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A B S T R A C T

We identify that technology crowdfunding campaigns attracting more domestic investors have a 
higher probability of project success and examine the role of home bias in supporting online 
innovative entrepreneurial financing. The extent of the home bias effect among technology en
trepreneurs varies and is notably linked to their social capital. When a technology entrepreneur 
has high “old” social capital, the home bias is strengthened and aligned with a preference-based 
interpretation. In contrast, technology entrepreneurs’ excessive capabilities of creating “new” 
social capital help mitigate the home bias, reduce the dependence on local investors, and promote 
more diversified investment decisions, which supports an information-based interpretation. Ev
idence also reveals that technology entrepreneurs’ home country levels of financial inclusion and 
investor protection influence the link between home bias and crowdfunding outcomes, indicating 
that the economic benefits generated in fintech are heterogeneous across different countries.

1. Introduction

In the pre-fintech era, there is a well-documented home bias puzzle. Investors tend to invest more in the assets or projects of their 
home countries (Chan et al., 2005; French & Poterba, 1991; Parwada, 2008), or trades are more likely to take place between parties 
within the same geographical region (Hortaçsu et al., 2009; Santamaría et al., 2023). Alternative definitions of home bias include more 
optimistic recommendations of local analysts (Lai & Teo, 2008), higher prices of local artworks (Shi et al., 2017), and the willingness to 
acquire projects in home cities (Zhu et al., 2023). Important factors behind the home bias include a variety of explicit or implicit 
barriers, such as transaction costs, networking costs, capital controls, information costs, regulatory constraints, exchange rate risks, 
accounting standards, behavioural biases, hedging motives, corporate culture, and language barriers (Carpio et al., 2021; Cornaggia 
et al., 2020; Coval & Moskowitz, 2001; Levy & Levy, 2014; Parwada, 2008).

The past two decades have witnessed unprecedented development in fintech, which has revolutionised financial services at an 
extraordinary pace and drawn increasing attention from entrepreneurs, investors, and many other stakeholders worldwide (Goldstein 
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et al., 2019; Gomber et al., 2018; Kim & Hann, 2019; Yasar et al., 2022). The development of fintech and its impact on investment and 
consumption biases are significant. To date, academic studies have explored the effects of home bias in several online trading and 
investment platforms. Agrawal et al. (2015) examine data from an early and prominent crowdfunding platform, Sellaband, and 
document that the platform diminishes some distance-sensitive frictions but cannot eliminate them. Lin and Viswanathan (2016)
gather detailed transaction data on loan requests and investors’ bids posted on a large online crowdfunding marketplace, Prosper.com, 
and reveal that home bias still exists in this virtual marketplace. Bartlett et al. (2022) research into consumer-lending discrimination 
and find that fintech lenders’ rate disparities are similar to those of non-fintech lenders for government-sponsored enterprises (GSEs) 
mortgages.

Reward crowdfunding is increasingly recognised as an effective way to not only promote innovation and creativity but also to fill 
the long-standing financing gap between large, well-endowed startups and relatively limited funding from traditional financial in
stitutions (Mollick, 2014; Yasar et al., 2022; Yu et al., 2017). Kim and Hann (2019) claim that crowdfunding can act as an additional 
source of entrepreneurial finance, though disparities in socioeconomic status can hinder underprivileged individuals from fully 
reaping their full advantages. Interestingly, the literature indicates that although fintech infrastructures decrease networking costs 
considerably, home bias cannot be fully eliminated in reward crowdfunding. Jiang et al. (2022) identify the existence of home bias in 
Chinese reward crowdfunding due to informational needs.

The technology sector of the reward crowdfunding platform is an unconventional yet increasingly attractive channel for innovative 
entrepreneurial financing. It is also one of the most popular categories on crowdfunding platforms (Zhang & Chen, 2019). Duan et al. 
(2020) study facial trustworthiness based on Kickstarter’s technology-related projects and argue that technology projects are more 
likely to suffer from information asymmetry problems in the early stages because of technique secrecy. The analyses in Wang et al. 
(2022, 2023) are also confined to technology-based campaigns because their product rewards tend to be more innovative, leading to 
higher information asymmetry. They argue that most potential backers are usually unfamiliar with the technology involved in 
entrepreneurial projects driven by technological and scientific components.

Given the global surge of technology entrepreneurial activities in fintech ecosystems, it is natural to ask whether social capital 
created in crowdfunding communities helps diminish home bias and, if so, how. However, academic work on the relationship between 
social capital and the home bias effect, particularly how different social capital influences the home bias effect on technology 
crowdfunding performance, is still very limited. The primary goal of our paper is to fill this gap based on theoretical connections and 
empirical analyses.

In this paper, we first develop a conceptual framework to explain the differentiated roles of “old” (pre-existing and out-of-the- 
platform) and “new” (newly-created and within-the-platform) social capitals played in strengthening or mitigating the home bias’s 
influence. Based on the behaviour bias theory in Kahneman and Tversky (1979), Strong and Xu (2003), and Thaler (2016), we connect 
the first influencing channel of “old” social capital with the investment preference of a creator’s pre-existing Facebook friends, most of 
whom come from the same country as the creator. We contemplate that the pre-existing social capital of creators, originally developed 
outside the crowdfunding platform, mainly influences funding performance by strengthening the home bias effect through preferences 
due to past experiences, familiarity, loyalty, patriotism, trust, and overconfidence of current social ties (Bailey et al., 2018; Cohen, 
2009; Grinblatt & Keloharju, 2001; Huberman, 2001; Wei & Zhang, 2020; Zingales, 2015). It is labelled as a preference-based 
interpretation.

We propose a second influencing mechanism of newly created social capital based on the information-based theory and rational- 
choice framework (Brav et al., 2022; Coval & Moskowitz, 1999). Those technology entrepreneurs who are more capable of reducing 
networking costs, transmitting accurate information, and creating new social capital will benefit more from the interactive ecosystem 
in crowdfunding platforms by attracting more foreign investors. Communication efforts help reduce the monitoring costs of investors, 
improve the efficacy of information sharing, and increase the benefits of crowd participation (Brav et al., 2022). We conjecture that 
extensive interactions persuade more strangers, particularly foreign retail investors, to contribute and mitigate the effects of home bias 
by reducing home dependence and promoting more diversified and rational investment decisions, labelled as an information-based 
interpretation. Such newly created social capital in the fintech ecosystems shall significantly mitigate the effect of home bias due 
to familiarity, loyalty, patriotism, and information asymmetry.

We then execute our empirical analyses on a large dataset from Kickstarter’s technology sector. Our dataset covers 12,055 tech
nology crowdfunding projects on the Kickstarter platform. Following definitions of home bias in Shi et al. (2017), Cornaggia et al. 
(2020), Florentsen et al. (2020), and Zhu et al. (2023), we define this dependence on domestic investments existing in the technology 
crowdfunding sector to be home bias. We also define micro-level proxies for social capital based on the textual information of the 
campaigns themselves and identify a campaign-level threshold value of within-platform social networking capabilities based on text 
analyses.

We further identify the delivery status of the project based on the Word2Vec algorithm of Mikolov et al. (2013). We first pre-process 
the text data collected from Kickstarter, which includes tokenisation, removal of punctuation, stop words elimination, and lemma
tisation to ensure the quality of the input data for the Word2Vec model. Using the pre-processed text, we train a Word2Vec model and 
map words to vectors in a continuous space based on their semantic meanings derived from the context in which they appear. Then, we 
construct a dictionary enriched with terms indicative of successful project execution and product/service delivery. The Word2Vec 
model’s ability to capture semantic similarities allowed us to identify a robust set of keywords strongly associated with the delivery 
status.

Three sets of empirical results are presented. First, we find that technology campaigns attracting more domestic investors have 
higher chances of successful capital raising and project implementation, and this main result is robust to alternative variable mea
surements and model specifications. Second, as predicted by our conceptual framework, the home bias effect on funding and delivery 
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success a) is strengthened when a creator has a high level of “old” (preexisting) social capital, and b) is weakened when a creator has a 
high level of “new” (newly created) social capital. The results align with our two key theoretical arguments, preference-based and 
information-based explanations, highlighting the importance of technology entrepreneurs’ excessive capabilities of creating “new” 
social capital in the fintech era. Third, we detect that technology entrepreneurs’ home country levels of financial inclusion and investor 
protection influence the link between home bias and crowdfunding outcomes. The impact of home bias is significantly stronger when 
an entrepreneur’s country is characterised by lower financial inclusion or weaker investor protection.

Our investigation of influencing mechanisms of different social capital on home bias effect and the insights regarding economic 
benefits generated by new social capital in technology crowdfunding put forward a novel perspective to explain the micro-macro 
dynamics in the fintech era. It contributes to the literature on fintech and entrepreneurship in three aspects.

Firstly, our paper highlights the power of behaviour bias theories in interpreting home bias in innovative entrepreneurial finance, 
contributing to the existing literature (Bailey et al., 2018; Kahneman & Tversky, 1979; Lin & Viswanathan, 2016; Strong & Xu, 2003). 
The behavioural bias theory was first developed by the fundamental aspects of the Prospect Theory from Kahneman and Tversky 
(1979). Then, a stream of literature analyses the impact of behavioural bias on investment decision-making, such as those of Grinblatt 
and Keloharju (2001), Strong and Xu (2003), Bailey et al. (2018), Morse and Shive (2011), Lin and Viswanathan (2016) and Cornaggia 
et al. (2020). For instance, Grinblatt and Keloharju (2001), Morse and Shive (2011), and Cornaggia et al. (2020) provide evidence that 
culture, patriotism and political environments can influence investment behaviour and lead to a home bias. Our paper provides the 
first detailed empirical analysis of the innovative entrepreneurial financing setting from this theoretical lens. It complements prior 
studies by reflecting cognitive biases due to investors’ familiarity with and trust in domestic creative ventures. It highlights the 
preference-based investment decisions when retail investors face the novelty and uncertainty of creative ventures.

