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ABSTRACT 

 

Crowdfunded marketplaces have recently emerged as a novel avenue for 

entrepreneurs to raise capital in support of innovative ideas and ventures. In these 

markets, any individual can propose a project, and interested others can contribute their 

funds to support it. The economic potential of these markets has recently become 

apparent and, as a result they have begun gaining significant attention from legislators 

and regulators, who see crowdfunding as a possible solution to the economic woes 

currently facing the country. However, the behavior of participants in these marketplaces, 

a key factor that must be accounted for in any effort to formulate policy or regulation, or 

to identify appropriate design practices, remains poorly understood, primarily due to the 

many novelties of crowdfunding. Bearing in mind the need to ensure crowdfunding’s 

sustainability as an industry, the formulation of policy and regulation, as well as best 

practices for participants, I report on three empirical studies that seek to identify and 

quantify a variety of important aspects of, and influences upon, participant behavior in 

crowdfunded markets. These three studies, presented as separate essays herein, i) explore 

the influence upon subsequent contributors from social information about prior others’ 

actions, ii) examine the frictions that arise due to cultural differences between and 

amongst users, and iii) assess crowdfunders’ use of information-hiding mechanisms, and 

the subsequent impact on later contributors in the market. In regard to each, I discuss the 

relevant theory, the methodology, data sources, results and implications. I conclude by 

highlighting the contributions of my work, and possible avenues for future research.
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CHAPTER 1: 
INTRODUCTION, BACKGROUND & MOTIVATION 

Crowdfunding has been defined as “a collective effort by consumers who network 

and pool their money together, usually via the Internet, in order to invest in and support 

efforts initiated by other people or organizations” (Ordanini et al. 2010). Crowdfunded 

marketplaces, which are Internet platforms that support the crowdfunding process, have 

emerged in recent years as a viable new approach to sourcing capital in support of 

innovative, entrepreneurial ideas and ventures (Schwienbacher and Larralde 2010), be 

they private, public, cultural or social. In these markets, any individual can propose a 

project, and interested others can contribute funds to support it, in any increment they 

desire. The economic potential of these markets has recently become apparent, and they 

have boomed. Marketplaces like IndieGoGo, Kickstarter and Rockethub are now very 

much in the mainstream, facilitating greater transactions over the last one to two years in 

particular, in terms of both volumes and amounts. In fact, a recent industry report 

estimated that crowdfunded markets helped to raise almost $3B last year, a 100% 

increase over the prior year (Massolution 2013). As a result of this explosive growth, the 

media has devoted much attention to crowdfunding (e.g., Needleman 2011; Pogue 2012).  

As crowdfunded markets are now establishing themselves as an economic 

mainstay for entrepreneurs, there is a growing need for associated policy and regulation 

to ensure the protection of both crowdfunders and entrepreneurs (Mollick 2012). Further, 

there is a parallel need to inform marketplace purveyors about best practices and design 

principles, in order to ensure the sustainability of this new capital source. However, the 

behavior of participants in these marketplaces, a key factor that must be considered in 

any effort to formulate policy and regulation or to identify design principles, remains 

poorly understood.  
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With the above in mind, the three essays I present herein seek to address various 

research questions centered on understanding various aspects of, and influences upon, 

participant behavior in crowdfunded markets. This research aims to inform legislators 

and regulators for the purposes of policy formulation. In addition, this research is 

intended to identify best practices and design concepts, and to thereby educate 

marketplace purveyors, entrepreneurs and crowdfunders, to increase marketplace 

participation and ensure their sustainability.  

Crowdfunded markets are novel in a number of respects. Crowdfunders, by 

choosing a project to pledge their funds toward, beyond simply revealing their 

preferences, implicitly undertake the evaluation and selection of a project. In this sense, 

crowdfunding is an instance of a collective process, wherein the efficacy of the process is 

dependent (at least in part) on the collective intelligence of the group (Bonabeau 2009). 

The efficacy of collective processes has been shown to be dependent on a number of 

factors. These factors include, for example, average group member intelligence, equality 

of turn taking (Woolley et al. 2010), the diversity of group composition, the 

independence of decision makers and the mechanism of aggregation (Lorenz et al. 2011).  

As the sustainability of crowdfunded markets is dependent upon the selection of 

high-quality projects (as repeated selection of low quality projects would likely cause a 

loss of interest on the part of potential funders and campaign proposers), it is important 

that marketplaces, mechanisms, policies and regulations be designed with these things in 

mind. Taking the need for independence as an example, consider that contribution 

decisions of crowdfunders are highly observable to others in the typical marketplace, as 

are many of the crowdfunders’ characteristics. Given this highly visible information, 

there is a significant potential for later contributors to be influenced by the decisions of 

prior contributors, attenuating or eliminating decision makers’ independence (notably, 

this is exactly the notion considered in Essay 1). 
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The implications of design grow even more apparent when one considers the 

forthcoming legalization of unaccredited equity based crowdfunding in the United States, 

following President Obama’s signing of the JOBS Act on April 5th, 2011 – a piece of 

legislation that aims to relax the SEC financial market regulations to allow for this new 

funding model. As such, it is important that we develop an understanding of the factors 

that impact crowdfunder decision making. The primary aim of these three essays is 

therefore to identify and quantify a variety of important factors that influence 

participants’ behavior in crowdfunded markets. This understanding will directly inform 

the formulation of policy and regulation around crowdfunded marketplaces, in addition to 

informing their purveyors and designers. This work draws jointly on literature from the 

fields of economics, information systems and marketing, in tandem with quantitative 

analytical techniques. Each of the three essays employs archival data drawn from a mix 

of proprietary and public sources.  

As noted above, the first essay (Chapter 2) explores the potential (and nature of) 

peer influence, set in the context of a crowdfunded market for online journalism projects. 

This work helps us to understand the degree to which crowdfunders are influenced by the 

actions of prior others, and the implications of this for the overall funding process. The 

second essay (Chapter 3) considers the potential biases that can arise in crowdfunder 

decision making, due to cultural differences (between crowdfunders and campaign 

proposers). This notion is examined in the context of Kiva.org, a global crowdfunding 

market for entrepreneurs, predominantly located in the developing world. This study 

demonstrates that cultural differences impede lending. However, it also shows that this 

impediment is conditional on geographic proximity, which we suppose proxies for 

cultural awareness and exposure. Finally, the third essay (Chapter 4) examines the 

availability and use of information hiding mechanisms, by crowdfunders, during the 

funding process. Specifically, we consider a marketplace that allows crowdfunders to 

conceal their identity or the size of their amount from public view, following their 
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contribution. We examine when the determinants of mechanism usage, and we also 

explore the downstream impacts of usage upon subsequent observers’ contribution 

decisions. We provide evidence that information hiding mechanisms are more likely to 

see usage when contributors are privacy sensitive and when campaigns receive extensive 

scrutiny from the marketplace. Further, we find that usage is more likely when 

contributors’ contributions deviate from the prior average. In terms of consequences, we 

find evidence of an anchoring effect, such that contribution amounts are positively 

associated with the size of prior contributions. However, this anchoring effect is of course 

eliminated when prior contribution amounts are concealed. Considering campaign level 

funding outcomes, this finding suggests a possible loss of contributions when large prior 

contributions are concealed (and conversely, a gain when concealed prior contributions 

are small).  
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CHAPTER 2: 
AN EMPIRICAL EXAMINATION OF  

THE INFLUENCE OF SOCIAL INFORMATION  
IN ONLINE CROWDFUNDING 

ABSTRACT 
 

A key factor that can influence the behavior of crowd funders is information on prior 

contribution behavior, including the amount and timing of others’ contributions, which is 

published for general consumption. With that in mind, in this study, we empirically 

examine social influence in a crowdfunded marketplace for online journalism projects, 

employing a unique dataset that incorporates contribution events and web traffic statistics 

for approximately 100 story pitches. This dataset allows us to examine both the 

antecedents and consequences of the contribution process. First, noting that digital 

journalism is a form of public good, we evaluate the applicability of two competing 

classes of economic models that explain private contribution toward public goods in the 

presence of social information: substitution models and reinforcement models. We also 

propose a new measure that captures both the amount and the timing of others’ 

contribution behavior: contribution frequency (dollars per unit time). We find evidence in 

support of a substitution model, which suggests a partial crowding out effect, where 

contributors may experience a decrease in their marginal utility from making a 

contribution as it becomes less important to the recipient. Further, we find that the 

duration of funding and, more importantly, the degree of exposure that a pitch receives 

over the course of the funding process, are positively associated with readership upon the 

story’s publication. This appears to validate the widely held belief that a key benefit of 

the crowdfunding model is the potential it offers for awareness and attention building 

around causes and ventures. This last aspect is a major contribution of the study, as it 

demonstrates a clear linkage between marketing effort and the success of crowdfunded 

projects. 
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2.1 Introduction 

Crowdfunded markets have recently emerged as a viable alternative for sourcing 

capital to support innovative, entrepreneurial ideas and ventures (Schwienbacher and 

Larralde 2010). As the economic potential of these markets has recently become more 

apparent, they have boomed. Marketplaces like KickStarter and IndieGoGo are beginning 

to facilitate greater transactions, both in terms of volumes and amounts. A recent industry 

report found that crowdfunding helped new ventures to raise nearly $1.5 billion in 2011, 

a number expected to double in 2012 (Massolution 2013). This explosive growth has 

resulted in significant attention, from both the media and U.S. legislators, as evidenced 

by President Obama’s recent signing of the JOBS Act (Democratic National Committee 

2011). A persistent feature in the ongoing discussion amongst these parties has been a 

persistent call for informed regulation and design of crowdfunded markets; a necessary 

effort to ensure the protection of crowdfunders and entrepreneurs, as well to enhance the 

efficiency and sustainability of the industry. However, while the formulation of policy 

and regulation surrounding crowdfunded marketplaces is beginning to garner greater 

attention, many aspects of crowdfunding have yet to receive rigorous examination 

(Mollick 2012). In particular, the behavior of participants, a key factor that must be 

considered in any policy formulation effort, is not yet well understood.   

Crowdfunded markets present a unique combination of collective evaluation and 

crowd-based fundraising. Contributors, by choosing to pledge funds in support of a 

project, implicitly undertake the evaluation and selection of that project. This interesting 

aspect of the crowdfunding process is compounded with the significant potential for 

social influence in these marketplaces, which stems from the fact that both the timing and 

amount of other participants’ prior contributions are published for all to see.  While a 

number of recent studies have considered the influence of popularity indicators in 

consumer decision making within electronic markets (Duan et al. 2009; Tucker and 
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Zhang 2010; Tucker and Zhang 2011), these studies have generally dealt with binary 

adoption (adopted versus did not adopt) measures or rank data (based on these binary 

measures), presented to visitors in aggregate (e.g., total downloads). In contrast, the 

temporal and continuous nature of the popularity indicators that are typically made 

available for consideration in crowdfunded markets makes them deeper and much more 

complex, both in terms of content and potential influence.  

This study examines a crowdfunded marketplace that supports journalists, 

enabling authors to pitch article ideas to the crowd and to then raise the money necessary 

to research and publish the piece. We begin by noting that this crowdfunding platform 

provides a guaranteed outlet for authors’ work and that all published work is 

subsequently offered freely for public consumption. As such, our empirical analysis is 

based on the premise that these published stories meet the criteria of a public good 

(Hamilton 2003; Kaye and Quinn 2010), a characterization that is further supported by 

recent research, which has found clear evidence that this online journalism is treated as 

such by participants in this setting (Aitamurto 2011). Bearing this in mind, we explore the 

applicability of two competing classes of economic models that attempt to explain private 

contribution toward public goods: i) reinforcement models, which predict cooperative or 

reciprocal behavior and ii) substitution models, which predict altruistic behavior and 

crowding out. The main research questions that we address are as follows: What effects 

do observable indicators of others’ prior contribution decisions in a crowdfunded market 

have on later participants’ contribution decisions? Is the pattern of contribution in the 

funding phase associated with project performance, and, if so, what is the nature of that 

association?   

In most crowdfunded markets, the information on prior contribution behavior 

comprises a project’s ‘funding status’, which offers an observer a richer set of 

information than more common popularity indicators available in other marketplace 

contexts (e.g., software download statistics on download.com). An observer can see who 
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has contributed to a project, when they have contributed and, in some cases, even the 

exact amount they have contributed. The availability of this rich information has 

important implications for potential contributors’ decision making. For example, the 

availability of information on the timing of others’ contributions allows a potential 

contributor to gauge the emergence of spikes or lulls in market contribution over time, 

and to infer future contribution trends. In general, given these rich signals, it is relatively 

easy for an observer to compare the contributions of prior others to one another, as well 

as to his or her own potential contribution. Thus, to capture available information about 

the timing and amount of prior contributions, we define a new measure, contribution 

frequency, as the average amount (in dollars) contributed, per period, as of a given point 

in time.  

This work adds to multiple literary bases in the fields of information systems, 

marketing and economics. First, we consider a novel product type that has seen limited 

consideration by information systems researchers. Whereas much of the online public 

goods research in IS has looked at P2P file sharing, we consider the production of digital 

journalism, a cultural, experience good. Second, whereas prior work in marketing and IS 

has looked at binary indicators, we consider deeper measures that are both temporal and 

continuous. Third, we explore an entirely new context and process that combines crowd-

based fundraising and collective evaluation. While economists have conducted a variety 

of online public goods experiments in the past, none, to our knowledge, have explored 

this combination of private contribution and collective evaluation. Moreover, most of this 

prior work uses data collected from surveys, lab and field experiments, which do not 

offer the level of granularity (amount, time, and contributor of every single funding 

action for more than 18 months) present in our dataset. Fourth, ours is the first work, to 

our knowledge, that has explored a context in which subjects are faced with the 

possibility of contribution toward an array of public goods (e.g., multiple simultaneous 

projects undergoing funding); typically, lab experiments have looked at subjects’ 



 9 

contributions toward a single public good. Lastly, we leverage proprietary data in the 

form of web traffic statistics, allowing us to empirically examine the consequences of 

different behaviors in the funding process on later outcomes. This last aspect is key, as 

this allows us to model both the antecedents and consequences of the crowdfunding 

process, simultaneously exploring the process and its associated outputs.   

The main results of our analysis are as follows: we find evidence of a substitution 

effect, which suggests that altruism is a key incentive to contribute in this marketplace. 

More specifically, as individuals observe others contributing more frequently, the amount 

they are inclined to contribute falls (an increase of 1% in the prior frequency of 

contribution is associated with a 0.31% decrease in subsequent contribution). This 

substitution effect suggests that contributions are subject to crowding out.  That is, the 

marginal utility contributors gain from giving to a particular project is diminished by 

others’ contributions. Importantly, since our findings are based on contribution 

frequency, this also suggests that the duration over which prior contributions have arrived 

plays an important role in individual contribution decisionsi. 

Further, exploring the implications for project outcomes from the funding process, 

we find evidence that up front marketing effort is crucial to the success of crowdfunded 

projects. Specifically, we find that funding duration plays an important, indirect role in 

determining the readership (performance) of stories upon publication. Longer funding 

durations appear to lead to greater levels of prepublication pitch exposure and market 

awareness, which in turn leads to greater consumption. This finding is a major 

contribution of our work, as it appears to validate the suggestion, often raised by both the 

media and academia (Belleflamme et al. 2010), that a chief benefit of crowdfunding is its 

ability to generate attention for entrepreneur’s ventures, prior to implementation. All of 

                                                

i We have assessed alternative specifications focusing upon cumulative and average prior 
contribution, finding that a model based upon prior contribution frequency offers the best fit to 
the data. These results are reported in the electronic companion. 
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our findings are robust to a variety of different model specifications, operationalizations, 

estimators and data splits. 

Our analyses also suggest some possible avenues to predicting the performance of 

crowdfunded projects, both in terms of their likelihood of achieving funding thresholds, 

as well as the audience they are likely to draw once implemented. This is important, 

given that the midstream evaluation of collective intelligence processes is an 

acknowledged challenge in the literature (Bonabeau 2009).  

In the following sections, we begin with a review of the relevant literature 

pertaining to crowdfunded markets and private contribution toward public goods. We 

then discuss our expectations, based on theory, of the influence of contribution behavior 

on subsequent contributors, as well as the relationship that such signals will have with 

project quality. Finally, we present details of our empirical evaluation and a discussion of 

the implications of our findings for both practitioners and scholars dealing with 

crowdfunded markets. 

2.2 Literature Review 

Crowdfunding 

There is an emerging stream of research that has examined the concept of 

crowdfunded markets (Burtch et al. 2013a).  Schwienbacher and Larralde (2010) have 

defined crowdfunding as “the financing of a project or a venture by a group of 

individuals instead of professional parties.”  These authors provide an overview of the 

concept, noting the still embryonic stage of the phenomenon’s emergence. 

Schwienbacher and Larralde (2010) report that a number of platforms have arisen in 

support of online crowdfunding over the last four to six years. The earliest successful 

example is Sellaband.com, a Dutch based marketplace in which musical artists raise 

funds to produce and sell an album. Agarwal et al. (2011) examined this marketplace to 
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evaluate the influence of proximity, amongst other factors, on individual investment 

behavior, reevaluating the ‘flat world hypothesis’.   

Other prominent examples of crowdfunded marketplaces include the peer to peer 

lending site Prosper.com, and the microfinance website Kiva.org. Lin et al. (2013) and 

Zhang and Liu (2012) have examined Prosper.com in an attempt to identify the types of 

information that individuals consider when making contribution decisions. Lin and his 

colleagues conclude that the likelihood of credit being issued is greater when the 

borrower exhibits greater social capital (e.g., a larger social network), as lenders appear 

to take this as a sign of credibility or trustworthinessii. Zhang and Liu find, counter to 

intuition, that lenders are more likely to herd when the borrower exhibits signals of low 

quality. They interpret this as a rational decision, likely made because the lender assumes 

that others have some private knowledge about the borrower that they are not privy to. In 

contrast, when a borrower exhibits high signals of quality, lenders are less likely to join a 

herd, likely because they perceive the herd as simply a reflection of the borrower’s 

observable quality. Lastly, Burtch et al. (2013c) study Kiva.org, exploring the impeding 

role of cultural differences in crowdfunding transactions. These authors find that cultural 

distance is associated with lower transaction likelihoods and, interestingly, that this effect 

is conditional on proximity. The authors interpret this as an awareness effect, suggesting 

that cultural differences are only relevant insofar as a contributor is aware of them. 

Though the literature on crowdfunded markets is quite limited, there is a wide 

body of related work. Particularly relevant is the stream of research that has examined the 
                                                

ii It is important here to note that Prosper.com, while related to crowdfunding as defined above, is 
different. In the Prosper marketplace, individuals seek interest bearing loans, rather than 
contributions or investments. That is, each loan is to be repaid in full by the borrower, plus 
interest, regardless of how the money is used and regardless of whether any associated project 
succeeds. Further, the purpose of the loans is highly varied and dependent and need not pertain to 
a specific project. In addition, the funding process is quite different from a typical crowdfunded 
market as borrowers obtain loan offers on Prosper.com through a second price auction process, 
rather than an open, unconstrained contribution process that takes place continuously over the 
funding period. 
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effects of popularity indicators on adoption and consumption decisions. An example of 

this work is the study by Tucker and Zhang (2011), who consider wedding vendor service 

adoption in the presence of popularity statistics, based on prior adoption decisions 

captured in the form of hyperlink click-through rates. These authors find that publication 

of these popularity statistics causes the formation of a “steep tail,” attracting new 

outsiders to what was previously a niche product choice. Interestingly, they also find that 

this occurs without cannibalizing consumers from competitors’ market share. Similarly, 

Duan et al. (2009), considering users’ downloads of free software from download.com, 

observe severe changes in software download rates when published product rankings 

shift, suggesting that consumers take prior downloads as a signal of product approval and 

quality. Thus the decisions of prior users have the potential to influence subsequent users, 

as is evidenced by the above noted work.   

 

Public Goods 

The influence of information about others’ prior decisions on those of later 

deciders is not limited to studies of private goods. The public goods literature is also 

replete with comparable studies that pertain to individuals’ contributions toward public 

goods in the presence of “social information” (e.g., information on others’ contributions). 

This is particularly relevant in our study context because we are dealing with private 

contribution toward the production of online journalism. In many cases, this has been 

argued to constitute a form of public good (Hamilton 2003; Kaye and Quinn 2010), but 

more importantly, in our case, the crowdfunded platform provides a guaranteed venue for 

publication, and offers all material freely on the Internet, without need for subscription. 

As such, while it may be true that online journalism does not always meet the criteria of a 

public good, this is certainly the case in our context (Aitamurto 2011).  

In the public goods literature, there are generally two contrasting classes of 

models that have been proposed that predict different directions of influence from prior 
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others’ contributions on the amounts contributed by later deciders: reinforcement models 

and substitution models (Shang and Croson 2009). As one might expect, reinforcement 

models are those that predict that greater initial contribution will have a positive effect on 

later contributions, whereas substitution models are those that predict that initial 

contributions will have a negative effect on later contributions. 

Broadly speaking, reinforcement models are based on the mechanisms of 

reciprocity, fairness and social norms – a need to contribute fairly, rather than leave 

others to bear the burden of supporting the public good on their own. A key examples of 

the reinforcement literature is the model proposed by Sugden (1984), which is rooted in 

the idea that everyone will seek to contribute at least as much as the least-generous 

contributor, out of a sense of moral purpose. Similarly, the model proposed by Bernheim 

(1994) is based on the idea that individuals will rarely deviate from social norms because 

they are worried about how others will perceive them. Thus, when one observes others 

contributing in greater amounts, these models predict that contributors will be inclined to 

donate in kind. 

In contrast, substitution models are generally explained by the concept of altruism 

and the warm glow effect (Andreoni 1989; Andreoni 1990). In these models, individuals 

allocate their resources between contributions to private goods and public goods. The 

reason individuals contribute to public goods, it is argued, is that they derive some utility 

from their own consumption of the good, as well as others’ consumption (i.e., from 

aiding others). However, as the level of others’ contributions rises, the volume of the 

public good that is available increases such that the marginal benefit to an individual 

from contributing falls, because others are meeting the “need” of the public good. The 

end result of this is that the individual will tend to reallocate their funds more toward 

private consumption activities (Roberts 1984), an effect generally referred to as 

crowding-out (Andreoni 1990). 
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In terms of empirical work on private contribution toward public goods in an 

online setting, research examining online journalism has been quite limited. One of the 

few examples of this research is the study by Borck et al. (2006), who surveyed 

individuals to obtain data on the voluntary contribution of funds in support of an online 

German newsletter as well as their perception of others’ contributions to the same. These 

authors found that individuals would contribute in accordance with reinforcement 

models, attempting to match their contributions to the amounts donated by others. Shang 

and Croson (2009) point to the limitations of using data collected through surveys and lab 

experiments to test the relation between others’ contribution and ones’ own giving to 

charitable causes. Our data, on the other hand, offers a very fine level of granularity by 

capturing details of the amount, date, and contributor of every single funding actions 

made by all the participants in the marketplace for more than 18 months.  

Though online journalism has received only limited attention, there is fortunately 

a wide body of related work that has studied private contributions to peer-to-peer (P2P) 

file-sharing networks. This context has perhaps received the greatest attention from 

scholars focused upon private contribution toward public goods online. However 

contributions by individuals in P2P networks are usually made in terms of data (such as 

music, videos) uploaded, and not so much in monetary terms. Interestingly, said work has 

presented mixed evidence in support of reinforcement and substitution models. Xia et al. 

(2011) and Gu et al. (2009) have all found evidence of reinforcement models, reporting 

that P2P contributors behave in a reciprocal manner. Xia et al. (2011) found that 

individuals are more likely to continue contributing if they receive greater benefits from 

the network, reflecting a reciprocal relationship. Gu et al. (2009) similarly found that P2P 

file sharers contribute their content in a reciprocal manner, though in their study the 

behavior was found to be enforced through explicit sanctions on deviants (bandwidth 

throttling for downloads by free riders).  
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Other work, however, has found clear evidence in support of substitution models. 

