign, donors with prosocial motivations are more likely to realize the social recognition 

process with full identity disclosure as they are doing something good (Ariely et al. 2009, 

Bekkers and Wiepking 2010). However, those donors are also at higher risk of being searched by 

others such as other fundraisers, evoking privacy concerns when their identities are completely 

revealed. This is because prosocial motivates are more transmissible in the eyes of a fundraiser. 

Put it simple, if a donor donates to a reward-based campaign without receiving the reward, a 

fundraiser will speculate he is also more likely to donate to his own project thus reach out for 

help. However, for a rewardee who chooses to back for a specific reward, it is less likely for a 

fundraiser to make similar speculation that the fundraiser would also like his own reward product, 

thus reaching out for help.  

In summary, compared with rewardees, donors are more likely to benefit from the social 

recognition process as well as suffer from privacy invasion. Regardless of the dominant effects of 

social recognition or privacy concerns, donors are more likely to be affected. We thus speculate: 

H2: The effect of concealing all backers’ online identities on crowdfunding outcomes is larger for 

donors, in comparison with rewardees 

4. EMPIRICAL ANALYSES AND RESULTS 

4.1. Data and Research Context  

We empirically test our hypotheses by leveraging a natural experiment that happened on 

Kickstarter. Like most other crowdfunding platforms, Kickstarter has maintained a public list of 
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all transaction records (tagged as "backers") since its first launching online in 2009 (See Figure 

2). Any backer who successfully backed the campaign was manifested automatically in this 

backer list, including their usernames, backer avatars, location information, number of campaigns 

backed before, as well as a profile link that includes further details about the backer. With this 

backer list manifested, any visitor (potential backers and other fundraisers) who come to the 

campaign page could access these backers' identity information, click the backer profile link, and 

contact the backer via the contact information, if any, on their profile page. On December 1st, 

2014, Kickstarter removed the "backers" tag completely, after which all backers' identity 

information is concealed completely. Kickstarter removed this feature without any prior 

announcement, making both fundraisers and potential backers impossible to take any proactive 

actions. Therefore, the removal of the "backers" tag serves as a perfect exogenous shock to both 

fundraisers and backers in terms of online identity concealing.  

With a self-constructed, powerful web crawler, we collected all campaign updates from 

Kickstarter daily for more than eight years, which provides us great freedom to adjust our 

observation time window and explore both short-term and long-term effects of online identity 

concealing. For each campaign, we have detailed campaign-level information such as description, 

fundraising goal, choice categories, number of backings received, total money raised, etc. One 

disadvantage of this dataset is that we do not have transaction-level information, which makes it 

impossible for us to conduct analyses at the backer level and further explore the mechanisms.  

For the hypotheses testing, we refine our time window within a full calendar year (June 1st, 2014 

to June 1st, 2015), which is six months before the backer list removal and six months after the 

backer list removal. And we define this full calendar year as "treatment year". To rule out 

alternative explanations and show the robustness of our empirical results, we further take another 
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full calendar year (June 1st, 2013 to June 1st, 2014, referred as "control year"), during which the 

backer list was manifested all the time. 

 

Figure 2.  Backer list and community feature34 

4.2. Identification Strategy   

Our goal is to estimate the effect of backers' online identity concealment on crowdfunding 

outcomes such as the total number of backings received, total money raised and probability to 

reach the funding goal. In our context, online identity concealment was operationalized as an 

exogenous shock when the platform removed the backer list tag completely on December 1st, 

2014. And campaigns could only be affected, if any, by the treatment after December 1st, 2014. 

Notably, Kickstarter requires each campaign to pre-specify a fundraising duration when they first 

post the campaign on the platform. And campaigns can collect money from potential backers only 

during this pre-specified time window. As to each campaign's exposure to this exogenous 

treatment on December 1st, 2014, we have three types of campaigns (See Figure 3): campaigns 

end the fundraising before the treatment, not affected by the treatment at all (blue ellipse); 

 
34 In a two-year time window, backers on Kickstarter back the campaign with their identity completely 

concealed. However, nearly two years later, on February 17th, 2016, Kickstarter implemented another new 

"community" feature, where selectively shows a few backers' usernames and avatars as well as backers' 

location distribution. From then on, the backer's online identity was revealed, to some extent, again on 

Kickstarter. But this is beyond our research scope.  
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campaigns start before the treatment and end after the treatment, affected by the treatment with 

different time length (green ellipse); and campaigns start after the treatment, affected by the 

treatment during the full fundraising duration period.  

We use campaigns that start before the treatment and end after the treatment (green ellipse in 

Figure 3) to test our hypotheses. As we mentioned before, the treatment happens completely 

exogenous to both fundraisers' and backers' behaviors. Thus, the time length that a Type B 

campaign is exposed to the treatment is exogenous. That is, we estimate the effect of backers' 

online identity concealment on fundraising outcomes by taking advantage of the exogeneous time 

length exposed to the treatment (referred to as time proximity model). Specifically, we use both 

an absolute measure – Time Treated, defined as the number of days a campaign is exposed to the 

treatment, and a relative measure % Duration Treated, defined as the percentage of the duration 

exposed to the treatment- to measure treatment time length. Please refer to Table 24 for 

definitions of other variables and Table 25 for the summary statistics. 

