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Abstract

This paper investigates how social network structure influences online medical crowdfund-
ing performance. Using administrative data from a leading medical crowdfunding platform
in China, we exploit detailed records of campaign information diffusion through social me-
dia and construct novel measures that distinguish between “wide but near” versus “narrow
but far” sharing network structures. We find that campaigns achieving broader network
penetration-characterized by lower concentration of views from the fundraiser’s immediate
connections—raise significantly more funds. This relationship may operate through “reach-
ing beyond homophily”, a mechanism we formalize in a theoretical model: deeper network
layers contain viewers with higher socioeconomic status and greater financial capacity, de-
spite reduced altruistic motivation due to social distance. Furthermore, using exposure to
China’s Compulsory Schooling Law as an instrument, we show that network structure largely
accounts for the causal effect of fundraisers’ education on crowdfunding success. Our find-
ings demonstrate how social capital structure shapes inequality in online crowdfunding, with
broader implications for understanding the distributional consequences of social networks in

the digital economy.
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1 Introduction

Social networks have long served as crucial mechanisms for informal insurance and mutual
assistance, particularly in contexts where formal safety nets are inadequate, enabling indi-
viduals to cope with economic shocks and pursue opportunities for poverty alleviation (Udry,
1990; Morduch, 1999; Fafchamps and Lund, 2003; Fafchamps and Gubert, 2007; Jackson et
al., 2012; Ambrus et al., 2014, 2022). However, traditional social networks face fundamental
constraints imposed by geography, social proximity, and—critically—homophily: the well-
documented tendency for individuals to form connections primarily with others who share
similar characteristics, including socioeconomic status (McPherson et al., 2001; Currarini et
al., 2009; Munshi and Rosenzweig, 2009, 2016; Jackson et al., 2017; Chetty et al., 2022).
Under this homophilous structure, while close ties within one’s immediate social circle may
provide strong emotional support and high willingness to help, they often lack sufficient
financial resources needed for substantial assistance; conversely, individuals with greater
capacity for help are often socially distant and less accessible through traditional networks.

The rise of digital platforms and online social networks provides unprecedented oppor-
tunities to transcend the traditional constraints of social capital, thus reshaping the role of
social networks in providing informal insurance, reducing poverty, and shaping socioeconomic
inequality. Unlike their offline counterparts, digital networks can connect individuals across
vast geographical and social distances at near-zero marginal cost, potentially enabling people
to “reach beyond homophily” and access resources from socially distant but financially ca-
pable connections (Chetty et al., 2022). For understanding this important mechanism about
the role of social networks in the digital era, online medical crowdfunding platforms provide a
unique setting. On these platforms, individuals facing financial crises due to medical reasons
can appeal for help from not only their immediate social circles but also extended network
of strangers through the diffusion of fundraising information via social media.

In this paper, we investigate how social network structure shapes the performance of

online medical crowdfunding and examine potential mechanisms through which digital net-



works can help individuals transcend traditional barriers of informal insurance through ho-
mophilous social networks. Using comprehensive administrative data from a leading medical
crowdfunding platform in China, we exploit detailed records of campaign information dif-
fusion (sharing) through social media and construct novel measures that distinguish be-
tween two types of information sharing networks based on their structures: “wide but
near” versus “narrow but far”. We find that campaigns achieving deeper network pene-
tration—characterized by lower concentration of page views from the fundraiser’s immediate
connections—raise significantly more funds. This suggests a mechanism of “reaching be-
yond homophily” through online networks, where deeper network layers contain viewers with
higher socioeconomic status and greater financial capacity. To the best of our knowledge,
this study provides the first systematic evidence of the association between social network
structures and economic outcomes in the digital economy, offering new insights into the
distributional consequences of (more broadly defined) social capital in online settings.

Specifically, our analysis exploits unique administrative data from the Waterdrop Medical
Crowdfunding platform, one of the largest online medical crowdfunding platforms in China.
The platform is integrated with WeChat, a social media platform with over one billion active
users, which enables the fundraising information to spread along the connections on WeChat,
potentially reaching beyond the fundraisers’ direct social circles. The dataset covers com-
plete the information diffusion process for over 4,000 medical crowdfunding campaigns, with
detailed records of every page view (regardless of whether the view induces positive dona-
tions or not), containing information including the viewer’s support behaviors (donating and
sharing), location, and crucially, their social distance from the fundraiser—as proxied by the
number of shares to reach the viewer, which corresponds to the depth in the information
sharing network. This granular dataset allows us observe precisely how fundraising informa-
tion spreads across different depths of online networks—from direct connections (depth 1)
to more distant connections (depths 2, 3, and beyond).

We develop three complementary measures to quantitatively characterize the structure



of sharing networks: (i) the proportion of views from the fundraiser’s direct connections
(denoted by A'), (ii) the Herfindahl-Hirschman Index (HHI) of views across depths, and (iii)
entropy measuring dispersion across network depths. These measures reveal two distinct
types of networks: “wide but near” networks where views concentrate within fundraisers’
immediate social circles, and “narrow but far” ones that achieve deeper penetration into
extended social connections (higher depths). Our empirical analysis shows striking differ-
ences in fundraising performance across network structures. Campaigns with “narrow but
far” networks—as captured by lower \!, lower HHI, and higher entropy—raise significantly
more funds, with a one percentage point decrease in A\! associated with a 4.3% increase in
total donations. This result remains robust to alternative sample restrictions, measurement
constructions, CEM matched-sample analyses, and an IV approach using imputed networks.
It also persists when controlling for the overall network scale (captured by the numbers of
views and shares) and when replacing the dependent variable with the logarithm of average
donation per viewer.