Research that examined one of the first P2P file sharing networks, Gnutella, identified 

rampant free-riding behavior (Adar and Huberman 2000), a direct indication of a 

substitution effect. Subsequent work on Gnutella, conducted a few years later, found that 

this behavior had only grown more prevalent over the intervening period (Hughes et al. 

2005). Asvanund et al. (2004), studying participant behavior across multiple file sharing 

networks, also found evidence of free riding. Further, those authors found that the 

prevalence of this free riding grew stronger as the network grew in size.   

Given the conflicting findings noted above, the directionality of social influence 

stemming from information on prior contributions in online networks is not easily 

inferred for a given marketplace. This is likely because the direction of influence will 

depend on a variety of factors, such as the contributors’ motivations or incentives and the 

degree to which contributors’ decisions are observable to others or convey status and 

social identity. A number of these factors are potentially at play in a crowdfunded market. 

Contributors may be driven by a sense of altruism, to help the author and support others 

who might benefit from the story. Alternatively, contributors may have a personal interest 

in the proposed story topic. Crowdfunders’ decisions may be influenced by concern over 

social image, if they perceive that their actions are highly observable to others in the 

market. In contrast, if crowdfunders feel that they have a sufficient degree of anonymity, 

they may be more inclined to withhold their funds and simply consume content as it is 

produced. 

While the directionality of social influence is not immediately obvious in this 

setting, it is quite likely that individuals’ contribution decisions in crowdfunded markets 

are highly dependent on the behavior of other contributors, just as they are in P2P 

networks and other, offline examples of private contribution to public goods. This is 

because, by drawing on information about prior contribution behavior, crowdfunders are 

easily able to assess the impact of their own potential contribution relative to those of 
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others. We make this potential clear in the following section, where we provide details of 

the marketplace’s operation and the available information signals. 

 

2.3 Methods 

Study Context 

In this section we detail our study context in order to make clear the relevance of 

the above discussion and to provide a basis of understanding for the subsequent empirical 

analysis.  The market we consider is a crowdfunded platform (Kappel 2008; 

Schwienbacher and Larralde 2010) based in San Francisco, California, which was 

established in November of 2008. The site enables new and established journalists to 

crowd-source capital in support of their work by pitching their ideas to the community, 

just as an entrepreneur might pitch venture capitalists. The site functions as follows: 

individuals first register to become members of the community. Members can then 

establish a profile page where they can provide details about themselves along with a 

photograph and a link to a personal website.   

Any member in the community can choose to pitch a story to other members of 

the communityiii.  A pitch is a proposal to publish a story on the website, and includes a 

description of the story topic, the proposer’s qualifications, as well as a list of planned 

deliverables and a budget. Other members of the community can then choose to 

contribute funds toward the pitch in any increment they wish.  The contribution phase 

continues in this manner until the story is completed and published on the website.  

Figure 1 provides a graphical depiction of the timeline of article funding and publication. 

                                                

iii It is important to note that very few members of the marketplace act as both contributors and 
authors, even though this is possible. Of the 4,515 unique contributors present in our dataset, only 
72 are authors contributing to the pitches of others. A notable implication of this is that 
contribution behavior cannot be attributed to a tit for tat strategy. 
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FIGURE 1.  
Study 1: Funding and Publication Timeline 

 

Community members’ preferences are indicated to others by their observable 

contribution history. Once a community member contributes toward a pitch, this becomes 

public record. When reviewing a pitch, a list of all prior contribution events is provided 

to the observer (they can access this by clicking a link on the right hand margin), as well 

as a summary indication of the aggregate contributions received to date. Thus, page 

visitors can easily assess cumulative contributions, recent contributions and the frequency 

of contribution to the campaign in question. Further, beyond the provided statistics, it is a 

simple matter for individuals to monitor a campaign over the course of a few days, to 

gauge variation in contributions. Screenshots of the marketplace are provided in Figure 2, 

depicting these details.  

While prior work has examined the role of popularity indicators as signals of 

quality, driving subsequent adoption behavior (Duan et al. 2009), in our case, the 

potential impact of observable prior decisions is more complex. This is because the two 

classes of public good contribution models that we have outlined above provide 

contradictory predictions. On the one hand, reinforcement models predict that 

participants, upon observing prior contribution actions and amounts, will seek to 

contribute in kind out of a desire to be fair or to fit in. In contrast, substitution models 

predict that participants will react quite differently, lessening their contributions as they 

observe the arrival of funding from elsewhere. We give more detailed consideration to 
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this in the following section, where we outline the relevant variables we consider in our 

empirical analysis and the directionality of influence that each class of public good 

contribution model would predict. 
 
 

 

 

(a) 

 

 

(b) 

 

 

(c) 

 

 

(d) 
 

FIGURE 2.  
Study 1: Pitch Search and Individual Pitch Details 

 (a – main landing page, b – pitch, c – member profile, d – story) 

  



 19 

Approach 

Empirical evaluations of the role of ‘social information’ in determining 

subsequent private contributions toward a public good have generally focused on prior 

others’ contribution amounts. For example, a large body of work has examined the 

crowding-out effect, drawing on archival data to understand how increases in government 

spending influence individuals’ private contribution levels (Abrams and Schitz 1978; 

Kingma 1989; Reece 1979). More relevant to the present paper, however, are the various 

laboratory and field experiments that have explored the effects of prior others’ private 

contributions on a later contributor (Andreoni 1995; Bardsley and Sausgruber 2005; 

Chauduri and Paichayontvijit 2006; Croson and Shang 2008; Shang and Croson 2009). 

Considering the relevance of past work to the present crowdfunding context, it 

seems reasonable to explore the effects of the amounts of earlier contributions on later 

contributors’. The coefficient on prior contribution would allow us to explore the fit of 

both reinforcement and substitution models, simultaneously, based on its directionality. 

In a reinforcement model, one would expect subsequent contributors to try and match the 

donations of earlier contributors, out of a desire to be fair or to conform, resulting in a 

positive coefficient on prior contribution. In contrast, a substitution model would predict 

that later contributors would withhold their funds as they observe others contributing 

more in their stead, lowering the marginal value of their own contribution, and thus 

causing a crowding out effect. This would result in a negative coefficient estimate. 

The above being said, it is also important to note that most prior research has 

explored the effects of prior others’ decisions in what is, or is assumed to be, a relatively 

static environment. The efforts of Andreoni (1998), Vesterlund (2003) and Varian (1994) 

are rare exceptions to this as these authors consider contribution sequencing. This is quite 

likely because the vast majority of study contexts considered have not offered observers 

temporal information that would indicate how long an adoption or contribution process 

has been going on. Yet, in a crowdfunded market, this timing information is readily 



 20 

available and is quite likely to play an important role in contributor decision-making. 

Given that a potential contributor can quickly see how long a project has been raising 

funds (based on its posting date) as well as the funds that have been raised to date, it is 

likely that they will assume or infer the rate of funding arrival.  

To illustrate, consider the example of a hypothetical subject who is a potential 

contributor in a crowdfunded marketplace. This subject has the option of donating to one 

of two projects: X and Y. Both projects have raised $300 thus far, however, project X has 

been posted in the marketplace for 30 days, while project Y has only been posted for 10 

days. Given this information, our subject should reasonably infer a contribution arrival 

rate of $10/day for project X, and an arrival rate of $30/day for project Y. Our subject is 

likely to infer that contributions are arriving more quickly for project Y than for project 

X. 

In an effort to incorporate this temporal information into our empirical model, we 

propose a new measure that captures the frequency of contribution. We define 

contribution frequency as the amount in dollars contributed to a given pitch, divided by 

the duration of a pitch’s funding in the marketplace, as illustrated above. Our logic for 

evaluating the fit of either a substitution or reinforcement model to the data is as follows: 

a greater prior frequency of contribution will incite cooperation and reciprocation in the 

case of a reinforcement effect (a positive coefficient) or it will cause later contributors to 

withhold their funds in the case of a substitution effect (a negative coefficient).   

Whether in terms of a reinforcement effect or substitution effect, temporal 

information has an important bearing on the social information conveyed via cumulative 

prior contribution. This is because the duration over which the cumulative contributions 

have arrived will often be construed of future contribution trends. So, if a given level of 

prior contribution has arrived in a relatively shorter period of time, an observer will infer 

that a greater volume of subsequent contributions are likely than would otherwise be the 

case.  
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In the case of a substitution effect, where prior contribution crowds out 

subsequent contribution, this obviously has implications for the strength of the effect that 

will be observed for a given level of prior contribution. If that prior contribution arrived 

more quickly, the crowding-out effect might be expected to be larger.  In the case of a 

reinforcement effect, a number of scholars have previously shown that the reciprocity 

effect fades with time (Burger et al. 1997; Flynn 2003). Thus, given a particular level of 

prior contribution, if it was received over a longer duration, the desire to contribute in 

kind may be weaker. 

In addition to the above, we need to consider a number of other factors that reflect 

a potential contributor’s prior behaviors and influencers, as these will determine his or 

her ultimate decision about whether to contribute and how much to contribute. In 

particular, web traffic is a direct determinant of the number of potential contributors, as 

one must visit the page in order to contribute funds. Greater web traffic generally 

captures greater interest in a pitch on a particular day, for whatever reason. Thus, web 

traffic statistics capturing the number of page views are also included in our model as a 

contribution predictor. We follow Albuquerque et al. (2012) in this regard, leveraging 

aggregate Google Analytics data on web traffic, though we go one step farther, focusing 

on web traffic at the URL level, whereas those authors considered only web traffic at the 

site level.  

We also include the lag of contribution as a predictor, in line with the prior 

literature (Duan et al. 2009), to capture word of mouth effects. Further, though the focus 

of this study is the influence of preference indicators and how aspects of the funding 

process may be associated with project performance, we must also control for some 

important pitch characteristics associated with contribution behavior in our analysis. 

First, we include the amount of the pitch’s required budget that remains outstanding as of 

a given time period, in dollars.  The impact of potential contributors’ awareness of the 

outstanding budget for a given pitch is difficult to predict. A greater volume of funds 
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required may result in a desire to assist the author.  Alternatively, this may be perceived 

as somewhat of an insurmountable goal, and thus pitches may have a harder time 

attracting initial funding. We also control for static features of a pitch, such as pitch genre 

or length, in addition to unobservable heterogeneity, through the use of panel fixed 

effectsiv. 

Finally, in order to ensure our model is identified, we also account for exogenous 

sources of influence on contribution behavior, such as the pitch topic’s popularity in the 

mainstream media and on the broader Internet. We address these factors by including 

results from Google Search trends for each pitch observation, employing two to five 

keywords that were manually extracted from each pitch. A number of other studies have 

drawn on Google search trends for related purposes. Choi and Varian (2012) leverage 

Google Search data to predict changes in unemployment, while Wu and Brynjolfsson 

(2009) use it to predict variation in the real estate market. Additionally, Archak et al. 

(2011) employ such data to control for consumer interest in various product categories 

over time. The keywords we consider include any proper nouns in the pitch title, as well 

as story topic tags assigned to the pitch by the website purveyor. Again, the prevalence of 

individuals searching for these topics on Google is expected to capture the broader 

popularity of the article content in societyv. We provide more details subsequently.  

 

Antecedents Model 

All non-categorical variables in our antecedent analyses are log transformed, 

thereby allowing us to identify percentage changes in effect. This was deemed 

appropriate primarily because the required budget and daily contribution for a given 

                                                

iv Importantly, we also offer a more detailed analysis of these effects across different story genres 
in the electronic companion. It seems that our main findings do not vary with story genre. 

v Please see Appendix A for a more detailed description of our search trend variable.  
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pitch, as well as the popularity of different stories, vary widely, so understanding 

contribution effects in percentage terms is significantly more useful (Keene 1995). For a 

given pitch, i, on a given day, t, the final, complete model is reflected below, by equation 

(1). Here,  is a vector of time fixed effects, which controls for temporal changes in the 

marketplacevi, while  is a vector of pitch-level fixed effectsvii. A list of variables 

included in our model of the antecedents (Equation 1) is provided in Table 1, along with 

definitions.  

 

      

          
(1) 

 

Our evaluation of the antecedent model is conducted via time series regression 

employing the Arellano-Bover/Blundell-Bond system estimator (Arellano and Bover 

1995; Blundell and Bond 1998), an extension of the original Arellano-Bond estimator 

(Arellano and Bond 1991), allowing us to instrument for the lag of the dependent variable 

using the Generalized Method of Moments (GMM).  The original GMM estimator 

developed by Arellano and Bond (1991) is generally known as the “difference GMM” 

(DGMM). This estimator treats the model as a system of equations, one for each time 

period. The equations differ only in their moment condition sets. However, Arellano and 

Bover (1995), as well as Blundell and Bond (1998), later noted that lagged levels could 

be weak instruments for first differences if the autoregressive process is too persistent 

over time, as is possible in our case.  In order to address this issue, these authors proposed 

the “system GMM” (SGMM) estimator in which the original, un-instrumented equations 

                                                

vi To clarify, changes in the marketplace over time might include things such as seasonality 
effects (e.g., contributors having lower volumes of disposable income in the tax season). 

vii We do not incorporate author fixed effects into our model as the vast majority of authors in our 
sample have pitched only a single story.  As such, author fixed effects are highly collinear with 
pitch fixed effects and lead to qualitatively similar results. 

!t

!i

log(contributionit ) = !0 +!1 * log(contribution_ freqi(t!1) )+!2 * log(contributioni(t!1) )+

!3 * log(page_ viewsit )+!4 * log(remaining_budgetit )+

!5 * log(search_ trendsit )+"i +#t +$it
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are added to the system. The idea is to instrument differences with lagged levels and 

instrument levels with lagged differences. It is this latter estimator that we employ in our 

analyses.  
TABLE 1.  

Study 1: Antecedents Variable Definitions 

 

Admittedly, higher order lagged variables might not be ideal instruments since it 

is possible to have common demand shocks correlated over time, in which case lagged 

variables would be correlated with the current period demand shock. However, common 

demand shocks correlated over time are conceptually similar to trends. Hence, a suitable 

control for correlated demand shocks or trends can alleviate this problem in the GMM 

estimation (Archak et al. 2011). Our Google Search Trends control variable thus 

alleviates any potential concerns in this regard. To alleviate any concerns about a high 

instrument count in the GMM estimations, we also use a collapsed instrument set 

comprised only of low order lags, as this has been shown to produce more reliable results 

in scenarios where the instrument count is on the higher side (Mehrhoff 2009). Thus, our 

additional estimations add credibility to our findings.   

We subsequently assess the reliability of our findings by re-estimating all 

formulations using two stage least squares with date and pitch-level fixed effects (2SLS). 

The 2SLS estimation allows us to report additional tests statistics to evaluate model 

validity (exogeneity of regressors) and instrument strength, in support of our initial 

GMM-based dynamic panel estimates. We also conduct numerous other robustness 

checks. We attempt to address any lingering concerns about the lagged dependent 

Variable Definition 
Contribution Total dollars contributed to a pitch on a particular day. 
Remaining Budget A pitch’s total budget outstanding as of a given day. 
Contribution Frequency Total dollars raised divided by days of funding ($/day). 
Page Views Number of pitch views on a given day. 
Search Trends  Google search trends associated with pitch keywords. 
Posting Duration  The number of days a pitch has been available for funding. 
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variable by employing the lag of web traffic to the pitch, as well as the lag of total 

contributions to other projects on the siteviii, as alternative instruments. Further, we 

estimate a standard ordinary least squares (OLS) regression excluding the lagged 

dependent variable. Next, we re-estimate our models employing alternate measures of 

prior contribution (cumulative prior contribution and average prior contribution in place 

of frequency) and different data splits (e.g., excluding null observations and outliers), to 

assess the stability of our coefficient estimates.  

 

Consequences Model 

Next, we develop a model linking aspects of the funding process to the story’s 

performance after it is published.  Unlike in the funding phase, where the unit of analysis 

is a pitch, in the publication phase, the unit of analysis is a story. In particular, we focus 

here upon anecdotal claims that one of the key benefits of the crowdfunding process is 

that it offers entrepreneurs the ability to garner awareness and attention for their venture 

before it is implemented, thereby boosting consumption (Belleflamme et al. 2010). We 

begin by considering the duration of the funding process for a story’s associated pitch, as 

it is likely that longer funding durations provide greater opportunity for the market to 

become aware of a forthcoming story. We then delve deeper, noting that funding duration 

is not a direct measure of attention, and thus consider a direct measure of exposure: total 

pitch views. 

Our outcome of interest here is story readership. We consider both the seconds of 

read time that a story draws on a given day, as well as the number of unique page views 

on a given day. Again, we leverage the same Google Analytics dataset. In order to 

                                                

viii The logic behind using the lag of total contributions to other projects as an instrument for the 
lag of contributions to a focal pitch is that the instrument should be associated with contributions 
to the focal pitch, but is unlikely to be associated with prior period contributions to the focal 
project. 
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accurately assess these relationships, we also include a number of relevant control 

variables that are likely to influence readership. We control for the length of a story’s text 

and we include a measure of text complexity (readability), as both of these values are 

likely to result in longer read times. Various kinds of readability metrics have been used 

in prior work, for example in the literature on user-generated content (Ghose and Ipeirotis 

2006; Ghose and Ipeirotis 2011). Further, we control for the budget of the pitch. We also 

once again include a measure of Google Search Trends for the story, for reasons identical 

to those outlined for the model of antecedents, as well as the length of time that has 

passed since the story was first published, to capture the influence of saliency, timeliness 

or relevance. Finally, we control for other static aspects of a story, as well as temporal 

trends, by including fixed effects for story and week. A list of all variables included in 

our model of the consequences is provided in Table 2.   

For a given pitch, i, on a given day, t, the final, complete model for the 

consequences portion is reflected by equation (2). This model is similar to the antecedent 

model, though the dependent variable constitutes count rather than continuous data. As 

such, we employ negative binomial regression. Here, the fixed effects are introduced via 

the dispersion parameter (Hausman et al. 1984). For the sake of exposition, in Equation 2, 

we present the relationship between our dependent and independent variables in a simple 

linear form. However, we would caution the reader to remember that the negative 

binomial estimator is in fact non-linear in nature, with the expected count of the 

dependent variable modeled as an exponential function of the independent variables and 

coefficients. 

 
  
 
 

(2) 
 

 

read _ timeit = !0 +!1 * log( funding_ durationi )+!2 * log(story_ lengthi )+

!3 * log(readabilityi )+!4 * log(search_ trendsit )+!5 * log(weeks_ postedit )+

!6 * log(pitch_budgeti )+!7 * pitch_ viewsi +"i +#t +$it
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Once again, we follow the initial model estimation with a number of robustness 

checks. As noted above, we re-estimate the model taking the number of readers in a given 

week as the outcome of interest. We also explore the inclusion of a lagged dependent 

variable here (once again to control for word of mouth effects, similar to the antecedents 

case). Because count estimators generally do not do well in the face of the autocorrelation 

issues introduced by a lagged dependent variable, we offer estimations that once again 

employ the Arellano-Bover/Blundell-Bond estimator.ix 

 
TABLE 2.  

Study 1: Consequences: Variable Definitions 

 

Linking Antecedents to Consequences 

The core logic of the connection between our antecedents and consequences 

models is that reinforcement effects will lead to shorter funding durations, allowing for 

faster publication, while substitution effects will lead to lengthier funding durations, 

driving delayed publication. Notably, there is evidence for just such a relationship 

between crowding out and the duration required to fund public goods, in the experimental 

public goods literature (Goren et al. 2003). 
                                                
ix The dependent variable is left untransformed, as recent research suggests that count 

models typically perform better in this scenario (O’Hara and Kotze 2010) 

 

Variable Definition 

Read Time Total duration of story URL visits, in seconds, for a given 
week. 

Funding Duration The number of days required to complete the funding process. 
Story Length The length of the story, in characters. 
Readability The Automated Readability Index value for the story text. 
Search Trends Google search trends associated with story keywords 
Pitch Budget The budget associated with the story’s pitch. 

Pitch Views The total number of pitch URL visitors during the funding 
phase (summed page views from the Antecedents model). 

Weeks Posted The number of weeks since a story was published. 



 28 

In our setting, this extended funding duration will simultaneously delay article 

publication and provide the opportunity for the involvement of additional contributors, 

which can potentially act as a signal of greater article quality, producing greater buzz and 

attention, followed by greater consumption upon publication. This implies that 

substitution and reinforcement effects can have counterintuitive, countervailing 

downstream impacts in crowdfunding (particularly when the output of a project is 

perishable, as in the case of news content, where value is tied directly to timeliness).  

Funding durations can affect the performance of the output (in this case, 

readership of the story) in two ways: one, a longer duration in the funding phase 

potentially exposes the story pitch to a greater proportion of the website’s audience, thus 

raising awareness of the story. Merely by being exposed to a pitch, a reader is more likely 

to click on and read the associated story (rather than some other story), because of 

increased familiarity and reduced uncertainty (Lee 2001). A number of studies in the 

marketing and information systems literature have reported findings suggestive of just 

such an effect, demonstrating the impact of firm-managed buzz on future consumption of 

television shows (Godes and Mayzlin 2004) and music (Dewan and Ramaprasad 2012). 

Two, a shorter funding duration might imply that the author has less time to research and 

write the article (compared to a longer funding duration), and this may be reflected in the 

quality of the output. Evidence of this is documented in literature on academic research 

(Besancenot et al. 2009). 

Although reinforcement effects generally appear desirable on the surface, because 

they can increase the likelihood that the pitch/project will achieve its funding target, a 

shorter funding duration ultimately reduces the opportunity for discovery and contributor 

participation, thereby reducing buzz (and subsequently reducing consumption). 

Conversely, though crowding out may make it more difficult for projects/pitches to 

achieve their fundraising targets by the funding deadline, should they do so, they are 

likely to achieve greater consumption following publication. These realizations have 
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implications for marketplace design as well as for project organizers’ fundraising 

strategies.  

Dataset 

We collected our data from a variety of sources.  First, the purveyor of the 

marketplace provided us with access to proprietary data in the form of web traffic 

statistics for the marketplace via a Google Analytics account.  Using this account, one of 

the authors then developed a piece of software to programmatically retrieve time series 

data of web traffic statistics for each URL, by day, leveraging the Google Analytics Data 

Export API.  

Second, we developed a software application to retrieve all available public 

information from the website about pitch and story characteristics. This information 

includes such things as the date on which a pitch was proposed, the amount of funding 

received on any given day, who contributed to a pitch and the amount of each 

contribution. It also includes the required budget outstanding for a pitch as of a given 

day, whether a pitch was located on the main landing page of the marketplace as of a 

given point in time and the date an associated story was published by the author. Finally, 

one of the authors manually retrieved time series data on Google search trends for two to 

five keywords associated with each pitch and story. 

Our data set includes every contribution made in the marketplace from March of 

2009 until January of 2011, as well as web traffic statistics, by URL, by date, spanning 

August of 2009 to January of 2011. Because the web traffic statistics obtained from 

Google Analytics only extend back as far as August 26, 2009, and in order to ensure 

consistency between our two analyses, we limit our consideration to those stories 

published on or after this date, as well as the contribution observations for associated 
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pitches that take place on or after this datex. The timeline diagram provided in Figure 3 

clarifies the nature of our data set.  

 

 

FIGURE 3.  
Study 1: Data Timeline 

 

Of the 154 pitches that received some contribution in the marketplace over this 

duration, 100 completed the funding process during the period of observation and are 

thus considered in our analysis.  Of the $126,654.97 contributed in the marketplace over 

this period, these 100 pitches accounted for $66,016.21, supplied by a total of 4,353 

contributors.  Based on this, contribution appears to be distributed across pitches in a 

reasonably uniform manner, with 65% of the pitches receiving 52% of the funding. 

The remaining variables we include in our analysis of the antecedents are the 

required budget outstanding for a pitch, as of a given observation, and Google Search 

trends for associated pitch keywords.  A pitch enters our sample on August 26, 2009, or 

                                                

x Because it might be argued that such an approach introduces the potential for positivity or 
selection bias, in that our analysis is limited only to those pitches that completed the funding 
process, for the sake of robustness, a 2SLS estimation was performed on the entire set of pitch 
observations, from August 26, 2009, onward. Similar findings were obtained in terms of both 
sign and magnitude of the regressors. Further, a simple model without the Google Analytics data 
was analyzed, evaluating all contributions from March 9th, 2009 onward, and the results were 
again qualitatively similar to those reported in our Results section.   
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when it is initially posted for consideration, whichever is most recent.  The pitch then 

exits on the date an associated story is published. 