 

Figure 3.  Three Types of Campaigns as to the Exposure to the Feature Change 

Treatment 

  

Table 24. Definitions of Variables 

Variable Definition  

Time Treated The time a campaign exposed to the “backer list removed” environment 

Treated Whether a campaign starts after “backer list removed (1-Yes, 0-No)” 

% Dur. Treated Percentage of the duration exposed to the “backer list removed” environment 

Days Treated  Total numbers of days exposed to the “backer list removed” environment 

# Backers Total number of backings received by a campaign 
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Money Total money pledged for a campaign  

Success Whether a campaign reaches the funding goal (1-Yes, 0-No) 

# Donor Total number of backings without getting the reward 

# Rewardee Total number of backings for the reward 

$ Donor Total money pledged by backers who do not get the reward 

$ Rewardee Total money pledged by backers who receive the focal reward  

Goal The funding goal of a campaign  

Ln Duration The funding duration of a campaign 

Video Whether a campaign has a video to describe the project  

 # Choices Total number of pledge choices of a campaign  

Fexp. Back Total number of campaigns the fundraiser backed before 

Fexp. Creat Total number of campaigns the fundraiser created before  

# Comments Total number of comments of a campaign  

# Updates Total number of updates of a campaign  

# Descrip. Total number of words count in the campaign description  

Choice Distr. Price distribution of the pledge choices  

 

Table 25. Summary Statistics of Campaigns Experienced the “Backer List Removal” 

(Created Before December 1, 2014 But Ended after December 1, 2014) 

Variable Obs. Mean Std. Dev. Min Max 

# Backers 6,594 91.09 515.57 0 23626 

$ Money 6,594 8867.93 54880.34 0 2335120 

Success 6,594 0.28 0.45 0 1 

# Rewardee 6,594 7.35 63.58 0 2417 

# Donor 6,594 83.66 485.83 0 22857 

$ Money Rewardee 6,594 83.21 1035.13 0 48447 

$ Money Donor 6,594 8779.07 54212.34 0 2292478 

% Duration Treated 6,594 0.47 0.26 0.017 1 

# Days Treated 6,594 17.72 12.21 1 59 

Duration  6,594 37.43 12.53 4 60 

Goal 6,594 64474.86 1135006.00 1 5.00E+07 

Video 6,594 0.64 0.48 0 1 

# Description Words 6,594 754.80 627.70 64 6085 

# Choices 6,594 7.79 5.76 1 118 

Choice Price Distr. 6,594 1.21 0.66 0 3.933856 

Fexp.Back 6,594 657.60 808.88 0 4795 

# FB Friends 6,594 2.58 10.99 0 545 

Fexp.Create 6,594 1.34 1.57 1 89 

# Updates 6,594 2.48 4.31 0 78 
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4.3. Results for Hypotheses Testing 

4.3.1 The effect of Identity Concealment on Fundraising Outcomes   

We report the main results for H1a and H1b in Table 26. We find that with the increase of time 

exposed to online identity concealment, a campaign revives more backings, raises more money as 

well as becomes more likely to reach its funding goal. Specifically, with one day increase of time 

exposed to the treatment, a campaign, on average, receives 4% more backers (Column 4), raises 

12% more money (Column 5) and becomes 1.4% more likely to reach the funding goal (Column 

6). Since the value of the variable % Duration Treated ranges from 0 to 1, thus the coefficient in 

Column 1 to Column 3 represents the maximum average effects of online identity concealment on 

fundraising outcomes. Specifically, compared with campaigns not exposed to the treatment at all, 

campaigns exposed to the treatment during its entire fundraising duration (right after the 

implementation of treatment), on average, receive 14% more backers (Column 1), raises 43% more 

money (Column 2) and becomes 4% more likely to reach the funding goal (Column 3). Thus, H1b 

is supported, indicating that privacy concerns are the dominant effect.  

Table 26. The effect of “Backer List Removal” on Crowdfunding Outcomes: 

Time Proximity Model 

  (1) (2) (3) (4) (5) (6) 

DV 
Ln (# 

Backers) 

Ln 

(Money) 
Success 

Ln (# 

Backers) 

Ln 

(Money) 
Success 

       

 % Duration Treated  Days Treated  

Changes in Y 14% 43% 4% 4% 12% 1.4% 

Time Treated 0.128** 0.356*** 0.367** 0.039* 0.111*** 0.131** 

 (0.0559) (0.1079) (0.1443) (0.0206) (0.0389) (0.0530) 

Ln (Duration) -0.162*** -0.346*** -0.725*** -0.195*** -0.442*** -0.838*** 

 (0.0474) (0.0936) (0.1310) (0.0522) (0.1019) (0.1426) 

Ln (Goal) 0.034*** 0.100*** -0.685*** 0.034*** 0.100*** -0.684*** 

 (0.0093) (0.0187) (0.0312) (0.0093) (0.0187) (0.0312) 

Video 0.527*** 1.103*** 0.634*** 0.528*** 1.105*** 0.634*** 

 (0.0353) (0.0741) (0.0987) (0.0353) (0.0741) (0.0987) 

Ln (Description) 0.250*** 0.572*** 0.268*** 0.250*** 0.572*** 0.267*** 

 (0.0260) (0.0519) (0.0691) (0.0260) (0.0520) (0.0692) 

Ln (# Choices) 0.427*** 1.019*** 0.753*** 0.427*** 1.019*** 0.753*** 

 (0.0297) (0.0566) (0.0784) (0.0297) (0.0567) (0.0784) 
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Choice Distri. -0.034 -0.169*** -0.169** -0.034 -0.169*** -0.168** 

 (0.0342) (0.0607) (0.0805) (0.0342) (0.0607) (0.0805) 

Ln (# FB Friends) 0.013** 0.036*** 0.019 0.013** 0.036*** 0.019 

 (0.0050) (0.0096) (0.0130) (0.0050) (0.0096) (0.0130) 

Ln (Fexp. Back) 0.291*** 0.366*** 0.138*** 0.290*** 0.363*** 0.137*** 

 (0.0205) (0.0326) (0.0438) (0.0205) (0.0325) (0.0438) 

Ln (Fexp. Creat) -0.063 -0.394*** 0.241* -0.062 -0.391*** 0.244* 

 (0.0663) (0.1135) (0.1355) (0.0663) (0.1136) (0.1356) 

Ln (# Updates) 1.016*** 1.537*** 1.600*** 1.016*** 1.537*** 1.600*** 

 (0.0226) (0.0384) (0.0576) (0.0226) (0.0384) (0.0576) 