Secondly, our study explores how entrepreneurs’ excessive communication activities influence investors’ behaviour biases in 
fintech communities. It contributes to the literature on the financial implications of social capital, building upon the foundational work 
(Covrig et al., 2007; Dahl & Sorenson, 2012; Giudici et al., 2018). These studies state that an investor’s behaviour may be connected 
with social capital. However, most of the prior, like Giudici et al. (2018), Kuchler et al. (2022), and Lin and Pursiainen (2022), rely on 
the level of social capital in the regions. Through textual analysis, our study establishes a campaign-specific threshold for the entre
preneurs’ social networking capabilities. It introduces an innovative metric for assessing new forms of social capital, advancing the 
field by concentrating primarily on micro-level indicators. It thus contributes to understanding the financial decision-making of crowd 
investors in fintech ecosystems, focusing on the dual role of social capital.

Thirdly, our research complements recent studies on fintech’s macro and micro dynamics and suggests the importance of fintech 
adoptions in less developed countries to enhance the likelihood of innovative entrepreneurial financing success. Several papers find 
that countries witness more fintech investments and activities when economies and capital markets are well-developed (An & Rau, 
2021; Bertoni et al., 2022; Haddad & Hornuf, 2019; Zhao et al., 2021). In contrast, developing countries have fewer fintech oppor
tunities due to cultural and macroeconomic factors (An et al., 2022; Haddad & Hornuf, 2019). We identify that the economic benefits 
of fintech are more significant for technology entrepreneurs from countries with less financial inclusion and weaker investor pro
tection. Fintech revolutionises the financial system in developing countries and expands access to finance for small firms and start-ups. 
Thus, policies aiming at fintech penetration in less developed countries will help foster financial development and promote financial 
inclusion.

The rest of the paper is organised as follows. Section 2 discusses the theoretical framework and proposes three testable hypotheses. 
Section 3 describes the data and methodology. The main empirical results are then analysed in Section 4. Section 5 discusses cross- 
sectional heterogeneity based on entrepreneurs’ home country financial inclusion and investor protection levels. Section 6 presents 
the robustness check results. Finally, the conclusion is drawn in Section 7.

2. Literature review and hypotheses development

2.1. Influence of home bias in the technology reward-crowdfunding market

Academic studies on home bias are traced back to French and Poterba (1991), which state that people always overinvest 
domestically and locally. Since then, several theoretical studies have discussed home bias and its rationality, such as Cooper and 
Kaplanis (1994), Coval and Moskowitz (1999, 2001), and Van Nieuwerburgh and Veldkamp (2009). Their theoretical framework 
argues that global information access cannot eliminate the information asymmetry due to home investors choosing not to learn what 
foreigners know. Following the theoretical research, a strand of literature exploring different forms of home bias and its influence on 
investment performance has emerged, which provides sufficient empirical evidence for home bias in other markets, such as Dougal and 
Rettl (2021), Sialm et al. (2020), Kuchler et al. (2022).

In addition to overweighting local assets, other forms of home bias and their impacts are documented in the literature. Lai and Teo 
(2008) identify more optimistic recommendations of local analysts and more generous ratings among local credit analysts. Dahl and 
Sorenson (2012) discover a preference for local investment in the initial stages of venture location decisions and argue that this 
inclination takes advantage of the social capital inherent in local networks. Shi et al. (2017) find that all else being equal, artwork 
auctions in artists’ home cities tend to have higher prices, and thus, investors exhibit home bias in the domestic art market. Cornaggia 
et al. (2020) argue that home bias exists among information producers, and this observed home analyst effect indicates a behaviour 
bias rather than superior information. Zhu et al. (2023) examine the role of home bias in making economic decisions and find that 
when confronted with M&A decisions, respondents give particular priority to their hometowns.

A pivotal disruption wrought by fintech is its diminution of barriers, thereby facilitating the entry of individual investors worldwide 
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into entrepreneurial ventures. Policymakers particularly view fintech as a cost-efficient method to overcome geographical constraints 
and aim to partially remove the economic barriers related to distance by utilising internet-based financing platforms (Lin & Viswa
nathan, 2016). According to Agrawal et al. (2015), these online fintech platforms effectively diminish certain distance-related eco
nomic frictions, including monitoring projects, offering advice, and collecting information. A natural question arises: do fintech 
ecosystems help resolve home bias or lessen its influence?

Theoretically, online crowdfunding platforms or other fintech channels can dramatically decrease foreign investment costs and 
thus have great potential to ease the constraint of geographical proximity in fundraising for start-ups or micro and small firms (Kim & 
Hann, 2019; Levy & Levy, 2014). Because all projects on crowdfunding platforms are equally visible to potential funders irrespective of 
their locations, the dependence of small businesses on local lenders or investors shall be diminished, as a key disruption of fintech is 
that it lowers the barrier for global individual investors to access entrepreneurial projects. Nevertheless, some studies suggest that 
despite the decreased geographical barriers to access to finance in crowdfunding platforms, many online crowdfunders still prefer local 
transactions and projects (Agrawal et al., 2015; Lin & Viswanathan, 2016).

In this paper, we define dependence on domestic investment as home bias and conjecture that it plays a significant role in allocating 
resources in technology entrepreneurial financing due to information costs and familiarity. We propose two rationalities for home 
dependence in the fintech era and justify its subsequent impact on technology crowdfunding performance.

The first rationality for the influence of home bias is an informational advantage or information differential. Empirical studies show 
collecting “soft” information on small businesses over time through relationships with their owners is still very important in the fintech 
era, making local presence critical (Jiang et al., 2022; Kim & Hann, 2019; Petersen & Rajan, 2002). Hence, crowdfunding projects with 
a higher proportion of investors from their home country are more likely to enjoy an informational edge via better local networks and 
thus to win support from external backers during both the fundraising and follow-on implementation processes based on a better 
understanding of local culture, institutions, or soft information on small business.

The second rationality is that home bias has a behavioural explanation rooted in familiarity and trust, as people tend to invest in 
what they are familiar with and trust. Chan et al. (2005) argue that investors are more willing to hold securities of firms they are more 
familiar with. Behavioural biases such as common language, culture, loyalty, patriotism, trust, and familiarity (Cohen, 2009; Duan 
et al., 2020; Grinblatt & Keloharju, 2001; Huberman, 2001; Wei & Zhang, 2020; Zingales, 2015). Therefore, crowdfunding projects 
with a higher proportion of investors from their home country are more easily funded and supported during the follow-on imple
mentation process due to the investors’ familiarity with and trust in the innovating entrepreneurs.

Due to more technology and innovation components, technology projects usually face higher levels of information asymmetry and 
unfamiliarity. Thus, we conjecture that technology projects attracting a higher proportion of domestic investors are generally more 
likely to succeed in raising funds and delivering products. The concentration of local investors influences online technology entre
preneurial financing performance positively. It thus drives our central hypothesis. 

H1. Home-concentrated crowdfunding projects have higher chances of funding and implementation success.

2.2. Social capital factors that moderate the home bias effect

The concept of social capital is well-researched. Dahl and Sorenson (2012) find that firms exhibit a home bias in their location 
choices due to the advantages of pre-existing social capital. Lee and Persson (2016) argue that social capital, such as family and friend 
ties, can provide young start-ups with cheap, informal capital. Javakhadze et al. (2016) find that the social capital resident in 
managerial social networks is positively associated with investment sensitivity to cash flow. Duan et al. (2020) prove that entrepre
neurial social capital is recognised for its significant role in conveying the credibility and goodwill of projects, influencing the success 
rate of crowdfunding initiatives. Kuchler et al. (2022) highlight that the social capital of regions affects firms’ access to capital, while 
Lin and Pursiainen (2022) identify a significant positive relationship between the social capital of an entrepreneur’s home county and 
the success of their crowdfunding performance. In general, this line of research supports that social capital helps to alleviate in
efficiencies in financial markets caused by information asymmetry or moral hazard.

The online crowdfunding market helps entrepreneurs in the early stages start their ventures and receive a great deal of individual 
investor attention (Burtch et al., 2014; Jiang et al., 2022; Mollick, 2014). Many start-up businesses have limited product information or 
a short track record, and it is hard for them to access traditional financing markets. Naturally, entrepreneurs’ social capital helps signal 
projects’ trustworthiness and benevolence and affects the success of crowdfunding campaigns (Ahlers et al., 2015; Duan et al., 2020). 
First, social capital delivers the right and less alterable information to investors in the fintech context (Lin et al., 2013). Second, social 
capital influences underlying entrepreneurs’ behaviour in project fundraising and implementation (Ferris et al., 2019; Lin & Pur
siainen, 2022).

Based on the theories of behaviour bias and rational choice, we differentiate two types of social capital: an “old” one, namely, pre- 
existing social relations of technology entrepreneurs before raising capital from the crowd, and a “new” one, namely, newly created 
social relationships by entrepreneurs’ extensively engaging in fintech platform networking with the crowd. We argue that these two 
types of social capital affect the link between home bias and crowdfunding performance in diverged directions, with one enhancing the 
home bias effect and the other weakening it.

2.2.1. The theory of behaviour bias and a preference-based interpretation
Behavioural bias refers to the tendency of individuals to make decisions based on cognitive and emotional factors rather than 

rational analysis, such as a preference for local investments based on familiarity, loyalty, trust, or over-optimism (Cohen, 2009; 
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Huberman, 2001; Lin & Viswanathan, 2016; Strong & Xu, 2003; Zingales, 2015). The behavioural bias theory suggests investors tend 
to be relatively optimistic about the outlook for their domestic economies, leading them to overweight domestic projects in their 
portfolios (Strong & Xu, 2003). Lin and Viswanathan (2016) find that behavioural motivations, rather than economic reasons alone, 
play an important role in driving home bias in the online crowdfunding market.