Our dependent variable in the antecedent model, contribution toward a given pitch 

on a given day, is the sum of all contributions toward that pitch on that day. Our 

antecedent sample is comprised of 5,874 pitch-day pairs. The average pitch takes 54.5 

days to complete the funding process, though there is considerable variation, with the 

fastest pitch having completed funding in 1 day, while the slowest completed funding in 

294 days. The average completed pitch receives funds from 40 unique contributors. 

However, once again, there is considerable variation around the mean, with the number 

of contributors ranging from just 1 to as many as 175. This is understandable, however, 

as at the time of data collection, the pitches observed have raised from as little as $20 to 

as much as $7,685. Thus, the number of contributors required to supply these funds will 

vary quite a bit. The average individual contribution is $6.01 and contributions range 

from $0.28 to $4,749. We present the descriptive statistics of all the variables in our 

antecedent model in Table 3. 

The data set we employ in our analysis of the consequences model is very similar 

to that used in the antecedent model.  In contrast to the antecedent analysis, however, we 

aggregate the consequence data to weekly values, for the sake of manageability. As 

stories remain available for viewing continuously following publication, the considered 

period of readership for a given story tends to extend for a much longer duration than the 

associated pitch’s funding phase. As noted earlier, our sample includes all those stories 

published from August of 2009, onward, as well as each story’s associated pitch 

contribution data. The associated pitch contribution data is used to calculate a summary 

measure of contribution frequency for each pitch. Beyond this summary statistic, we 

again leverage a continuous indicator of Google Search Trends. The descriptive statistics 

for our second sample are provided in Table 4. 
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TABLE 3.  

Study 1: Antecedents Descriptive Statistics 
 
 
 
 
 
 
 
 
 

 
 
 

TABLE 4. 
Study 1: Consequences Descriptive Statistics 

 

 

 

 

 

 

 

2.5 Results 

We begin by exploring the effect of various lags of the dependent variable, in an 

effort to identify the extent of autocorrelation in the data. The results of these estimations 

are presented below in Table 5. Based on these results, we determined that only the first 

and second lags of contribution have a significant effect on contribution in the present 

period. As such, we chose to employ 3rd and higher order lags as instruments in our 

Arellano-Bover Blundell-Bond estimations, as well as in our 2SLS estimations. 

Importantly, this analysis of lags has little bearing on our determination of a substitution 

Variable Min Max Mean STDev 
Contribution 0.00 4,749.00 1,123.87 85.52 
Remaining Budget 0.00 38,468.22 2,059.44 6400.59 
Contribution  Frequency 0.00 500.00 14.58 31.33 
Page Views 0.00 692.00 9.13 20.85 
Search Trends  0.00 100.00 45.19 28.19 
Posting Duration  1.00 300.00 66.78 62.15 
Note: N = 5,874. 

Variable Min Max Mean STDev 
Read Time 0 127,455 805.63 3,628.92 
Funding Duration 2 300 68.28 66.63 
Story Length 1,306 54,619 13,217.40 9,924.75 
Readability 5.80 19.70 11.89 2.72 
Search Trends 0.00 100.00 47.39 28.21 
Pitch Budget 75.00 40,000.00 1,348.44 2,432.72 
Pitch Views 5.00 5,461.00 525.17 785.90 
Weeks Posted 1.00 74.00 23.03 17.64 
Note: n = 3,027. 
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or reinforcement effect. This is because, as outlined above, the information available to 

potential contributors about others’ contributions is generally presented in aggregate (i.e., 

it consists of aggregate funding to date, and the total duration over which it has arrived). 

Though an observer could drill down into the contributor list to determine the total funds 

contributed the day prior, unlike the aggregate details, this information would take some 

effort to extract. 

 
TABLE 5.  

Study 1: Antecedents – Assessment of Lagged Effects 

 

Next, we consider the results of our antecedent model, which are, presented in 

Table 6.  First of all, looking at the tests of autocorrelation, we see that AR(3) is 

insignificant in all models. This is in line with our above analysis, as it indicates that 

autocorrelation is insignificant at the 3rd order. Looking at the coefficient estimates in 

column 3, we find that contribution frequency has a significant, negative effect (!1=-0.32; 

p < 0.01). This estimate is stable, regardless of whether control variables are included, 

such as remaining budget or search trends. Based on these estimated coefficients, a 1% 

increase in prior contribution frequency is associated with a 0.32% decrease in 

contribution. This suggests that higher contribution frequencies are associated with lower 

 DV = Log(Contribution) 
Variable OLS-FE OLS-FE OLS-FE 
Log(Contributiont-1) 0.22*** (0.02) 0.20*** (0.02) 0.20*** (0.02) 
Log(Contributiont-2) -- 0.05** (0.02) 0.05** (0.02) 
Log(Contributiont-3) -- -- 0.01 (0.02) 
Observations 5,774 5,774 5,774 
F 12.38 (18, 99) 13.13 F(19,97) 12.54 (20, 96) 
AIC 28,312.39 27,754.29 27,243.15 
BIC 28,432.29 27,880.52 27,375.67 
Time Dummies Yes Yes Yes 
Notes: Robust Standard Errors reported in brackets for coefficients, degrees of 
freedom for test statistics. 
      *** p < 0.001; ** p < 0.01. 
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subsequent contribution amounts. As such, the direction of these effects is consistent with 

a substitution model, rather than a reinforcement model. Further, the size of the 

coefficient here seems to suggest that partial, rather than complete crowding out, is 

observed (as the coefficient is less than 1, dollar-for-dollar crowding out is not implied). 

 
TABLE 6.  

Study 1: Antecedents – GMM DPD Estimation 

 

Moving next to our pitch URL traffic variables, we again find significant results.  

In particular, the effect of prior period contribution is significant and positive (!2=0.29; p 

< 0.01).  More specifically, a 1% increase in the volume of prior period contribution is 

associated with a 0.29% increase in subsequent contribution. The positive coefficient of 

this variable indicates the presence of word of mouth effects or general inertia in 

contribution behavior. We also find that greater numbers of users viewing a pitch on a 

given day are associated with more money being contributed (!3=1.29; p < 0.001).  That 

is, a 1% increase in the number of pitch views is associated with a 1.29% increase in 

contributions, a rather intuitive result. With regard to our other control variables (i.e., 

remaining budget, search trends), we find no significant effects.  

 DV = Log(Contribution) 
Variable GMM-DPD GMM-DPD GMM-DPD 
Log(Contribution Frequency(t-1)) -0.32* (0.11) -0.32** (0.11) -0.32** (0.11) 
Log(Contribution(t-1)) 0.29** (0.09) 0.29** (0.09) 0.29** (0.09) 
Log(Page Views) 1.29*** (0.09) 1.29*** (0.09) 1.29*** (0.09) 
Log(Remaining Budget) -- 0.01 (0.03) 0.01 (0.02) 
Log(Search Trends) -- -- -0.02 (0.04) 
Observations 5,774 5,774 5,774 
Wald Chi2 691.20 (20) 808.15 (21) 808.09 (22) 
AR(3) -0.09 -0.10 -0.10 
Hansen J Insignificant Insignificant Insignificant 
Time Dummies Yes Yes Yes 
Notes: Robust standard errors in brackets for coefficients, degrees of freedom in brackets 
for test statistics; Lagged DV instrumented with higher order lags; All Stock-Yogo cutoffs 
of instrument strength are met. 
        *** p < 0.001; ** p < 0.01; * p < 0.05. 
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Our estimates are qualitatively similar across all hierarchical regressions, thus our 

coefficients appear to be quite stable estimates. Further, the Hansen J test of 

overidentifying restrictions cannot be rejected in any of our regressions, and the 

difference in Hansen test does not allow us to reject the exogeneity of our instrument 

variable set. 

Shifting next to a consideration of our consequences model, we find a number of 

interesting results (Table 7).  Firstly, looking at the basic model, in column 1, we find that 

the pitch funding duration is positively associated with story readership (!1=0.22; p < 

0.001), as expected. This effect remains stable when we introduce the control for pitch 

budget (column 2). Most importantly, however, when we introduce our direct measure of 

pitch exposure (pitch views), we see that it is also positive and highly significant. Further, 

we see that the significance and magnitude of the funding duration coefficient falls. This 

seems to support our intuition that longer funding durations will lead to greater 

awareness, and thus consumption, following a story’s publication.   

With respect to the various controls in our model, we can see that most have 

significant effects in the expected direction. First, longer stories induce greater read 

times. Second, complexity, or text that is difficult to read (i.e., a high value on the 

readability index), induces longer read times. Third, older stories draw smaller read 

times, likely because the stories grow less interesting or topical as they age. Lastly, 

regarding the coefficient for pitch budget, it is quite possible that we do not see a positive 

effect here because larger budgets are typically associated with overhead costs, and not 

expenditures directly associated with story contentxi. It is important to note that the 

                                                

xi For example, one of the bigger budget pitches in our sample ($4,000) was associated with 
lengthy coverage of a gubernatorial election. Thus, researching this story did not necessarily 
entail a more difficult or detailed effort on the part of the author; rather, the author was simply 
required to maintain focus for a lengthier period, and thus required greater funds to offset 
associated costs.  
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significance of this coefficient disappears when we control for story topic genre – we 

direct the reader to the electronic companion for these results. 

 
TABLE 7.  

Study 1: Consequences – Negative Binomial & FE 

 

The significance and directionality of the Pitch Views coefficient suggests that 

stories with pitches that remain in the funding phase longer, tend to perform better, 

because they garner greater awareness in the marketplace before a story is published. 

Drawing on the log-likelihood of each of these nested models (columns 2 and 3), we also 

performed a likelihood ratio test, which indicated that the inclusion of the pitch_views 

variable significantly improves the model fit ( ! 2 (1) = 42.68 , p < 0.0001). This is not 

surprising, given that the magnitude and significance of the pitch views coefficient are 

both larger than those of associated with the funding duration coefficient. In order to 

provide a richer analysis of these associations, we also performed a case comparison, 

drawing on three high and three low performing stories (in terms of readership). These 

results are presented in the electronic companion. 

 

 DV = Read Time 
Variable NBREG-FE NBREG-FE NBREG-FE 
Log(Funding Duration) 0.22*** (0.02) 0.22*** (0.03) 0.21*** (0.03) 
Log(Story Length) 0.14*** (0.03) 0.14** (0.03) 0.16*** (0.03) 
Log(Readability) 0.45*** (0.12) 0.44*** (0.12) 0.29* (0.12) 
Log(Search Trends) -0.02 (0.02) -0.02 (0.02) -0.01 (0.02) 
Log(Weeks Posted) -0.25*** (0.02) -0.25*** (0.02) -0.23*** (0.02) 
Log(Pitch Budget) -- 0.00 (0.03) -0.10** (0.04) 
Pitch Views -- -- 0.25*** (0.04) 
Observations 3,027 3,027 3,027 
-2LL -14,909.74 -14,909.74 -14,888.79 
Wald Chi2 474.25 (23) 474.25 (24) 524.17 (25) 
Time Dummies Yes Yes Yes 
Notes: Bootstrap standard errors in brackets for coefficients, degrees of freedom 
for test statistics. 
        *** p < 0.001; ** p < 0.01; * p < 0.05. 
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2.6 Robustness Checks 

We begin our robustness checks by ruling out issues of multicollinearity. To 

assess multicollinearity, we estimated both the antecedent and consequence models using 

cross-sectional (pooled) OLS regression and obtained the variance inflation factors 

(VIFs) associated with each variable.  All values were found to be below 4, and hence 

multicollinearity is not of concern in our estimation.   

We next evaluated the robustness of our coefficient estimates, in the antecedent 

model, to outliers. To do this, we re-estimated the model using the GMM-based Dynamic 

Panel estimator, excluding outlier observations that were identified based on a frequency 

value that lay within the top 5% of the distribution (this resulted in 395 excluded 

observations, or roughly 7% of the antecedent sample).  This re-estimation produced 

coefficients that were very similar in terms of sign, statistical significance, and 

magnitude.  

We also explored the sensitivity of the results to the choice of estimator. We re-

estimated the model using 2SLS with fixed effects. In this re-estimation, we instrumented 

for the lag of the dependent variable using time-series based instruments (i.e., higher 

order lags of the same variable). This model again supports our core findings, producing 

an insignificant Hansen J statistic, which indicates that the overidentifying restrictions are 

not rejected. Further, the Cragg-Donald statistics in these estimations are ~45.0, which 

exceeds all Stock-Yogo cutoff values, indicating that our instrumentation is quite strong 

(Stock and Yogo 2002)xii.   

To address any concerns about the validity of time series instruments, we also 

estimated a 2SLS model taking the lag of total contributions to other pitches as an 

instrument for the lag of contributions to a focal pitch. As noted previously, the logic here 

                                                

xii  Notably, our Kleibergen Paap F and LM statistics both exceed the Stock Yogo cutoffs as well. 
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is that site-wide contributions on a given day should be correlated, but that contributions 

to other pitches should not be highly associated with prior period contributions to a focal 

pitch. These results again produced the same results, and produced similar statistics in 

terms of instrument strength. Next, in order to mitigate any concerns over the frequency 

variable potentially being endogenous, we estimated the model with the 2SLS estimator 

once more, instrumenting for both the lagged DV and the contribution frequency using 

higher order lags. This estimation again produced qualitatively similar resultsxiii.  

I then estimated a standard OLS regression with fixed effects, excluding the 

lagged dependent variable, in order to address any concerns about this variable being 

confounded with contribution. Upon doing so, we obtained coefficient estimates 

consistent with those reported elsewhere. Lastly, we re-executed our initial GMM-based 

dynamic panel data model including a variable that captures the number of days a pitch 

has been posted for. This model produced qualitatively similar results, and the duration 

variable was found to be insignificant. This estimation helps to rule out the alternative 

explanation that the effects we observe are simply a result of available funds running dry 

(i.e., the project reaching its market contribution capacity). It is interesting to note here 

that, in addition to further addressing the market capacity argument, inclusion of this 

posting duration variable also allows us to rule out an effect of waning interest, over time. 

To clarify, this check is necessary because one might reasonably suggest that pitches that 

have been posted for a longer duration of time will contain older ideas. As news is only 

valuable if it is recent, such pitches could be expected to draw less interest from readers. 

All of the results for these various regressions are reported below, in Table 8. 

                                                
xiii It is important to note as well that this regression also included an orthogonality condition, to 
evaluate the exogeneity of contribution frequency. The resultant C statistic suggested that we 
could not reject this variable’s exogeneity (i.e., an insignificant C statistic; Chi2(1) = 0.354), 
further supporting our belief that frequency is exogenous. 
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In terms of robustness checks for our consequences model, beyond the simple 

checks for multicollinearity and outliers, we also explored alternative operationalizations 

for readership. Table 9 provides the results of our main estimation, taking page views as 

the outcome of interest, rather than read time. We also explored the impact of replacing 

total pitch views with total pitch read time (independent variable), and we obtained 

similar findings. Considering the re-operationalized outcome variable, we again see 

similar results.  

Next, we evaluated the robustness of our results to inclusion of a lagged 

readership variable, in order to address possible issues associated with autocorrelation. 

This was achieved by incorporating a non-zero lagged value of the dependent variable 

(i.e., Max(L.Page Views, 0.5)). While the autoregressive term was significant in this 

estimation, our other coefficient estimates remained stable in terms of sign, significance 

and magnitude. An alternative approach to addressing this concern might be to employ an 

innovation diffusion model (Mahajan et al. 2000), however, given the stability of our 

findings in the face of an autocorrelation term, we do not pursue such modeling here. 

Further, we re-estimated our consequences model using the Arellano-

Bover/Blundell-Bond estimator, as was done in our antecedent estimations. These results 

are also stable and consistent with our prior coefficient estimates. Thus, the presence or 

absence of the lagged dependent variable does not appear to influence our results. The 

results of the Arellano-Bover/Blundell-Bond estimation are presented below in Table 10. 
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TABLE 8.  
Study 1: Antecedents – Robustness Checks 1

 DV = Log(Contribution) 
Variable 2SLS1,2,3,4 2SLS1,2,3,4,5 OLS-FE1,2 GMM DP1,2,3 

Log(Contribution(t-1)) 0.36*** (0.10) 0.31*** (0.08) -- 0.28*** (0.10) 
Log(Contribution Frequency(t-1)) -0.59** (0.07) -0.28* (0.12) -0.19** (0.07) -0.32** (0.12) 
Log(page_views) 1.24*** (0.08) 1.23*** (0.08) 1.50*** (0.09) 1.28*** (0.09) 
Log(remaining_budget) 0.02 (0.03) 0.02 (0.03) -0.01 (0.03) 0.01 (0.03) 
Log(search_trends) -0.07 (0.05) -0.03 (0.05) -0.03 (0.08) -0.03 (0.04) 
Log(posting_duration) -- -- -- -0.06 (0.05) 
Observations 5,477 5,477 5,874 5,774 
F 51.67 (23, 5362) 52.53 (22, 5362) 23.06 (21, 99) -- 
Hansen J Insignificant Insignificant -- Insignificant 
Wald Chi2 -- -- -- 893.01 (23) 
Cragg-Donald 45.34 51.91 -- 51.91 
Kleibergen-Paap F 28.28 124.50 -- 124.50 
Kleibergen-Paap LM 83.37 32.86 -- 32.86 
Overall R2 -- -- 0.29 -- 
Time Dummies Yes Yes Yes Yes 
Notes: Robust standard error in brackets for coefficients, degrees of freedom in brackets for test statistics; 
Lagged DV instrumented with higher order lags; All Stock-Yogo cutoffs of instrument strength are met; 
Regression includes instruments for contribution frequency. 
         *** p < 0.001, ** p < 0.01, * p < 0.05. 
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TABLE 9.  
Study 1: Consequences – Robustness Checks 1 

 

 

 

 

 

 

 

 

 

 

 

 
TABLE 10.  

Study 1: Consequences – Robustness Checks 2 

 

 
  

 DV = Page Views 
Variable NBREG-FE NBREG-FE 
Log(Funding Duration) 0.24*** (0.03) 0.23*** (0.03) 
Log(Story Length) 0.04 (0.04) 0.05 (0.04) 
Log(Readability) 0.65*** (0.14) 0.59*** (0.15) 
Log(Search Trends) 0.01 (0.02) 0.01 (0.02) 
Log(Weeks Posted) -0.04+ (0.03) -0.03 (0.03) 
Log(Pitch Budget) -0.07+ (0.04) -0.11** (0.04) 
Pitch Views -- 0.11* (0.04) 
Observations 3,027 3,027 
-2LL -8,047.13 -8,044.34 
Wald Chi2 452.22 (24) 457.78 (25) 
Time Dummies Yes Yes 
Notes: Bootstrap standard errors in brackets for coefficients, 
degrees of freedom for test statistics. 
            *** p < 0.001; ** p < 0.01; * p < 0.05; + p < 0.10. 

 DV = Log(Read Time) 
Variable GMM-DPD GMM-DPD 
Log(Funding Duration) 0.24** (0.09) 0.22* (0.09) 
Log(Read Time(t-1)) 0.26*** (0.05) 0.27*** (0.05) 
Log(Story Length) 0.30* (0.15) 0.34* (0.14) 
Log(Readability) 0.39 (0.46) 0.03 (0.42) 
Log(Search Trends) -0.05 (0.05) -0.04 (0.05) 
Log(Weeks Posted) -0.73*** (0.13) -0.66*** (0.13) 
Log(Pitch Budget) 0.04 (0.13) -0.15 (0.12) 
Pitch Views -- 0.53* (0.24) 
Observations 2,928 2,928 
Wald Chi2 641.36 (13) 586.29 (14) 
AR(3) 0.48 0.49 
Hansen J Insignificant Insignificant 
Time Dummies Yes Yes 
Notes: Robust standard errors reported in brackets for coefficients, 
degrees of freedom for test statistics; lagged DV instrument using 
higher order lags. 
        *** p < 0.001; ** p < 0.01; * p < 0.05. 
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It should also be noted that we performed a number of additional robustness 

checks across both the antecedent and consequence models, to explore the effects of story 

topic genre, as well as different operationalizations for prior contribution (cumulative 

prior contribution, average prior contribution). These additional robustness checks are 

presented in the electronic companion. 

 

2.7 Discussion 

I have also considered some possible alternative contribution incentives, beyond 

those we explicitly factored into our empirical model of contribution’s antecedents. We 

considered the possible role of reputational gains, social identity, sanctions on deviants 

and monetary returns. Beginning with reputational gains, it is important to note that many 

of the contributors in this marketplace employ “user names” or pseudonyms. For this 

reason, contributors are, in general, fairly anonymous. Moreover, the marketplace does 

not enable lenders and borrowers to connect in the form of teams or groups, such as those 

at Kiva.org and Prosper.com. It therefore seems unlikely that a contributor could obtain 

much in the way of reputational gains from a contribution. For similar reasons, it seems 

unlikely that individuals would view contribution as a viable opportunity to establish 

social identity or to associate themselves with a cause. In terms of sanctions on deviants, 

there do not appear to be any mechanisms by which sanctions could be imposed. We say 

this because a) users are generally anonymous, as noted above, and b) there does not 

appear to be any avenue by which an individual could be penalized by the community. 

Finally, with regard to monetary incentives, there are no apparent means by which a 

contributor could earn funds as a result of their contribution.  

Although we have identified a substitution effect in this setting, we expect that 

one might be more likely to observe a reinforcement effect in contexts where 

crowdfunders are concerned with their own behavior relative to that of others. For 
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example, it is quite possible that the magnitude of these negative effects may decline (or 

become positive) as crowdfunding activities become more social. Consider crowdfunding 

for medical expenses (e.g., giveforward.com), where the majority of funders are quite 

often in the fundraiser’s own social network and thus may also be known to one another 

as well. If a crowdfunder’s identity is known, their actions are observable and they 

perceive those observing them to be important, then they are more likely to be concerned 

about how their actions will be viewed. Further, in such a setting, it is easier for potential 

funders to gauge other contributors’ relationships to the project proposer and thus assess 

whether those contributions are truly ‘fair’.   

In a reward-based crowdfunding context, this positive sway may also begin to 

occur as marketplaces like Kickstarter and IndieGoGo begin to incorporate social 

networks and thus greater social visibility (e.g., the Facebook Social Graph). As 

contributions become more social, and thus subject to greater scrutiny, then social norms 

are again likely to become more salient. This is in contrast to the present context, where 

crowdfunders appear chiefly concerned with the value of their contribution to the 

recipient (i.e., if they have received more funds previously, then they are less likely to 

value additional contributions to the same degree). Contributors in this marketplace are 

largely anonymous and are not connected to each other through a social network, thus 

social norms may be less important to contributor decision-making. In short, here, 

individuals are likely less concerned about how they are perceived by others (thus they 

will be more willing to lessen their contributions). Similarly, morals and fairness may 

play less of a role, as crowdfunders may be unsure about the relationship between other 

contributors and the project proposer (perhaps the other contributors offering large sums 

of money are friends or family, and thus are contributing over and above what might be 

considered fair, due to a stronger social relationship). If this perception were to manifest, 

then a given contributor might not perceive the other contributions as being 

representative of what is “fair” or “moral”.  
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The usefulness of popularity or preference indicators in predicting subsequent 

product popularity has been demonstrated previously within certain online contexts, such 

as YouTube (Cha et al. 2007; Duan et al. 2009; Tucker and Zhang 2011). However, no 

prior work has attempted to examine how users’ reliance upon these types of indicators 

might play out in the context of private contribution toward a public good, nor how this 

reliance might be associated with the quality of the public good once implemented.  The 

empirical study conducted herein presents a unique effort to analyze these effects. While 

other scholars have recently examined private contribution toward a public good in the 

context of communities of practice (Wasko et al. 2009) and peer to peer file sharing 

networks (Asvanund et al. 2004; Krishnan et al. 2002; Nandi and Rochelandet 2008; Xia 

et al. 2011), this work advances the literature, examining contribution behavior around a 

new product type (online journalism), subject to the influence of observable contribution 

decisions made by prior others. Further still, our web traffic and product popularity 

variables allow us to address the fact that certain stories will have a broader appeal than 

others.  