Constant -0.965*** -1.541*** 1.877*** -0.894*** -1.337*** 2.105*** 

 (0.2396) (0.4619) (0.6279) (0.2407) (0.4630) (0.6336) 

Observations 6,594 6,594 6,594 6,594 6,594 6,594 

R-squared 0.63 0.59  0.63 0.59  
Category YES YES YES YES YES YES 

Time FE NO NO NO NO NO NO 

City FE YES YES YES YES YES YES 

Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 
 

4.3.2 Donors versus Rewardees 

Based on a backer's choice (whether to receive the reward), we define two types of backers: donors 

and rewardees. As we do not have the transaction-level data, we could not estimate the 

heterogeneous effects with an interaction term. Instead, we follow common practice in our field 

(Aggarwal et al. 2012, Dewan et al. 2010, He et al. 2020, Mani et al. 2012) and run the time 

proximity model for both rewardees and donors with a seemingly unrelated regressions (SUR) 

system. By integrating the distribution of the error terms of both models, SUR estimates the model 

for donors and rewardees jointly and reports the probability (P(SUR)) that the coefficients are 

statistically identical. This allows us to compare the effect of backers' online identity concealment 

on donors versus rewardees.  

As reported in Table 27, we find that with the increase of time exposed to identity concealment, 

both donors and rewardees are more likely to back a project (Column 1 and 2), backing a larger 

amount of money in total (Column 3 and 4) and on average (Column 5 and 6). Furthermore, we 

also find that online identity concealment does not necessarily make a potential donor more likely 

to back a campaign than a rewardee does because we could not reject the null hypotheses that the 
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two coefficients are statically the same (P(SUR)=0.385<0.01). However, online identity 

concealment does make a potential donor contribute a larger amount of money in total 

(P(SUR)=0.001 < 0.01) and on average (P(SUR)=0.002 < 0.01). Thus, H2 is supported. 

Table 27. The effect of “Backer List Removal” on Crowdfunding Outcomes: 

Rewardees versus Donors – Time Proximity Model  

  (1) (2) (3) (4) (5) (6) 

DV 
Ln (# 

Rewardees) 

Ln 

(#Donor) 

Ln ($T. 

Rewardees) 

Ln ($T. 

Donor) 

Ln ($A. 

Rewardees) 

Ln ($A. 

Donor) 

       
 P(SUR)=0.385 P(SUR)=0.001 P(SUR)=0.002 

Changes in Y 15% 10% 23% 45% 11% 23% 

Time Treated 0.137*** 0.092* 0.211*** 0.375*** 0.102** 0.207*** 

 (0.0426) (0.0546) (0.0700) (0.1065) (0.0480) (0.0662) 

Ln (Duration) -0.066* -0.146*** -0.189*** -0.328*** -0.181*** -0.223*** 

 (0.0355) (0.0455) (0.0583) (0.0888) (0.0396) (0.0606) 

Ln (Goal) -0.015** 0.050*** -0.018 0.097*** -0.020*** 0.091*** 

 (0.0071) (0.0091) (0.0117) (0.0178) (0.0079) (0.0135) 

Video 0.172*** 0.489*** 0.319*** 1.081*** 0.203*** 0.327*** 

 (0.0270) (0.0346) (0.0443) (0.0675) (0.0291) (0.0475) 

Ln (Description) 0.073*** 0.224*** 0.081** 0.558*** 0.010 0.240*** 

 (0.0194) (0.0249) (0.0319) (0.0486) (0.0226) (0.0326) 

Ln (# Choices) 0.313*** 0.483*** 0.939*** 1.085*** 0.667*** 0.520*** 

 (0.0222) (0.0284) (0.0365) (0.0555) (0.0267) (0.0386) 

Choice Distri. -0.722*** 0.115*** -1.292*** -0.107* -0.705*** -0.150*** 

 (0.0250) (0.0320) (0.0411) (0.0625) (0.0290) (0.0349) 

Ln (# FB Friends) -0.007* 0.015*** -0.005 0.037*** 0.003 0.010 

 (0.0037) (0.0048) (0.0061) (0.0094) (0.0043) (0.0059) 

Ln (Fexp. Back) 0.126*** 0.281*** 0.236*** 0.360*** 0.107*** -0.033* 

 (0.0147) (0.0189) (0.0242) (0.0369) (0.0163) (0.0184) 

Ln (Fexp. Creat) 0.114** -0.059 0.043 -0.382*** -0.105** -0.062 

 (0.0444) (0.0568) (0.0729) (0.1110) (0.0473) (0.0594) 

Ln (# Updates) 0.490*** 0.973*** 0.889*** 1.521*** 0.424*** 0.299*** 

 (0.0152) (0.0195) (0.0250) (0.0381) (0.0173) (0.0210) 

Constant 0.199 -1.324*** 0.489* -1.691*** 0.963*** 0.929*** 

 (0.1785) (0.2287) (0.2932) (0.4465) (0.2014) (0.2973) 

Observations 6,594 6,594 6,594 6,594 5,552 5,552 

R-squared 0.36 0.65 0.44 0.60 0.37 0.28 

Category YES YES YES YES YES YES 

Time FE NO NO NO NO NO NO 

City FE YES YES YES YES YES YES 

Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 
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4.4. Robustness Check and Additional Analyses   

4.4.1 Falsification Test of Holiday Effect  

December 1st is a special time as it sits in the middle of important holidays: Thanksgiving and 

Christmas. So, is it possible that the above-observed effect of online identity concealment on 

crowdfunding outcomes is driven by this holiday mood and our model captures this coincidentally? 

We thus estimate the same time proximity model again with the data from the prior year. That is, 

we assume a fake treatment happened on December 1st, 2013, during which the backer list remained 

as usual. If the effect we observe is a holiday effect, we should observe similar results. As we can 

see in Table 28, the coefficients of the time length of the treatment on crowdfunding outcomes are 

all insignificant, thus, ruling out the concern of holiday effects.  