Domestic investors strongly prefer domestic versus foreign markets, suggesting that “home bias” derives in part from increased 
confidence (Maroney et al., 2008). Social networks usually play an important role in delivering confidence to investors. Pre-existing 
social relationships, most of which are comprised of friend and family ties, act as the mechanism through which geographic distance 
matters. In early-stage platform financing, friend and family relationships build up a certain trustworthiness of the creator, which helps 
identify worthwhile investments (Lee & Persson, 2016).

In the behavioural preference view, confidence and trustworthiness are essential in investors’ evaluation process of technology 
entrepreneurs because the information costs incurred in new technology’s development and commercialisation process are rather 
high. For technology reward crowdfunding, crowdfunders look up high-tech projects or services online and choose what they want to 
invest in (Mollick, 2014). Investors must make decisions based on the description of products and risks uploaded by creators along with 
some videos or other subjective materials, which provide high uncertainty about the future and cause information asymmetry.

Thus, we contemplate that the pre-existing social capital of creators, measured by the number of Facebook friends not cultivated 
inside the crowdfunding platform, which was originally developed outside the online crowdfunding platform, is mainly influencing the 
crowdfunding performance by strengthening the home bias effect through preferences due to past experiences, familiarity, trust and 
overconfidence of pre-existing social ties. Investors are reluctant to invest in foreign campaigns due to perceived risks or lack of in
formation, and such investments may not offer the best financial returns or diversification benefits. Hence, pre-existing social re
lationships strengthen the impact of home bias on crowdfunding performance. This leads to our second hypothesis. 

H2. The home bias effect is strengthened when the creator has a higher level of “old” social capital, namely, pre-existing social relations such 
as family and friend ties.

2.2.2. The theory of rational choice and an information-based explanation
According to the information-based/rational theory, investors prefer specific types of securities because they have better access to 

information about them (Brav et al., 2022; Coval & Moskowitz, 1999, 2001). Social networking within the platform allows crowdf
unders to communicate with each other and with funding recipients effectively (Agrawal et al., 2015). Gedajlovic et al. (2013) argue 
that entrepreneurs usually develop “new” social connections when running a new venture. Belleflamme et al. (2014) also regard 
community benefits as a key determinant for crowdfunding and document that crowd investors use online social networks to monitor 
and enjoy the improvement of product quality. Courtney et al. (2017) argue that online signals through start-up actions such as using 
various media and creators’ prior crowdfunding experiences mitigate information asymmetry concerns about project quality and 
founder credibility and, thus, enhance the project’s likelihood of attaining funding.

Given the large number of crowd investors in a crowdfunding platform, investor management is challenging (Kim & Hann, 2019), 
and the dynamic interactions between entrepreneurs and investors are important for project development. Wessel et al. (2016)
document that the information displayed in “comments” can serve as a quality signal and help consumers assess the quality of goods 
before purchasing better. Cornelius and Gokpinar (2020) find that entrepreneurs in reward crowdfunding are faced with a crowd of 
investors who try to impact product development and can benefit from this influence because greater investor involvement increases 
funding success. Cai et al. (2021) document that social networks generated by creators in extensive communication efforts to persuade 
strangers, the crowd, to back up their campaigns as internal, which resulted in social capital creation by generating backers’ psy
chological ownership of a project and enhancing their commitment, or even a shared culture within the online crowdfunding com
munity. Yasar et al. (2022) show that higher levels of open communication increase the likelihood of project funding success, and 
project creators can engage backers and use the “wisdom of the crowd” in product development.

In our paper, platform social networking ability refers to a creator’s excessive capacity to engage in social interactions on 
crowdfunding platforms, such as posting comments and communicating with potential investors. This ability can reduce information 
costs and help creators build “new” social capital. In online technology crowdfunding, technology entrepreneurs’ extensive com
munications within platforms are essential to overcome information asymmetry and to enhance backers’ trust in strangers. Technology 
entrepreneurs, who usually face a high level of innovation risk, must engage many contributors regularly to create platform-specific 
social capital to enhance their chances of success.

Therefore, we argue that extensive communication efforts to persuade strangers to contribute help mitigate the effects of home bias 
and promote more rational and diversified investment decisions. Because of great uncertainty in technology projects, when crowd 
investors raise problems and concerns, excessive comments made by creators represent a positive signal of problem-solving and help 
enhance social interaction with the community by promoting investors’ engagement, decreasing monitoring costs and improving 
emotional connections. This leads to higher informational social value and creates new social capital.

We highlight the importance of extensive and effective interplays between entrepreneurs and investors and hence conjecture that 
there is a threshold in the networking efforts. When the level of communication, proxied by the number of comments, is lower than the 
threshold value, the communications may not convey enough information, and the new social capital may not be well established. The 
preference-based investment dominates, and, at this stage, the project relies more on the support of local investors. When the level of 
communications exceeds the threshold value and extensive information is created, preference-based investment decreases. With the 
enhancement of excessive social networking ability, creators can reduce information costs and establish new social contacts, broad
ening their funding sources and reducing their dependence on local investors.
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Thus, we anticipate that technology entrepreneurs with a high capability of platform networking and conveying more precise 
project-specific information can obtain foreign investment more effectively, thus mitigating investors’ home bias. This new mechanism 
of “new” social capital creation due to extensive communications leads us to the third hypothesis. 

H3. The impact of home bias is weakened when a creator has an excessive capability of within-platform networking that reduces information 
costs and creates “new” social capital.

3. Data and methodology

3.1. Data and variables

Kickstarter, an international fundraising website located in the U.S., is one of the largest reward crowdfunding platforms in the 
world. Since its establishment in April 2009, this crowdfunding platform has emerged as a major online crowdfunding marketplace for 
various creative projects (Kim & Hann, 2019). Our dataset for the current study consists of detailed technology campaign data from the 
Kickstarter platform from the second quarter of 2009, when Kickstarter was founded, to December 2019. All the information is 
available at the campaign level. The Kickstarter platform contains information on 41,171 technology crowdfunding projects launched 
until the end of the data collection period, namely, December 2019.

In our study, we use 12,055 technology projects which contain the most complete information. The database contains three data 
files: (i) the campaign owner-specific characteristics, including the creators’ name, location, and Facebook friend number; (ii) the 
campaign-specific characteristics, including goal amount, pledged amount, category, and project location; and (iii) the campaign 
backer-specific characteristics, including the comments of the backers, the top ten countries where most backers come from and the 
number of backers from each of the countries. Detailed statistics of the number of campaigns and main backers initiated from each 
country are provided in panels A and B ofAppendix A. As shown, the U.S. backers take up a large proportion of all backers.

Table 1 shows the industry and year distribution of the sampled technology reward campaigns. The proportion of campaigns 
successfully funded in the web, apps, and software industries is relatively small. Technology, robots, DIY electronics, camera equip
ment, sound, and space exploration campaigns whose rewards are more mature and thus have limited scalability are rarely initiated 
but relatively easier to obtain funding for.

The performance of technology reward crowdfunding is our main interest in this study. Some new ventures are likely to fail to 
deliver the products even after raising capital successfully. Thus, we proxy crowdfunding performance in two dimensions: fundraising 
success and campaign implementation success. Fundraising success is measured by the campaign survival dummy Success, which takes 
a value of 1 when the initiator successfully reaches its goal during the time duration and 0 otherwise. Campaign implementation 
success is measured by Delivery to distinguish whether the campaign delivers the product and service as promised. The dummy variable 
is equal to 1 if the campaign delivers the product and service as promised and equal to 0 otherwise. We also employ the Success rate as 
an alternative measure of crowdfunding success to test whether the findings might be sensitive to the specific measures chosen. 
Definitions of variables are provided in Appendix B.

We are interested in the changes in performance concerning the dependence on domestic investment within the examination 
period. Variables to distinguish whether the campaign is mainly supported by domestic or international investors are defined. 
Samecountry is a dummy variable that equals 1 when the campaign is domestic, as the largest group of funders for the crowdfunding 
campaign is from the creator’s home country, and 0 otherwise. For robustness check, we also proxy the dependence of domestic in
vestment by an alternative definition, namely Samecountry%, which is defined as the number of backers from the creator’s home 
country divided by the total number of campaign backers.

We are also interested in how different types of social networks add value to technology reward campaigns. Pre-existing and 
platform social networks differ in several aspects, including information content, participant structure, and impact on the home bias 
effect. Facebook and Comment are the two moderation variables used to measure the two factors that transfer information about the 
quality of the project and moderate investors’ beliefs in public and private information. Facebook is measured by the natural logarithm 
of the number of Facebook friends of the founder shown on the campaign website, which is included to measure the pre-existing social 
relationship. Comment is calculated using the natural logarithm of the number of comments on the campaign website where the 
founder and investor can communicate with each other. This variable represents the size of the inner social community, i.e., the 
platform social network.

Four control variables are included in the analysis, namely, FAQ, Website, Backed, and Collaborator. These characteristics and 
quality of the campaigns are summarised from the existing literature to control for their effects on fundraising success and campaign 
implementation of technology reward crowdfunding. We also employ two variables, Financial inclusion and Investor protection, to 
examine heterogeneity based on the backers’ home country’s financial inclusion level and investor protection level, respectively. 
Backer openness and Backer terrorism are the instrumental variables used in our instrumental variable strategy to address endogeneity 
concerns.

The Kickstarter dataset offers us an excellent opportunity to study technology reward crowdfunding backer allocations worldwide. 
First, we classify campaigns into domestic and international campaigns. Domestic campaigns have most of their backers from the 
creators’ home country. Otherwise, the campaigns are classified as international campaigns.
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Table 2 presents the descriptive statistics of all the variables used in this paper.1 Overall, 35 % of the campaigns initiated suc
cessfully received funding. The share of domestic investors within the total backers of the top ten countries is averaged at 47 %. The 
largest campaign aims to raise US$55,000,000. Correspondingly, the natural logarithm value is 17.823. The number of comments for 
each campaign ranges from 0 to 1,634, and the number of Facebook books ranges from 0 to 5000. Hence, the values for the natural 
logarithm of “Comment” and “Facebook” range from 0 to 7.719 and 0 to 8.517, respectively.