The availability of data spanning 1.5 years allows us to gain an understanding of 

the longitudinal process underlying consumer decision-making in the presence of the 

aforementioned signals.  While prior work has considered process characteristics of this 

form, it has done so with comparatively limited scope, examining, for instance, how the 

behavior of one reviewer will influence that of subsequent reviewers (Forman et al. 2008; 

Schlosser 2005). Our examination has thus allowed us to gain a more in-depth 

understanding of the influence that multiple signals have on contributor decisions, in 

tandem. These effects are rather complex, and suggest that users’ consideration of such 

signals (e.g., relying on them to different degrees and in different ways in different 

scenarios) may be highly dependent upon context. Our identification of a significant 

association between total pitch views and story readership also implies that pitch 

exposure is key to the success of crowdfunded projects, not only in terms of garnering 
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funding, but also in terms of building awareness in the marketplace to achieve greater 

levels of consumption. 

 

Implications for Practice 

This paper solidifies the important role of online social influence in collective 

evaluation and crowd-based funding. Further, our paper empirically supports the notion 

of the substitutive effects in contribution toward public goods, providing some practical 

evidence, in a real-world setting, of a phenomenon that has been examined at length via 

simulation and laboratory experiments (e.g., Carpenter 2007; Eckel 2008). Our findings 

provide evidence that users do consider the behavior of others in this context, and they 

suggest that this influence is contingent on the nature of the good in question. Whether 

this consideration takes place consciously or inadvertently is left as a subject for future 

research.  

In terms of the implications of our findings for policy and regulation, the 

identification of social influence in this market raises the potential that some markets may 

enable fundraisers to ‘game’ or manipulate the system (Bonabeau 2009). This would be 

true, for example, if the market exhibited a mechanism of reciprocity, or if herding 

behavior were prevalent (Burtch 2011; Zhang and Liu 2012). However, importantly, our 

findings demonstrate that reinforcing mechanisms are not guaranteed to emerge in all 

markets. As such, the need for involvement from regulatory bodies should likely be 

weighed on a case-by-case basis. Further, there is ongoing research in the area of 

manipulation resistant feedback mechanisms that could quite likely offer an avenue to 

mitigating the threat of gaming, even where viable, further diminishing the need for 

regulatory oversight (Resnick and Sami 2008). 

The existence of a substitution effect also has interesting implications for 

individuals seeking to raise capital within electronic markets, as well as individuals 

seeking to consume, invest or contribute in said markets. This finding suggests that 
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crowding-out may actually have countervailing effects. On the one hand, it may make it 

more difficult for pitch proposers to meet their funding targets. On the other hand, 

crowding-out may drive longer periods of funding, allowing pitch proposers to gain 

greater awareness in the market before implementing the project. However, the 

importance of these countervailing effects will, of course, depend on the structure of a 

particular marketplace. For example, in other crowdfunding contexts, the funding 

duration may be fixed in advance, or it may not be necessary for a project to meet its 

funding goal in order for implementation to take placexiv. 

My findings also indicate that the awareness or attention that a pitch receives in 

the funding stage ultimately impacts the consumption of its output, once the project is 

implemented. This seems to suggest that our measures may constitute a useful 

information source from a managerial perspective. If measures like funding duration or 

pitch views can be leveraged to improve upon predictions of consumption, then such 

information could be leveraged for inventory management and sales forecasting 

purposes. Of course, the degree of improvement delivered from the use of our measures 

should also be given consideration in future work.  

If the crowdfunding platform wished to mitigate the identified substitutive effect, 

it is important to consider the findings of associated work that has examined different 

approaches to boosting contribution toward public goods in the presence of crowding-out. 

List and Lucking-Reiley (2002) consider two such treatments: subsidization and the 

offering of refunds. These authors find that both approaches successfully increase 

contribution levels, as both approaches effectively lower the marginal cost of 

contribution. In the case of subsidization (i.e., matching contributions), a given 

contributor’s donation to a project is effectively increased by some multiple, by the 

purveyor’s contribution. In the case of refunds, a potential contributor is given the peace 

                                                

xiv We would like to thank an anonymous reviewer for suggesting this.  
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of mind that they can withdraw their funds from a project at any time during the course of 

the funding process, should they wish to do so. Thus, a reasonable suggestion would then 

seem to be for the crowdfunding platform to match contributions. However, the effects of 

subsidization can likely be improved if a more nuanced approach is taken.  

Prior work has found that different types of contributors are more or less 

susceptible to information on contributions made by prior others when making their own 

decisions. In particular, Shang and Croson (2009) found that first-time contributors are 

more likely to positively reinforce the contributions of others than are repeat contributors, 

because first-time contributors are faced with a greater degree of uncertainty or ambiguity 

about the funding process. With this in mind, providing subsidies to mitigate the 

substitutive effect might work best if targeted at one type of contributor versus another. 

First time contributors could be targeted with an initial, one time account credit upon 

registering with the marketplace, whereas matching contributors’ donations in general 

could be a strategy to target repeat-contributors. 

It is also important to consider the underlying psychological effect that drives the 

positive influence of contribution matching on individuals’ willingness to contribute. In 

work related to the idea of subsidizing contributions toward a public good, Falk (2004) 

finds that supplying potential contributors with a small gift amplifies the amount they are 

willing to contribute toward a charity, as it incites reciprocal behavior. Returning to the 

notion of impure altruism and the warm glow effect, where contributors receive some 

utility from aiding others, the influence of subsidization that is identified in the above 

studies may in fact result from individuals’ perception that the subsidy is a type of gift to 

them, as it amplifies their contribution. With this in mind, it is therefore possible that the 

initial gift need not be monetary in nature to achieve the same outcome. As such, perhaps 

if the crowdfunding platform were to provide other types of gifts to potential 

contributors, this might serve to boost contribution levels. For example, the platform 

might consider offering free merchandise associated with the platform brand, or some 
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form of recognition, when contributors surpass some threshold of contributions (e.g., a 

“premium contributor” designation on the website). 

 

2.8 Conclusion 

This work presents a holistic analysis of the process of consumer decision-making 

in a crowdfunding context. Our findings seem to suggest contributions in this 

marketplace are subject to a crowding-out effect. This, in turn, suggests that individuals 

in this market may be primarily motivated by altruism. Further, we find that the duration 

of the fundraising project indirectly impacts the ultimate consumption of the project’s 

output, as this determines the amount of exposure the pitch receives in the marketplace 

before it is implemented. In particular, longer funding durations are found to be 

associated with higher performance. This finding, a major contribution of our work, 

demonstrates the role of marketing in the funding stage, as a direct determinant of project 

success. Further, this finding suggests that it may be possible to leverage data on aspects 

of the contribution process in the earlier stages to predict downstream performance.  

We have presented one of the first empirical attempts to understand the influence 

and implications of user behavior in crowdfunded marketplaces. With the emergence of 

“crowdfunding” as a viable business model, such marketplaces are providing users with 

the opportunity to express themselves in new ways, and to examine others’ behavior in 

new ways. The nascent body of literature on crowdfunding will likely benefit greatly 

from further consideration of these types of signals. !

The results of our empirical analysis need to be understood in light of some 

limitations. Our data set does not allow us to draw direct association between pitch 

contributors and story readers. We observe these behaviors in aggregate, but are unable to 

determine whether the exact same individuals contributing funds are also reading the 

story that results. Further, it is possible that, while contributions fall off for a particular 
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project when prior contributions arrive more frequently, it may be that the market simply 

reallocates funds to different projects that are most in need. Further, it has been shown 

that in certain charitable contexts, the crowding out effect may actually be driven by a 

strategic response on the part of fundraisers, as opposed to donors (Andreoni and Payne 

2003). While this appears unlikely in our context, given that very little marketing effort 

appears to be undertaken by pitch proposers (fundraisers) directly, the possibility remains 

that this is contributing to our findings. 

 Future research can build on our analysis by using data on funding and project 

outcomes from other types of crowdfunded markets. While we consider donation-based 

crowdfunding here, the applicability of our findings to reward-, equity- and lending-

based markets might not be simple or intuitive. Amongst these three other flavors of 

crowdfunding, our findings likely have the most relevance for reward-based 

crowdfunding; the style of crowdfunding facilitated by sites like Kickstarter and 

IndieGoGo. This is because such markets evidence a mix of intangible and tangible 

incentives (e.g., altruism vs. rewards). Our findings would thus have direct relevance 

with respect to the altruistic motivators of contribution in those settings, though it 

remains to be seen how these effects would interact in a mixed context, where both types 

of incentives are at play.  

Future research might also explore the relationship between popularity indicators, 

behavioral signals and more traditional, explicit forms of investor or purchaser preference 

(e.g., online product reviews) in the prediction of subsequent sales performance (Archak 

et al. 2011). Finally, future work might also seek to elaborate upon the initial relationship 

we have identified here between the contribution frequency of the pitch and the 

performance of the published story, in terms of readership. 

In conclusion, given crowdfunding’s significant economic potential, the design of 

these platforms warrants a good deal of caution. While numerous avenues for future 

research do remain, this work presents an initial step toward understanding individuals’ 
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behavior in these markets. As such, it is our hope that this work will provide insights to 

scholars and practitioners, informing design, as well as policy and regulation going 

forward. 
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CHAPTER 3: 
CULTURAL DIFFERENCES IN CROWDFUNDING 

ABSTRACT 
 

Now a global phenomenon, crowdfunded markets are facilitating transactions between 

and amongst millions of heterogeneous parties, who vary widely in their location and 

cultural characteristics. Geographic distance and cultural differences have both 

traditionally been regarded as impediments to exchange, due to a variety of associated 

transaction costs. Importantly, the role of geography, though declining in recent years due 

to the benefits of information technology (e.g., reduced search costs), persists 

nonetheless. Further, IT does arguably very little to address cultural differences and, in 

fact, the increase in feasible transaction distances facilitated by information systems 

arguably increases the importance of cultural differences. Bearing in mind the global 

nature of crowdfunding, in this work, we seek to identify and quantify the dual effects of 

cultural differences and geographic distance on crowdfunder contribution decisions. We 

focus upon the world’s largest micro-lending website, employing an aggregate dataset 

that incorporates three million loans. Referring to theories of bounded rationality and 

cyber-balkanization, we demonstrate that lenders prefer culturally similar, local 

borrowers. However, perhaps most interesting is our finding that contributors only appear 

to concern themselves with cultural differences insofar as they are aware of those 

differences, as the preference for cultural similarity fades with physical distance. We 

refer to this as an awareness effect.  
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3.1 Introduction 

A substantial portion of entrepreneurial financing and charitable contribution is 

now attributable to online crowdfunded markets (Burtch et al. 2013a). Platforms such as 

Kickstarter, IndieGoGo, Kiva and Zidisha are currently facilitating hundreds of millions 

of dollars in transactions each year, amongst and between individuals the world over. A 

recent industry report notes that crowdfunded markets supplied nearly $1.5 billion USD 

in 2011, a number expected to double in 2012 (Massolution 2013). The economic 

potential of crowdfunding is thus readily apparent, as evidenced by the attention it has 

received from regulators and legislators of late, a focus that ultimately culminated in the 

signing of the JOBS Act by President Obama on April 5th of this yearxv. 

As crowdfunding is now a global phenomenon, there are millions participants, 

who vary widely in terms of their physical location and cultural characteristics – both 

Kiva and IndieGoGo claim a user base representing more than 190 countries around the 

world. However, geographic distance, though of declining importance in recent years 

(e.g., due to the reduction in search costs brought about by information systems), remains 

a barrier and other sources of friction (namely cultural differences) remain, and may even 

be exacerbated. Supporting these notions, recent work has demonstrated the positive 

association between contributor proximity to campaigns, in crowdfunding, and a number 

of other studies have recently demonstrated the impeding role of cultural differences 

(between transacting parties) at the organizational and national and national level. Further 

still, and perhaps most important, a lengthy stream of research provides evidence that 

cultural differences also negatively impact transactions at the individual level of analysis 

as well. For example, cultural differences have been shown to impact everything from the 

choice of travel destination (Ng et al. 2007) to the selection of a spouse (Kalmijn 1994). 

                                                
xv http://thenextweb.com/insider/2012/04/05/obama-signs-the-jobs-act/ 
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With this in mind, in this work, we seek to examine the joint roles of physical distance 

and cultural differences (between contributors and fundraisers) as determinants of 

crowdfunder contribution activity. Specifically, we seek to address the following research 

questions: What influence do cultural differences have upon crowdfunder 

contribution? What influence does physical distance have upon crowdfunder 

contributions?  

We situate our study at Kiva.org, the world’s largest online peer-to-peer (P2P) 

lending platform. Kiva is the ideal setting for our analysis, given that in many 

crowdfunded markets interpersonal differences will be confounded with the costs of 

transacting over physical distance. Consider that on IndieGoGo or Kickstarter, physical 

distance has implications for numerous secondary activities and their associated costs, 

such as the costs of shipping contribution rewards. In contrast, on Kiva, the subject of the 

transaction requires no physical handling (a loan), and the transaction itself is fully 

mediated by the marketplace purveyor, as both loan monitoring and customer service are 

under the purview of Kiva and its partners.  

Further, though loans on Kiva return no interest to the lender, the lender is still 

motivated to select a “good” borrower. This is because a higher quality borrower can 

achieve more with a particular loan, and thus garner greater value from the lender’s 

contribution, both for themselves and their local community or economy. This notion is 

in line with a lengthy stream of literature dealing with altruism and private contribution to 

public goods, which argues that a donor’s altruistic utility is largely dependent upon the 

value the recipient derives from the contribution (Andreoni 1989; Andreoni 1990). 

We draw on a large-scale aggregate dataset of country-to-country yearly lending 

counts, based upon more than three million lending actions over a five-year period (2005 

to 2010). We combine this with recent data on national cultural attributes from the World 

Values Survey, as well as data on GDP differentials, shared language and religious 

overlap. Analyzing this large dataset, we are able to identify a number of important 
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findings. First, we find a negative association between cultural differences and 

interpersonal lending, consistent with expectations. However, perhaps more interesting is 

our finding of a statistically and economically significant interaction between physical 

distance and cultural differences. Specifically, we find that the association between 

cultural differences and lending behavior is smaller when lender and borrower countries 

are geographically distant. This association suggests that an awareness effect may be at 

play; that cultural differences may only impact economic exchange insofar as lending 

parties are aware of those differences. 

Our work contributes directly to the literatures on crowdfunding and pro-social 

lending (Galak et al. 2011), as well as more broadly to the literature dealing with cultural 

biases in economic exchange (Giannetti and Yafeh 2012; Guiso et al. 2009). Our findings 

are consistent with those of prior scholars exploring patterns of pro-social lending, in that 

lenders appear to prefer similar others. However, our work suggests that similarity is 

considered not only in terms of directly observable features and information, but also in 

terms of ascribed culture. Further, though our findings parallel those of past work in the 

cultural biases literature, the awareness effect we identify implies an important distinction 

between individual and organizational decision-making contexts, likely associated with 

individuals’ comparative lack of resources. This lack of resources stems from the fact 

that, compared to organizations, individuals are subject to greater constraints on 

information processing and information retention.  

In the following sections, we begin with a review of the relevant literature 

pertaining to peer-to-peer (P2P) lending and micro-finance markets. We then provide a 

discussion of prior work that has looked at the impact of cultural biases in economic 

exchange, as well as the role of culture in the information systems literature. Bearing 

these various literary streams in mind, we move on to discuss the concept of bounded 

rationality, suggesting that culture may be employed by lenders to circumvent the 
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daunting search effort they face in many P2P lending marketplaces (i.e., at Kiva, in 

particular, lenders must choose from amongst hundreds of possible borrowers) xvi.  

Following our literature review, we describe the study context, after which we 

formulate a set of theoretically motivated, testable hypotheses. In order to evaluate these 

hypotheses, we present a macroeconometric model that we then take to the data. We 

present our results and robustness checks, and then offer a discussion of the limitations of 

our work, as well as its implications for both practitioners and scholars dealing with 

globalized, online economic exchange between individuals. 

 

3.2 Literature Review 

Online Crowdfunding 

The bulk of scholarly work on crowdfunding to date has focused upon P2P 

lending markets. This work has focused on two venues in particular: Prosper and Kiva. In 

the Prosper marketplace, Ravina et al. (2008) have shown that borrowers are more likely 

to receive loans when they are attractive, while Lin et al. (2013) have demonstrated that a 

borrower’s social capital (visible social network) plays a key role in lenders’ decisions to 

contribute funds, acting as a signal of credibility or trustworthiness. Much more recently, 

Zhang and Liu (2012) have provided evidence that lenders on Prosper exhibit rational 

herding behavior in borrower selection, as they take the lending decisions of prior others 

as a signal of borrowers’ quality. Importantly, it seems that the bulk of work pertaining to 

online P2P lending markets has focused on the status or characteristics of a particular 

borrower or loan request. In contrast, here, we attempt to understand characteristics of the 

                                                

xvi At any given point in time, a lender on Kiva will be presented with literally hundreds of 
potential borrowers. For this reason, popular secondary applications (e.g., www.kivalens.org) 
have arisen that support the filtering of borrowers based, for example, on their country of 
residence or gender. This seems to support our suggestion that culture is used as a heuristic in 
practice. 
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lender-borrower dyad. That is, contingent on the characteristics of the lender, what is the 

role of the borrower’s characteristics. 

In contrast to the work on Prosper, there are a few examples of studies in the 

online micro-finance context that have looked at characteristics of the lender-borrower 

dyad. Galak et al. (2011), in particular, have looked at the importance of similarity in 

gender and occupation between a borrower and lender. These authors find that the rate of 

matching between borrowers and lenders is significantly greater than would be predicted 

by chance, taking this as evidence that lenders prefer to provide funds to similar others. 

Meer and Rigbi (2011) have recently focused on linguistic differences between borrowers 

and lenders at Kiva. These authors have found that loans are funded more slowly when 

they are initially posted in a non-English language, even when the description is 

ultimately translated into English. Based on this, the authors suggest that additional 

transaction costs or frictions are imposed by these language differences, which impede 

lending activity. 

In addition to lending markets, some more recent studies have explored 

crowdfunding in donation- (charitable) and reward-based (perk-based) settings (Burtch et 

al. 2013a). Burtch et al. (2013b) explore the influence of prior contributions to a 

particular crowdfunding project in donation-based crowdfunding for journalism projects. 

They find evidence of a crowding out effect – as contributors observe greater prior 

contribution, they are inclined to withhold funds. Agarwal et al. (2011) explore the role 

of proximity in crowdfunder contributions, finding that local individuals are more likely 

to support a project, but this is primarily because local contributors are comprised of an 

entrepreneur’s friends and family members. 

 

Cultural Biases in Economic Exchange 

The impact of cultural biases on economic exchange has been explored in a wide 

array of contexts, both online and offline. The impact of such differences (also referred to 
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as cultural distance) is generally presumed to be negative, because of implied increases in 

transaction costs (Williamson 1981). In the IS literature, this notion has actually seen 

greatest consideration in the context of outsourcing and offshoring, where distance has 

been found to impose a variety of costs associated with communication, control, 

coordination and the formation of social bonds (Carmel and Abbott 2007).  

In offline settings, a number of scholars have discussed the importance of cultural 

biases as a determinant of economic activity between organizations and nations. Perhaps 

most notable amongst such studies is that by Guiso and his colleagues, wherein it is 

demonstrated that cultural differences lead to lower levels of bilateral trade between 

nations (Guiso et al. 2006; Guiso et al. 2009). More recently, Giannetti and Yafeh (2012) 

have investigated whether cultural differences affect financial contracts in international 

syndicated bank loans. These authors have found that culturally distant lead banks offer 

borrowers smaller loans at a higher interest rate and that they are also more likely to 

require third-party guarantees. 

In analyzing cultural biases, it is important to bear in mind that geographic 

distance can be a confounding factor. This is because, as noted above, there are often 

ancillary costs to transacting (e.g., shipping or monitoring costs). In the case of Kiva, this 

is less concerning given that transactions are fully mediated by Kiva. However, the fact 

that distance impedes information collection (Agarwal and Hauswald 2010) suggests that 

it may continue to be important for other reasons. As greater distance implies lesser 

exposure to a foreign culture, distance can result in a lack of cultural awareness (or 

“cultural blindness”). In the absence of cultural awareness, a number of scholars have 

demonstrated that individuals tend to assume cultural similarity due to ethnocentrism – 

the presumption that one’s own culture is the norm (Adler 1991; Burger and Bass 1979). 
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Culture & Information Systems 

Interestingly, while there is a lengthy stream of literature looking at national 

culture and information systems, it seems that very little work has considered the role of 

culture as it relates to IT mediated interpersonal interaction, as we attempt to do here. 

Instead, the bulk of research in the information systems field dealing with culture has 

been comprised of studies on individuals’ interactions with technology, whether in terms 

of design, adoption, use or management. Here, we will note only a few important 

examples, for the sake of brevity. For a lengthier review, see Leidner and Kayworth 

(2006). 

An early, notable example of this area of work is that of Straub (1994), which 

pertains to IT adoption. Straub contrasts the adoption of fax and e-mail technologies 

between American and Japanese contexts, focusing on cultural and linguistic differences. 

He bases his study on Hofstede’s national cultural index of uncertainty avoidance, as well 

as structural differences between Japanese and English language. He finds that these 

factors explain much of the observed variation in behavior between the two cultures 

when it comes to electronic media adoption. More recent examples, from the IS 

development stream, are the work of Tan et al. (2003), which explores the moderating 

role of national culture when it comes to software development teams’ willingness to 

report bad news to management, and that of Huang and Trauth (2007), which discusses 

the performance impacts of cultural differences (e.g., communication style) between 

Chinese and American IT workers. From the Computer-Mediated Communications 

(CMC) literature, a notable example pertaining to IT usage is the work of Vishwanath 

(2004), who notes cultural variations in how eBay users respond to seller reputation 

ratings. 

In general, it appears that while there is a plethora of work dealing with IT and 

culture, very little of this work has examined the importance of culture with respect to 

online interpersonal interaction. Of course, as always, there are a few exceptions. These 
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include the work of Watson et al. (1994), which explores the importance of culture in 

Group Decision Support System usage outcomes, and the work of Tan et al. (1998), 

which explores how the effects of computer mediated communication on majority 

influence in a group setting are moderated by cultural characteristics. 

 

Bounded Rationality 

Herbert Simon (1957) first proposed the notion of bounded rationality – the 

suggestion that humans are constrained in their capacity to process information. This 

discussion of bounded rationality led directly to Kahneman and Tversky’s (2003; 1974) 

work in the area of behavioral economics. This research stream has sought to improve 

our understanding of how rational decision-makers deal with their bounded capacity for 

information process. This is often achieved by simplifying the problem at hand through 

the use of heuristics. 

Van Alstyne and Brynjolfsson (2005) have noted that an implication of bounded 

rationality, in light of the massive influx of information and connectivity brought forth by 

IT (and the Internet in particular), is that individuals must selectively choose which 

connections to maintain and which to forgo. “As IT eliminates geographical constraints 

on interaction, the constraints of bounded rationality become increasingly important.” 

Van Alstyne and Brynjolfsson note that, in many cases, this will lead to a form of cyber 

‘balkanization’, as similar individuals will often prefer to congregate in virtual space. 

Importantly, this is what Gu et al. (2008) find evidence of in their analysis of user 

interactions in online stock market forums; like-minded individuals are found to 

congregate and interact with one another.  
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3.3 Methods 

Study Context 

Kiva is an online peer-to-peer lending platform that supports lending to 

entrepreneurs, by and large in the developing world (Kiva’s mission is to alleviate 

poverty by ensuring access to credit). Loans are targeted toward individuals or groups of 

borrowers and yield zero interest for lenders. All lending through Kiva is proffered in US 

dollars, but lenders repay in their local currency. A local micro-finance institution (MFI) 

screens potential borrowers and then disburses a microloan from its own financial 

resources. A loan officer at the MFI assists the borrower in building an Internet profile, 

which is submitted to Kiva. The profile includes a brief biography, loan amount, 

repayment schedule, loan purpose, etc. 