Table 28. The effect of “Fake Backer List Removal” on Crowdfunding Outcomes: 

Time Proximity Model 

  (1) (2) (3) (4) (5) (6) 

DV 
Ln (# 

Backers) 

Ln 

(Money) 
Success 

Ln (# 

Backers) 

Ln 

(Money) 
Success 

       

 % Duration Treated  Days Treated  

Time Treated 0.126 0.125 0.058 0.042 0.032 0.228 

 (0.693) (0.1179) (0.0577) (0.0267) (0.0449) (0.1515) 

Ln (Duration) -0.253*** -0.234* -0.974*** -0.287*** -0.258** -0.933*** 

 (0.0683) (0.1196) (0.1601) (0.0734) (0.1289) (0.1492) 

Ln (Goal) 0.028* 0.059** -0.795*** 0.028* 0.059** -0.795*** 

 (0.0154) (0.0286) (0.0387) (0.0154) (0.0286) (0.0387) 

Video 0.402*** 0.843*** 0.450*** 0.402*** 0.843*** 0.451*** 

 (0.0530) (0.1028) (0.1267) (0.0530) (0.1028) (0.1268) 

Ln (Description) 0.155*** 0.323*** 0.079 0.156*** 0.323*** 0.078 

 (0.0353) (0.0633) (0.0784) (0.0353) (0.0633) (0.0784) 

Ln (# Choices) 0.434*** 0.804*** 0.652*** 0.434*** 0.805*** 0.650*** 

 (0.0430) (0.0719) (0.0921) (0.0430) (0.0719) (0.0921) 

Choice Distri. 0.021 0.051 -0.111 0.021 0.050 -0.110 

 (0.0418) (0.0660) (0.0872) (0.0418) (0.0660) (0.0872) 

Ln (# FB Friends) -0.004 -0.005 -0.022 -0.004 -0.005 -0.022 

 (0.0065) (0.0110) (0.0142) (0.0065) (0.0110) (0.0142) 

Ln (Fexp. Back) 0.270*** 0.333*** 0.345*** 0.270*** 0.332*** 0.347*** 

 (0.0247) (0.0375) (0.0514) (0.0247) (0.0375) (0.0514) 

Ln (Fexp. Creat) 0.014 -0.148 -0.211 0.014 -0.147 -0.211 

 (0.0711) (0.1116) (0.1623) (0.0711) (0.1116) (0.1622) 

Ln (# Updates) 0.977*** 1.324*** 1.364*** 0.976*** 1.324*** 1.365*** 
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 (0.0247) (0.0390) (0.0582) (0.0247) (0.0390) (0.0582) 

Constant 0.197 0.808 6.114*** 0.266 0.866 6.013*** 

 (0.3252) (0.5836) (0.7172) (0.3251) (0.5838) (0.7157) 

Observations 4,370 4,370 4,370 4,370 4,370 4,370 

R-squared 0.57 0.50  0.57 0.50  
Category YES YES YES YES YES YES 

Time FE NO NO NO NO NO NO 

City FE YES YES YES YES YES YES 

Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 
 

4.4.2 Falsification Test of Natural Time Accumulation Effect 

Our identification strategy is to take advantage of the time proximity of a campaign to the treatment 

day. One credible concern is that a campaign would accumulate more backings and money naturally 

as time goes by. We address this concern in two steps. First, we have already included fundraising 

duration as a control variable when we use the number of days to measure treatment time length. 

Meanwhile, our main analyses use the relative measure – the percentage of fundraising duration 

exposed to the treatment, which would not necessarily increase with the time proximity to the 

treatment day. Second, we replicate our analyses, after removing all campaigns that were truly 

exposed to the real treatment, by assuming the treatment happened on a different day in a two-

month time window from October 2nd, 2014 to November 29th, 2019. We report the coefficients of 

treatment in Table 29. We find none of those fake treatments would result in significant coefficients 

estimates of all six models. This indicates it is very unlikely that the above-observed effects are 

driven by a natural time accumulation effect.  

Table 29. Falsification Test Assuming a “Backer List Removal” Happens in Any Day in a 

Two-Month Time Window: Coefficients of the Variable Time Treated  

 (1) (2) (3) (4) (5) (6) 

 Ln (# 

Backers) 

Ln 

(Money) 
Success 

Ln (# 

Backers) 

Ln 

(Money) 
Success 

 % Duration Treated  Days Treated  

02oct2014 0.047 -0.099 0.001 0.015 -0.025 0.001 

03oct2014 0.059 -0.057 -0.002 0.025 0.004 -0.001 

04oct2014 0.044 -0.104 -0.008 0.026 -0.011 -0.003 

05oct2014 0.011 -0.159* -0.018 0.011 -0.047 -0.007 
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06oct2014 0.013 -0.123 -0.015 0.009 -0.037 -0.005 