3.2. Research design

To avoid the endogeneity problem, we employ the propensity score matching (PSM) method before running the logit regressions. 
The PSM method is developed by Rosenbaum and Rubin (1983), aiming to randomise the sample selection procedure. Following Chen 
et al. (2017), we match a domestic crowdfunding project to a non-domestic campaign with the nearest neighbour with a proportion of 
1:3. In our regression models, Samecountry is employed as the treatment variable, while Success or Delivery is the dependent variable of 
the first PSM model. The variables Goal, FAQ, Collaborator and Loved are included in the propensity score matching model. The Year 
effect, Industry effect, and Country effect have been controlled.

Tables 3 and 4 report the characteristics of the treatment and control campaigns based on the dependent variables of Success and 
Delivery, respectively. The difference in the average treatment effects (ATTs) on Success and Delivery between the treatment and control 
groups is 0.196 with a t value of 6.30 and 0.114 with a t value of 6.310 after propensity score matching, respectively. There is no 
selection bias between the two groups. As indicated, after PSM, the difference in the mean values of the variables between the two 
groups was eliminated. We use the Abadie-Imbens (AI) method to calculate standard errors. Appendix C provides density plots to verify 
that assumptions related to the PSM methodology are fully met.

Following Mollick (2015), Lin and Viswanathan (2016) and Regner and Crosetto (2021), we employ logistic regressions on Success 
to test the home bias hypotheses on the PSM samples empirically. In addition, the delivery of the crowdfunding campaigns is only 
observed if the campaign is successful. Hence, to account for potential sample selection bias in this context with non-linear models, we 
apply the Heckman-probit model when the dependent variable is Delivery. We use “Created” as the identify variable, since when the 

Table 1 
Category and year distribution of the sample.

Panel A: Category distribution of the sample

Campaign category No. of observations No. of observations funded Percentage of funded obs.

3D Printing 334 147 44.01 %
Apps 2026 395 19.50 %
Camera Equipment 276 158 57.25 %
DIY Electronics 599 350 58.43 %
Fabrication Tools 124 44 35.48 %
Flight 151 43 28.48 %
Gadgets 1878 837 44.57 %
Hardware 1839 630 34.26 %
Makerspaces 142 71 50.00 %
Robots 311 190 61.09 %
Software 1349 313 23.20 %
Sound 443 245 55.30 %
Space Exploration 192 106 55.21 %
Technology 201 201 100.00 %
Wearables 652 277 42.48 %
Web 1538 244 15.86 %
Total 12055 4446 35.36 %

Panel B: Year distribution of the sample

Year No. of observations No. of observations funded Percentage of funded obs.

2009 18 6 33.33 %
2010 87 31 35.63 %
2011 117 55 47.01 %
2012 243 111 45.68 %
2013 549 189 34.43 %
2014 1618 394 24.35 %
2015 3124 681 21.80 %
2016 2053 548 26.69 %
2017 1583 807 50.98 %
2018 1400 706 50.43 %
2019 1263 723 57.24 %
Total 12055 4251 35.26 %

1 The correlation matrix is available upon request.
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initiator had created more campaigns before, they had more successful experiences. However, there is no evidence that this will 
guarantee the delivery of the project. For Hypothesis 1, we adopt the first regression model, and the Year effect, Industry effect and 
Country effect have been controlled. In this model, we examine the positive relationship between domestic investment and the 
fundraising/implementation success of technology crowdfunding. Samecountry is employed as the key independent variable to 
measure the overall level of domestic investors within the total backers. If the coefficient is significant and positive, the home bias 
effect is discovered. 

Successi /Deliveryi = β0 + β1Samecountryi + β2Controli + β3Yeari + β4Industryi + β5Countryi + εi (1) 

For Hypothesis 2, we adopt the regression model in Equation (2). The moderation effects of pre-existing social networking on the 
positive relationship between domestic investment and the performance outcomes of technology crowdfunding are investigated. 

Table 2 
Descriptive Statistics.
This table reports the number of observations, mean, maximum value, minimum value, standard deviation for all the variables used in this paper. The 
main pooled sample consists of 12055 campaign observations from Year 2009–2019. Variables are defined in Appendix B.

Variables No. of Obs. Mean Std. Dev. Min Max

Success 12055 0.353 0.478 0.000 1.000
Delivery 12055 0.309 0.462 0.000 1.000
Samecountry 12055 0.527 0.499 0.000 1.000
Samecountry% 12055 0.474 0.367 0.000 1.000
Comment (log) 12055 1.507 1.760 0.000 7.719
Facebook (log) 12055 2.224 2.961 0.000 8.517
Goal (log) 12055 9.502 1.668 0.577 17.823
Website (log) 12055 0.800 0.543 0.000 2.079
FAQ (log) 12055 0.505 0.857 0.000 3.091
Loved 12055 0.056 0.231 0.000 1.000
Backed (log) 12055 0.678 0.984 0.000 3.892
Created (log) 12055 0.874 0.381 0.693 2.708
Reward (log) 12055 1.946 0.604 0.693 3.135
Collaborator (log) 12055 0.186 0.433 0.000 1.792

Table 3 
PSM Treatment and Control Sample with respect to Success.
This table reports the characteristics of treatment and control campaigns. Difference of ATT with respect to Success between the two groups of 
crowdfunding projects equals 0.196 and the t-value is 6.30 after propensity score matching. Panel B and C present the comparison between treatment 
and control campaigns using a pooled and a propensity score-matched sample, respectively. Variables are defined in Appendix B.

Panel A: Average treatment effect

Variables Treated projects Control projects Differences S.E. t-statistics

Success(ATT) 0.445 0.249 0.196*** 0.017 6.30
Success(ATE) ​ ​ 0.114*** 0.012 9.09

Panel B: Before matching

Variables Treated projects Control projects Differences %bias t-statistics p-value

Mean Mean

Goal 9.456 9.560 − 0.104*** − 6.400 ​ − 3.530 0.000
FAQ 0.602 0.396 0.206*** 24.300 ​ 13.250 0.000
Created 0.880 0.875 0.025 1.300 ​ 0.700 0.487
Loved 0.060 0.052 0.008** 3.800 ​ 2.080 0.038
Year YES YES ​ ​ ​ ​ ​
Industry YES YES ​ ​ ​ ​ ​
Country YES YES ​ ​ ​ ​ ​

Panel C: After matching

Variables Treated projects Control projects Differences %bias t-statistics p-value

Mean Mean

Goal 9.456 9.419 0.037 2.200 1.280 0.201
FAQ 0.602 0.613 − 0.011 − 1.300 − 0.660 0.510
Collaborator 0.880 0.869 0.011 2.700 1.570 0.117
Loved 0.060 0.055 0.005 2.200 1.220 0.224
Year YES YES ​ ​ ​ ​
Industry YES YES ​ ​ ​ ​
Country YES YES ​ ​ ​ ​

*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Communication among friends and family and the pre-existing social community formed is measured by the number of Facebook 
friends. The interaction term of Samecountry and Facebook is included to catch the moderation effect. Facebook will help the process of 
identifying worthwhile investments and making investment decisions in the earlier stage due to different information owned by friends 

Table 4 
PSM Treatment and Control Sample with respect to Delivery.
This table reports the characteristics of treatment and control campaigns. The difference of ATT with respect to Delivery between the two groups of 
crowdfunding projects equals 0.114 and the t-value is 6.310 after propensity score matching. Panel B and C present the comparison between 
treatment and control campaigns using a pooled and a propensity score-matched sample, respectively. Variables are defined in Appendix B.

Panel A: Average treatment effect

Variables Treated projects Control projects Differences S.E. t-statistics

Delivery(ATT) 0.494 0.380 0.114*** 0.018 6.310
Delivery(ATE) ​ ​ 0.135*** 0.015 8.840

Panel B: Before matching

Variables Treated projects Control projects Differences %bias t-statistics p-value

Mean Mean

Backed 0.972 0.355 0.617*** 65.900 33.060 0.000
Video 0.810 0.480 0.330*** 73.400 36.420 0.000
Created 0.899 0.850 0.049*** 12.800 6.410 0.000
Loved 0.068 0.041 0.027*** 12.100 6.060 0.000
Year YES YES ​ ​ ​ ​
Industry YES YES ​ ​ ​ ​
Country YES YES ​ ​ ​ ​

Panel C: After matching

Variables Treated projects Control projects Differences %bias t-statistics p-value

Mean Mean

Backed 0.949 0.950 − 0.001 − 0.100 − 0.050 0.963
Video 0.808 0.809 − 0.001 − 0.300 − 0.170 0.865
Created 0.899 0.892 0.007 1.800 0.840 0.398
Loved 0.068 0.064 0.004 1.700 0.740 0.459
Year YES YES ​ ​ ​ ​
Industry YES YES ​ ​ ​ ​
Country YES YES ​ ​ ​ ​

*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Fig. 1. Investor preference for local and foreign projects.
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and family and social ties (Agrawal et al., 2015), which strengthens the positive relationship between domestic investors and fun
ding/implementation success. 

Successi
/

Deliveryi = β0 + β1Samecountryi + β2Facebooki + β3Same countryi * Facebooki + β4Controli + β5Yeari + β6Industryi   

+β7Countryi + εi. (2) 

For Hypothesis 3, we adopt the regression model in Equation (3). The moderation effects of the platform social networking 
capability of creators on the positive relationship between domestic investment and crowdfunding performance are tested. The 
communication among crowdfunding participants and the inner social community formed based on the platform is measured by the 
number of comments on the campaign webpage. The interaction term of Samecountry and Comment is included to test the moderation 
effect. Comments act as channels for transmitting the correct information and mitigate the positive relationship between domestic 
investors and funding/implementation success. 