The profile can be written in a number of languages, though profiles are 

ultimately published in English. Translation of non-English requests is handled by Kiva 

volunteers, who also edit descriptions initially written in English, prior to posting them 

on the Kiva website. Figures 4a and b, below, provide screenshots from Kiva, depicting a 

typical loan description and loan location in the Kiva marketplace, as well as the Kiva 

help page “about countries”, respectively. Potential lenders from all around the world 

browse available loan requests (literally hundreds or thousands at any given point in 

time) and select the entrepreneurs they wish to support. Loan requests have 30 days to 

reach full funding. If a loan reaches its target, Kiva transfers money from the lenders to 

the MFI to backfill the loan. The borrower then repays the loan according to the 

repayment schedule. Loan collection is performed by the MFIs, which then pass along 

the funds to Kiva for distribution back to lenders. 
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FIGURE 4a, b.  
Study 2: Loan Description (Upper) & Location (Lower) 

 

Hypothesis Development 

Drawing on our literature review, we next formulate a series of hypotheses 

pertaining to the impacts of physical distance and cultural differences on lending 
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frequency. Beginning with cultural differences, we note that recent work has presented 

evidence that bilateral trade between countries is subject to cultural biases (Guiso et al. 

2006; Guiso et al. 2009). Specifically, Guiso and his colleagues have presented evidence 

that bilateral trade is impeded by distrust, which results from cultural differences between 

trade partners. These authors consider a variety of differences, including religion, 

language and genetic makeup. More recently, Giannetti and Yafeh (2012) have presented 

evidence that cultural differences, between the respective countries of lending and 

borrowing institutions, result in poorer loan terms for the borrower.  

Applying the ideas of bounded rationality and cyber-balkanization to the context 

of Kiva, where an individual lender will typically be faced with choosing from literally 

hundreds of potential borrowers at any given point in time, it seems quite likely that 

cultural similarity may be employed as a heuristic or criterion, with which to simplify the 

search process. This preference for nearby others may occur for a number of reasons; 

scholars in numerous fields of study have noted individuals’ preference for similar others. 

As examples, DeBruine (2002) demonstrates that individuals are more likely to trust 

others who have similar facial features and Arpan (2002) finds that individuals ascribe 

greater credibility to others that appear of similar ethnicity.  This leads us to our first 

hypothesis, pertaining to cultural differences, which we formalize as follows: 

 
H1: Greater cultural differences between a lender and borrower 
country will result in fewer lending transactions. 
 

For similar reasons, we would expect that greater physical distance would also 

negatively impact the likelihood of lending taking place. For example, as noted 

previously, Agarwal et al. (2011) have found that proximity is positively associated with 

crowdfunder contributions to musical artists. This may be because geographically 

proximate individuals are similar in respects beyond culture (e.g., legal frameworks, 

political environment), or it may be that the lender is simply more familiar with that 
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which is nearby. Notably, researchers have shown that individuals prefer to “invest” their 

funds in the familiar (Huberman 2001; Leblang 2010), thus we similarly formalize the 

impact of physical distance on lending, as follows: 

 
H2: Greater physical distance between a lender and borrower country will 
result in fewer lending transactions. 
 

Finally, over and above these main effects, we also consider that in the context of 

a global, individual-to-individual marketplace, physical distance may play an important 

role in determining the impact of cultural differences, insofar as it may determine 

lenders’ awareness of those differences. As noted previously, in our literature review, it is 

important to bear in mind that geographic distance can be confounded with cultural 

differences. This is because distance impedes the collection of private information 

(Agarwal and Hauswald 2010), and it is also likely to be associated with lesser cultural 

exposure, and thus lesser cultural awareness. As we note in our review of the literature, in 

the absence of cultural awareness, studies have shown that individuals tend to assume 

cultural similarity (Adler 1991; Burger and Bass 1979), due to ethnocentrism. This leads 

us to our third hypothesis: 
 
H3: The negative impact of cultural differences on the number of lending 
transactions will be moderated by geography, growing stronger with 
proximity and weaker with distance. 

 

Importantly, our above arguments are supported by a few pieces of anecdotal 

evidence. In particular, a recent study by Liu et al. (2012) examined Kiva lenders’ 

motivations. Conducting a textual content analysis of user profiles (values in the “I loan 

because” field), these authors identified eight primary motivators, of which three directly 

reflect a preference for similar others: religion, empathy and group-specific altruism. 

Further, a variety of third party applications, and the design of the Kiva site itself, support 

pre-filtering of loans based on borrower characteristics and location (country). The Kiva 
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country-filtering mechanism is depicted below in Figure 5. 

 

 
 

FIGURE 5.  
Study 2: Loan Filtering Mechanism 

 

A number of control variables warrant inclusion in our model as well. Beyond the 

work of Meer and Rigbi (2011), discussed above, who found evidence of transaction 

costs stemming from the use of different languages, Guiso et al. (2009) also considered 

shared language in their analysis of trust formation and bilateral trade, finding that these 

had significant positive effects. In general, it therefore seems that lenders may prefer to 

transact with others who speak the same language, perhaps because this reduces potential 

transaction costs and also because it may instill a greater sense of trust. With this in mind, 

we must therefore account for the potential that a given lender and borrower share the 

same language, based on their country of residence. Further, Guiso and his colleagues 

have also found that shared religion is an important predictor of trust formation and trade 
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(Guiso et al. 2006; Guiso et al. 2009). As such, it appears pertinent to also control for 

religious overlap between lender and borrower countries in our analysis.  

We must also consider that the goals of the Kiva lending platform are to alleviate 

poverty and foster entrepreneurship in developing countries. It therefore seems likely that 

lenders will have a preference to provide funding to individuals that face greater 

difficulty locating capital and raising funds. To operationalize this, we incorporate the 

difference in the Gross Domestic Product (GDP) per capita between the lender and 

borrower countries. In particular, we draw on the log of the absolute difference in per 

capita GDP between a lender and borrower country.  

Finally, it is important to bear in mind that the volume of lending will be greater 

between two countries when a greater volume of available lenders exists, and when a 

greater number of borrowers are available. As such, to control for this, we also 

incorporate the number of available loans available in a given borrowing country, as well 

as the number of available lenders in a given lending country. Our observations therefore 

capture the number of loans serviced between country-country pairs, in a given industry, 

in a given year. While our data is not true panel data, as the year attributed to a lending 

action is based solely on the date at which the loan completes funding. However, the 

format of our data does allow us to incorporate fixed effect dummy terms for industry 

and time, allowing us to control for industry variation and temporal trends (e.g., media 

attention on certain borrower countries due to natural disasters in a given year).   

 

Dataset 

Tables 11 and 12 provide the definitions and descriptive statistics for each of our 

variables. Our dataset is based upon a large sample of loans, obtained from Kiva.org. The 

dataset spans the period between 2005 and 2010, and is based on 3,350,393 distinct 

lending actions, initiated by 373,701 unique lenders, jointly supporting 165,452 

borrowers. Since our variable of interest is the number of lending actions between any 
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two countries in a given year, we aggregate the individual lending actions to the level of 

country-country pairs, based on the lender and borrower country of residence. For 

example, while there may have been X thousand loans provided by American lenders to 

Peruvian farmers, in 2009, in our dataset, those loans would be aggregated into a single 

observationxvii. 
TABLE 11.  

Study 2: Variable Definitions 

 

 We combined our Kiva dataset with numerous external sources, as noted above. 

First, we obtained data on the religions practiced by the populations of the countries in 

our dataset. We were able to obtain data covering many of the countries in our dataset 
                                                

xvii We removed transactions where the lender did not specify their country of residence. This is 
not likely to bias our results, however, due to the relatively small fraction of loan actions 
attributable to this group (~6%). 

Variable Definition 
Loans Serviced The count of loans serviced in country J by at least one lender in I. 
Delta GDP The absolute difference in GDP (PPP) per capita between a lender 

and borrower country.  
Available Borrowers The number of borrowers having loans posted in a given country, 

year and industry. 
Available Lenders The number of registered lenders in a given country, in a given year. 
Common Language A binary indicator of at least one shared major language in both 

countries (spoken by at least 7% of the population in each country). 
Religious Overlap A probabilistic measure of religious overlap; the summed product of 

population proportions practicing each major religion. 
Distance The geographic distance between country capitals (in kilometers).  
Cultural Differences The Euclidean distance between two countries cultural coordinate 

pairs, based on the most recent wave of World Values Survey 
responses. 

Number Disasters The count of natural disasters occurring in a borrower country in a 
particular year. 

Immigration The total immigrant stock (number of immigrants) in a borrower 
country. 

Diversity The ethnic fractionalization index for a particular country. 
Hofstede Differences The Euclidean distance between two countries 4-value coordinates 

on Hofstede’s indices (individualism, power distance, uncertainty 
avoidance and masculinity).  
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(almost 90% of all lending pairs). This dataset was generated by Ellingsen (2000), for her 

study in cultural conflict. Though the data is slightly dated, these values are still reliable 

as they are generally quite stable over time. The religious overlap value lies in the range 

between 0 and 100 and is equal to the empirical probability that two randomly chosen 

individuals, one each from the borrower and lender country, will share the same religion. 

To obtain this measure, we calculated the product of the fraction of individuals in each 

who practice a given religion. We then summed these values across all major religions 

(Catholic, Protestant, Jewish, Muslim, Hindu, Buddhist and Catholic Orthodox). 

  
TABLE 12.  

Study 2: Descriptive Statistics 

 

Next, we drew on a dataset constructed by Mayer and Zignago (2005) for their 

study of international trade. This dataset includes measures of physical distance, as well 

as an indicator of shared major languages (a binary indicator reflecting the existence of at 

least one language, spoken in both countries, by at least 7% of the respective 

populations)xviii. Wherever possible, additional data on language or religion was 

                                                

xviii  We chose to employ a binary indicator of at least one shared language, rather than a 
probabilistic variable (as we did for religion) because the diversity of languages in most countries 
is extremely high for many borrowing countries. 

Variable Min Max Mean STDev N 
Loans Serviced 1.00 4,181.00 16.83 78.63 45,285 
Delta GDP 0.00 110,242.00 28,242.13 16,317.96 45,274 
Available Borrowers 1.00 20,246.00 2,489.10 4,341.25 45,285 
Available Lenders 1.00 216,888.00 8,023.25 34,446.25 45,285 
Common Language 0.00 1.00 0.16 0.37 45,285 
Religious Overlap 0.00 100.00 31.67 35.26 39,946 
Distance 0.00 19,951.16 7,951.93 4,164.68 45,285 
Cultural Differences 0.00 4.45 1.91 0.87 18,926 
Number Disasters 0.00 25.00 3.16 4.11 45,285 
Immigration 6,043.00 2.99e(+7) 4.13e(+6) 7.32e(+6) 28,524 
Diversity 0.00 0.97 0.36 0.26 43,877 
Hofstede Differences 0.00 130.68 62.33 22.81 19,834 
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supplemented from the CIA World Factbook to replace missing values. Similarly, the 

missing values for distance were populated based on data obtained from the Google Maps 

API.  

Lastly, to construct our measure of cultural distance, we drew on data from the 

World Values Survey (WVS). The WVS, which is an attempt by social scientists to 

measure cultural values around the world, includes respondents from approximately 80 

countries. The survey consists of a detailed questionnaire on various life aspects, 

administered via interviews. The average number of respondents in a given country is 

1,400. Importantly, the WVS appears superior to alternative measures of culture, such as 

Hofstede’s (1991) cultural indices, because i) it is much more recent and ii) it is not 

subject to the same selection bias, as respondents are drawn from the general population 

(Hofstede’s surveys were collected amongst IBM employees only).  

Inglehart and Weitzel (2010), in their analysis of the WVS results, note that 

diverse orientations tend to cluster together in coherent patterns. Employing factor 

analysis, these authors showed that 70% of the variation in the features of different 

cultures could be explained by just two dimensions (values): (1) the extent to which a 

society emphasizes traditional as opposed to secular values; (2) the extent to which a 

society emphasizes values related to survival as opposed to self-expression. In societies 

with traditional values, individuals emphasize religion, family ties, and deference to 

authority. Survival values predominate in societies with low interpersonal trust, which 

tend to be intolerant of ethnic and cultural minorities, do not support gender equality or 

environmental protection, and often favor authoritarian governments. Cultural distance 

between any pair of countries can be measured as the Euclidean distance between the 

traditional versus secular/rational and the survival versus self-expression orientations 

(Giannetti and Yafeh 2012). The cross-country cultural differences that emerge are 

summarized in a cultural map of the world, depicted in Figure 6 (Inglehart and Welzel 

2010). This “map” is based upon the most recent edition of the World Values Survey. As 
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temporal variation in cultural features is generally quite limited, our analysis simply 

employs the most recently available results of the WVS for a given country. 

 
                             
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
                                                       
 

 

Figures 7 and 8 depict heat maps of the geographic distribution of loans and 

lenders (countries with >100 lenders) in our dataset, respectively. In terms of the 

distribution of characteristics in our dataset, we find that borrowers reside in 53 different 

countries. The two countries with the largest share of borrowers are Peru and Cambodia, 

having 20,264 and 15,386 loan postings, respectively. Lenders in our dataset are 

distributed across 208 countries. The United States is home to the majority of lenders 

(254,935), with Canada (32,991) and Australia (12,062) hosting the second and third 

largest numbers, respectively. Projects are associated with 16 industry sectors, such as 

Retail, Construction and Manufacturing. This industry association is assigned by Kiva at 

the time of loan posting. The most common industry sectors for Kiva loans are Food 

(48,276), Retail (38,965) and Agriculture (28,796). 

 

FIGURE 6.  
Study 2: Cultural Map of the World 
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FIGURE 7.  
Study 2: Borrower Geographic Heat Map 

 
 

 
   

FIGURE 8.  
Study 2: Lender Geographic Heat Map 
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Econometric Model 

We analyze our data using a zero truncated negative binomial estimator (Grogger 

and Carson 1991) due to the following reasons: i. our outcome of interest is a form of 

count data (number of lending actions between a pair of countries), ii. our data exhibits 

overdispersion and, iii. as noted previously, our observations are conditional on at least 

one lending action having taken place. Equation 3 outlines our model, where out outcome 

of interest is the count of loans in country j, in industry q, in year t, that were serviced by 

at least one lender in country i. This model incorporates our measures of physical 

distance, cultural differences, wealth disparity, shared language, religious overlap, year 

fixed effects, , and industry fixed effects, . Thus, a given observation refers to a four-

tuple (lender, borrower, industry, year).  
     

   
 
 

(3) 

 

 

 

It should be noted that we do not log transform the dependent variable, as prior 

research has found that doing so impedes the efficiency and performance of count 

estimators (O’Hara and Kotze 2010). Following our initial analysis, we conduct a series 

of robustness checks to validate some of our assumptions, as well as the stability of our 

coefficient estimates. Our additional estimations include a Zero Truncated Poisson 

regression, as well as a standard OLS estimation. 

As noted previously, our outcome of interest is the number of loans in one 

country that are serviced by another, in a particular year, in a particular industry sector. 

Thus, we might see that lenders in Canada serviced 40 of the agricultural loans requested 

in Peru, in 2005. Our goal is to model this outcome as a function of the physical distance 

! !

Loans_ Servicedijqt =! +"1 * log(Delta_GDPij )+"2 * log(Available_Borrowersjt )+

"3 * log(Available_ Lendersit )+"4 *Common_ Languageij +

"5 *Re ligious_Overlapij +"6 * log(Distance)ij +

"7 *Cult _Diffij +"8 * log(Distance)ij *Cult _Diffij +

#t +$q +%ijqt
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between those countries, the cultural differences between those countries and our control 

variables. Though our data is essentially cross-sectional in nature, since we only have 

timestamps associated with loan completion, and not with individual micro-lending 

actions, this at least allows us to incorporate yearly time dummies to account for temporal 

trends in lending. Our total sample includes more than 45,000 country-country pairs, 

where at least one individual in the lender country serviced at least one loan in the 

borrower country. The results here are thus conditional on some amount of lending 

having taken place. Further, some variables in our dataset were not available for all 

countries. Employing list-wise deletion on those observations for which data is lacking, 

we are left with 17,886 observations. 

 

3.4 Results 

Table 13 presents the results of our main model estimation employing the Zero 

Truncated Negative Binomial estimator, which accounts for our lack of null observations, 

as well as our primary robustness checks. Focusing on the Negative Binomial estimations 

(the third set of results), we should first note that our fixed effects for industry are jointly 

significant, as are our fixed effects for time. This suggests that the lending population 

tends to gravitate toward certain industries in their lending and, further, that the average 

lending behavior varies from year to year, perhaps due to the recent economic 

downturnxix.  

 

                                                

xix Lending counts fall continuously year over year to a significant degree. It is likely that this 
downward trend in counts is due to expansion of the Kiva lending program to more and more 
countries. As more borrowing countries became involved, the earlier countries that previously 
received focus received less attention from lenders. 
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TABLE 13.  

Study 2: Regression Results 

Next, considering our key factors, we find that cultural distance has a significantly 

negative effect on lending counts, which provides support for our first hypothesis. This 

suggests that lenders prefer to loan to those who are culturally similar, perhaps because 

they have a greater level of initial trust in such individuals. We also similarly find that 

distance has a significant negative effect on lending, suggesting that individuals prefer to 

transact with local borrowers, all else being equal, perhaps because of greater familiarity 

or a sense of nationalism. 

More interestingly, however, we can also see that the interaction term between 

culture and distance has a significant positive coefficient, which implies that the effect of 

cultural differences is decreasing in distance. This lends support for our third hypothesis, 

as this suggests that the impact of cultural differences is strongest when the borrower is 

 DV = Lending Actions 
Variable ZTNB ZTNB ZTNB 
Log(Available Borrowers) 0.14*** (0.01) 0.14*** (0.01) 0.14*** (0.01) 
Log(Available Lenders) 0.93*** (0.02) 0.92*** (0.02) 0.87*** (0.02) 
Log(Delta GDP) 0.04* (0.02) 0.11*** (0.02) 0.27*** (0.03) 
Common Language 0.68*** (0.06) 0.68*** (0.06) 0.61*** (0.06) 
Religious Overlap 0.01*** (0.00) 0.004*** (0.00) 0.01*** (0.00) 
Log(Distance) -- -0.08** (0.03) -0.32*** (0.03) 
Cultural Differences -- -0.01 (0.03) -2.38*** (0.22) 
Log(Distance)* 
            Cultural Differences 

-- 
-- 0.27*** (0.03) 

Time Dummies Yes Yes Yes 
Industry Dummies Yes Yes Yes 
Observations 17,886 17,886 17,886 
Pseudo LL -57,063.83 -57,055.04 -56,903.53 
Wald Chi2 7,806.57 (25) 8,008.86 (27) 8,881.53 (28) 
Notes: Robust standard errors in brackets, degrees of freedom for test statistics. 
      *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.10. 
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nearby. This seems to hold with our suggestion that distance proxies for a lending 

population’s awareness of a borrowing population’s culturexx.  

In order to better convey the implications of this interaction term, we next plotted 

the marginal effect of cultural differences on the expected count of loans, over the core 

distribution of logged distance, including confidence intervals (see Figure 9, below). 

These marginal effects were calculated according to the approach of Zelner (2009), 

employing his intgph Stata module for plotting non-linear interactions. As can be seen in 

the figure, the marginal impact of cultural differences on the count of loans serviced is 

decreasing in physical distance. Based on this, one might therefore expect, for example, 

that a Canadian lender will be more likely to lend to a borrower in Peru than a borrower 

in Mexico, even though the cultural differences are greater (2.5 versus 1.4), because the 

cultural differences will be less salient. This is exactly what we observe – our dataset 

includes more than 13,000 lending actions between Canada and Peru, and roughly 3,500 

between Canada and Mexico.  

We next consider our control for the difference in GDP between the lender and 

borrower countries, which is significant and positive. This is in line with our 

expectations, as it suggests that Kiva lenders are more inclined to provide funds to those 

borrowers who are in countries that are relatively less wealthy (Kiva’s mission statement 

is “Loans that Change Lives”). The control for linguistic overlap is also positive and 

significant. Once again, this finding is in line with our expectations outlined previously. 

This result is also in line with the prior findings of Meer and Rigbi (2011). 

Importantly, however, even though Kiva operates purely in English, as Meer and Rigbi 

note, it appears that borrowers still prefer to lend to others who share a common first 

                                                

xx Bear in mind that interaction terms in non-linear models are not as straight forward as in 
standard linear regression models. In general, this is most easily done using incident rate ratios, 
rather than coefficients, as the ratios are reported on a multiplicative scale (see Stata tip 87: 
http://www.maartenbuis.nl/publications/interactions.pdf). 
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language. The control capturing religious overlap is also significant and positive, again as 

per expectations. Again, it appears that lenders prefer to provide funds to others who 

reside in countries that have a religious makeup that is similar to that of the lender’s 

country. 

 

 
xxi 
 

FIGURE 9.  
Study 2: Marginal Effects Plot 

 

3.5 Robustness Checks 

In terms of robustness checks, we began by re-estimating the main model 

employing Zero Truncated Poisson regression, standard OLS regression and standard 

Negative Binomial regression (Table 14). The Poisson regression produces results that 

are quite comparable to those of our Zero Truncated Negative Binomial model, as do the 

OLS and Negative Binomial regressions.  

                                                

xxi Marginal effects spanning the 10th through 90th quartiles of the logged distance distribution. 
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TABLE 14.  

Study 2: Robustness Checks 1 

  DV = Lending Actions 

Variable ZTP OLS-FEX NBREG NBREGx 

Log(Available Borrowers) 0.35*** (0.02) 0.15*** (0.00) 0.13*** (0.00) 0.05*** (0.00) 
Log(Available Lenders) 0.70*** (0.02) 0.42*** (0.01) 0.43*** (0.01) 0.13*** (0.00) 
Log(Delta GDP) 0.19*** (0.05) 0.13*** (0.01) 0.26*** (0.01) 0.14*** (0.01) 
Common Language 0.31** (0.10) 0.40*** (0.04) 0.31*** (0.04) 0.05*** (0.01) 
Religious Overlap 0.004*** (0.00) 0.001** (0.00) 0.005*** (0.00) 0.001*** (0.00) 
Log(Distance) -0.22** (0.07) -0.14*** (0.01) -0.25*** (0.02) -0.13*** (0.01) 
Cultural Differences -1.66*** (0.45) -0.74*** (0.09) -1.62*** (0.12) -0.70*** (0.04) 
Log(Distance)* 
        Cultural Differences 

0.20*** (0.05) 
0.08*** (0.01) 0.19*** (0.01) 0.08*** (0.00) 

Industry Dummies Yes Yes Yes Yes 
Time Dummies Yes Yes Yes Yes 
Observations 17,886 17,886 17,886 17,886 
Pseudo LL -904,900.56 -- -57,259.46 -24,622.71 
Wald Chi2 5,054.41 (28) 8,207.10 (28) 11,165.72 (28) 14,622.37 (28) 
R2 -- 0.48 -- -- 
Notes: Robust standard error in brackets for coefficients, degrees of freedom for test statistics; DV for 
columns 2 and 4 is log transformed; x – Logged dependent variable. 
           *** p < 0.001; ** p < 0.01; * p < 0.05; + p < 0.10. 



 77 

While the reported associations may appear small on the surface, they actually quite large 

from an economic standpoint when one considers the size and volume of transactions 

taking place on Kiva. Kiva facilitates an average of $23 million in loans each year, to 

roughly 33,000 borrowers. 