To understand the mechanisms driving the relationship between network structure and
medical crowdfunding success, we develop a theoretical model that formally shows how
two competing forces jointly shape fundraising outcomes: a “pros” channel, where deeper
network layers provide access to higher-SES individuals with greater financial capacity, and a
“cons” channel where altruistic tendency decreases with social distance. Our empirical results
show that a fundraiser whose campaign information spreads farther tends to achieve better
fundraising outcomes, which suggests the dominance of the “pros” channel. We further
validate the “pros” channel through a Monte Carlo experiment, and associate it with a
generalized form of economic connectedness (Chetty et al., 2022). Our data exhibit stylized
patterns that support the “pros” channel: viewers at greater network depths systematically
exhibit higher historical donation amounts and come from more economically developed
regions, which aligns with the mechanism of “reaching beyond homophily” and achieving

higher economic connectedness through indirect social connections via online platforms. We



examine several alternative explanations, but find that their predictions are less consistent
with the empirical patterns in the data than the “reaching beyond homophil” channel.
Having examined the importance of network structure for medical crowdfunding both
empirically and theoretically, we explore broader implications of network structure by focus-
ing on a key determinant of fundraising success—education of the help-seeker. Prior studies
have shown that better educated individuals tend to raise more money in medical crowdfund-
ing (van Duynhoven et al., 2019; Zheng et al., 2023; Chen, 2025). In our study, leveraging
exposure to China’s Compulsory Schooling Law implementation across regions and cohorts,
we identify the impact of education on fundraising performance. More crucially, we find that
such an education effect can be almost completely accounted for by our measures of network
structure: when controlling for the network structure variables, the coefficient on education
becomes smaller in magnitude and loses statistical significance. This finding suggests that
the attributes of social networks may serve as a critical mechanism through which individual
demographic characteristics translate into differential economic outcomes, providing empir-
ical evidence for the unique role of online social connections in shaping economic inequality

in online platforms.

Related literature This paper is closely related to the literature on the role of social net-
works in shaping economic outcomes (Jackson et al., 2017). A substantial body of research
has documented the importance of social connections across various domains, such as em-
ployment (Beaman, 2012), access to financial resources (Banerjee et al., 2013), rural-urban
migration (Munshi and Rosenzweig, 2016), and economic mobility (Chetty et al., 2022).
Much of this literature emphasizes the positive role of social connections in risk sharing and
mutual support (Fafchamps and Lund, 2003; Fafchamps and Gubert, 2007; Jackson et al.,
2012; Ambrus et al., 2022). On the other hand, social networks are typically characterized
by homophily, the tendency for individuals to form connections with others who share sim-
ilar characteristics, particularly socioeconomic status (McPherson et al., 2001; Currarini et

al., 2009; Jackson et al., 2017), which creates constraints for disadvantaged individuals due



to limited resources from their immediate networks for assistance. Related to this, recent
work by Chetty et al. (2022) introduces the concept of “economic connectedness” to capture
friendship across SES levels and empirically associates it with intergenerational mobility.

Compared with prior studies, our paper contributes to this strand of literature in three
aspects. First, regarding the role of social networks in providing mutual assistance and infor-
mal insurance, we are the first to examine the process of help-seeking information diffusion
and delve into the structure of information sharing networks. While theory suggests that
homophily constrains access to resources, empirical evidence on the mechanisms through
which this constraint can be overcome has been limited. Through characterizing network
structure from the perspective of network depths, we fill this gap by providing first sys-
tematic evidence for how network structures with deeper penetration enable individuals to
“reach beyond homophily”, deriving profound implications for how digital platforms allow
individuals to transcend the limitations of their immediate social circles and access resources
from socially distant but financially capable connections.

Second, we extend the concept of economic connectedness and deepen understanding
of its role in determining economic outcomes. On one hand, we broaden the scope from
direct friendships to indirect connections facilitated by digital platforms, providing evidence
for the critical role of these indirect ties in resource mobilization. On the other hand, we
extend the conceptualization of economic connectedness from static network measures to
dynamic information diffusion processes, highlighting individuals” ability to reach high-SES
individuals through multi-layered networks.

Third, through our analysis of education and network structure, we contribute to under-
standing how individual characteristics shape social capital formation and ultimately influ-
ence economic inequality. In particular, exploiting quasi-experimental education reforms, we
provide causal evidence that network structure serves as a key mechanism through which
education affects economic outcomes. This finding advances our understanding of how hu-

man capital investments translate into differential access to social resources, revealing social



networks as a critical pathway underlying the formation of economic inequality.

Our paper also contributes to the literature on online medical crowdfunding and prosocial
behaviors on these platforms (Bourles et al., 2017; Belleflamme et al., 2015; Sisco and Weber,
2019; Tsai and Wang, 2019; Kenworthy et al., 2020; Huang et al., 2021; Hou et al., 2022;
Panjwani and Xiong, 2023; Wang et al., 2024; Chan et al., 2024; Zhang et al., 2025). Online
medical crowdfunding has emerged as an important form of informal insurance, particularly
in countries with limited healthcare coverage (Snyder, 2016; Saleh et al., 2020; Tsai and
Wang, 2019). Existing research documents significant disparities in fundraising success across
various characteristics, such as gender, race, age, education, and location (Burtch et al.,
2014; van Duynhoven et al., 2019; Hou et al., 2022; Panjwani and Xiong, 2023; Zheng et al.,
2023; Chen, 2025; Zhang et al., 2025). Nevertheless, the channels through which these key
determinants may affect the fundraising process is still poorly understood. A key feature in
the process of online crowdfunding is the spread of fundraising information through social
networks. Although the importance of social connections per se has been recognized (List and
Price, 2009; Peng and Zhang, 2025), the role of network structure remains largely unexplored
in existing studies.

Our paper fills this gap in the literature by providing the first evidence on the association
between sharing network structure and medical crowdfunding performance. Furthermore, we
are the first to identify network structure as a critical mechanism underlying the effect of
education on crowdfunding outcomes. We also demonstrate the unique mechanism of digital
platforms in helping individuals transcend potential constraints induced by homophily among
their immediate social circles, which has profound implications for the role of digital medical

crowdfunding platforms in facilitating mutual assistance and reducing economic inequality:.