Successi
/

Deliveryi = β0 + β1Samecountryi + β2Commenti + β3Same countryi * Commenti + β4Controli + β5Yeari + β6Industryi   

+β7Countryi + εi. (3) 

4. Empirical evidence

4.1. Descriptive statistics

We first present some stylized facts for the existence of home bias in our data sample. Fig. 1 plots investor preference for local and 
foreign projects that have more than 2 crowdfunding backers in the countries with above-median campaign numbers. The blue bars 
represent projects attracting more domestic investment (Defined as Local) and the orange bars represent projects attracting more 
foreign investment (Defined as Foreign). The number of the U.S. Campaigns, which is the largest one, is indicated on the right axis, 
while all the rest countries’ numbers are exhibited on the left axis. As exhibited in Fig. 1, most of the countries have a larger proportion 
of the number of investments in local projects, which shows that the home bias effect exists. A similar pattern is observed for campaigns 
in the United States.

Table 5 
Impact of home bias on the performance of technology crowdfunding.
This table presents logistic regression results with fixed effects from regressing whether the largest group of investors is from the same country as the 
creator on financing and implementation performance on the Kickstarter crowdfunding platform. Standard errors are clustered at the country level. 
The standard errors are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 5 %, and 1 % levels, respectively. The p-VALUE 
shows the significance of estimated coefficients.

Variables Success Success Success Delivery Success Delivery

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

Samecountry 0.704*** ​ ​ 0.371** ​ ​
(0.228) ​ ​ (0.156) ​ ​

Samecountry% ​ 1.517*** ​ ​ ​ 0.286**
​ (0.341) ​ ​ ​ (0.130)

FAQ 0.428*** 0.422*** 0.273*** 0.095 0.258*** 0.057
(0.054) (0.052) (0.025) (0.062) (0.015) (0.059)

Collaborator 0.536*** 0.524*** 0.435*** 0.131 0.443*** 0.138
(0.138) (0.139) (0.096) (0.080) (0.062) (0.085)

Website 0.347*** 0.287*** 0.232*** 0.196** 0.247*** 0.165***
(0.081) (0.094) (0.019) (0.085) (0.019) (0.057)

Backed 0.495*** 0.478*** 0.237*** 0.077 0.273*** 0.116***
(0.031) (0.028) (0.013) (0.068) (0.010) (0.043)

Created ​ ​ 0.541*** ​ 0.501*** ​
​ ​ (0.040) ​ (0.050) ​

athrho ​ ​ − 0.610*** ​ − 0.535** ​
​ ​ (0.218) ​ (0.239) ​

Marginal effect of key variables 0.112*** 0.237*** ​ 0.059** ​ 0.051***
(0.035) (0.050) ​ (0.026) ​ (0.019)

Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
N 7945 7945 7352 7352 7352 7352
p-VALUE 0.000 0.000 ​ 0.000 ​ 0.000
Pseudo R-squared 0.218 0.232 ​ ​ ​ ​
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4.2. Baseline result

Table 5 reports the results on whether the effect of home bias still exists in the reward crowdfunding context. The dependent 
variable of Models 1 and 2 is Success, which takes a value of 1 when the initiator successfully reached the goal during the time 
established and 0 otherwise. We apply Heckman-probit models to address the selection bias concerns when the dependent variable is 
Delivery, Model 3 to 6 present the results. The coefficient of athrho is significant at the 1 % level, which indicate the existence of the 
selection bias. The key independent variable for Models 1 and 4 is Samecountry, a dummy that equals 1 if the largest group of investors 
comes from the creator’s location. For Models 2 and 6, the key independent variable is Samecountry%, which is the number of backers 
from the creator’s home country divided by the total number of backers of the campaign. The coefficient estimates in Models 1 and 2 
indicate that the largest group of investors coming from the home country is associated with a significant increase in the possibility of 
funding success of a crowdfunding campaign due to barriers to information asymmetry and monitoring costs. Models 4 and 6 show 
similar patterns in Delivery. We also report the marginal effect of the key explanatory variables in the regression, which shows the odds 
of success of a crowdfunding campaign. For example, the marginal effect of SameCountry in Model 1 is 0.112, which indicates the odds 
of the success of a “Samecountry” campaign is 0.112. When Samecountry changes from 0 to 1, indicating that the Kickstarter campaign 
has the largest group of investors within the country, the probability of fundraising success and successful implementation of the 
project is significantly higher. All regressions include yearly, industry, and country-fixed effects and are clustered at the country level.

The results indicate consistent effects across both dependent variables. Specifically, the coefficient for Samecountry is statistically 
significant at the 1 % level. Therefore, Hypothesis 1 is proven based on the results of Model 1 to Model 6 in Table 5. The home bias 
effect is confirmed to persist in reward crowdfunding platforms. The empirical evidence supports the underlying costs of investing in 
foreign countries, including culture clash, which increases the time required to learn about the firm and reduces the likelihood of deal 
completion (Alexandridis et al., 2022).

4.3. Moderation effects of two types of social capital

Table 6 presents the regression results based on Equation (2) for Hypothesis 2, which states that preexisting social relationships 
help to strengthen the positive impact of home bias on project performance. The dependent variable of Models 1 and 2 is Success, which 
takes a value of 1 when the initiator successfully reached its goal during the time duration and 0 otherwise. For Models 4 and 6, the 
dependent variable is Delivery, which takes a value of 1 when the product and service are successfully delivered and 0 otherwise. The 
key independent variable is Samecountry. Facebook is the moderation variable, valued by the natural logarithm of the number of 

Table 6 
The moderation effect of Facebook on the link between home bias and crowdfunding performance.
This table presents logistic regression results from regressing whether the largest group of investors is from the same country as the creator on 
financing and implementation performance on the Kickstarter crowdfunding platform, which could be moderated by the pre-existing social network 
of the campaign. Standard errors are clustered at the country level. The standard errors are reported in brackets. *, **, and *** denote statistical 
significance at the 10 %, 5 %, and 1 % levels, respectively. The p-VALUE shows the significance of estimated coefficients.

Variables Success Success Success Delivery Success Delivery

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

Samecountry 0.704*** 0.576*** ​ 0.465*** ​ 0.369*
(0.228) (0.205) ​ (0.173) ​ (0.210)

Facebook − 0.002 − 0.041* 0.016*** 0.018 ​ − 0.013
(0.007) (0.023) (0.003) (0.011) ​ (0.024)

Samecountry ​ 0.062*** ​ ​ ​ 0.049**
* Facebook ​ (0.022) ​ ​ ​ (0.024)
FAQ 0.428*** 0.430*** 0.278*** 0.137*** 0.277*** 0.147***

(0.054) (0.054) (0.024) (0.048) (0.024) (0.052)
Collaborator 0.536*** 0.531*** 0.438*** 0.217** 0.438*** 0.232**

(0.138) (0.134) (0.096) (0.093) (0.095) (0.095)
Website 0.348*** 0.349*** 0.250*** 0.217** 0.256*** 0.236**

(0.080) (0.079) (0.024) (0.104) (0.023) (0.099)
Backed 0.496*** 0.492*** 0.253*** 0.090 0.260*** 0.104*

(0.031) (0.031) (0.017) (0.064) (0.017) (0.061)
Created ​ ​ 0.521*** ​ 0.528*** ​

​ ​ (0.041) ​ (0.043) ​
athrho ​ ​ − 0.514*** ​ − 0.488*** ​

​ ​ (0.147) ​ (0.176) ​
Marginal effect of key variables 0.112*** 0.010*** ​ 0.084*** ​ 0.008**

(0.035) (0.003) ​ (0.030) ​ (0.004)
Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
N 7945 7945 7067 7067 7067 7067
p-VALUE 0.000 0.000 ​ ​ ​ ​
Pseudo R-squared 0.218 0.219 ​ ​ ​ ​
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Facebook friends of the creator shown on the campaign page. All regressions include yearly, industry, and country-fixed effects and are 
clustered at the country level.

Following Buis (2010) and Ai and Norton (2003), we use the marginal effect at representative values (MER) of the interaction term 
to interpret our results. In our paper, we first report the marginal effect of the interaction term at means in Table 6. Then, we calculate 
MER for home bias when Facebook takes different values and plot the results in Fig. 2. As shown in Fig. 2, as Facebook increases from 
0 to 8, the probability of successful fundraising and project implementation with Samecountry equalling 1 remains positive. Results 
indicate that if project creators own a higher level of pre-existing social networks, home dependence is more prominent in determining 
entrepreneurs’ success and project delivery. Therefore, Hypothesis 2 is confirmed.

We also propose that newly created social capital based on platform social networking helps effectively reduce information costs 
and, thus, helps to weaken the positive home bias impact on crowdfunding success in Hypothesis 3. Table 7 shows the empirical results 
of the moderation effects of Comment to the influence of Samecountry on successful fundraising and project implementation to test 
Hypotheses 3. We report the marginal effect of the interaction term in Table 7. In Fig. 3, we plot the marginal effect at representative 
values for the interaction term in this regression model.

As shown in Table 7 and Fig. 3, the marginal effect first shows an increasing trend and then decreases when the variable "Com
ments" exceeds a threshold value of 55 (e4 = 55), confirming Hypothesis 3. All regressions include yearly, industry, and country-fixed 
effects clustered at the country level.