It is also important to consider issues of identification in our analyses. For 

example, it may be that unobserved factors, correlated with cultural differences or 

distance, contribute to patterns of lending, resulting in an omitted variable bias. We 

perform several additional checks to test for this: Firstly, we noted the possibility that 

lending behavior may be severely influenced by natural disasters in particular regions of 

the world. This notion is supported by examples of Kiva employees advertising the 

occurrence of natural disasters in certain regions, on the company blog, and actively 

soliciting loans for borrowers in that areaxxii. Bearing this in mind, we ran an additional 

estimation, incorporating variable to control for the count of natural disasters faced by the 

borrowing country in that particular year. This data was gathered from the EM-DAT 

natural disaster databasexxiii. The results of this additional estimation are reported below, 

in Table 15, column 1. This model incorporates the actual count of recorded natural 

disasters in a particular year in the borrower country. The coefficients associated each 

variable are positive and significant, as one might expect, suggesting that lenders are 

more inclined to lend to a borrower when said borrower resides in a country that has 

recently experienced a natural disaster. Importantly, however, including this variable 

does not influence our other coefficients in any meaningful way. 

                                                

xxii http://pages.kiva.org/fellowsblog/2012/02/29/natural-disasters-developing-countries-tropical-
storm-agatha 

xxiii http://www.emdat.be/ 
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TABLE 15.  
Study 2: Robustness Checks 2 

 

 
 DV = Lending Actions 

Variable ZTNB ZTNB-FE ZTNB ZTNB 

Log(Available Borrowers) 0.19*** (0.01) 0.57*** (0.01) 0.22*** (0.01) 0.22*** (0.01) 
Log(Available Lenders) 0.70*** (0.02) 0.36*** (0.06) 0.39*** (0.03) 0.71*** (0.02) 
Log(Delta GDP) 0.30*** (0.03) 0.02 (0.03) 0.49*** (0.04) 0.38*** (0.03) 
Common Language 0.51*** (0.05) 0.05 (0.04) 0.36*** (0.07) 0.46*** (0.04) 
Religious Overlap 0.006*** (0.00) 0.002** (0.00) 0.01*** (0.00) 0.01*** (0.00) 
Log(Distance) -0.34*** (0.03) -0.20*** (0.03) -0.52*** (0.05) -0.41*** (0.04) 
Cultural Differences -1.98*** (0.20) -0.27+ (0.15) -2.30*** (0.31) -2.33*** (0.20) 
Log(Distance)* 
      Cultural Differences 0.23*** (0.02) 0.03+ (0.02) 0.28*** (0.03) 0.27*** (0.02) 
Number Disasters 0.02*** (0.00) -- -- -- 
Log(Immigration) -- -- 0.56*** (0.03) -- 
Diversity -- -- -- 1.11*** (0.08) 
Industry Dummies Yes Yes Yes Yes 
Time Dummies Yes Yes Yes Yes 
Observations 17,886 17,886 12,545 17,886 
Pseudo LL -50,102.53 -44,189.78 -36,086.72 -49,360.18 
Wald Chi2 7,654.82 (29) 25,203.22 (61) 8,319.72 (29) 8,728.28 (29) 
Notes: *** p < 0.001; ** p < 0.01; * p < 0.05; + p < 0.10; Robust standard error in brackets for 
coefficients, Column 2 incorporates lender and borrower country dummies. 
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We also re-estimated our main model incorporating both lender and borrower 

country fixed effect dummies, to address static, unobserved factors that might be 

associated with either country. Thus, assuming, for example, that tourism flows or media 

coverage are relatively stable phenomena, this estimation will account for such factors. 

These results are reported in column 2 of Table 15. We find that the sign and significance 

of our key effects remain generally consistent across these models. 

Thirdly, we repeated the estimation of the same model, including controls for 

cultural diversity and immigration in the lender country. The control we have used for 

diversity is ethnic fractionalization data, again drawn from the study by Ellingsen (2000), 

whereas immigration statistics was drawn from the UN department of economic and 

social affairs’ publication on country immigrant stockxxiv. The intent behind these 

estimations is to control for diaspora lending to individuals in their country of birth. As 

the immigration data was collected from available country censuses, it is not 

comprehensive with respect to all the countries in our sample. As a result, 5,341 

observations are dropped from the immigration estimation due to missing data. However, 

the diversity measure provides complete coverage, thus that estimation is performed on 

our primary sample. The results of these estimations are reported in columns 3 and 4 of 

Table 15. Again, we see the expected results, as countries that experience greater 

volumes of immigration exhibit greater lending and, similarly, countries with a more 

diverse population are more likely to lend to a given borrower country. 

Lastly, as a final set of robustness checks, we explored the sensitivity of our 

results to the manner of operationalization for cultural differences. Specifically, we re-

calculated a Euclidean distance measure of cultural differences using Geert Hofstede’s 

cultural indices (Hofstede 1991; Hofstede 2001): individualism, uncertainty avoidance, 

power distance and masculinity. While our World Values Survey measures are preferred 

                                                

xxiv http://www.un.org/esa/population/publications/2006Migration_Chart/2006IttMig_chart.htm 
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for the reasons discussed in our methods section, this estimation helps stave off any 

concerns about measurement issues. The results of this last estimation are provided in 

Table 16. Once again, we see a similar pattern. The cultural differences term has a 

negative coefficient, as does the physical distance term, and the interaction between these 

two variables is positive and of lesser magnitude than the main effect. 
 

TABLE 16.  
Study 2: Robustness Checks 3 

 

 

 

 

 

 

 

 

 

 

 

 

3.6 Discussion 

Bearing in mind that our conclusion about awareness is one of multiple possible 

interpretations, we also gave some consideration to an alternative explanation for the 

observed interaction. In particular, we considered the potential that more open-minded or 

accepting groups of lenders could be less concerned about (though still aware of) cultural 

differences, and that these individuals might also prefer to lend at greater distances. This 

would be particularly feasible if distance and cultural differences were highly correlated 

 DV = Lending Actions 

Variable ZTNB 

Log(Available Borrowers) 0.16*** (0.01) 
Log(Available Lenders) 0.70*** (0.02) 
Log(Delta GDP) 0.29*** (0.03) 
Common Language 0.41*** (0.04) 
Religious Overlap 0.005*** (0.00) 
Log(Distance) -0.35*** (0.03) 
Hofstede Differences -0.05** (0.01) 
Log(Distance)* 
           Hofstede Differences 0.01*** (0.00) 
Industry Dummies Yes 
Time Dummies Yes 
Observations 19,003 
Pseudo LL -52,407.69 
Wald Chi2 7,244 (58) 
Notes: Robust standard error in brackets for coefficients. 
      *** p < 0.001; ** p < 0.01; * p < 0.05; + p < 0.10. 
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in the data (which one might expect). However, importantly, a simple descriptive analysis 

of our data suggests that distance and cultural differences are not highly associated with 

one another; the correlation between cultural differences and geographic distance is only 

0.09. As such, it does not appear that informed, novelty-seeking individuals are driving 

our results. 

Our finding that distance has is negatively associated with lending propensity 

seems to suggest that the world is not yet flat (Friedman 2006). Further, while it remains 

possible that the import of distance has waned with the introduction of the Internet, due to 

the elimination of such things as search and transportation costs (for information goods), 

our findings still demonstrate that other factors remain that could impact individuals’ 

tendency to seek economic opportunities locally. In this particular case, there are a 

number of such factors that might explain our findings. As just one example, prior work 

has shown that individuals prefer to give to domestic charities, rather than foreign ones, 

out of a sense of nationalism (Baron and Szymanska 2011).  

Our finding that cultural differences negatively impact lending is also not entirely 

new. What is new, however, and particularly interesting, is the finding that distance 

moderates the association between cultural differences and lending frequency. This 

suggests that any effect of cultural differences on economic exchange is perhaps 

conditional on awareness. That is, if individuals are not aware of others cultural 

differences, it appears that this factor may not enter into lenders’ decision making (or that 

it may do so to a much lesser degree). 

Our findings would have a number of implications for marketplace purveyors. For 

example, these results could inform the design of international online crowdfunded 

markets, particularly with regard to decisions about the types and content of information 

displayed to users. For example, purveyors may wish to order the presentation of 

crowdfunding campaigns to a given website visitor based on the cultural differences and 

physical distance between the two the visitor and the campaign organizer. Assuming a 
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primacy effect is at play (Haugtvedt and Wegener 1994), those loans that a potential 

contributor views first should receive greater focus. Thus, by facilitating a focus on the 

campaigns that contributors are most likely to support, the purveyor can increase the 

frequency and amount of transactions. 

Our findings would further suggest that economic exchange between certain 

dyads might benefit from the presence of institutional trust mechanisms. This extends 

directly from the prior findings of Guiso et al. (2009), who suggest that the reason 

cultural biases impede bilateral trade is that they get in the way of trust formation. If we 

allow that the same mechanism may be at play here, then institutional trust mechanisms, 

such as those employed in the context of eBay (Pavlou and Gefen 2004), may prove 

useful in crowdfunded marketplaces as well. This idea is also supported by Giannetti and 

Yafeh’s (2012) finding that culturally different lead banks are more likely to require a 

third party guarantor on their loans. 

In terms of the implications of our findings for the economics literature, to our 

knowledge, ours is the first study that considers the impact of cultural difference on 

individual, global economic exchange. Our findings are somewhat different than those of 

prior work, in that we find that the negative association between cultural differences and 

exchange is conditional on distance. It is likely that this difference in our results stems 

from the fact that larger, professional institutions will generally have greater resources at 

their disposal, thus it is easier for them to expend the effort to understand their trading 

partner (e.g., to conduct due diligence, acquire private information). 

Our findings also point at some possible avenues for future research, both 

theoretically and empirically. Although we have found that cultural differences are 

associated with lower lending volumes, our aggregate data do not allow us to nail down 

the precise mechanisms that drive these outcomes. While we have surmised that these 

differences in culture are impeding trust formation, it would be prudent for future work to 

explore a variety of alternative mechanisms that may also be at play (e.g., transaction 
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costs from misunderstandings). Further, it is quite possible that lenders’ preference for 

local, similar borrowers exists for perfectly good, economic reasons. For instance, it may 

be that cultural differences actually impede the evaluation of borrower quality. Thus, it 

may be that borrowers who are funded by culturally different lenders are more likely to 

default on loans or delay their repayment. It might therefore be interesting to explore the 

association between cultural differences and borrower performance. 

Our study is, of course, subject to a number of limitations. It is important to point 

out that our analyses are based upon aggregate data, thus the effects we identify generally 

represent average behavior. However, it is quite possible that the expectations derived 

from aggregate observation may not apply in any particular individual context. This is, of 

course, a limitation of any analysis based upon aggregate observations. That being said, 

we do have some reason to believe that this sort of aggregate analysis can provide 

meaningful insights. In particular, work has shown that individuals in online markets 

often ascribe their perceptions of groups to individual group members (Pavlou and Gefen 

2005). As such, while a given lender may not be aware of the cultural characteristics of a 

particular borrower, they may ascribe to that individual the cultural characteristics of the 

general population in the borrower’s location. 

Another concern with our methodology is whether the pool of respondents to the 

World Values Survey might be systematically different from the body of Kiva lenders. If 

these groups are not comparable, then one might be concerned about whether WVS 

measures for a given country truly reflect the culture of Kiva lenders. While this is 

certainly a limitation of our study, it is perhaps important to note that a number of past 

studies have made similar assumptions by attributing Hofstede’s (1991) national cultural 

indices to a group of particular subjects, based solely on their country of residence (e.g., 

Muthitacharoen and Palvia 2002; Png et al. 2001; Straub et al. 1997; Straub 1994). 

Further, even if Kiva users are systematically different from the general population in 

some cultural aspect, it seems reasonable to assume that this difference would 
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systematically (i.e., as a uniform shift in cultural indices – Kiva users might be more 

altruistic or more trusting, by x degree, on average). Such a shift would have no real 

bearing on our results, given that we are focusing upon relative differences in cultural 

indices and not absolute measures.  

While we cannot make a direct determination about whether Kiva users are 

representative of the general population of a given country, we can at least establish 

whether they represent the average Internet user. This approach addresses concerns 

similar to those that have been raised in other contexts, namely whether Amazon 

Mechanical Turkers, who are often used for large-scale data coding or survey responses, 

are representative of the general Internet population (Behrend et al. 2011; Ghose et al. 

2012). In our case, leveraging estimates of website visitor demographics from 

Quantcastxxv, we see that visitors to kiva.org exhibit a demographic distribution that is 

very similar to the general Internet population, particularly in terms of ethnicity, gender 

and income. Finally, it may be the case that our findings are particular to the lending 

population in the Kiva marketplace, who may exhibit certain idiosyncrasies (e.g., 

altruism, an awareness of global issues). As such, future work might explore the 

relevance of the identified effects to other contexts, perhaps through controlled 

experiments  

3.7 Conclusion 

This paper demonstrates that crowdfunders prefer to contribute funds locally and 

to culturally similar others. Importantly, however, while distance is generally always 

important, it appears that the impact of cultural differences is declining in distance, which 

we interpret as an awareness effect. These findings are robust to a variety of alternative 

model specifications, variable operationalizations and data splits. These findings have 

                                                

xxv http://www.quantcast.com/kiva.org 
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particular implications for the purveyors and participants of crowdfunded markets (and 

electronic markets supporting interpersonal trade, more broadly). First, our findings 

suggest that participants would do well to market themselves, their projects and their 

wares to others who are physically nearby or to whom they have strong cultural or 

community ties. Purveyors would similarly do well to help facilitate interaction between 

physically and culturally proximate participants (e.g., perhaps by offering locational 

search mechanisms or by “matching” users based on available profile information. 

Second, based on the recent work of Guiso et al. (2006; 2009) it seems likely that cultural 

differences operate by impeding trust formation. If this is the case, third party 

mechanisms might go a long way toward offsetting this trust gap (e.g., escrow services, 

reputation mechanisms). It is our hope that this work will present a first step toward the 

exploration of interpersonal differences in this novel context. This will become 

increasingly important as interpersonal trade and the marketplaces in which it is 

conducted continue to grow more prevalent.  (Allison and Waterman 2002)   
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CHAPTER 4: 
THE USE AND IMPACTS OF INFORMATION HIDING MECHANISMS  

IN ONLINE CROWDFUNDING 

ABSTRACT 
 

Sensitive to individuals desire for control over personal information, many online 

platforms – crowdfunding among them – now offer users greater, more granular control 

over how and when such information is revealed. Users are no longer required to make 

blanket decisions about whether to conceal or reveal all of their information in aggregate. 

Instead, many sites now allow users to make this decision on an activity-level basis 

(determining who can see what content as it is created, for example). Bearing this in 

mind, we leverage large-scale archival data from one the world’s largest global 

crowdfunded markets to offer a first look behind the curtain, providing insight into the 

characteristics of individuals and activities that are most often concealed. We find clear 

evidence that i) a user’s privacy sensitivity, ii) the degree of scrutiny they anticipate they 

will receive and iii) their expectation of how their actions will be viewed by others in the 

marketplace, are important drivers of information hiding. Further, we find implications 

for subsequent observers, as crowdfunders ability (inability) to observe the size of prior 

others contributions elicits (precludes) an anchoring effect. We draw a series of 

implications and recommendations for crowdfunders and platform purveyors around the 

provision and use of information hiding mechanisms in online crowdfunded markets. 
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4.1 Introduction 

Individuals behave differently when they are subjected to scrutiny. This fact is 

well documented across numerous contexts. Differences have been reported in everything 

from physiological responses during task performance (Bond and Titus 1983; Izuma et al. 

2009), to consumption patterns (Goldfarb et al. 2012; Ratner and Kahn 2002), generosity 

(Haley and Fessler 2005) and community participation (Leshed 2008). These behavioral 

differences are growing increasingly salient as many transactions and processes, 

previously conducted solely offline, are now shifting online in greater proportion.  With 

the transition to the digital realm, both the visibility and traceability of actors increase in 

turn. Aware of this fact, many companies have responded by providing users with 

information hiding mechanisms (or privacy controls), allowing them to conceal aspects of 

their identity or actions (e.g., a prime example of this is Amazon, which allows reviewers 

to conceal their identity). However, while it is clear that users desire these features, what 

is not clear is whether individuals make appropriate use of them (Acquisti and Grossklags 

2005), whether their provision is of economic benefit, either to the users or to 

marketplace purveyors. Therefore, in this work, we seek to formulate a greater 

understanding of online information hiding mechanisms. Specifically, we address the 

following research questions: What drives users to employ information hiding 

mechanisms? What are the economic consequences of individuals’ doing so?   

We address these questions in the context of online crowdfunding, a digital 

manifestation of charitable contribution and entrepreneurial finance. Crowdfunded 

markets have recently emerged as a viable alternative for sourcing capital to support 

innovative, entrepreneurial ideas and ventures (Burtch et al. 2013b). As the economic 

potential of these markets has recently become more apparent, they have boomed. 

Crowdfunding platforms like IndieGoGo, Kickstarter and RocketHub are now facilitating 

extremely large volumes of transactions in rather sizeable amounts. As evidence of this, a 



 88 

recent industry report indicates that crowdfunding helped new ventures to raise nearly 

$1.5 billion in 2011 (Massolution 2013). This explosive growth has resulted in significant 

attention, from both the media and U.S. legislators, as evidenced by President Obama’s 

recent signing of the JOBS Act (2011). 

On a crowdfunding platform, individuals propose projects and members of the 

crowd fund them, in whatever increment they wish. When a contribution is made to a 

campaign, a record is created on the campaign’s backer or funder page, containing details 

that, depending on the platform, variably include the identity of the contributor, the size 

of their contribution, and the timing of that contribution. Given the monetary, and thus 

relatively sensitive nature of these contribution actions, a number of prominent 

crowdfunding platforms now go to great lengths to provide users with a certain degree of 

anonymity. In some cases, this is done by randomizing the ordering of contributors, as on 

Kickstarter, while in others this is done in a more granular fashion, by providing 

contributors with the option of concealing granular certain pieces of information in the 

contribution record (i.e., identity or amount). It is this latter, more nuanced approach that 

we consider here. Specifically, we aim to identify the drivers of information hiding in 

particular contribution instances, and the economic consequences of said information 

hiding (e.g., the impact upon subsequent contributors). Though issues and concerns of 

privacy and information hiding have seen rather extensive attention in many online 

settings to date, this consideration has yet to extend to crowdfunding, likely due to the 

novelty of the phenomenon.  

As our examination is conducted with the aim of calculating the economic 

impacts of information hiding mechanisms, it is our hope to draw generalizable 

implications for electronic markets more broadly. In so doing, we seek to address a 

number of recent calls in the literature for research around information hiding and 

privacy. Specifically, we address recent calls for: i) attention to design and action in 

information privacy research (Belanger and Crossler 2011), ii) explorations of the 
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antecedents and consequences of privacy concerns in online markets (Smith et al. 2011) 

and iii) examinations of the economics of information hiding and privacy online (Pavlou 

2011). Further, our work addresses an ongoing need for empirically and theoretically 

informed research, to offer practitioners guidance around crowdfunding regulation, 

oversight and administration (Mollick 2012). 

We address our research questions leveraging large-scale archival data of 

crowdfunder contributions, drawn from one of the world’s largest global crowdfunded 

marketplaces. This proprietary dataset includes details of all contributions and campaigns 

in the marketplace over an 8-month period. We formulate reduced form econometric 

models of information hiding and, subsequently, contribution.  

Our results are as follows. First, we find clear evidence that privacy sensitive 

individuals are more likely to hide information about both their identity and their 

activities, as expected. Furthermore, we find that privacy sensitive individuals are also 

increasingly likely to hide their information as a campaign receives more exposure, 

suggesting that such individuals should be targeted early on in the funding process to 

maximize contribution. Second, we find that individuals are increasingly likely to hide 

their information when they contribute in the extreme, as they deviate from prior norms 

(this is modeled as their deviation from the average of recent contributions). Interestingly, 

however, we find no parallel evidence that social norms impact individuals’ decision 

about whether to hide information. That is, the decision by prior others to hide 

information does not appear to exhibit a significant influence on whether subsequent 

contributors decide to hide their information. Notably, this finding lies in contrast to the 

results of prior, related work (Forman et al. 2008; Nov and Wattal 2009), though this is 

likely due to contextual differences (e.g., contribution to a crowdfunding campaign is a 

much more ambiguous action than authoring textual content for an online review), thus 

individuals may be relatively more comfortable sharing this information. 
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Second, in terms of our model of information hiding’s consequences, we identify 

an interesting tradeoff in terms of the anchoring effect associated with prior 

contributions, where the most recent contribution appears to serve as a benchmark for a 

focal contributor about what amount is appropriate. This tradeoff is a function of whether 

the amount supplied by a prior contributor is revealed.  On the one hand, when the prior 

amount is concealed, there is a fixed increase in subsequent contribution of roughly 5%. 

However, in contrast, when the prior amount is revealed, there is a variable marginal 

increase, such that for every doubling of the prior contribution, subsequent contribution 

rises by approximately 1%. This apparent tradeoff seems to suggest that the purveyor and 

campaign organizers might benefit from the imposition of certain costs around 

information hiding, contingent on contribution size.  

The remainder of this paper is structured as followed. In Section 2, we begin with 

a review of the literature pertaining to the relevant aspects of anonymity, including the 

topics of information revelation, online disinhibition and anonymity in charitable 

contribution. We then review the nascent body of work on the subject of crowdfunding. 

In Section 3, we describe our study context, the operation of the marketplace, and the 

design of the information hiding mechanisms that are made available to users. Based on 

these descriptions, in Section 4, we develop two econometric models, respectively 

capturing the antecedents and consequences of information hiding by crowdfunders in the 

marketplace. In Section 5, we estimate and present the results of our models, leveraging 

panel fixed effect estimators. In Section 6, we discuss our results and their implications 

for crowdfunding, and for online venues in general. Finally, in Section 7, we conclude 

with a discussion of the study’s limitations, and the potential for future work. 
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4.2 Literature Review 

Privacy Concerns and Information Revelation 

In our study context, by default, users’ actions and identities are revealed at the 

time of contribution. However, if they wish, a user can opt to conceal their identity or the 

amount they have supplied at the time of contribution. As such, users’ actions in this 

marketplace are best characterized in terms of information hiding. However, as little 

work exists with this framing, we draw instead on the well-established stream of 

literature dealing with information revelation, a converse, though directly related notion, 

which is directly related to individuals’ information privacy concerns online. 

Malhotra et al. (2004) derive and empirically evaluate a scale of measurement for 

Internet Users Information Privacy Concerns (IUIPC), rooted in three constructs: 

collection (of user data), control (on the part of users, over their data) and awareness (of 

policies, again, on the part of users). The authors find support for their measurement 

scale, suggesting that these three factors are highly predictive of privacy concerns online, 

as they each contribute to the formation of trust and the perception of risk on the part of 

users.  

Nov and Wattal (2009) explore the antecedents of such information privacy 

concerns in online social networks, as well as the consequences of said concerns in terms 

of their impact upon users’ willingness to share content. The authors find that 

individuals’ privacy concerns are negatively associated with their trust in other members 

of the social network, as well as with a community’s norms of social sharing. Further, the 

authors find, as expected, that users’ privacy concerns are negatively associated with 

sharing activity. Hui et al. (2007) report a similar finding, as they conduct a field 

experiment, concluding that users are more willing to share personal information when 

privacy assurances are introduced onto a website. 
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Acquisti and Gross (2006) also consider privacy concerns in the context of an 

online social network (i.e., Facebook). These authors report that subjects’ privacy 

concerns are only weakly associated with enrollment on Facebook. The authors surmise 

that this finding is likely attributable to the fact that many of the privacy sensitive 

subjects also report holding a perception of strong control over their information, 

suggesting that participation in the network may be contingent upon the availability of 

privacy control mechanisms. This relationship is not entirely surprising, given that the 

prior literature has consistently noted that information hiding is a primary user response 

in the presence of privacy concern (Milne et al. 2004; Son and Kim 2008). It should be 

noted, however, that in another study (Gross and Acquisti 2005), these same authors find 

that very few users actually make use of the available privacy control mechanisms. 