07oct2014 0.043 -0.068 -0.019 0.024 -0.016 -0.006 

08oct2014 0.057 -0.020 -0.008 0.028 0.002 -0.004 

09oct2014 0.023 -0.061 -0.009 0.008 -0.026 -0.006 

10oct2014 -0.001 -0.124 -0.007 -0.003 -0.060 -0.006 

11oct2014 0.016 -0.054 -0.004 0.007 -0.026 -0.001 

12oct2014 0.000 -0.074 -0.013 0.003 -0.033 -0.005 

13oct2014 -0.021 -0.084 -0.007 -0.001 -0.023 -0.000 

14oct2014 -0.013 -0.046 -0.006 0.000 -0.013 -0.000 

15oct2014 -0.019 -0.091 -0.008 -0.003 -0.028 -0.001 

16oct2014 -0.047 -0.113 -0.022 -0.008 -0.029 -0.005 

17oct2014 -0.049 -0.122 -0.016 -0.010 -0.047 -0.002 

18oct2014 -0.078 -0.139 -0.018 -0.021 -0.050 -0.002 

19oct2014 -0.135** -0.220** -0.027 -0.057*** -0.104*** -0.008 

20oct2014 -0.107* -0.145 -0.025 -0.040* -0.060 -0.006 

21oct2014 -0.090* -0.086 -0.017 -0.034* -0.036 -0.003 

22oct2014 -0.061 -0.002 -0.013 -0.026 -0.012 -0.003 

23oct2014 -0.039 0.066 -0.015 -0.020 0.003 -0.004 

24oct2014 -0.024 0.087 -0.020 -0.004 0.025 -0.007 

25oct2014 0.019 0.167* -0.015 0.016 0.058 -0.005 

26oct2014 -0.026 0.103 -0.013 -0.014 0.010 -0.005 

27oct2014 -0.030 0.108 -0.012 -0.015 0.017 -0.005 

28oct2014 0.016 0.187* 0.003 0.005 0.059* 0.000 

29oct2014 0.007 0.150 0.008 -0.004 0.048 -0.000 

30oct2014 -0.017 0.076 -0.009 -0.008 0.019 -0.006 

31oct2014 0.009 0.111 0.005 0.000 0.035 -0.001 

01nov2014 -0.070 -0.001 0.002 -0.025 0.005 0.000 

02nov2014 -0.099* -0.065 -0.007 -0.041* -0.029 -0.004 

03nov2014 -0.115* -0.087 -0.017 -0.046** -0.034 -0.008 

04nov2014 -0.090 -0.027 -0.008 -0.042* -0.021 -0.005 

05nov2014 -0.006 0.070 0.001 -0.008 0.015 -0.004 

06nov2014 -0.005 0.067 0.006 -0.002 0.026 -0.001 

07nov2014 0.060 0.146 0.026 0.020 0.054 0.005 

08nov2014 0.034 0.060 0.028 0.005 0.006 0.007 

09nov2014 0.057 0.101 0.023 0.028 0.046 0.007 

10nov2014 0.022 0.043 0.014 0.021 0.044 0.005 

11nov2014 0.011 0.042 0.026 0.018 0.047 0.007 

12nov2014 -0.004 0.033 0.030 0.015 0.049 0.009 

13nov2014 -0.004 -0.094 0.023 0.018 0.005 0.008 

14nov2014 -0.064 -0.177 0.007 -0.004 -0.029 0.002 

15nov2014 0.002 -0.085 0.015 0.014 -0.006 0.003 

16nov2014 -0.102 -0.187 -0.006 -0.022 -0.060 -0.003 

17nov2014 -0.119 -0.250 -0.025 -0.020 -0.070 -0.011 

18nov2014 -0.144 -0.384 0.010 -0.023 -0.096 -0.000 

19nov2014 -0.115 -0.329 0.030 -0.027 -0.098 -0.002 
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20nov2014 -0.081 -0.138 0.061 -0.021 -0.071 0.002 

21nov2014 0.155 0.498 0.135* 0.020 0.056 0.020 

22nov2014 -0.141 0.132 0.108 -0.047 -0.016 0.011 

23nov2014 -0.040 0.272 0.107 -0.028 -0.014 0.009 

24nov2014 -0.024 0.497 0.174 -0.030 0.045 0.023 

25nov2014 0.113 0.734 0.111 -0.039 0.073 0.020 

26nov2014 0.728 1.646 0.202 0.068 0.242 0.038 

27nov2014 0.618 1.695 0.307 0.066 0.290 0.089*** 

28nov2014 1.746 4.955* 0.067 0.227 0.784** 0.065 

29nov2014 5.614** 8.827* 0.388 0.654** 1.225** 0.096 

 

4.4.3 Evidence of Unexpected Behavior Change or Demand Shock   

As a two-sided platform, the fundraising demand from fundraisers would reach a balance with fund 

supply from potential backers in the long run. However, due to the media shock or other unexpected 

societal events, this balance between fund demand and supply may be interrupted. In specific, we 

are to rule out the possibility of whether the total number of campaigns and average campaign 

quality change during our research time window. Following prior literature, we use whether a 

campaign has a video and the total number of words of the campaign description as proxies of 

campaign quality (Gong et al. 2021, Tan et al. 2016). For example, in July 2014, a substantial 

number of low-quality projects were launched on Kickstarter because of a media shock on a 

"potato-salad campaign".  

We do observe a salient decrease trend of the total number of campaigns posted from November 

1st to December 31st, 2014 (Figure 4), which is very similar to the trend in the year 2013, indicating 

there is no unexpected shock at the demand side from fundraisers. Meanwhile, as shown in Figure 

5 and Figure 6, there are no salient changes in the average quality of campaigns posted either in 

November 2014, in terms of both whether a campaign has a video and the average number of words 

in the description.  

To sum it up, by comparing the total number of new campaigns posted each day and the average 

quality of those campaigns posted to the prior year, we do not find evidence of unusual change, 
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such as a sudden demand decrease or quality increase, which may potentially result in the effects 

observed above.  

 

Figure 4. Number of New Campaigns Posted Online by Day 

 

 

Figure 5. Average Campaign Quality by Time: Whether Has a Video Description 
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Figure 6. Average Campaign Quality by Time: No. of Words in Description 
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after the treatment (Figure 2, Type C) to campaigns ended before the treatment (Figure 2, Type A).  

We use coarsened exact matching (one to one matching) to reduce the unbalance at the 

observational level. The assumption is that if a campaign is similar to another on a lot of observables, 

it is very likely that these two campaigns are similar on the unobservables too, which may cause 

endogeneity concerns. Notably, all campaigns in the treatment group are posted after all the 

campaigns in the control group. To account for the time trends, we introduced time fixed effects at 

the daily level.  