2 Background

Medical crowdfunding has emerged as an important form of informal insurance, enabling
individuals facing urgent medical expenses to seek public donations through online platforms
(Sisco and Weber, 2019; Saleh et al., 2020). These platforms have gained global popularity
in recent years, serving as bridges between those in medical need and potential donors while

leveraging social media networks to amplify campaign reach and fundraising effectiveness.

The Waterdrop Medical Crowdfunding platform Our study utilizes administrative
data from the Waterdrop Medical Crowdfunding platform, one of China’s leading online
medical crowdfunding platforms (Huang et al., 2021; Chan et al., 2024)."! Established in
2016, the platform helps address critical gaps in China’s healthcare coverage by enabling
individuals facing high, unforeseen medical expenses—often arising from serious illnesses or
surgeries—to seek public donations. By the end of 2023, approximately 450 million donors
had collectively contributed 62.6 billion yuan (about 8.6 billion USD) to over 3.1 million
beneficiaries. On December 25, 2024, China’s Ministry of Civil Affairs officially designated
Waterdrop Medical Crowdfunding as an approved online platform for personal fundraising

assistance, underscoring its credibility and nationwide reach.

Platform integration with WeChat The platform’s integration with WeChat—a mul-
tifunctional application developed by Tencent with over one billion active users—provides
a unique setting for studying social network dynamics in medical crowdfunding. WeChat
combines messaging, social media, and mobile payment services, making it one of the most
dominant applications in China and globally. This integration creates a natural setting where
fundraising campaigns spread through social networks.

On the platform, fundraisers (beneficiaries) create campaigns by providing personal
and medical details, including descriptions of their health conditions, treatment costs, and

fundraising goals, supplemented by images and supporting documentation. After platform

1See Tsai and Wang (2019) for an overview of charitable crowdfunding in China.



verification, fundraisers can distribute their campaigns through WeChat’s social features:
direct sharing with contacts and, more critically, dissemination via WeChat Moments (anal-
ogous to Facebook’s News Feed) and Group Chats. The platform’s low barriers to campaign
creation (requiring only basic verification) and flexible fund withdrawal options (allowing
multiple withdrawals aligned with treatment needs) enable help-seekers to quickly reach out

to their networks for financial help during medical emergencies.”

The sharing network formation process When a campaign link is shared via Moments
or Group Chats, a preview appears featuring the beneficiary’s thumbnail image, fundraising
title, and call-to-action prompt.? WeChat users who click the link become “viewers” tracked
by the platform.

Upon arriving at a campaign page, viewers see the fundraiser’s story, medical documen-
tation,* fundraising goal, and current amount raised. Viewers can support campaigns in
two ways: making donations through the integrated WeChat Pay system or sharing the
campaign to their personal networks.” Sharing is particularly important as it amplifies cam-
paign visibility by extending reach beyond the beneficiary’s immediate contacts to secondary
connections and even strangers. Notably, approximately one-third of those who share do so
without making a donation, highlighting sharing as a form of costless yet consequential be-
havior. This process would repeat as new viewers in turn share the campaign to their own
networks, creating multiple layers of diffusion.

This iterative sharing process creates what we term the “sharing network”—a tree-like
diffusion structure that builds on the underlying social networks. Views generated directly

from the fundraiser’s sharing represent depth 1, while views accessed through one degree of

2To sustain its operations, the platform charges a service fee of six percent on the total amount raised
for each campaign, along with a payment processing fee of 0.6 percent.

3Common fundraising titles include phrases such as “Please help my 6-year-old daughter fight leukemia”
or “Urgent: 45-year-old father requires heart surgery.”

4The platform provides updates on beneficiaries’ medical conditions, which enhances trust and trans-
parency.

5The interface prominently displays “donating” and “sharing” buttons, making both forms of support
easily accessible.



separation (via sharing by depth-1 viewers) represent depth 2, and so forth. The platform
records these depths, allowing us to observe precisely how far campaign information travels

through online social networks.

3 Data

In this section, we describe the data source, sample, and variables for our empirical analysis.

3.1 Data source and sample

Our study utilizes unique administrative data from the Waterdrop Medical Crowdfunding
platform.® The dataset contains a complete sample of all crowdfunding campaigns posted on
the platform during a five-day period from November 20 to 24, 2023. This five-day window
was selected to capture typical platform activity while avoiding potential confounding effects
from holidays or special events. Our observation period covers six months following cam-
paign launch. For each campaign, the data include complete viewing records for all viewers,
regardless of whether they donated or shared the campaign. For each view, we observe the
viewer’s location, viewing timestamps, donation amount (if any), and sharing behavior. Cru-
cially, the dataset precisely records the sharing network depth for each view—the number
of degrees of separation between the original fundraiser and the viewer. Over 95 percent
of views and donations occur within one month after campaign launch, indicating that our
sample effectively captures the overall fundraising performance of these campaigns.

Our primary analysis is conducted at the campaign level. From an initial universe of 4,971
campaigns posted during the sample period, we exclude those with no money raised,” and

those with missing information on beneficiaries’ baseline characteristics, such as age, gender,

6We designed our data analysis plan and submitted it to the platform. All analyses were conducted in a
secure lab within the platform. Data remain within the platform’s premises and are not extracted. We only
obtained the results of the analyses as requested.

"These likely represent campaigns that were created for technical tests but not actively utilized for
fundraising purposes.



and the city of residence, which together account for 8.1% of the total. The final sample
consists of 4,569 campaigns with beneficiaries located in 308 of China’s 338 prefecture-level
geographical units. Collectively, these campaigns raised approximately 52.65 million yuan
(about 7.34 million USD).