In sum, these studies suggest that trust, risk and community norms of sharing are 

key determinants of individuals’ behavioral intentions when it comes to privacy (e.g., 

participation, contribution) and individuals’ participation in online settings may be 

contingent on the availability of privacy mechanisms. However, it also appears that many 

privacy sensitive individuals do not actually make use of these mechanisms and, further, 

iv) it is not clear that those who do apply them do so in a manner that is to their economic 

benefit (Acquisti and Grossklags 2005). Regarding this last point, it is also useful to 

consider the work of Conitzer et al. (2012), who analytically demonstrate a particular 

case in which the provision and usage of costless anonymity may actually be to 

consumers’ detriment. 

 

Anonymity in Consumption and Charitable Contribution 

As noted earlier, individual behavior has been shown to vary widely when subject 

to scrutiny. Here, we focus on two contexts of direct relevance to our study context: 

consumption and charitable contribution. First, with respect to consumption, Ratner and 

Kahn (2002) demonstrate via a series of experiments that individuals exhibit greater 
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variety seeking behavior in their consumption patterns when they are scrutinized by 

others. The authors argue that this is because subjects expect others to evaluate such 

behavior more positively (i.e., interesting or unique, as opposed to dull and boring). 

Further, a similar effect is reported by Ariely and Levav (2000), who examined subjects 

when asked to place food and drink orders sequentially, amongst a group of peers or 

independently. Those authors reported increases in the variety of orders when subjects 

were in the presence of scrutiny.  

Related to this, Goldfarb et al. (2012) report upon two empirical studies that 

demonstrate how individuals’ purchasing behavior is influenced by what they refer to as 

the potential for embarrassment. In their first study, these authors find that customers are 

more likely to purchase difficult-to-pronounce vodka brands when they are made 

available via a self-service counter (as opposed to a scenario in which customers must 

place a verbal order for the brand with a clerk). In their second study, these authors 

consider changes in the composition of pizza orders following a shift to an online 

ordering system. The authors find that customers are more likely to place complex, 

fattening pizza orders when using the online system.  

Next, considering the literature dealing with charitable contribution, there are 

numerous studies that consider the impacts of anonymity. This literature, largely 

experimental in nature, has established fairly conclusively that individuals become 

increasingly generous in the face of scrutiny, though in a select few cases studies have 

actually documented a general regression toward the mean. Haley and Fessler (2005), 

conducting a laboratory experiment, have found that subjects respond with generosity in 

the presence of subtle cues of observation (i.e., images of pairs of eyes presented on a 

computer desktop background). Alpizar et al. (2008), conducting a field experiment 

around donations to a national park, found that subjects similarly respond with generosity 

in the direct presence of a contribution ‘collector’ (as opposed to an anonymous donation 

box). Similarly, Soetevent (2005) finds that church donations increase when individuals’ 
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identities and contribution amounts are revealed via collection using an open basket, 

rather than a bag. This last author attributes the result in the second condition jointly to i) 

a social comparison effect, and ii) the fact that subjects are afforded the opportunity for 

reputational gains. Importantly, however, Soetevent, in formulating his experiment, notes 

that individuals might generally be expected to regress toward the mean (i.e., upward 

deviation of below average contributors and downward deviation of above average 

contributors). This is because excess contribution, if observed by others, may similarly 

draw negative reactions from peers.  

Finally, one additional, important aspect of anonymity worth noting is the 

moderating role it plays in relation to social influence and social comparison. That is, the 

degree to which individuals respond to prior others actions, and the manner in which they 

respond, has been shown to depend in part on the amount and types of information 

revealed about/by said prior others. Soetevent’s work touches on this fact, as noted 

above. However, other, empirical examples of this behavior are documented in the works 

by Chen et al. (2010) and by Croson and Marks (1998). Further, as a final example, 

Forman et al. (2008), studying Amazon.com, find that product reviewers identity-

revealing behavior is influenced by the established social norm (similar to the findings of 

Nov and Wattal 2009).  

Taken together, the above literature suggests that, like the decision about 

contribution or participation, the decision to conceal information may also be based upon 

established information hiding norms. Further, this literature suggests that when social 

comparison is possible, individuals may be more likely to contribute in accordance with 

others, in order to avoid standing out. 

 

Crowdfunding 

There is an emerging stream of research that has examined the concept of 

crowdfunded markets. Crowdfunding has been defined as a collective effort by 
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individuals who network and pool their money together, usually via the Internet, to invest 

in or support the efforts of others (Ordanini et al. 2010). These markets typically come in 

one of four flavors: reward-based, loan-based, donation-based and equity-based (Burtch 

et al. 2013a). While there are examples of each around the world, the first three are by far 

the most common. 

Loan-based markets have seen the most extensive consideration by academics to 

date, with a primary focus upon Prosper.com. Notable examples of such work include 

that by Lin et al. (2013) and Zhang and Liu (2012). These authors have attempted to 

identify the types of information that individuals consider in crowdfunded marketplaces 

when making contribution decisions. Lin and his colleagues conclude that the likelihood 

of credit being issued is greater when the borrower exhibits greater social capital (e.g., a 

larger social network), as lenders appear to take this as a sign of credibility or 

trustworthiness. Zhang and Liu find, counter to intuition, that lenders are more likely to 

herd when the borrower exhibits signals of low quality. They interpret this as a rational 

decision, likely made because the lender assumes that others have some private 

knowledge about the borrower that they are not privy to. In contrast, when a borrower 

exhibits high signals of quality, lenders are less likely to join a herd, likely because they 

perceive the herd as simply a reflection of the borrower’s observable quality. 

In terms of reward-based markets, Agarwal et al. (2011) examined the earliest 

successful example, Sellaband.com, a Dutch-based marketplace for funding musical 

artists. These authors leveraged data from Sellaband in an attempt to evaluate the 

influence of proximity, amongst other factors, on individual investment behavior, 

effectively re-evaluating the ‘flat-world hypothesis’. More recently, Mollick (2012) 

considered the determinants of fundraising success for crowdfunding campaigns on 

Kickstarter.com, reporting a number of findings of particular usefulness for campaign 

organizers, including the importance of social networks, and the role of campaign 

durations and goals. 
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Finally, with respect to donation- and equity-based crowdfunding, scant empirical 

research exists. In the equity space, Burtch (2011) provides an empirical analysis of an 

investment-based crowdfunding market for fashion, exploring and confirming the notion 

that greater numbers of uninformed participants can drive an increase in herding 

behavior, to investors’ detriment. Finally, in the donation-based space, Burtch et al. 

(2013b) present an analysis of social influence in contributions to a donation-based 

crowdfunded market for journalism projects, finding evidence of crowding out, and 

Burtch et al. (2013c) explore market frictions due to cultural differences, finding that 

such frictions are conditional on physical proximity. In the latter study, the authors 

explain this finding in terms of an awareness effect, such that distance reduces exposure 

and thus the saliency of cultural disparities.  

 

4.3 Methods 

Study Context 

Our study focuses on one of the leading global platforms for reward-based 

crowdfunding. This marketplace empowers anyone, in any location, to raise money for 

any venture. The marketplace is highly trafficked, facilitating millions of dollars in 

transactions each month for a wide variety of campaign types. Since founding, the 

platform has attracted huge numbers of users, representing more than 190 countries 

around the world. Figures 10a and 10b present screenshots from this marketplace. 

 

Campaign Flow 

This marketplace allows submission of any and all ventures, regardless of subject 

matter (with the exception of prohibited content). Thus, rather than vetting campaign 

submissions, as is done in certain crowdfunding contexts (e.g., Kickstarter), this 

marketplace operates as a meritocracy, with no gate keepers, allowing any and all 
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submissions to be posted. When campaign owners submit their project to the marketplace 

for posting, they must define a number of campaign characteristics. These characteristics 

include the rewards the organizer plans to offer, what the organizer intends to do with the 

money, how much money they are attempting to raise and the planned funding duration. 

This platform earns revenues by charging fees to campaigns, based on the amount of 

money raised (between 4% and 9%, plus third party fees associated with payment 

processing and currency conversion). Individual contributors receive their claimed 

rewards following the completion of the fundraising process and project implementation. 

Contribution Flow 

Campaigns are presented to website visitors in order of popularity (measured 

algorithmically by the purveyor, based on organizer effort, contribution activity, media 

coverage, etc.), though there are a variety of filtering and sorting mechanisms available to 

support campaign search efforts (e.g., location-based, recency-based). The home page 

also highlights new campaigns and campaigns that are ending soon. The visitor is 

presented with the ability to filter ongoing campaigns based on location (city) or 

proximity (“near me”), or by category (e.g., technology, small business, causes)xxvi. After 

selecting a reward, a contributor is then presented with the option of hiding their name or 

the amount contributed. However, a contributor is not able to hide both pieces of 

information simultaneously. Importantly, a contributor’s identity and amount will always 

be viewable to the campaign organizer; the hidden information is masked only from third 

parties (e.g., other contributors).  

Once an individual has decided to contribute to a particular campaign, they are 

presented with a number of options. A contributor will typically have the option of 

claiming a reward, as compensation for their contribution (though rewards are not always 

                                                

xxvi The campaign organizer (rather than the marketplace purveyor) determines the campaign 
category. As such, there are no strict rules around the assignment of categories, thus these 
groupings are fuzzy and may overlap. 
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offered – i.e., pure donation-based fundraising). Usually, a campaign will offer different 

tiers (levels) of rewards, which are of different values. In order to claim a particular 

reward, a crowdfunder must contribute at least as much, or more, than the value of said 

reward. At most one reward can be claimed as compensation for a particular contribution. 

 

 
 

FIGURE 10.  
Study 3: Landing Page  
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 FIGURE 11.  

Study 3: Campaign Details  
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Model Formulations 

In our first model, we begin using a panel fixed effects ordered logit estimator, 

recently proposed by Baetschmann et al. (2011) and subsequently implemented by 

Dickerson et al. (2012). Our dependent variable in this model is the degree of information 

hiding exhibited by an individual, i, contributing to a particular campaign, j, at a 

particular point in time, t. An ordered logit estimator is appropriate here as our outcome 

of interest is a three-value categorical variable capturing increasing degrees of 

information hiding: 0 – no hiding, 1 – contribution amount hiding, 2 – identity hiding 

(note: these three possibilities are mutually exclusive, as it is not possible for contributors 

to hide both their identity and contribution amount in this marketplace). We support the 

use of an ordered logit estimator by making the argument that identity hiding, which 

completely dissociates the contributor from the contribution action, is, in effect, a form of 

complete information hiding, where as amount hiding still signals that a contribution 

action has taken place involving that individual. 

Of course, we also consider the sensitivity of our results to the use of alternative 

estimators, including a standard fixed effect estimator (OLS), as well as a random effect 

multinomial logit estimatorxxvii. Our findings are consistent across all estimations, 

suggesting that our findings are robust. Our model of the antecedents of information 

hiding is presented below in Equation 4, in simple linear form, for the sake of exposition. 

Here, Info_Hideijt is our categorical outcome variable.  

 

 
(4) 

 
 

                                                

xxvii Though a fixed effect multinomial logit estimator has been proposed in the literature by 
Chamberlain (1980), to the authors’ knowledge, this estimator has yet to be implemented in any 
standard statistical package. 

Info_Hideijt = !0 +!1 *Log(Deviation_Prior _ Avgijt )+!2 *FB_Connectedi +

!3 *Log(Exposurejt )+!4 *FB_Connectedi *Log(Exposurejt )+

!5 *Last _ Amount_Hideijt +!6 *Last _Name_Hideijt +

!7 * Is_Organizerij +" j +#t +$ijt
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The role of social norms in private contribution to a public good is well 

documented in the literature, as noted in our review above. However, unlike the prior 

literature, here, individuals are afforded the ability to control scrutiny, by opting to 

conceal their actions. Thus, as the literature supports the notion that individuals tend 

toward established norms when they perceive that they are being observed, here, we 

might expect that individuals will opt to conceal actions that constitute a deviation from 

an established norm. In more concrete terms, with an increase in the absolute difference 

between an individual’s contribution and the prior average of others’ contributions, one 

would expect greater information hiding behavior.  Of course, it is also possible that 

individuals contributing at the top end of the distribution will desire observation, seeing 

this as an opportunity to gain recognition and appreciation. As such, the effects of 

deviation are not immediately obvious. Regardless, we operationalize Deviation as the 

absolute difference between the amount of a contribution and the average of the five 

contributions immediately prior. It should be noted, however, that we also explore 

alternative operationalizations in our robustness checks (e.g., deviation from the overall 

average, and from the contribution immediately prior). 

Next, bearing in mind the prior literature that has demonstrated a social norm 

around identity revelation in the contribution of online product reviews (Forman et al. 

2008), and content sharing in the context of online social networks (Nov and Wattal 

2009), here, we capture the information hiding norms of prior contributors via the Last 

Amount Hide and Last Name Hide variables. This variable represents the information 

hiding behavior exhibited by the individual who contributed immediately prior to the 

present observation. Notably, this operationalization is in keeping with the model 

proposed by Forman and his colleagues. 

In order to address the impact of contributors’ general attitude towards privacy, 

which, as noted in our literature review, has been shown to impact information revelation 
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in a number of online settings, we include a dummy variable, FB Connected which 

captures whether the contributor has connected their Facebook profile to their 

marketplace user account. This variable acts as a proxy for privacy sensitivity, as 

individuals who are willing to connect their Facebook profile in this manner are likely 

less concerned with privacy issues. 

Related to the issue of privacy concerns, we also control for the degree of 

exposure a campaign has received via the Exposure variable, which is operationalized as 

the number of prior contributors the campaign has received as of a point in time. Given 

that a privacy sensitive reaction to increasing campaign exposure is likely dependent on 

individuals’ privacy sensitivity, we interact this exposure variable with the FB Connected 

dummy, in order to capture the anticipated moderating relationship. This aspect of our 

model reflects our expectation that contributors will perceive high profile campaigns as a 

greater risk from a privacy perspective.  

Finally, we also control for a number of other important factors in our antecedents 

model. In particular, the contributor’s relationship to the campaign is captured via the 

binary Is Organizer variable. This variable is necessary as it is quite likely that campaign 

organizers contributing to their own campaigns would prefer not to reveal their identity, 

due to the apparent conflict of interest. Further, we incorporate a series of fixed effects at 

the campaign level, , to control for unobserved heterogeneity between campaigns, as 

well as time fixed effects, ! , to control for unobservable shocks across time periods (e.g., 

privacy breaches covered in the mainstream media).   

Next, we consider a model of the consequences of information hiding, in terms of 

the impact on subsequent arrivals’ contribution amounts. The economic outcome of 

interest in our model is the dollar amount of subsequent, individual contribution: 

Contributionijt. Equation 5 reflects our main consequences model, again indexed by 

contributor, campaign and time, or i, j and t, respectively, which we evaluate via a panel 

fixed effects estimator. 

!
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Referring back to our literature review, we begin by addressing the issue of social 

comparison. As noted previously, a number of studies have reported evidence that 

individuals respond to observation of others contributions by increasing their generosity. 

Another framing for this relationship is that of an anchoring effect (Tversky and 

Kahneman 1974), where contributors, lacking an appropriate benchmark for what is fair, 

may refer to others’ recent contributions. First, to operationalize a potential anchoring 

effect, we introduce a variable entitled Last Contribution, which captures the size of the 

most recent contribution to the campaign. Second, to capture potential variation in 

subsequent response due to information hiding on the part of the last contributor, we 

introduce a series of dummies (Last Name Hide and Last Amount Hide) capturing the 

degree of information hiding exhibited by the prior contributor. Finally, we interact these 

dummies with the Last Contribution term. 

 
    
 

(5) 
 

 

Beyond these key variables, we again introduce a series of controls. These include 

an estimate of the contributor’s income, based upon their zip code - Income This value is 

drawn from zip code level data about average taxable income for the year 2008, 

published by the IRS. It should be noted that one consequence of including this variable 

in our estimation is that we limit our consequences analysis to only American 

contributors. Luckily, however, American contributors comprise the bulk of our data set. 

We also consider that some component of contribution in this setting may be due 

to altruism and warm glow. These incentives as drivers of private contribution to public 

goods have seen extensive consideration in the economics literature (Andreoni 1989; 

Andreoni 1990). Recently, however, these factors have also seen consideration and 

Log(Contributionijt ) = !0 +!1 *Log(Last _Contributionijt )+!2 *Last _Name_Hideijt +

!3 *Last _ Amount _Hideijt +!4 *Log(Last _Contributionijt )*Last _Name_Hideijt +

!5 *Log(Last _Contributionijt )*Last _ Amount _Hideijt +!6 *Log(Incomei )+

!7 *Log(Remaining_Budget jt )+!8 *Log(Days_Posted jt )+" j +#t +$ijt
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examination in the crowdfunding literature. In particular, Burtch et al. (2013b) present 

evidence of altruism and crowding out in a crowdfunded marketplace for online 

journalism projects. Bolstering this finding, Aitamurto (2011) also reports that these 

crowdfunders perceive their contributions as supporting a social good. Thus, as per 

Burtch et al. (2013b), we operationalize altruism’s effects by incorporating a measure of 

the degree to which the campaign “need” has already been met. Specifically, we focus on 

the campaign’s outstanding budget as of the time of contribution: Remaining Budget. 

This value represents the gap between the dollars raised and the target fundraising 

amount. 

Finally, we again incorporate fixed effects at the campaign level, as well as for 

time, to address unobservable heterogeneity between campaigns, and temporal trends 

such as seasonal effects (e.g., tax season may reduce disposable income). Finally, we 

include a time trend variable, Days Posted to capture effects such as diminishing 

contributions due to lost interest, or increasing contributions due to nearing fundraiser 

deadlines.  

Dataset 

We are fortunate to have access to all recorded data that is associated with this 

marketplace. Our dataset includes information associated with site-wide activity, 

campaign-level activity, users and user behaviors, even when those behaviors are not 

publicly observable. Table 17 provides a list of variable definitions, and Table 18 

provides descriptive statistics for each. 

In terms of information hiding behavior, we find that it is quite prevalent. In 

particular, individuals withhold their name in approximately 20% of contribution 

instances. In terms of which individuals tend to hide their information at the time of 

contribution, we see some apparent systematic differences for those users who have opted 

to connect their Facebook account (i.e., less privacy sensitive individuals). Specifically, 

we observe a significant negative correlation between Facebook connectedness and 
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information hiding (-0.07, p < 0.001), and a significant positive correlation between 

information hiding and the information hiding behavior of the contributors immediately 

prior (0.12, p < 0.001). Further, we find a significant positive correlation between the 

number of prior contributors (a proxy for campaign exposure) and information hiding.  

 

 
TABLE 17.  

Study 3: Variable Definitions 

 
 

 

 

 

 

Variable Definition 
Info Hide A three value ordinal variable capturing the degree of information 

hiding exhibited by a contributor in a particular contribution 
instance. 

Contribution The dollar amount supplied by the contributor. 
FB Connected A binary indicator of whether the contributor has connected their 

Facebook profile to their marketplace user account. 
Deviation Prior Avg The absolute deviation, in dollars, between a subject’s 

contribution and the average of prior contributions. 
Exposure The count of prior contributors to the campaign in question, as of 

time t. 
Last Name Hide A binary indicator of whether the last contributor hid their 

identity. 
Last Amount Hide A binary indicator of whether the last contributor hid the amount 

of their contribution. 
Is Organizer A binary indicator of whether the contributor is a campaign 

organizer. 
Last Contribution The average dollar amount supplied by the last 5 contributors. 
Income The average reported taxable income in the contributor’s zip 

code, in 2008. 
Funding Time The number of days the campaign has been in funding. 
Remaining Budget The dollar amount outstanding toward the campaign’s fundraising 

target, as of time t. 
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TABLE 18.  
Study 3: Descriptive Statistics 

 

4.4 Results 

The results of our Antecedent estimation are presented in Table 19. We estimate 

hierarchical regressions, beginning with column one, which contains only main effects, 

and escalating to column 2, which incorporates the interaction term between Exposure 

and Facebook connectivity. Focusing on column 2, we see a number of expected 

significant effects. First, we see that individuals are significantly more likely to hide their 

information as they deviate from the average of prior contributions, reflecting more 

“extreme” contributions.  

We also see that individuals who are privacy sensitive (i.e., have opted not to 

connect their Facebook profile to their marketplace user account) are significantly more 

likely to hide information at the time of contribution, and that this effect is stronger in 

campaigns that have received greater exposure (many prior contributors). This seems to 

suggest that privacy sensitive individuals resort to information hiding in general, and that 

they are even more likely to do so as the perception of scrutiny grows. 

Variable Min Max Mean STDev 
Info Hide 0 2 0.66 0.78 
Contribution 1 60,000 64.51 208.59 
FB Connected 0 1 0.15 0.36 
Deviation Prior Avg 0 59,914.21 58.80 203.73 
Exposure 0 32,323 1,875.06 5,597.76 
Last Name Hide 0 1 0.19 0.39 
Last Amount Hide 0 1 0.27 0.44 
Is Organizer 0 1 0.01 0.12 
Last Contribution 0 12,084.00 61.15 105.88 
Incomex 1,575.20 5,176,136.00 58,623.82 53,926.12 
Funding Time 0 120 17.65 19.52 
Remaining Budget -698,903 5,000,000 -23,550 140,700.70 
Notes: x – N = 179,746. 
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Interestingly, we find a significant positive effect from prior contributors’ 

information hiding activity (specifically identity hiding), which lends some support to the 

findings or prior work that information revelation is dependent in part upon the 

established social norm around such activity. Lastly, we see a highly significant, positive 

effect where the contributor is also a campaign organizer. This is quite intuitive, as 

organizers will obviously prefer to keep their identity hidden due to the apparent conflict 

of interest in their contribution. 
 

TABLE 19.  
Study 3: Antecedents Regression Results 

 

 

 

 

 

 

 

 

 

 

 

The results of our Consequences estimation are presented in Table 20. Focusing 

first on our key variables, prior contribution and information hiding, we find a significant 

positive coefficient associated with the prior contribution, which supports the presence of 

an anchoring effect. However, there appears to be an interesting tradeoff between the 

scenarios where the prior amount is hidden and when it is revealed. When hidden, we 

observe a fixed increase (! = 0.05) due to the main effect of the amount-hiding dummy, 

and the main effect of prior contribution (also positive, ! = 0.01) is cancelled out by the 

 DV = Info_Hide 
Variable OLOGIT-FE OLOGIT-FE 
Log(Deviation_Prior_Avg) 0.09*** (0.03) 0.09** (0.03) 
FB Connected -0.69*** (0.08) -0.44** (0.17) 
Log(Exposure) -0.02 (0.03) -0.06 (0.04) 
FB Connected 
         X Log(Exposure) -- -0.05* (0.02) 

Last Name Hide 0.10 (0.07) 0.10 (0.07) 
Last Amount Hide 0.12* (0.06) 0.12* (0.06) 
Is Organizer 1.68*** (0.34) 1.62*** (0.34) 
Time Dummies Yes Yes 
Campaign Effects Yes Yes 
Observations 10,174 10,174 
Log Pseudolikelihood -4,691.50 -4,689.69 
Wald Chi2 150.95 (37) 220.20 (38) 
Notes: *** p < 0.001, ** p < 0.01, * p < 0.05; Standard errors in 
brackets for coefficients, degrees of freedom for test statistics. 
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interaction term (! = -0.01). Of course, when the prior amount is revealed, only the main 

effect of prior contribution is at play. As both the dependent variable and the prior 

contribution variable are logged transformed, these coefficients reflect percentage effects.  

In addition, considering the coefficients on our control variables, we first find a 

positive coefficient associated with outstanding budget. This suggests that many 

contributors in the marketplace are driven by altruism or warm-glow, offering greater 

contributions when the campaign’s need is greater. Importantly, this finding is a 

replication of the results in Burtch et al. (2013b). Finally, we find a significant positive 

effect from the contributor’s estimated income, as one would expect. That is, individuals 

with greater disposable wealth contribute in greater amounts, on average. 
 