5. Cross-sectional heterogeneity

5.1. Financial inclusion

Financial development is highly relevant to economic activities (An et al., 2022; An & Rau, 2021; Bollaert et al., 2021). Financial 
inclusion refers to a wide range of financial products and services that are made accessible to both businesses and individuals in a 
manner that is responsible and enduring, which helps to promote financial development. Bollaert et al. (2021) indicate that in areas 
with low financial inclusion, entrepreneurs have limited access to traditional financial channels in their home countries, while do
mestic investors have relatively fewer choices for investment projects. Crowdfunding, thus, provides a new platform for entrepreneurs 
to attract domestic investors to back their projects. In sharp contrast, investors have more access to various investment opportunities in 
areas with high financial inclusion levels, so they become pickier on domestic investments. Thus, home bias’s importance on 
crowdfunding success is less dominant. Therefore, we expect the home bias effect on crowdfunding performance to be significantly 
positive in the areas with low levels of financial inclusion.

Table 8 reports the results of regressing the heterogenous effects of home bias in technology reward crowdfunding concerning 
financial inclusion. The dependent variable in Model 1 and Model 4 is Success, and the dependent variable for Model 3 and Model 6 is 
Delivery. The coefficient of Samecountry in Model 1 is positive and statistically significant for the low financial inclusion sample but is 
insignificant in the high financial inclusion sample in Model 4. There are similar patterns in Model 3 and Model 6, where the sig
nificance level of the coefficient for the effect of the Samecountry decreased to 10 % for the high financial inclusion sample in Model 6 
but was statistically significant at 1 % for the low financial inclusion sample in Model 3. The results indicate that the effects of home 
bias are stronger in countries characterised by a low level of financial inclusion, which is consistent with our conjecture.

5.2. Investor protection

We then examine heterogeneous responses based on investor protection. John et al. (2008) find that investor protection is related to 
the level of risk-taking. Investors from low investor protection cities could undertake lower risk. They are more willing to invest in their 

Fig. 2. The marginal effects of Samecountry on Facebook.
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own country’s project to avoid the potential risk. In addition, high investor protection has higher costs for investors than the benefits it 
could bring (Xu, 2023). This would be a barrier to the successful implementation of a crowdfunding campaign. Armitage et al. (2021)
also point out that poor investor protection can lead to less efficient resource allocation. In areas with low resource allocation effi
ciency, information asymmetry is more severe. Therefore, we expect the home bias effect on crowdfunding performance to be 
significantly positive in areas with low investor protection.

Table 9 reports our findings of heterogenous effects of home bias in technology reward crowdfunding based on investor protections. 
Similar to other cross-sectional tests, we split the sample based on the median of investor protection. As indicated, Model 1 and Model 3 
include campaigns with below-median data, and Model 4 and Model 6 include campaigns with above-median investor protection. The 
coefficient for the effect of Samecountry in Model 1 is 0.416 at the 5 % significance level for the low investor protection sample. There 
are similar patterns in Model 3 and Model 6, where the coefficients for the effect of Samecountry are statistically insignificant for the 
high investor protection sample in Model 6 but statistically significant for the low investor protection sample in Model 3. The evidence 
indicates that the effects of home bias are stronger in countries characterised by the weaker protection of investors.

Table 7 
The moderation effect of Comment on the link between home bias and crowdfunding performance.
This table presents logistic regression results on whether the largest group of investors is from the same country as the creator on financing and 
implementation performance on the Kickstarter crowdfunding platform, which the platform social networking of the campaign could moderate. 
Standard errors are clustered at the country level. The standard errors are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 
5 %, and 1 % levels, respectively. The p-VALUE shows the significance of estimated coefficients.

Variables Success Success Success Delivery Success Delivery

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

Samecountry 1.007*** 2.034*** ​ 0.445*** ​ 0.634***
(0.130) (0.260) ​ (0.140) ​ (0.214)

Comment 1.155*** 1.556*** 0.635*** 0.048 ​ 0.179***
(0.018) (0.096) (0.015) (0.075) ​ (0.032)

Samecountry ​ − 0.629*** ​ ​ ​ − 0.092**
* Comment ​ (0.084) ​ ​ ​ (0.047)
FAQ − 0.072* − 0.094*** 0.003 0.141** 0.273*** 0.046

(0.040) (0.034) (0.020) (0.057) (0.025) (0.046)
Collaborator 0.049 0.060 0.184* 0.203** 0.434*** 0.090

(0.118) (0.113) (0.101) (0.087) (0.097) (0.071)
Website 0.245*** 0.192*** 0.178*** 0.260*** 0.233*** 0.182**

(0.062) (0.065) (0.023) (0.080) (0.019) (0.087)
Backed 0.250*** 0.241*** 0.134*** 0.146** 0.238*** 0.049

(0.027) (0.026) (0.017) (0.069) (0.013) (0.085)
Created ​ ​ 0.302*** ​ 0.538*** ​

​ ​ (0.028) ​ (0.037) ​
athrho ​ ​ − 0.207 ​ − 0.659** ​

​ ​ (0.210) ​ (0.259) ​
Marginal effect of key variables 0.114*** − 0.071*** ​ 0.091*** ​ − 0.015*

(0.015) (0.008) ​ (0.034) ​ (0.008)
Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
N 7945 7945 7352 7352 7352 7352
p-VALUE 0.000 0.000 ​ ​ ​ ​
Pseudo R-squared 0.414 0.427 ​ ​ ​ ​

Fig. 3. The marginal effects of Samecountry on Comment.
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Table 8 
Heterogenous impact of home bias on crowdfunding performance across financial inclusion.
This table uses logit regressions to examine the differential effects of home bias on technology reward crowdfunding based on financial inclusion. 
Standard errors are clustered at the country level. The standard errors are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 
5 %, and 1 % level, respectively. The p-VALUE shows the significance of estimated coefficients.

Financial inclusion

Low Financial inclusion High Financial inclusion

Variables Success Success Delivery Success Success Delivery

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

Samecountry 1.590*** ​ 0.376*** − 0.004 ​ 0.318*
(0.546) ​ (0.109) (0.157) ​ (0.179)

FAQ 0.574*** 0.309*** 0.086*** 0.278*** 0.178*** 0.106
(0.057) (0.030) (0.022) (0.044) (0.020) (0.072)

Collaborator 0.333*** 0.467*** − 0.516*** 0.608*** 0.450*** 0.352**
(0.097) (0.135) (0.049) (0.185) (0.111) (0.178)

Website 0.496*** 0.341*** 0.098 0.134 0.046* 0.324**
(0.103) (0.019) (0.082) (0.092) (0.024) (0.130)

Backed 0.473*** 0.409*** − 0.137*** 0.398*** 0.127*** 0.096
(0.068) (0.018) (0.010) (0.035) (0.026) (0.089)

Created ​ 0.027 ​ ​ 0.633*** ​
​ (0.045) ​ ​ (0.032) ​

athrho ​ − 1.438*** ​ ​ − 0.727** ​
​ (0.141) ​ ​ (0.315) ​

Marginal effect of key variables 0.168*** ​ 0.035** − 0.001 ​ 0.342
(0.056) ​ (0.014) (0.032) ​ (0.023)

Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
Observations 4127 3761 3761 3804 3649 3649
Pseudo R-squared 0.319 ​ ​ 0.139 ​ ​

Table 9 
Heterogenous impact of home bias on crowdfunding performance across investor protection.
This table uses logit regressions to examine the differential effects of home bias on technology reward crowdfunding based on financial inclusion. 
Standard errors are clustered at the country level. The standard errors are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 
5 %, and 1 % level, respectively. The p-VALUE shows the significance of estimated coefficients.

Investor protection

Low Investor protection High Investor protection

Variables Success Success Delivery Success Success Delivery

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

Samecountry 0.416** ​ 0.899** − 0.082 ​ 0.227
(0.186) ​ (0.371) (0.225) ​ (0.225)

FAQ 0.458*** 0.350*** 0.325** 0.629*** 0.225*** 0.148**
(0.166) (0.052) (0.129) (0.079) (0.032) (0.059)

Collaborator 0.434*** 0.347*** 0.892*** 0.155** 0.484*** 0.044
(0.103) (0.102) (0.168) (0.071) (0.048) (0.114)

Website 0.639*** 0.114* 0.498*** 0.357*** 0.196*** 0.191**
(0.085) (0.059) (0.137) (0.018) (0.025) (0.089)

Backed 0.483*** 0.153** 0.182*** 0.321*** 0.213*** 0.132
(0.079) (0.061) (0.055) (0.061) (0.012) (0.082)

Created ​ 0.647*** ​ ​ 0.616*** ​
​ (0.074) ​ ​ (0.024) ​

athrho ​ 1.160* ​ ​ − 0.597* ​
​ (0.621) ​ ​ (0.331) ​

Marginal effects of key variables 0.044** ​ 0.121** − 0.017 ​ 0.030
(0.018) ​ (0.053) (0.047) ​ (0.038)

Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
Observations 4250 4007 2420 3680 4007 4007
Pseudo R-squared 0.362 ​ ​ 0.107 ​ ​
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6. Robustness check

In this section, we provide several robustness checks to examine the robustness of our results by using an alternative dependent 
variable and subsamples. Table 10 reports our results. Firstly, we use an alternative measure of crowdfunding success and summarise 
the results in Table 10. The dependent variable for Models 1 to 3 in Table 10 is the Success rate, which is defined as the total money 
pledged divided by the goal amount. The result is still robust. The coefficient is 1.802 in Model 1, which is statistically significant at the 
1 % level. Secondly, we examine the dominant role of the U.S. campaigns in the sample. We repeated the panel regression tests without 
U.S. campaigns to gauge how sensitive our conclusions are to the U.S. (Karolyi, 2016). As shown in Model 4 to Model 6, the result is 
consistent with our findings. Thirdly, some countries with a small number of campaigns may not be attractive at all for some foreign 
investors. So, we exclude countries with less than the median sample value of campaigns in Models 7 to 9. The result is consistent with 
our findings.