Table 1 presents summary statistics for campaign characteristics. Approximately 36
percent of the campaigns feature female beneficiaries. Beneficiaries average 46.8 years of
age, ranging from infancy to 92 years. Among the beneficiaries, 31.9 percent are diagnosed
with cancer, 26.3 percent are covered by commercial insurance, and 89.3 percent have medical
insurance coverage (either public or commercial). Fundraising targets range from 10,000 to
600,000 yuan. Regarding crowdfunding performance, campaigns receive an average of 4,142
views and 209 times of sharing (50 to Group Chats and 159 to WeChat Moments), raising
an average of 11,523 yuan.® The completion rate—defined as the proportion of fundraising
target achieved—ranges from 0 to 98 percent, with a mean of 5.8 percent. Figure 1 plots
the distribution of total amounts raised across the campaigns in our sample, which shows
substantial variations in fundraising success. Over 60 percent of campaigns raised less than

10,000 yuan.

3.2 Measures of sharing network structure

A unique feature of our dataset is the ability to observe the complete viewing records for each
campaign, including the precise network depth of every view. This allows us to characterize
the structure of the information sharing network for the fundraising process of each campaign.

Figure 2 illustrates the distribution of sharing network depths for campaigns with different
fundraising performance. We divide all campaigns into two groups based on their total
fundraising amount: those above the median (successful campaigns) and those below the

median (less successful campaigns). For each campaign, we calculate the share of total views

8To mitigate the impact of outliers, we apply winsorization to individual donations at the 99th percentile
at the view level prior to aggregating the data to the campaign level. We further winsorize total fundraising
amounts at the 99th percentile at the campaign level.

10



occurring at each network depth—that is, the proportion of views from direct sharing by the
fundraiser (depth 1), second-degree connections (depth 2), and so forth. We then average
these proportions within each group and present them in Figure 2.

The figure reveals striking differences in sharing network structure between the two
groups. Less successful campaigns (Panel A) show a highly concentrated depth distribution,
with the vast majority of views occurring at depths 1 and 2—primarily from the fundraiser’s
direct connections and their immediate further connections. In contrast, campaigns with
higher donation amounts raised (Panel B) exhibit a more dispersed depth distribution, with
substantially lower proportions of views at depths 1 and 2, and greater reach into deeper
network layers.

These patterns reveal two distinct types of sharing network structure: “wide but near”
networks versus “narrow but far” networks. As illustrated in Figure 3, holding the total
number of views constant, “narrow but far” networks are characterized by a higher proportion
of views from deeper network layers (beyond the first degree of separation), while “wide but
near” networks concentrate most views within the fundraiser’s immediate social circle. The
pattern observed in Figure 2 suggests that “narrow but far” networks tend to achieve better
fundraising outcomes.

To quantitatively characterize these network structures, we develop three key measures

that differentiate between “narrow and far” versus “wide but near” sharing networks:

(i) The proportion of views at depth 1 (A\') We begin with the most intuitive
measurement: the proportion of views from the fundraiser’s direct connections (at depth
1). This measurement captures the essential distinction between direct and indirect
connections. A “wide but near” sharing network is characterized by views concentrated
at lower depths, indicating a larger proportion of views at depth 1. In contrast, a
“narrow but far” network typically contains fewer views from direct connections and
more from indirect ones. We denote the the proportion of views from the fundraiser’s

direct connections (at depth 1) as A!, defined as A\! = %. A “wide but near”

11



sharing network would exhibit a higher A\! as compared to a “narrow but far” one.

(ii) Herfindahl-Hirschman Index (HHI) To more precisely quantify the level
of dispersion in the depth distribution, we employ the Herfindahl-Hirschman Index,
commonly used to measure the degree of concentration in a distribution. The definition
is HHI = ¥ ;c7+(\")2. Since views with a depth greater than 10 are rare, we use A\! to A
to compute the HHI in practice. A smaller HHI indicates a more dispersed distribution.
Hence, a “narrow but far” sharing network would exhibit a lower HHI, while a “wide
but near” network would show a higher HHI, indicating that views are concentrated in

just a few low depths. By the properties of the HHI, 0 < HHI < 1.

(iii) Entropy Entropy is a measure commonly used to quantify the dispersion of a
distribution. In our context, entropy captures how evenly views are distributed across
different depths. Entropy of depths in the sharing network is given by Entropy =
— i+ Alog(AY).? Similar to the HHI, we use A! to A to compute entropy. Higher
entropy indicates greater dispersion, and thus a “narrow but far” sharing network would

exhibit higher entropy. By the properties of entropy, Entropy > 0.

The summary statistics and distributions of the three variables of network structure are

presented in Panel B of Table 1 and Figure 4. As shown in the histograms, there are substan-

tial variations across campaigns in all three measures. The proportion of views at depth 1

(A1) averages 24.3% but exhibits considerable heterogeneity, with most campaigns receiving

between 5% and 80% of their views from the fundraiser’s direct connections. Notably, there

is a significant peak at 100% in the distribution, indicating that a non-negligible portion of

campaigns rely almost entirely on views from depth 1. The HHI distribution shows a sim-

ilar pattern, with an average value of 0.253 and substantial variations ranging from highly

9We use the binary logarithm (log,) here to express entropy in bits. Both the HHI and entropy can be

interpreted as a weighted average of some function of the proportion of views at each depth. The difference
is that the HHI uses a linear function, while entropy employs a negative logarithmic function, which is more
sensitive to the level of dispersion.
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concentrated networks (HHI close to 1) to more dispersed ones (HHI around 0.1). The
entropy measure, averaging 2.258, also demonstrates significant cross-campaign variations,
with most values falling between 0.5 and 3. Furthermore, Appendix Table Al presents the
pairwise correlations between the three measures of sharing network structure. As expected,
all three measures are strongly correlated with each other, with correlation coefficients rang-
ing from 0.808 to 0.899 in absolute value (all statistically significant at 1% level), suggesting
that they capture the same underlying aspect of network structure dispersion from different

perspectives.