TABLE 20.  
Study 3: Consequences Regression Results 

 

 

 

 

 DV = Log(Contribution) 
Variable OLS-FE OLS-FE OLS-FE 
Log(Last Contribution) 0.03*** (0.00) 0.03*** (0.00) 0.01** (0.00) 
Last_Name_Hide 0.00 (0.00) -0.04* (0.02) -0.04+ (0.02) 
Last_Amount_Hide 0.01** (0.00) 0.06*** (0.02) 0.05* (0.02) 
Log(Last_Contribution) 
          X  Last_Name_Hide 

-- 0.012* (0.005) 0.01 (0.01) 

Log(Last_Contribution) 
          X  Last_Amount_Hide 

-- -0.01** (0.00) -0.013* (0.006) 

Log(Remaining Budget) 0.01*** (0.00) 0.01*** (0.00) 0.01* (0.00) 
Log(Funding Time) 0.01*** (0.00) 0.01 (0.01) 0.01 (0.01) 
Log(Income) -- -- 0.16*** (0.01) 
Time Dummies Yes Yes Yes 
Campaign Effects Yes Yes Yes 
Observations 338,667 172,438 172,438 
R-square 0.27 0.29 0.29 
F-stat 9.13 (36, 11179) 9.07 (38, 11179) 46.69 (39, 9080) 
Notes: Standard errors in brackets for coefficients, degrees of freedom for test 
statistics. 
     *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.10. 
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4.5 Robustness Checks 

Following our main estimations, we conducted a number of robustness checks. 

First, we explored potential issues of multicollinearity and outliers. To assess 

multicollinearity, we obtained variance inflation factors (VIFs) for all coefficients. All 

values were found to be approximately 4 or less, which is well below the commonly 

accepted threshold of 10. As such, multicollinearity does not appear to be of great 

concern. To assess robustness to outliers, we excluded observations associated with 

campaigns in the top 1% of the distribution in terms of funding goal. We also explored 

excluding observations associated with campaigns in the top 1% of the distribution in 

terms of amount raised. In both cases, this resulted in the exclusion of approximately 

11,000 observations, or roughly 3% of our sample. Re-estimating our models on these 

subsamples produced no notable differences in our coefficients. 

Next, we explored the sensitivity of our results to the choice of estimator. In 

particular, we re-estimated our Antecedents model using a fixed effects estimator, as well 

as a random intercept multinomial logit estimator (to account for the possibility that 

identity hiding and amount hiding are distinct alternatives, rather than ordinal). These 

results are reported in Table 21 and Table 22, respectively. The results of these 

estimations align well with those reported in our primary model.  

In Table 23, we present the results of an additional estimation, employing an 

alternative measure of privacy sensitivity. In place of Facebook connectedness, we 

instead include a binary indication of whether the user has provided demographic 

information in their user profile, including their date of birth and gender. We find similar 

effects once again. Users who are more inclined to share this personal information are 

also less likely to conceal their name or amount at the time of contribution, and this effect 

is stronger in the presence of a large audience. 
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TABLE 21.  

Study 3: Antecedents Robustness Checks 1 
 

 
TABLE 22.  

Study 3: Antecedents Robustness Checks 2 
 

 
 

 DV = Info_Hide 
Variable OLOGIT-FE OLOGIT-FE 
Log(Deviation_Prior_Avg) 0.09*** (0.03) 0.09** (0.03) 
Profile Demographics -0.72*** (0.07) -0.46** (0.17) 
Log(Exposure) -0.03 (0.03) -0.02 (0.03) 
Profile Demographics 
         X Log(Exposure) -- -0.05+ (0.03) 

Last Name Hide 0.10 (0.07) 0.10 (0.07) 
Last Amount Hide 0.13* (0.06) 0.12* (0.06) 
Is Organizer 1.56*** (0.26) 1.47*** (0.27) 
Time Dummies Yes Yes 
Campaign Effects Yes Yes 
Observations 10,172 10,172 
Log Pseudolikelihood -4,699.26 -4,697.25 
Wald Chi2 141.23 (37) 150.36 (38) 
Notes: Standard errors in brackets for coefficients, degrees of freedom 
for test statistics. 
       *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.10. 

 DV = Info_Hide 
Variable OLS-FE OLS-FE OLS-FE 
Log(Deviation_Prior_Avg) 0.03*** (0.00) 0.03*** (0.00) -- 
Log(Deviation_From_Last) -- -- 0.01*** 
FB_Connected -0.20*** (0.00) -0.07*** (0.01) -0.08*** (0.01) 
Log(Exposure) 0.00 (0.00) 0.01* (0.00) 0.01** (0.00) 
FB_Connected 
       X Log(Exposure) -- -0.03*** (0.00) -0.03*** (0.00) 

Last Name Hide 0.01 (0.00) 0.00 (0.00) 0.00 (0.00) 
Last Amount Hide 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 
Is Organizer 0.66*** (0.02) 0.64*** (0.02) 0.50*** (0.02) 
Time Dummies Yes Yes Yes 
Campaign Effects Yes Yes Yes 
Observations 338,619 338,619 338,619 
R2 0.13 0.13 0.13 
F-stat 141.27 (37, 11178) 143.50 (38, 11178) 102.87 (38, 11178) 
Notes: Robust standard errors in brackets. 
     *** p < 0.001; ** p < 0.01. 
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TABLE 23.  
Study 3: Antecedents Robustness Checks 3 

 
 

 

 

 

 

 

 

 

 

 

 

 

Because the decisions to conceal the amount or one’s identity at the time of 

contribution are mutually exclusive, we also considered a subsample analysis for our 

consequences model. That is, we excluded observations in which prior contributors 

concealed their name. Thus, in this re-estimation, we solely examine differences in 

contribution between cases where prior contributors revealed all of their information, and 

cases in which their contribution amount was concealed. These results are reported below 

in Table 24 and, importantly, we see consistent effects.  

As a final check, we explored re-estimation of our consequences model excluding 

outlier observations, both in terms of the amount contributed (dependent variable), as 

well as in terms of the amount contributed by the prior user (independent variable). Our 

coefficient estimates remain stable in both re-estimations. 

  

MLOGIT-Random Intercept DV = Amount Hide DV = Name Hide 
Log(Deviation_Prior_Avg) 0.06** (0.02) 0.06* (0.03) 
FB_Connected -0.61*** (0.14) -0.27+ (0.17) 
Log(Exposure) -0.03 (0.02) -0.01 (0.03) 
FB_Connected 
        X Log(Exposure) 0.05+ (0.03) -0.11*** (0.03) 

Last_Name_Hide 0.09 (0.07) 0.51*** (0.13) 
Last_Amount_Hide 0.46*** (0.07) 0.26*** (0.07) 
Is_Organizer -0.34 (0.47) 2.37*** (0.26) 
Time Dummies Yes Yes 
Campaign Intercept Yes Yes 
Observations 9,611 
-2LL -9,280.79 
Notes: Standard errors in brackets for coefficients, degrees of freedom for 
test statistics. 
    *** p < 0.001, ** p < 0.01, * p < 0.05; + p < 0.10. 
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TABLE 24.  
Study 3: Consequences Robustness Checks 

 

 

 

 

 

 

 

 

 

 

 

4.6 Discussion 

Understanding the motivations of the contributor base is key to site design. Our 

finding that individuals are more likely to hide information when they contribute in the 

extreme (either offering much less, or much more money than has been offered by prior 

others), is as anticipated. However, additional details about the nature of this extreme 

contribution would prove useful and interesting (i.e., which users are more likely to 

deviate in which direction, and to what degree).  

The fact that individuals are more likely to withhold their information when they 

deviate from established norms has both positive and negative implications. On the one 

hand, this suggests that providing anonymity mechanisms to users is likely to increase 

rates of participation, as users need not fear embarrassment or judgment (Goldfarb et al. 

2012); instead, they can simply conceal themselves. However, at the same time, 

disinhibition of this sort can also lead to potentially negative outcomes. Perhaps most 

 DV = Log(Contribution) 
Variable OLS-FE OLS-FE 
Log(Last_Contribution) 0.01+ (0.00) 0.01** (0.00) 
Last_Amount_Hide 0.00 (0.01) 0.05** (0.02) 
Log(Last_Contribution)   
        X  Last_Amount_Hide 

-- -0.014* (0.006) 

Log(Remaining_Budget) 0.01*** (0.00) 0.01*** (0.00) 
Log(Funding_Duration) 0.01 (0.01) 0.01 (0.01) 
Log(Income) 0.16*** (0.01) 0.16*** (0.01) 
Time Effects Yes Yes 
Campaign Effects Yes Yes 
Observations 139,667 139,667 
R-square 0.29 0.29 
F-stat 31.79 (36, 8584) 31.61 (37,8584) 
Notes: Robust standard errors in brackets for coefficients, degrees of 
freedom for test statistics. 
     *** p < 0.001, ** p < 0.01, * p < 0.05, + p < 0.10. 
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notable in the present context is that these information-hiding mechanisms create the 

potential for gaming, as campaign organizers can easily support their own project, 

unbeknownst to others, sending a false signal of campaign quality (notably, our analysis 

indicates that such behavior does indeed take place in this market).  

Our finding that privacy sensitive individuals are more likely to withhold their 

information, particularly as a campaign receives increased exposure, is also interesting, as 

it is also quite likely that such individuals will be less inclined to contribute at all, after 

the campaign exposure crosses a certain threshold. This suggests that such individuals 

should be targeted early in the fundraising process, in order to avoid the loss o their 

impediments to contribution. 

Our consequences results also highlight the impacts of information hiding for 

social comparison. Specifically, our results indicate that information revelation will be 

more desirable from the campaigners’ and purveyors’ perspectives, depending upon the 

size of prior contribution. This is because of an observed tradeoff between fixed increases 

when prior contribution amounts are hidden, and marginal increases due to anchoring 

when they are revealed. Additional exploration of these effects is necessary in order to 

identify an appropriate marketplace policy (e.g., imposing a cost for anonymity).  

A particular concern with instituting policy changes based on these findings is 

that the identified effects are conditional on contribution (i.e., participation). That is, 

these analyses do not speak to the possibility that mere participation would decline were 

policy or design changes imposed in the marketplace. In fact, multiple studies have 

examined the role of anonymity mechanisms in online communities and found that 

posting frequency declined by as much as 25% after the removal of such features (Kilner 

and Hoadley 2005; Leshed 2008). 

Broadly speaking, an attempt to derive the implications of these information-

hiding mechanisms for contributor, campaign and marketplace welfare is called for. For 

example, the purveyor likely benefits from allowing campaign organizers to contribute 
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anonymously to their own campaigns, but this feature may actually be suboptimal for 

contributor welfare in terms of the false quality and popularity signals such contributions 

send to other individuals in the marketplace. Further, it may also be worth exploring 

various approaches to instituting anonymity, to achieve an optimal balance across 

incentives and impacts, including users’ desire for privacy, social comparison and 

reputational gains. 

4.7 Conclusion 

This work presents, what is to our knowledge, the first attempt to evaluate 

individuals’ use of information hiding mechanisms at the transaction level, to conceal 

discrete actions, in a real-world setting. Whereas past work has explored individuals 

behavior in response to exogenously imposed anonymity, here, we consider a user’s 

endogenous decision to conceal information. Further, whereas prior work has explored 

endogenous information revelation practices, those scenarios have typically been “all-or-

nothing” in nature. That is, users were capable only of blanket decisions with respect to 

hiding or revealing information to the entire population of external observers. In this 

study, we have explored the determinants of individuals’ information hiding (revealing) 

behavior based across discrete activities (i.e., contribution events). As well, there is likely 

to be significant differences in behavior between scenarios pertaining to information 

revelation versus information hiding (i.e., a different default state).  

Our findings suggest that individuals prefer to conceal their information when 

they deviate from established norms. This finding is in keeping with prior work on the 

online disinhibition effect (Suler 2004). However, in reality, our study addresses a 

converse relationship. Whereas online disinhibition speaks to changes in user behavior 

subject to relative anonymity online, here, we have documented changes in individuals’ 

information hiding behavior subject to perceived deviation from established norms, 

following social comparison. Further, we have found evidence of an interesting trade off 
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around the anchoring effect from prior contribution, moderated by the information hiding 

behavior of the prior contributor. The presence of this tradeoff seems to suggest that 

some optimal threshold may exist at which it would be best to impose a cost for 

anonymity on contributors, however, further assessment is required to identify what that 

threshold might be.  

We have presented one of the first empirical attempts to understand the dynamics 

of individuals’ information hiding behavior. Further, we have done so in a particular 

novel context – the burgeoning industry of online crowdfunding. With the emergence of 

“crowdfunding” as a viable business model, marketplaces of this sort are now providing 

users with the opportunity to express themselves in new ways, and to examine others’ 

behavior in new ways. The results of our empirical analysis need to be understood in light 

of some limitations. First, as noted previously, our analyses are conditional on 

contribution, as we do not observe the first stage of contributor decision-making: the 

decisions about whether to contribute, or which campaign to support. As such, we would 

caution the reader about inferring too much from our results. Bearing this in mind, future 

research can build on our analysis by employing randomized experiments to evaluate the 

impacts of different policies and mechanism designs. Such an approach offers the 

cleanest form of identification.!

Given crowdfunding’s significant economic potential and recent growth as an 

industry, any increases in welfare or marketplace efficiency that can be achieved through 

modifications to the design of these platforms or their policies should be pursued 

wholeheartedly. Our work presents a solid first step in that direction. It is our hope that 

this work will provide insights to scholars and practitioners, informing design, as well as 

policy and regulation going forward. (Chamberlain 1980) 
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CHAPTER 5: 
THEORETICAL CONTRIBUTIONS 

These studies offer a number of theoretical contributions, to the literature in 

marketing, economics and information systems. In the first study, we have tested for the 

applicability of contrasting theories of private contributions to public goods, drawn from 

the literature in economics, identifying that which is most applicable, and thereby 

inferring the predominant incentive in the marketplace (i.e., altruism). Importantly, this 

work demonstrates the most appropriate theory to explain crowdfunder contribution 

behaviors in a donation-based, public good context. Further, our discussion offers some 

interesting insights into when the identified effects might be expected to vary or reverse, 

which have not seen discussion in economics, likely because the considered processes 

have typically been examined in offline settings, where social influence is much less 

likely or prevalent to manifest. With the introduction of a greater social component (i.e., 

social networking) as well as the opportunity to introduce functionality that can boost 

recognition for contributions, offering reputational benefits, via IT mechanisms, an 

empirical consideration of these factors going forward can help to further develop 

existing theory on private contribution to public goods in the presence of social 

information. 

Based on our findings, a number of theories may also have direct relevance to 

donation-based crowdfunding, including all those related to the notions of crowding out 

and free riding behavior, and all the implications that come with those phenomena. 

Further, there is nothing to indicate that the observed substitution behavior is directly tied 

to the type of public good. Thus, it is quite possible that substitution behavior will 

predominate across a variety of donation-based crowdfunded markets; not just those 

associated with journalism. One such context that is gaining significant attention of late is 

crowdfunding for medical expenses, such as at GiveForwrd.com. 
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The results of our consequences model in the first study also provide the first 

concrete evidence of how important marketing effort is to the outcomes (i.e., success) of 

implemented projects. While there has previously been a fair amount of speculation about 

this (Belleflamme et al. 2010), ours is the first study to provide some confirmation. Of 

course, further work is needed in order to cleanly identify and quantify this relationship, 

as the identified effects we present here are only indirect measures of said effort. 

The first study also contributes directly to the literature on human computation 

and crowdsourcing, by offering a basis for the derivation of a theory of quality or efficacy 

in collective processes (in this case, collective evaluation). This claim is based on the fact 

that we have associated characteristics of the collective process (e.g., funding duration) 

with outcome measures of decision-making quality (i.e., project success). In so doing, we 

offer a basis for the formulation of theoretically justified, intra-process indicators of a 

healthy or efficient collective process, in contrast to simple evaluation of the collective 

output, which has been the focus of prior research (i.e., evaluating group output in 

laboratory experiments). Notably, this would be of particular use in scenarios where 

collective processes play out over longer durations and thus where mid-term evaluation 

would be of great value (e.g., prediction markets for long-term events). 

The second study provides empirical evidence of the relevance of prior theory, 

regarding the role of cultural differences in economic transactions between organizations 

and nations, to individual crowdfunding. This work has demonstrated that, just as at 

higher, more aggregate levels of analysis, cultural differences result in lower volumes of 

transaction. However, we also go one step further, providing evidence of a small though 

quite important difference. Specifically, we find that these effects are largely conditional 

on geographic proximity. We surmise that this is because individuals are subject to the 

constraints of bounded rationality, typically being imbued with limited resources 

(compared to organizations). As a result, individuals’ awareness of other cultures will 

vary quite a bit, due, for example, to variations in cultural exposure.  
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Finally, our third study offers some initial evidence of the drivers of endogenous 

anonymity, a question that has seen scant attention in the literature to date. Whereas past 

scholars have expended considerable effort examining how individuals’ behaviors change 

when subject to scrutiny or anonymity, as an exogenous treatment, here, we consider 

when individuals will be more likely to opt into information hiding, and the implications 

of those observed decisions for later arrivers. We find evidence that information hiding is 

more likely when individuals are privacy sensitive and when individuals have deviated 

from established norms. While perhaps intuitive, these findings support the notion that 

prior theory, related to online disinhibition (e.g., deviation from established norms arises 

in a context with relative anonymity), continues to apply, though in an ‘inverted’ form 

(e.g., relative anonymity is chosen when one wishes to deviate from established norms). 

It is worth noting that the vast majority of the findings reported here also bear 

implications for electronic markets more generally. For example, the first study speaks to 

the likely impacts of relative anonymity, and the impacts of recognition and reputation in 

terms of facilitating reinforcing behavior and combatting crowding out. This discussion 

could apply just as well in the context of knowledge or effort contributions. For example, 

an individual might be more inclined to respond to others queries in an online community 

of practice if they perceive that they will gain some form of recognition or appreciation 

for their efforts. In contrast, anonymity may eliminate this possibility, making individuals 

less inclined to respond to others’ queries.  

The second study suggests that cultural differences can impact donors’ selection 

of a recipient by reducing trust. Further, the study suggests that these effects can perhaps 

be overcome via the application of IT-based institutional trust mechanisms, such as a 

third-party reputational system. This same notion could apply equally well to other 

contexts. As an example, consider that AirBNB, which provides peer-to-peer home rental 

services, and Freelancer.com, an online labor market, offer varying levels of third party 

certification and verification. They do so in order to foster increased trust between parties 
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on the platform. Such mechanisms could, in theory, aid in overcoming reduced trust 

stemming from cultural differences between transacting parties. 

Finally, the third study provides evidence that individuals are less likely to reveal 

their information when their behavior represents a deviation from the prior established 

norm. This finding is likely to apply similarly in other settings as well, wherever such 

deviation is possible. Further, however, our results suggest that participation might be 

increased by the provision of information hiding mechanisms that can be applied on an 

event basis (i.e., hide certain content but reveal other content, over time, to specific 

others). At the same time, our results suggest that such design decisions should be taken 

with care, as past work notes that anonymity can result in problematic behaviors, such as 

increased criticality. In sum, this work clearly provides a number of contributions to a 

wide variety of literatures, beyond IS, including marketing, economics, finance and 

entrepreneurship.  
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CHAPTER 6: 
MANAGERIAL IMPLICATIONS 

Crowdfunding is a promising business model for capital fundraising. However, 

the industry is extremely competitive at the moment. At least five hundred platforms are 

presently operating, yet, noting that marketplace leaders have already begun to emerge in 

the reward-based context (Kickstarter and IndieGoGo), the extreme degree of 

competition that is currently at play is unlikely to continue for long. The dominant 

service providers will ultimately differentiate themselves based on a number of different 

aspects. One key aspect, however, will be design. The three studies presented herein offer 

some initial insights into important aspects of the crowdfunding process. Savvy platforms 

would do well to consider these results in their design process. 

The first study has clearly identified the presence of substitution behavior in a 

donation-based crowdfunded market for public goods (in this case, online journalism). 

The primary motivation for contribution in that setting appears to be altruism, however, it 

is also likely contingent on a number of other marketplace characteristics, most notably a 

lack of transparency. This lack of transparency means there is limited opportunity for 

reputational gains or social conformity (i.e., a given contributor cannot determine if other 

prior contributors provide a relevant benchmark for themselves). In turn, this means that 

contributors have little incentive to reinforce the behaviors of others.  

We have offered a number of recommendations that the purveyor might pursue in 

order to counteract the crowding out that we have identified. In particular, we have noted 

that it may be useful for the purveyor or for campaigners to employ contribution 

matching, to lower the contribution cost to donors. Alternatively, the purveyor might 

enhance opportunities for recognition by i) instituting a more vibrant, visible social 

community or ii) offering an explicit reputation mechanism. 



 121 

The second essay has presented evidence that cultural differences reduce 

contribution likelihood, and that this impact is actually conditional upon physical 

proximity, which we have argued to be a proxy for the contributor’s exposure or 

awareness of the fundraiser’s culture. These findings have direct implications for 

entrepreneurs seeking to raise capital in crowdfunded markets, providing insight into 

which members of the crowd are the most ‘accessible’ to a given fundraiser. Further, 

these findings will have implications for the marketplace purveyor, as they may indicate 

which interpersonal differences are likely to be most salient/important for a particular 

crowdfunder. Bearing this in mind, this has implications for the design of crowdfunding 

platforms, with an aim toward facilitating greater crowdfunder participation. For 

example, it may be prudent to facilitate matching between a crowdfunder and campaign 

organizers that are culturally similar. Alternatively, the purveyor might offer third-party 

institutional mechanisms to facilitate trust. 

Finally, the third essay has offered a first look at the drivers and consequences of 

endogenous information hiding in a real-world context. Importantly, our findings indicate 

that users are more likely to conceal their information when they are privacy sensitive 

(which we proxy with Facebook account connectivity), when campaigns have received 

greater prior exposure (in this case when the campaign has been featured on the 

marketplace homepage), and when the user’s actions represent a deviation from the 

average prior behavior (in this case, deviation from average prior contribution). Our 

findings further indicate that subsequent contributors benchmark the size of their 

contribution against that of prior others – an anchoring effect - and that this effect is 

eliminated in the presence of information hiding, as one might expect.  

This raises the question of when/in which cases information hiding will be 

desirable. Intuitively, a campaigner or purveyor should prefer that donors conceal their 

contribution amounts when they are relatively small, as the anchoring effect would have a 

negative spillover effect on subsequent donors. While it is true that small donors appear 
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more likely to conceal contributions, this is also true of individuals that have made 

relatively large donations. Bearing this in mind, the website purveyor might consider 

approaches to offsetting these “losses” from large donation spillovers. For example, the 

purveyor might impose a fee for the use of the information hiding mechanism – perhaps a 

premium account feature or a one-off option.  

In general, all of results provide insights to campaigners, purveyors, legislators 

and regulators about the influences upon crowdfunder behaviors. Beyond the 

aforementioned implications for possible strategy/design responses, these results can also 

offer nuanced insights about where regulation is perhaps most (or least) needed. For 

example, the findings of our first essay, set in a donation-based market, suggest that 

herding (and thus gaming on the part of campaign organizers) is perhaps of significantly 

less concern than in an alternative, financially motivated setting (e.g., P2P lending or 

equity-based crowdfunding). As such, oversight should be instituted only following some 

degree of due diligence, as it has the potential to impose unnecessary burdens on 

marketplace operations in some instances. 
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CHAPTER 7: 
CONCLUSION 

Crowdfunding is a burgeoning industry – practice and policy, both rapidly 

progressing, can benefit greatly from academic input. The three studies we have 

conducted above provide some of the first empirical insights into crowdfunder behavior. 

However, much work remains. For example, given that crowdfunded markets are actually 

two-sided, future work should consider campaign organizer behaviors, such as marketing 

effort. Additionally, as another example, the crowdfunding context provides a unique 

opportunity to explore notions of collective intelligence outside of the laboratory. This 

stream of literature would also benefit significantly from a consideration of how factors 

shown to be important in laboratory settings for group performance (e.g., group 

composition, turn-taking) can be operationalized and tested in a crowdfunding context. 

Given the unique nature of the crowdfunding context, and the numerous points of 

intersection that it has with other fields of study (e.g., entrepreneurship, open innovation, 

collective intelligence, venture finance), it is my hope that these three essays will present 

a solid foundation for subsequent empirical work in this space.  
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