We conducted the analyses in an exploratory manner by zooming in and out the observational time 

window from one month to 12 months before and after the treatment implemented. The results are 

consistent, and we choose a six-month observational time window (3 months before and 3 months 

after the treatment is implemented) to report in this manuscript. We reported the mean comparison 

of the treatment group and control group before and after the matching. We match the treatment 

group to the control group based on ten observable variables. And the matching successfully 

reduced the unbalance at the mean level (Table 30. T-test on the mean becomes statistically 

insignificant after matching).  

Table 30. Mean Comparison Before and After Coarsened Exact Matching 

 Before matching After matching  

 Treatment 

N=17,810 

Control 

N=12,594 

P-Value 

(T-test) 

Treatment 

N=3,853 

Control 

N=3,853 

P-Value 

(T-test) 

Duration 34.10 31.10 0.000*** 31.51 31.16 0.217 

Goal 78264.35 35948.25 0.012** 16895.67 16566.54 0.653 

Video 0.55 0.65 0.000*** 0.56 0.56 1 

# Des. Words 752.81 726.43 0.000*** 718.98 613.42 0.098* 

# Choices 6.57 7.81 0.000*** 5.91 5.93 0.895 

Choice Price 

Distr. 
1.07 1.20 0.000*** 1.03 1.05 0.269 

Fexp.Back 102.61 409.80 0.000*** 134.83 130.98 0.676 

# FB Friends 2.15 3.59 0.000*** 0.61 0.65 0.469 

Fexp.Create 1.35 1.39 0.029** 1.11 1.11 0.519 

# Updates 2.09 2.58 0.000*** 1.60 1.43 0.367 
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With the CEM matching sample, we conduct another analyses by comparing campaigns full 

exposed to the identity concealment treatment with campaigns not exposed to the treatment at all. 

After accounting for the time trends and potential differences at the campaign level, we find that 

campaigns fully exposed to the treatment, on average, receive 79% more backers, raise 385% more 

money, and become 43% more likely to reach their funding goals (Table 31). Again, identity 

concealment makes both the donors and rewardees more likely to make a contribution, but the 

effect size between a donor and rewardee is statistically insignificant (Table 32, Column 1 and 2). 

Moreover, identity concealment makes both donors and rewardees contribute more money on 

average and in total (Table 32, Column 3 and 4). But the effect on donors’ average contribution 

and total contribution is much larger than that on the rewardees (SUR rejects the null hypotheses 

that the coefficients are statistically identical).  

Table 31. The effect of “Backer List Removal” on Crowdfunding Outcomes: Coarsened 

Exact Matching Model 

 (1) (2) (3) 

VARIABLES Ln (# Backers) Ln (Money) Success 

    
Changes in Y 79% 385% 43% 

Treated 0.583*** 1.579*** 0.356*** 

 (0.1394) (0.3060) (0.0474) 

Ln (Duration) -0.080** -0.147 -0.063*** 

 (0.0402) (0.0939) (0.0139) 

Ln (Goal) -0.004 0.005 -0.056*** 

 (0.0077) (0.0171) (0.0026) 

Video 0.466*** 1.086*** 0.054*** 

 (0.0308) (0.0696) (0.0090) 

Ln (Description) 0.312*** 0.705*** 0.023*** 

 (0.0257) (0.0529) (0.0076) 

Ln (# Choices) 0.525*** 1.190*** 0.082*** 

 (0.0304) (0.0598) (0.0089) 

Choice Distribution -0.173*** -0.338*** -0.044*** 

 (0.0351) (0.0655) (0.0102) 

Ln (# FB Friends) -0.001 0.006 -0.001 

 (0.0052) (0.0106) (0.0016) 

Ln (Fexp. Back) 0.371*** 0.452*** 0.051*** 

 (0.0299) (0.0470) (0.0096) 

Ln (Fexp. Creat) -0.129 -0.587*** 0.013 

 (0.0877) (0.1609) (0.0251) 
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Ln (# Updates) 1.025*** 1.665*** 0.232*** 

 (0.0225) (0.0393) (0.0068) 

Constant -1.576*** -3.363*** 0.193*** 

 (0.2169) (0.4472) (0.0672) 

Observations 7,706 7,706 7,706 

R-squared 0.62 0.57 0.39 

Category YES YES YES 

Time FE YES YES YES 

City FE YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1  
 

Table 32. The Effect of “Backer List Removal” on Crowdfunding Outcomes: 

Rewardees versus Donors-Coarsened Exact Matching Model  

  (1) (2) (3) (4) (5) (6) 

DV 
Ln (# 

Rewardees) 

Ln 

(#Donor) 

Ln ($T. 

Rewardees) 

Ln ($T. 

Donor) 

Ln ($A. 

Rewardees) 

Ln ($A. 

Donor) 

       
 P(SUR)=0.689 P(SUR)=0.001 P(SUR)=0.002 

Changes in Y 53% 42% 109% 348% 63% 251% 

Treated 0.428*** 0.351** 0.736*** 1.499*** 0.486*** 1.255*** 

 (0.1076) (0.1367) (0.1773) (0.3056) (0.1085) (0.2224) 

Ln (Duration) -0.040 -0.065* -0.076* -0.146 -0.045* -0.048 

 (0.0271) (0.0389) (0.0437) (0.0941) (0.0271) (0.0697) 

Ln (Goal) -0.031*** 0.019*** -0.038*** 0.011 -0.022*** 0.008 

 (0.0053) (0.0073) (0.0085) (0.0170) (0.0053) (0.0123) 

Video 0.151*** 0.422*** 0.248*** 1.069*** 0.146*** 0.580*** 

 (0.0208) (0.0295) (0.0332) (0.0694) (0.0200) (0.0498) 

Ln (Description) 0.110*** 0.275*** 0.179*** 0.694*** 0.098*** 0.380*** 

 (0.0176) (0.0251) (0.0295) (0.0526) (0.0183) (0.0365) 