4 Network structure and crowdfunding outcomes

We now formally examine the relationship between network structure measurements and

crowdfunding outcomes. To this end, we estimate the following equation:

Y; = a+ BNetwork; + Xy + d.;) + €5, (1)

where j indexes individual campaigns, and ¢(j) denotes the fundraiser’s prefecture of resi-
dence. Y captures fundraising performance at the campaign level; our primary dependent
variable is the logarithm of total donation amount raised. Network; represents our measure-
ments of sharing network structure—specifically, the three variables constructed in Section
3.2: the proportion of views at depth 1 (A'), HHI, and entropy. X; is a vector of campaign-
level controls including beneficiary’s age and gender, insurance coverage status, fundraising
target, an indicator for cancer diagnosis, and the number of images and title/description
characters. d.(;) represents fixed effects of fundraisers’ prefectures based on the location of
hukou registration, which absorb unobserved heterogeneity related to local social norms and
socioeconomic conditions. ¢; is the error term. Standard errors are clustered at the prefec-
ture level. Our parameter of interest is 3, which captures the association between sharing

network structure and fundraising outcomes.

Main results We begin by examining the simple correlations between our network struc-

13



ture measures and medical crowdfunding performance. Figure 5 presents binscatter plots
showing the relationships between log donation amounts and our three key network structure
measurements. The patterns are consistent across all three measures and strongly support
our conjectures on these relationship. These binscatter plots provide compelling visual evi-
dence that “narrow but far” sharing networks—characterized by lower A' (Panel A), lower
HHI (Panel B), and higher entropy (Panel C)—are systematically associated with superior
crowdfunding outcomes. Notably, the data points in all three panels are closely distributed
around the fitted lines, indicating strong goodness of fit and suggesting that these relation-
ships are not driven by outliers but represent systematic patterns across the entire sample.

Table 2 presents our main regression results examining the relationship between network
structure and crowdfunding performance. In columns (1), (4), and (7), we include no control
variables, and the regression results are consistent with the binscatter patterns, indicating
significant correlations between network structure and fundraising performance. Notably,
the R-squared values are remarkably high, suggesting that these network structure variables
individually possess strong explanatory power for our dependent variable—\!, HHI, and
entropy can each explain 38%, 49%, and 64% of the variation in total donation amounts,
respectively. In columns (2), (5), and (8), we further include prefecture fixed effects and
baseline campaign characteristics as controls. The estimated coefficients remain stable.

To better distinguish the role of network structure from network scale effects, we addition-
ally include total number of views, and the number of shares to Group Chats and WeChat
Moments in columns (3), (6), and (9). After controlling for these factors, the coefficients
on network structure variables decrease slightly but remain statistically significant at the
1% level. To further net out network scale effects, we replace the dependent variable with
the logarithm of the average donation amount per viewer, which will not be mechanically
driven by network scale. As reported in Appendix Table A2, the estimated coefficients are
qualitatively consistent with those in Table 2 and statistically significant at the 1% level for

Al and entropy, and at the 5% level for HHI. These results are robust to controlling for the

14



number of shares to Group Chats and WeChat Moments.

Given that total views and shares may be affected by sharing network structure, we
take the regressions in columns (2), (5), and (8) of Table 2 as our preferred specification.
The estimated coefficients indicate that a one percentage point decrease in the proportion
of views from depth 1 (A!) is associated with a 4.3% increase in total donation amounts.
Similarly, a 0.1 standard deviation decrease in the HHI (a 0.1 standard deviation increase in
entropy) corresponds to a 10.2% (10.3%) increase in fundraising amounts. These estimated

coefficients demonstrate high economic significance.

Robustness Our main results remain robust across a battery of sensitivity analyses, as
shown in Appendix Table A3. First, we use alternative dependent variables, replacing the
log donation amount with total number of views in logarithm and fundraising completion
progress in percentage points. Second, we construct the network structure variables based on
the distribution of donation amounts rather than views across depths in the sharing network.
Third, we re-estimate equation (1) by imposing further sample restrictions, to show that
our main findings are not driven by some special subgroups of campaigns: (i) we exclude
campaigns with highest and lowest 5% donation amounts, and those with highest and lowest
5% values of the network structure variables, in order to mitigate the impact of extreme
values on our results; (ii) we exclude campaigns with beneficiary age below 18 or above 70, as
for beneficiaries in these age groups, the fundraisers are typically not themselves but rather
their immediate family members; (iii) we exclude campaigns with beneficiaries in coastal
prefectures, in prefectures that are provincial capitals or municipalities, and beneficiaries with
commercial insurance coverage, considering that these beneficiaries have on average better
socioeconomic conditions and may have a lower reliance on the online crowdfunding network
for medical expenses; (iv) we exclude campaigns with a fundraising target lower than 100,000
yuan, as these beneficiaries likely have less severe medical conditions and lower financial
needs, resulting in reduced reliance on crowdfunding networks and potentially weaker effects

of network structure; (v) we exclude campaigns for which 100% of views occur at depth 1,
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as these non-diffusing campaigns form a pronounced spike in the histograms in Figure 4 and
may not be comparable to campaigns with meaningful diffusion.

We complement these analyses with two additional approaches: (i) analysis based on
coarsened exact matching (CEM); (ii) an instrumental variable design.

In the CEM analysis, we construct matched subsamples based on beneficiaries’ baseline
characteristics. We then estimate specifications that (i) treat indicators for above-median
AL, HHI, or entropy as the treatment and (ii) alternatively use the corresponding continuous
measures, both weighting observations by the CEM weights. As reported in Appendix Table
A4, the results indicate that the estimated association between a “narrow-but-far” sharing
network structure and fundraising success remains positive and statistically significant at
the 1% level, with magnitudes comparable to those in the full-sample estimates. Under
more stringent matching specifications that additionally match on total views, the estimated
association also remains positive and statistically significant at the 1% level.