Our results could suffer from endogeneity problems such as omitted-variable bias, which means there could be unobservable factors 
that influence our key independent variable (Samecountry) and dependent variables (Success/Delivery) simultaneously. We thus exploit 
an instrumental variable (IV) strategy to address such concerns. Specifically, we define Backer openness as our instrumental variable, 
constructed as the natural logarithm of a weighted average of trade openness divided by 100. Trade openness is the average of the 
exports and imports of goods and services as a share of GDP from 2009 to 2016. This variable is weighted by the percentage of backers 
of each country.

Since investors from countries with a higher level of Backer openness undertake fiercer competition in domestic markets (Ang & 
Kumar, 2014; Damoah, 2021), our instrumental variable should be negatively correlated with the key independent variable. 
Furthermore, the Success or Delivery of a crowdfunding project is an individual behaviour; there is no current evidence showing that the 
country’s openness will directly influence the success of a crowdfunding project. The empirical results of the IV strategy are presented 
in the first two columns of Table 11.

Second, we add a new instrumental variable, backer terrorism, to address the endogeneity problem. Wang and Young (2020) state 
that terrorist activity increases investor risk aversion. When there are more terrorist activities, investors would be more conservative 
and avoid potential risks. Therefore, these investors will be more hesitant to invest in a foreign country. We also use Cragg-Donald 
F-statistic and Stock-Yogo tests to check the validity and relevance of the instrument. The result also shows no weak instrumental 
variable in our test. The empirical results of the IV strategy are presented in the last two columns of Table 11.

The results of the Wald test show that the p-value is equal to 0.000, and the original exogenous hypothesis can be rejected at the 

Table 10 
Robustness tests.
The following table shows the regression results. Standard errors are clustered at the country level. Standard errors are reported below the coefficients. 
*, **, and *** denote statistical significance at the 10 %, 5 %, and 1 % level, respectively. The p-VALUE shows the significance of estimated 
coefficients.

Variables Panel A: Alternative measure of crowdfunding success Panel B: Excluding U.S. campaigns Panel C: Excluding countries less attractive

Success rate Success rate Success rate Success Success Success Success Success Success

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Samecountry 1.802*** 0.222 0.216** 0.377*** 0.598*** 1.794*** 0.712*** 0.585*** 2.031***
(0.631) (0.317) (0.104) (0.124) (0.132) (0.204) (0.228) (0.204) (0.264)

Facebook ​ − 0.035 ​ ​ − 0.014 ​ ​ − 0.041* ​
​ (0.062) ​ ​ (0.021) ​ ​ (0.023) ​

Comment ​ ​ 1.111*** ​ ​ 1.344*** ​ ​ 1.553***
​ ​ (0.096) ​ ​ (0.048) ​ ​ (0.097)

Samecountry 
*Facebook

​ 0.727*** ​ ​ 0.077** ​ ​ 0.062*** ​
​ (0.151) ​ ​ (0.036) ​ ​ (0.022) ​

Samecountry 
*Comment

​ ​ − 1.175** ​ ​ − 0.452*** ​ ​ − 0.623***
​ ​ (0.088) ​ ​ (0.092) ​ ​ (0.087)

FAQ 0.596*** 0.621*** 0.008 0.353*** 0.710*** − 0.091 0.428*** 0.429*** − 0.092***
(0.128) (0.120) (0.030) (0.067) (0.055) (0.071) (0.055) (0.055) (0.035)

Collaborator − 0.576 − 0.572 0.465*** 0.342*** 0.603*** − 0.200* 0.540*** 0.536*** 0.064
(0.821) (0.833) (0.071) (0.127) (0.107) (0.106) (0.138) (0.134) (0.112)

Website 4.025*** 3.872*** 0.021 0.488*** 0.900*** 0.277 0.351*** 0.353*** 0.194***
(1.422) (1.391) (0.062) (0.146) (0.095) (0.173) (0.083) (0.082) (0.067)

Backed 0.837*** 0.564*** 0.140 0.530*** 0.497*** 0.287*** 0.492*** 0.488*** 0.237***
(0.084) (0.126) (0.122) (0.054) (0.065) (0.059) (0.031) (0.031) (0.026)

Marginal effect ​ ​ ​ 0.059*** 0.009*** − 0.048*** 0.113*** 0.010*** − 0.070***
​ ​ ​ (0.020) (0.003) (0.010) (0.034) (0.003) (0.009)

Country Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 12,055 12,055 12,055 4036 4036 4036 7921 7921 7921
p-VALUE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Pseudo 

R-squared
0.0002 0.0002 0.083 0.259 0.423 0.472 0.218 0.219 0.427

J. Hu et al.                                                                                                                                                                                                              The British Accounting Review xxx (xxxx) xxx 

15 



confidence level of 1 %; that is, there are instrumental variables. In the first stage, the estimation coefficient of instrumental variables is 
statistically significantly different from 0. The two-step method is used to estimate the equation. The F values of the equation in the first 
stage are 121.05. Furthermore, the Cragg-Donald Wald F statistic is 2214.293 and 1590.294, respectively, which is greater than 16.38, 
which is the critical value of the 10 % maximal IV size of Stock-Yogo weak ID test, so there is no weak instrumental variable. The 
estimation results show that after considering the endogeneity problem, the relationship between home bias and the performance of 
crowdfunding projects is still significant and confirmed.

We also differentiate the sample, including only the initial campaigns, from the sample containing both initial and follow-up 
campaigns. The results are reported in Appendix D. We find the results are persistent even though we treat follow-up campaigns 
differently. Besides, we have done a robustness check based on the key independent variable Samecountry%, which is the number of 
backers from the creator’s home country divided by the total number of campaign backers. Hypothesis 1 has been confirmed based on 
this alternative measure, and the results remain consistent and solid. Please see the additional mechanism tests in Appendix E and F.

7. Conclusions

We explore what type of social capital reduces home bias in the fintech era. Home dependence still exists in technology reward 
crowdfunding due to high information asymmetry and unfamiliarity levels. We then explore the moderation impact of different social 
capital. We first connect the “old” social capital with the investment preference of pre-existing social capital from the behaviour bias 
perspective and tie the “new” social capital with excessive communication efforts of entrepreneurs to potential investors, which results 
in less information asymmetry and higher trust. Cross-sectional heterogeneity analysis implies that entrepreneurs’ home countries 
with high levels of financial inclusion and investor protection are less affected by home bias, highlighting the intricate relationship 
between individual investor behaviour and overarching systemic elements.

Our paper is the first to differentiate the preference-based and information-based influencing channels of social capital through 
which home bias affects crowdfunding performance. Besides, we construct a dictionary enriched with terms of successful project 
execution and determine the delivery status using the Word2Vec model (Mikolov et al., 2013). We pioneer the application of textual 
analysis in assessing campaign delivery status, offering a more precise measurement than traditional methods by capturing linguistic 
cues that reflect the campaign’s true process and effectiveness.

Our research findings have significant practical implications for policy formulation, highlighting the necessity for a more integrated 
strategy to enhance the success of crowdfunding initiatives. They prompt crowdfunding professionals and regulatory bodies to 
recognise the critical role of fostering new social capital within fintech platforms. This is essential for reducing home bias, especially in 
developing nations with comparatively low financial inclusion and investor protection.

Table 11 
Results of the robustness tests based on the IV method.
The following table shows the regression results. Standard errors are clustered at the country level. The estimation results show that after considering 
the endogenous problem, the relationship between the home bias and the performance of the crowdfunding projects is still significant. The standard 
errors are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 5 %, and 1 % levels, respectively.

Variables First step regression Second step regression First step regression Second step regression

Samecountry Success Samecountry Success

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

Backer openness − 0.606*** ​ ​ ​
​ (0.064) ​ ​ ​
Backer terrorism ​ ​ 0.116** ​
​ ​ ​ (0.052) ​
Samecountry ​ 0.140** ​ 0.401***
​ ​ (0.006) ​ (0.126)
FAQ − 0.009 0.064*** − 0.012 0.068***
​ (0.007) (0.006) (0.008) (0.007)
Collaborator 0.033** 0.114*** 0.010 0.122***
​ (0.016) (0.022) (0.020) (0.024)
Reward − 0.007 0.022*** 0.122*** − 0.003
​ (0.009) (0.007) (0.020) (0.020)
Website 0.007 0.023** 0.040*** 0.010
​ (0.011) (0.011) (0.011) (0.009)
Backed 0.020* 0.065*** 0.044*** 0.052***
​ (0.011) (0.005) (0.010) (0.010)
Country Yes Yes Yes Yes
Year Yes Yes Yes Yes
Industry Yes Yes Yes Yes
First stage R2 0.150 0.185
Cragg-Donald 

F-statistics
2214.293 1590.294

N 9279 9279 12,055 12,055
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Appendix A. Country distribution of technology crowdfunding campaigns and backers on Kickstarter

Panel A: Country distribution of technology crowdfunding campaigns

Country and home bias No. of Obs. Country and home bias No. of Obs.