Ln (# Choices) 0.366*** 0.560*** 0.974*** 1.250*** 0.622*** 0.738*** 

 (0.0233) (0.0296) (0.0381) (0.0599) (0.0227) (0.0413) 

Choice Distri. -0.683*** -0.027 -1.254*** -0.274*** -0.660*** -0.158*** 

 (0.0266) (0.0347) (0.0432) (0.0656) (0.0252) (0.0447) 

Ln (# FB Friends) -0.009** -0.000 -0.015** 0.010 -0.006 0.014* 

 (0.0037) (0.0051) (0.0062) (0.0106) (0.0039) (0.0073) 

Ln (Fexp. Back) 0.132*** 0.371*** 0.263*** 0.434*** 0.147*** 0.050 

 (0.0244) (0.0302) (0.0394) (0.0470) (0.0238) (0.0308) 

Ln (Fexp. Creat) 0.260*** -0.192** 0.234** -0.549*** -0.077 -0.339*** 

 (0.0808) (0.0832) (0.1085) (0.1605) (0.0533) (0.1114) 

Ln (# Updates) 0.446*** 0.975*** 0.827*** 1.645*** 0.451*** 0.618*** 

 (0.0171) (0.0221) (0.0278) (0.0393) (0.0165) (0.0253) 

Constant -0.461*** -1.603*** -1.063*** -3.475*** -0.567*** -1.932*** 

 (0.1597) (0.2119) (0.2588) (0.4463) (0.1557) (0.3095) 

Observations 7,706 7,706 7,706 7,706 7,706 7,706 

R-squared 0.34 0.64 0.44 0.58 0.41 0.40 

Category YES YES YES YES YES YES 

Time FE YES YES YES YES YES YES 
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City FE YES YES YES YES YES YES 

Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 
 

5. DISCUSSION AND CONCLUSION 

By leveraging a natural experiment taking place on Kickstarter, we empirically estimate the effect 

of backer’s identity concealment on crowdfunding outcomes. Results show that concealing backers’ 

online identities helps a campaign gain more backings and more money as well as become more 

likely to reach the funding goal. And this positive effect is larger for donors than rewardees.  

We are to claim a few additive contributions to the different literature streams. First, this study 

contributes to the online identity literature by empirically estimating the effect of online identity 

concealment on crowdfunding outcomes in the context of reward-based crowdfunding, which is a 

natural addition to identity literature in different contexts. Meanwhile, as prior literature examined 

online identity either form the focal consumer perspective (Bekkers and Wiepking 2010, Huberman 

et al. 2005, Pu et al. 2020) or the subsequent consumers who may refer to the prior to make their 

own decisions (Burtch et al. 2016, Chaiken 1980, Ma and Agawal 2007) this study examine this by 

integrating both perspectives. Most importantly, the study validates the benefits of online identity 

concealment, contradicts the findings from prior literature that online identity disclosure is 

beneficial (Chaiken 1980, Huang et al. 2017, Ma and Agawal 2007).  

Second, this study contributes to the crowdfunding literature by empirically highlighting another 

effective way, namely backers' identity concealment, to promote crowdfunding outcomes. How to 

promote the value-creating interactions, i.e., backing a campaign, on crowdfunding is a continuous 

pursuit for both academia and practice. While prior studies have focused on the observational 

learning among peer backers thus, backers' concealing of their identity information would 

negatively affect subsequent backers' probability and the total amount of backing (Burtch et al. 

2015 2016), this study demonstrates an overall positive effect of identity concealment. 
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Third, this study also contributes to the information privacy literature by providing empirical 

evidence that backers with intrinsic motivations may suffer from larger privacy concerns compared 

with extrinsically motivated rewardees. When considering the prosocial nature of backers’ 

motivations to back a campaign, researchers tend to highlight the prosocial facet and advocate 

publicly recognizing their contributions (e.g., displaying backers’ identity information in a backer 

list) (Ariely et al. 2009, Bekkers and Wiepking 2010), thus ignoring those backers’ privacy 

concerns. In addition, we empirically show online identity concealment benefits crowdfunding 

outcomes by attenuating both donors’ and rewardees’ privacy concerns.  

This study has important managerial implications for crowdfunding platforms. First, maintaining a 

public list of all transaction records, which reveals backers’ identity information, is not a good idea 

in terms of motivating a backer to contribute and, conditional on that, contribute more money to a 

campaign and the platform in general. Second, in reward-based crowdfunding, although traditional 

wisdom implies revealing backers’ identity may facilitate the social recognition as well as the 

observational learning among peer backers, crowdfunding platforms should not ignore the risks of 

potential privacy concerns of the backers, even privacy invasion from fundraisers or peer backers. 

Third, our study implies donors are more likely to suffer from privacy concerns or privacy invasion. 

Thus, crowdfunding platforms should customize their privacy policy, for example, better privacy 

protection for donors while more opportunity for rewardees to reveal their identity information, to 

better fit the privacy preferences of both donors and rewardees.  

This study has limitations too. First, the estimation of the long-term effect of online identity 

concealment on crowdfunding outcomes may suffer from endogeneity concerns. Thus, we should 

cautiously interpret the long-term effect, which is to represent the maximum influence of backers’ 

identity concealment. Second, we can hardly verify some of the mechanisms we proposed in our 

analyses due to the fact that we do not have data at the transactional level. It would be interesting 

to further explore the heterogeneous effects at the backer level. Third, our treatment goes to the 
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opposite extreme of identity disclosure, namely complete identity concealment. Theoretically, the 

best practice should be a stage in the middle where privacy concerns are appropriately protected 

while social recognition and observational learning are not eliminated thoroughly.   
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CONCLUDING REMARKS   

With the growing importance of the platform economy, how to facilitate the value-creating 

interactions on platforms has drawn extensive attention from both academia and industry. As a 

Ph.D. candidate majoring in the field of Information Systems, I dedicated to tackling this problem 

from an IS perspective. Specifically, I am interested in how to promote and boost such value-

creating interactions by looking into the factors that are fundamental and unique to a specific 

platform, thus optimizing the design of the platform.  