In the 2SLS analysis, we construct an imputed sharing network for each campaign using
a leave-one-out procedure among campaigns whose beneficiaries belong to the same age
cohort and province of residence. We then instrument the campaign’s observed network
structure measures with those derived from the imputed sharing network. Specifically, for
a given campaign, we average the underlying sharing behaviors of the beneficiary-matched
campaigns to form the imputed sharing network and compute the HHI and entropy of it. As
reported in Appendix Table A5, the 2SLS estimates closely mirror the main results in Table

2 and remain statistically significant at the 1% level.

5 Mechanisms

In our empirical analysis, we have demonstrated that “narrow but far” sharing networks
are systematically associated with superior medical crowdfunding performance. However,

the mechanisms underlying this relationship remain unclear. Why do sharing networks that
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reach deeper into online social connections yield better fundraising outcomes? What forces
determine whether extending the reach of a campaign enhances or diminishes its success?

This section develops a theoretical framework to understand the mechanisms underlying
the association between network structure and crowdfunding performance. While the scale
effect of deeper network penetration constitutes an important driver of fundraising success,
our empirical evidence indicates that the relationship persists after controlling for network
scale, underscoring the distinct role of network structure.

We propose that such a relationship results from the tension between two countervailing
forces that may operate simultaneously. The “pros” channel, which we term “reaching beyond
homophily,” suggests that deeper network penetration enables fundraisers to access viewers
(potential donors) with higher socioeconomic status (SES) who are more capable of making
substantial contributions. The “cons” channel, which we call “decaying altruism,” posits
that individuals become less willing to donate as their social distance from the fundraiser
increases.

In the following, we first present our conceptual framework and show stylized facts related
to each of the two forces. We then build a theoretical model to illustrate the pros channel
as well as its tradeoff with the cons channel. While our theoretical framework shows the
potential operation of both channels, our empirical findings reveal the dominance of the
pros channel in determining the success of online medical crowdfunding, suggesting that the
benefits of reaching potentially higher-SES viewers outweigh the costs of reduced altruism

across online social distances.

5.1 Conceptual framework and stylized facts

Medical crowdfunding through online social networks creates an inherent tension between
reach and social proximity. Fundraisers facing medical emergencies typically find themselves
in severe financial distress, often representing lower socioeconomic strata of the society.

Given the well-documented principle of homophily in social networks—that individuals tend
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to form connections with others who share similar characteristics (McPherson et al., 2001;
Currarini et al., 2009; Jackson et al., 2017)—these fundraisers are more likely to be directly
connected to individuals of similar SES. This creates a fundamental challenge for successful
fundraising: those most accessible through direct social ties—who tend to exhibit highest
altruism toward the beneficiaries—may be least capable of providing substantial financial

assistance, while those more capable of helping may be socially distant and harder to reach.

The pros channel: Reaching beyond homophily This mechanism suggests that “nar-
row but far” sharing networks enable fundraisers to overcome the constraints of socioeco-
nomic homophily. As information about a medical crowdfunding campaign diffuses through
multiple layers of online social connections, it would progressively reach individuals who are
more socioeconomically distant from the fundraiser. Due to the structure of homophilous
networks, these more distant connections are increasingly likely to represent higher socioe-
conomic strata, thus possessing greater financial capacity to make donations. Theoretically
speaking, this mechanism is closely related to the concept of economic connectedness devel-
oped by Chetty et al. (2022), which captures “the degree to which people with low and high
SES are friends with each other.” In our context, we extend this concept to encompass both
direct and indirect connections through sharing networks. Fundraisers with higher weight
on indirect economic connectedness can leverage their social networks to reach beyond their
immediate socioeconomic circle, accessing potential donors with greater financial resources.

Several patterns in our data support this mechanism. First, as shown in Appendix Fig-
ure A1, fundraisers in our sample are disproportionately located in regions with low levels of
GDP per capita, consistent with the fact that medical crowdfunding predominantly serves
economically disadvantaged populations.'” Second, Appendix Figure A2 and A3 reveal that
viewers at greater depths (compared to depth 1) exhibit systematically different characteris-

tics that suggest higher SES. In Appendix Figure A2, the blue dots with vertical bars show

10 Appendix Figure A1 presents the distribution of GDP per capita of the beneficiary’s hometown prefecture
across campaigns. We use the year 2019 in order to better capture regional levels of economic development
in normal times not affected by the COVID-19 shock.
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that viewers at higher depths have a greater propensity to have donated in the past compared
to those at depth 1. In Appendix Figure A3, Panel A shows that viewers at deeper network
layers have higher historical donation amounts as compared to depth 1, and Panel B indicates
they have made more donations in the past, suggesting their greater financial capacity, with
possible additional effects from stronger prosocial inclinations.!! Furthermore, deeper net-
work layers are increasingly likely to include viewers from different provinces (Panel C) from
the fundraiser. This geographic diversification is particularly relevant in the Chinese context,
where regional economic disparities are substantial (Zhang, 2021). Given that the fundrais-
ers are predominantly located in economically disadvantaged regions (Appendix Figure A1),
geographic distance often correlates with economic advantage, making geographically distant

viewers more likely to be more financially capable to make substantial contributions.