Austria 60 Latvia 4
Belgium 28 Lithuania 2
Bulgaria 3 Luxembourg 1
Cambodia 3 Malaysia 3
Canada 719 Malta 1
China 336 Mexico 77
Croatia 6 Netherlands 212
Czech Republic 7 Philippines 3
Denmark 89 Poland 23
Estonia 3 Portugal 2
Finland 3 Romania 2
France 301 Singapore 64
Germany 384 Slovak Republic 1
Greece 2 Slovenia 12
Hungary 3 Spain 204
India 11 Sweden 97
Indonesia 5 Thailand 6
Ireland 50 United Kingdom 1062
Italy 252 United States 7927
Japan 85 Viet Nam 2
Total ​ ​ 12055

Panel B: Country distribution of technology crowdfunding backers

Country Count Country Count Country Count

United States 739561 New Zealand 300 Malaysia 40
United Kingdom 20772 Croatia 244 Romania 34
France 11793 India 201 Brazil 24
Germany 11508 Thailand 194 South Africa 24
Japan 9345 Slovenia 192 Turkey 19
Canada 7530 Russia 173 Argentina 18
Australia 3583 Slovak Republic 166 Belarus 16
Netherlands 3293 Colombia 136 Ecuador 16
Italy 2208 Bulgaria 121 Guatemala 13
South Korea 2162 Lebanon 121 Moldova 13
Denmark 1577 Hungary 100 Greece 9
China 1528 Ukraine 80 Hong Kong (China) 9
Sweden 1323 Latvia 76 Serbia 8
Mexico 1132 Czech Republic 75 Bolivia 4
Singapore 1102 Philippines 68 Nigeria 4
Austria 1035 Switzerland 63 United Arab Emirates 4
Ireland 579 Egypt 57 Indonesia 3
Belgium 370 Finland 49 Qatar 3
Poland 360 Portugal 47 Bahrain 2
Israel 307 Pakistan 44 Total 823838
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Appendix B. Variable definitions

Variable Definition

Dependent variable: Measure of project success
Success Campaign survival dummy. It takes a value of one when the initiator successfully reaches its goal during the time duration; otherwise, it takes 

zero.
Delivery Campaign implementation dummy. It takes a value of one when the initiator successfully implements its project and delivers the product and 

service as promised, zero otherwise.
Success rate The ratio of funding goal reached during the time duration, calculated as the goal amount divided by total money pledged.

Key explanatory variables: Measures of domestic investors
Samecountry A dummy variable which is 1 when the largest group of funders for the crowdfunding campaign is from the creator’s home country, and 

0 otherwise.
Samecountry% The number of backers from the creator’s home country divided by the total number of backers of the campaign.

Moderating variables
Comment The natural logarithm of the number of comments posted by the creator on the campaign page before the funding period ends.
Facebook The natural logarithm of the number of Facebook friends of the creator shown on the campaign page.

Control variables
FAQ The natural logarithm of the number of frequently asked questions on the campaign page.
Website The natural logarithm of the number of website links the creator has provided.
Loved A dummy variable that takes a value of one when the campaign is favoured by Kickstarter and tagged with “Project We Love”, zero otherwise.
Backed The natural logarithm of the number of campaigns that the creator has backed before.
Created The number of campaigns that the initiator had created before.
Collaborator The natural logarithm of the number of collaborators in the team who have been introduced on the webpage.
Video A dummy variable takes a value of one when there is a video presented on the platform, and zero otherwise.
Backer openness The natural logarithm of a weighted average of trade openness divided by 100, weighted by the percentage of backers of each country. Trade 

openness is the average of the exports and imports of goods and services as a share of GDP from 2009 to 2016.
Financial 

inclusion
The financial inclusion indexes of the country of the campaign. The index is constructed using PCA from the IMF Financial Access Database.

Investor 
protection

The investor protection indexes of the country of the campaign. The index is obtained from the World Bank Doing Business database.

Appendix C. PSM density plot

Appendix D 

The table below uses information in the variable of Created, namely the number of campaigns created by creators, and divides our 
sample into two subgroups, one with initial campaigns only (Created = 1) and the other with both initial and follow-up campaigns 
(Created>1) in the empirical analysis. As shown in the table below, all of the regressions show that there is a statistically significant and 
positive relationship between Samecountry and our dependent variables. It turns out that there is no difference between the initial 
campaigns or follow-up campaigns and shows our results are consistently robust. The p-VALUE shows the significance of estimated 
coefficients.
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Panel A

Created = 1 Created>1

Variables Success Success Success Success Success Success

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

Samecountry 0.895*** 0.722*** 2.286*** 0.643*** 0.544** 1.739***
​ (0.199) (0.183) (0.204) (0.231) (0.218) (0.289)
Facebook ​ − 0.073*** ​ ​ 0.013 ​
​ ​ (0.021) ​ ​ (0.025) ​
Comment ​ ​ 1.576*** ​ ​ 1.509***
​ ​ ​ (0.078) ​ ​ (0.105)
Samecountry 

*Facebook
​ 0.090*** ​ ​ 0.036*** ​
​ (0.020) ​ ​ (0.012) ​

Samecountry 
*Comment

​ ​ − 0.637*** ​ ​ − 0.624***
​ ​ (0.071) ​ ​ (0.104)

FAQ 0.526*** 0.531*** − 0.019 0.270*** 0.267*** − 0.201***
​ (0.051) (0.050) (0.035) (0.057) (0.056) (0.063)
Collaborator 0.663*** 0.655*** 0.147 0.604*** 0.597*** − 0.115
​ (0.147) (0.141) (0.134) (0.199) (0.197) (0.184)
Website 0.358*** 0.365*** 0.196*** 0.157 0.151 0.140
​ (0.068) (0.067) (0.065) (0.120) (0.122) (0.132)
Backed 0.450*** 0.451*** 0.230*** 0.398*** 0.390*** 0.173***
​ (0.032) (0.030) (0.027) (0.034) (0.036) (0.034)
Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
N 6103 6103 6103 1830 1830 1830
p-VALUE 0.000 0.000 0.000 0.000 0.000 0.000
Pseudo 

R-squared
0.209 0.211 0.411 0.231 0.232 0.441

Panel B

Created = 1 Created>1

Variables Delivery Delivery Delivery Delivery Delivery Delivery

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

Samecountry 0.412*** 0.328*** 1.051*** 0.275** 0.279** 0.527***
​ (0.102) (0.103) (0.074) (0.133) (0.130) (0.184)
Facebook ​ − 0.035*** ​ ​ 0.003 ​
​ ​ (0.012) ​ ​ (0.011) ​
Comment ​ ​ 0.788*** ​ ​ 0.720***
​ ​ ​ (0.023) ​ ​ (0.042)
Samecountry 

*Facebook
​ 0.044*** ​ ​ 0.003*** ​
​ (0.014) ​ ​ (0.001) ​

Samecountry 
*Comment

​ ​ − 0.295*** ​ ​ − 0.134**
​ ​ (0.023) ​ ​ (0.054)

FAQ 0.290*** 0.291*** 0.025 0.175*** 0.175*** − 0.109***
​ (0.020) (0.021) (0.027) (0.028) (0.027) (0.033)
Collaborator 0.386*** 0.384*** 0.113 0.456*** 0.456*** 0.086
​ (0.109) (0.106) (0.114) (0.105) (0.104) (0.088)
Reward 0.215*** 0.219*** 0.127*** 0.197*** 0.196*** 0.223***
​ (0.031) (0.031) (0.034) (0.054) (0.056) (0.065)
Website 0.278*** 0.277*** 0.160*** 0.230*** 0.229*** 0.103***
​ (0.012) (0.011) (0.019) (0.029) (0.029) (0.036)
Backed 0.290*** 0.291*** 0.025 0.175*** 0.175*** − 0.109***
​ (0.020) (0.021) (0.027) (0.028) (0.027) (0.033)
Country Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Industry Yes Yes Yes Yes Yes Yes
N 6073 6073 6073 1894 1894 1894
p-VALUE 0.000 0.000 0.000 0.000 0.000 0.000
Pseudo 

R-squared
0.243 0.244 0.419 0.275 0.275 0.470
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Appendix E 

The moderation effect of Facebook on the link between home bias percentage and crowdfunding performance. Standard errors are 
clustered at the country level. The standard errors are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 5 %, 
and 1 % levels, respectively. The p-VALUE shows the significance of estimated coefficients.

Variables Success Success Delivery Delivery

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

​ 1.766*** 1.616*** 0.795*** 0.709***
(0.338) (0.307) (0.207) (0.204)

Samecountry% 0.026*** − 0.013 0.014*** − 0.008
​ (0.007) (0.029) (0.004) (0.014)
Samecountry% ​ 0.064** ​ 0.037**
* Facebook ​ (0.032) ​ (0.017)
FAQ 0.413*** 0.413*** 0.254*** 0.254***

(0.031) (0.031) (0.018) (0.019)
Collaborator 0.578*** 0.576*** 0.345*** 0.344***

(0.165) (0.163) (0.091) (0.090)
Website 0.353*** 0.355*** 0.260*** 0.260***

(0.080) (0.078) (0.040) (0.040)
Loved 0.413*** 0.406*** 0.298*** 0.294***

(0.114) (0.115) (0.069) (0.070)
Country Yes Yes Yes Yes
Year Yes Yes Yes Yes
Industry Yes Yes Yes Yes
N 7895 7895 7979 7979
p-VALUE 0.000 0.000 0.000 0.000
Pseudo R-squared 0.209 0.209 0.241 0.241

Appendix F 

The moderation effect of Comment on the link between home bias percentage and crowdfunding performance. The standard errors 
are reported in brackets. *, **, and *** denote statistical significance at the 10 %, 5 %, and 1 % levels, respectively. The p-VALUE shows 
the significance of estimated coefficients.

Variable Success Success Delivery Delivery

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

Samecountry% 2.383*** 3.424*** 1.043*** 1.452***
(0.262) (0.300) (0.113) (0.152)

Comment 1.183*** 1.665*** 0.647*** 0.838***
(0.070) (0.125) (0.037) (0.052)

Samecountry% ​ − 0.835*** ​ − 0.342***
* Comment ​ (0.119) ​ (0.063)
FAQ − 0.066 − 0.073 − 0.014 − 0.017

(0.072) (0.071) (0.036) (0.037)
Collaborator 0.127 0.135 0.080 0.081

(0.106) (0.112) (0.060) (0.064)
Website 0.212*** 0.186*** 0.183*** 0.174***

(0.071) (0.070) (0.057) (0.057)
Backed − 0.453** − 0.463*** − 0.169* − 0.178*

(0.177) (0.170) (0.092) (0.092)
Country Yes Yes Yes Yes
Year Yes Yes Yes Yes
Industry Yes Yes Yes Yes
N 7895 7895 7979 7979
p-VALUE 0.000 0.000 0.000 0.000
Pseudo R-squared 0.403 0.428 0.433 0.444
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Data availability

Data will be made available on request.
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