For instance, my first essay focus on online labor markets, where IT service providers and IT 

service buyers transact for services. Different from conventional platforms like Amazon for 

physical goods transactions, what is for transaction in the online labor market is highly customized 

and unstandardized IT service, which is often difficult to price for the service provider, and 

challenging, if not possible, to conduct price quires for service buyers. Thus, both parties confront 

with value uncertainty, defined as the perceived difficulty to price a service. Therefore, I propose 

price dispersion as an important and unique determinant in both buyers' decision to offer a service 

contract and providers' decision to accept the contract when offered one by influencing the 

perceived value uncertainty.  

My second essay shifts the focus to reward-based crowdfunding platforms for pre-selling of new 

products, where sellers are framed as entrepreneurs in need of initial funding and buyers are 

branded as prosocial investors to help entrepreneurs realize dreams. Different from buyers on 

traditional e-retailing platforms who are primarily motivated by the need to consume a product, 

buyers on crowdfunding platforms are also intrinsically motivated to help the entrepreneurs or do 

something good in general. When buyers are primarily motivated by extrinsic motivations in a 

conventional e-retailing platform, the two most important factors that affect the purchasing 

decisions are price and uncertainty to evaluate a product. In my second essay, I am trying to 
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investigate how buyers (namely backers, using the term mentioned above) respond to price and 

uncertainty with the presence of intrinsic motivations, especially how buyers in crowdfunding 

platforms would respond to low-price but high uncertainty choices.  

My third essay is a closer follow up of the second study in terms of how to take advantage of buyers' 

mixed motivations, prosocial motivation especially, in crowdfunding platforms. Conventional 

wisdom consistently shows that people want to be seen when they are doing something good. 

Following this logic, most crowdfunding platforms choose to maintain a public list of all buyers' 

identity information, in purpose of recognizing their good deeds to help entrepreneurs. What I am 

trying to challenge is that whether revealing buyers' complete identity information is the most 

effective way to facilitate value-creating interactions. More broadly, how buyers with prosocial 

motivations make trade-offs between the need to gain social recognition by increasing visibility of 

identity and the need to protect information privacy by decreasing visibility of identity.  

I summarize how I explore those questions empirically and what I find as below. In my first essay, 

I propose "bid price dispersion" as a key determinant of matching (the value-creating interactions 

in online labor markets), and empirically examine the effect of bid price dispersion on two key 

sequential stages of matching in online labor markets: (a) buyer indecision — whether a buyer 

offers a contract to any freelancer; and (b) freelancer regret — whether the freelancer accepts the 

contract offered by the buyer. Using panel data from a leading online labor market (Freelancer), 

the results show that bid price dispersion is associated with an increase in both buyer indecision 

and freelancer regret, thus hurting the value-creating matching. Additional analyses further suggest 

that larger projects, projects with a larger number of buyers and longer duration as well as projects 

of which the first buyer price tend to have larger price dispersion. Therefore, by empirically 

showing the negative impact of high price dispersion on the probability of contracting between IT 

service buyers and providers, my first essay provides evidence of the existence of value uncertainty 

in the online labor market. As earlier studies on uncertainty in e-commerce literature focused 
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specifically on a buyer's difficulty in assessing a seller's true characteristics and predicting whether 

the seller will act opportunistically (seller uncertainty), evaluating the product's quality and 

performance (product uncertainty) , and fit with a buyer's needs (product fit uncertainty) , this study 

contributes to this literature by theoretically proposing and empirically testing value uncertainty in 

the context of IT services. Extending transactions for physical products whose value is usually 

known to buyers prior to the transaction, notably IT services, buyers also face value uncertainty 

beyond the types of uncertainty examined by prior literature.  

I empirically test my theoretical reasoning about how buyers with mixed motivations may respond 

to price and uncertainty differently by examining how backers in crowdfunding platforms respond 

to a lottery choice--low price with high uncertainty of receiving a product. With data from a reward-

based crowdfunding platform in China, I find that both donors with primary prosocial motivation 

and rewardees with primary extrinsic motivation are turned to choose the lottery choice when 

available, which jointly makes a project raise less money and become less likely to reach the 

funding goal. Furthermore, some of the backers who would otherwise not back the project at all are 

also attracted by the lottery choice, making a project overall receive a larger number of backings. 

The empirical findings suggest that uncertainty is not absolutely a bad thing in all contexts. When 

backers have mixed motivations, the intrinsic motivation may make the uncertainty less salient and 

attenuate the negative outcomes. Meanwhile, price is once again proven to be decisive in people's 

decisions as we find rewardees who are to back for the reward become tolerant about the uncertainty 

of not receiving the reward when the price is low.  

By leveraging a natural experiment that happened on Kickstarter, I empirically test people's 

response to identity concealment. And I find evidence that concealing backers' identity completely 

benefits the fundraising outcomes, namely crowdfunding campaigns receive more backings, collect 

more money, and become more likely to reach the funding goal when the platform has all backers' 

identities concealed completely. And this positive effect is larger for donors, those who back a 
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campaign without receiving the reward, compared to rewardees who back for the reward. As prior 

literature emphasizes the benefits of identity revealing from the perspective of source credibility 

and observational learning among peers, this study contributes to the literature by empirically 

demonstrating the positive effect of identity concealment and highlighting the importance of 

privacy concerns while prior researchers focus more on the backers' prosocial motivation and mean 

to promote such motives. 

To conclude, from my point of view, perspective—the angle to tackling problems-- is what matters 

most to a scholar. The three essays of my dissertation, to some extent, reflect my research 

philosophy and the way I look into the business. I strongly encourage myself to think of 

fundamental questions that could best differentiate platforms from each other such as the value 

uncertainty for IT service transactions and mixed motivations of backers in crowdfunding. I would 

like to devote myself to such an academic career.  
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