The cons channel: Decaying altruism The opposing mechanism operates through the
decay of altruistic motivation as social distance increases. Extensive research in behavioral
economics and social psychology demonstrates that individuals exhibit stronger prosocial
preferences toward those who are socially closer to them (Bernhard et al., 2006; Chen and Li,
2009; Enke, 2024). This tendency is particularly pronounced in societies with strong cultural
emphasis on in-group favoritism, which is deeply embedded in China’s kinship-based social
value system (Enke, 2019). In the context of medical crowdfunding, this mechanism predicts
that while deeper network layers may contain wealthier potential donors, these individuals
are less motivated to donate due to their greater social distance from the fundraiser.
Appendix Figure A4 provides evidence consistent with this channel. To isolate the change
in potential donors’ altruistic tendency across depths of viewing from the difference in viewer

compositions across depths, we employ a within-viewer design, focusing on viewing records

1A substantial literature documents that charitable giving exhibits strong income elasticity, with esti-
mates typically ranging from 0.7 to 1.3, indicating that donation behavior is highly responsive to financial
capacity (Andreoni, 2006; Vesterlund, 2006; Bakija and Heim, 2011). Given that medical crowdfunding
typically requires substantial contributions to generate meaningful impact, financial capacity represents a
more plausible explanation for the large differences in historical donation patterns across network layers than
variation in altruistic preferences alone.
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of potential donors who viewed more than one campaign in our sample period and con-
trolling for both campaign and viewer fixed effects.!? This approach effectively addresses
confounding factors related to endogenous selection of which campaign to view based on
social distances with fundraisers (i.e., depths). Compared to depth 1, viewers on average
contribute significantly lower amounts at greater depths, suggesting a decrease in altruism

with greater social distances.

5.2 Model and Monte Carlo experiment

In this subsection, we present a model of information diffusion to formally illustrate the
“pros” channel—i.e., reaching beyond homophily—as outlined above. The model delivers
a parsimonious functional form that closely matches the stylized facts documented above,
and successfully predicts, through a Monte Carlo experiment, that “narrow-but-far” sharing
networks enable fundraisers to reach more high-SES individuals in an socioeconomically

homophilous social network.

Model In this subsection, we present a model of information diffusion to formally illustrate
the “pros” channel—i.e., reaching beyond homophily—as outlined above. Consider a large
enough community with n individuals, N = {1,2,--- n}, who are of different levels of SES.
Following Chetty et al. (2022), we divide individuals into two groups: individuals with high
SES (denoted by subset H), and those with relatively low SES (subset L = N \ H).

The underlying social network of the community is represented by a random network
(N, p,q) with a homophilous structure, where p € (0,1) denotes the probability that two
individuals of the same group are connected, and ¢ € (0,1) for the probability of two indi-

viduals of different groups being connected. The assumption of homophily by SES indicates

ptq

that p > ¢. Let p=a+eand ¢=a—e¢, then a = &

captures the average density of the
network, and e = 5% > 0 captures the (absolute) level of homophily.

Now we introduce the information diffusion process, i.e., how a fundraising campaign

12This subsample contains 19,473,216 views from 9,028,190 viewers.
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diffuses through online social connections and results in a sharing network. Without loss of
generality, we set individual 1 € L as the fundraiser, who wants to diffuse her campaign link
through the existing network. In addition, we assume that every individual viewing the link
(including the fundraiser) shares it with each of their neighbors with probability 5. In the
diffusion process, let ¢(k) denote the (conditional) probability that a viewer at depth k has

high SES (i.e., belonging to H). Then we have the following proposition.

Proposition 1 For k > 1, ¢(k) is strictly increasing in k. Specifically, when #H = #1L,
¢(k) = 3[1 = (£)*.7

[

Proof. See Appendix B.1.1. =

The proposition indicates that the likelihood of reaching a viewer of high SES increases
with the depth. Notably, the case of #H = #L suggests that the likelihood ¢(k) is decreasing
in both the absolute level of homophily, e, and the relative level of homophily, r := £,
indicating that homophily hinders the low-SES fundraiser from reaching high-SES potential
donors at any given layer. In sum, Proposition 1 lends support to our pros channel—reaching
beyond homophily: since views at greater depths tend to come from high-SES individuals

and these viewers donate larger amounts on average, a “narrow but far” sharing network

would benefit from containing more views at greater depths.

Model fit to stylized facts The prediction of Proposition 1 closely matches the stylized
facts documented in Section 5.1. Beyond the increasing trend in viewer characteristics asso-
ciated with high-SES across depths, the exponential functional form predicted by the model
also closely fits the empirical pattern.

In Appendix Figure A2, to characterize how viewers’ historical donation behavior varies
across depths, we estimate a sequence of depth-specific coefficients {Bk 10 | from a view-level

regression of a viewer’s historical donation indicator on depth dummies, omitting depth 1

134 H = #L holds when the median of SES is used as the cutoff between high and low SES groups, as in
Chetty et al. (2022).
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as the benchmark and controlling for campaign fixed effects. The coefficient By captures
the incremental probability that a viewer at depth k£ has donated in the past, relative to
a viewer at depth 1. As indicated by the blue dots, the estimated coefficients exhibit an
increasing and concave pattern across depths, closely resembling the functional form implied
by Proposition 1.

To quantitatively evaluate whether the model-implied exponential structure can account
for this pattern, we fit the model to the estimated coefficients by choosing parameters to
minimize a squared-error loss. We begin by deriving the model-predicted probability of
historical donation at each depth. In our data, more than half of all views come from viewers
without any historical donation record. Under the assumption that the population shares of
high-SES and low-SES viewers are equal (#H = #L), it is therefore plausible to assume that
low-SES viewers have zero probability of having donated in the past. Let s € [0, 1] denote
the probability that a high-SES viewer has donated previously. Then, the probability that
a viewer at depth k has donated in the past is then given by s¢(k) = %(1 — rk), where

r:= <€ [0,1) is the relative level of homophily.

€
a

Accordingly, for each depth k € {1,...,10}, the model-fitted coefficient is

S

Bi(s, 1) = 3(1 - —Sa-n).

where the second term normalizes the fitted profile so that depth 1 serves as the omitted
baseline, consistent with the regression specification. We select (§,7) via a numerical grid

search to solve
10

. A -~ 2

o min k; (Br = Br(s,m)
The fitted parameters are § = 0.41 and 7 = 0.17, and the minimized loss equals 1.5 X
107°, indicating an excellent fit. The red diamonds in Appendix Figure A2 plot the fitted

coefficients {B;(8,7)}12,. The model-implied exponential curve closely tracks the empirical

pattern across depths. This close quantitative correspondence bridges the theoretical model
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and the empirical evidence, lending strong support to the pros channel of reaching beyond

homophily.

Monte Carlo experiment To more directly connect sharing network structure to the
proportion of views from high-SES individuals, we further conduct a Monte Carlo experi-
ment. In the experiment, we hold the total number of views constant and manipulate the
depth distribution. We examine whether a more dispersed depth distribution is associated
with more views from high-SES individuals. We corroborate the consistency of our result
using different sets of parameters.

As in Section 3.2, we define the depth distribution of a sharing network as a vector A =
(AL N ) € A(ZY), where M = %. Consistent with our empirical
measurements (Section 3.2), we focus on A = (A, A2, .-+ A!0) in this experiment.

We set the population size # N at 1,000, and specify four parameters, #H, p, ¢, and the

total number of views, denoted by v. Under each set of parameters, we examine five different

depth distributions, A; through As, where

1
A1 =——(90,10,0,0,0,0,0,0,0,0):

100
Ay = 1(1)0(6520105000000)
Aj = 1(1)0(5030105500000)
Ay = 1(1)0(35 30, 10, 10, 5,5,5,0,0,0);
A5 =155(20.30,10,10,5,5.5.5,5,5).

All five depth distributions are right-skewed, which is consistent with the regular skewness
pattern in Figure 2. The HHI of the five distributions are 0.820, 0.475, 0.355, 0.240, and
0.165, respectively, with a higher HHI indicating a more concentrated depth distribution.

Under a given set of parameters (#H,p,q,v), we randomly generate 100 underlying
social networks. For each social network, we then simulate 100 sharing networks following

each of the five depth distributions, respectively. Finally, for each depth distribution, we
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compute the average proportion of views from high-SES individuals across 10,000 simulated
sharing networks, denoted by 6; through 65. Appendix B.2 presents more details about the
experiment. Table 3 shows the results with 18 different sets of parameters.

In Table 3, we find that, under all parameter sets exhibiting homophily (p > ¢), the
average proportion of views from high-SES individuals is strictly increasing in the dispersion
level of the depth distribution, i.e. #; < 05 < ... < 05, meaning that a “narrow but far”
sharing network is likely to reach more high-SES viewers. In contrast, this does not hold
without the homophilous structure (in rows 4 and 13 of Table 3, where p = ¢). In sum, this
experiment further supports the pros channel by underscoring the crucial role of network
homophily by SES and demonstrates the robustness of the channel across different sets of

parameters.

5.3 Discussion on the role of generalized economic connectedness

Theoretically, the pros channel of reaching beyond homophily helps derive deeper economic
implications of sharing network structure, associating our key measurements of network
structure with an important dimension of social capital: economic connectedness (EC). By
definition, EC is “the degree to which people with low and high SES are friends with each
other” (Chetty et al., 2022). For an individual with low SES, their individual EC captures
their ability to connect with high-SES individuals.

In what follows, we propose a generalized definition of EC and discuss how our key
measurements of network structure as described in Section 3.2 capture this generalized EC. In
a social network, a low-SES individual might access high-SES individuals through both direct
and indirect connections. Chetty et al. (2022) primarily focus on the former. They measure
EC as follows: a low-SES individual’s EC is the share of high-SES direct friends among all
her direct friends, further divided by the share of high-SES individuals in the population
to quantify the degree of under-representation of high-SES friends. Using notations in our

model, for a low-SES individual ¢ € L, we have
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However, indirect connections also play a crucial role in the context of medical crowdfund-

EC;

ing, as well as in other important scenarios such as job referrals, marketing, and knowledge
diffusion. As emphasized by Jackson (2008), “much of the interest in networked relationships
comes from the fact that individual nodes benefit (or suffer) from indirect relationships.” In
medical crowdfunding, viewers from indirect connections (at depths greater than 1) are more
likely to have high SES, who are on average more likely to make substantial contributions
compared with directly connected viewers (at depth 1). Similar logic applies to other con-
texts. For instance, in job referrals, job seekers may not know potential employers directly,
and thus often connect with employers through intermediaries; in marketing, entrepreneurs
in poor regions often lack direct ties to individuals with high purchasing power, yet may still
reach wealthier potential customers via indirect connections.

We generalize the concept of economic connectedness (EC) as the degree to which people
with low and high SES are either directly or indirectly connected to each other through the
sharing network. For a low-SES fundraiser, her EC at depth k is the share of high-SES
depth-k viewers among all depth-k viewers divided by the share of high-SES people in the
community. Formally, for a low-SES fundraiser i € L, her depth-k EC is ECF = o (k)

© #H/#NC
Then, we define her generalized EC (GEC) as the average EC across all depths, weighted by

her ability to reach each depth as represented by the depth distribution A;:

GEC; = i A Ok)

o #H/#N
—_——
Depth-k EC (2)
1 GHH 1 & M
FHEN " L+ ol N g 21— W
Direct EC Indirect EC

This decomposition expresses GEC as the linear combination of direct EC and indirect
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EC, weighted by the proportion of views at depth 1.!* It highlights three components
of an individual’s generalized EC (GEC): (a) Direct EC, reflecting the extent to which
her immediate social circle includes high-SES individuals; (b) Indirect EC, capturing her
exposure to high-SES individuals through indirect connections, which is related to the EC
of her direct friends; (c¢) Depth distribution of her sharing network, representing her ability
to reach deeper layers, which governs the relative weights between direct and indirect EC.

Hence, our measures of network structure capture the third component of GEC. By
Proposition 1, a low-SES fundraiser’s indirect EC is always greater than her direct EC. Con-
sequently, a fundraiser with a more dispersed depth distribution exhibits a higher GEC by
placing more weight on the indirect component. Intuitively, for individuals in less-developed
regions, the capacity to reach beyond their immediate social circle through deep diffusion in
the online network enables access to higher-quality social capital.

In the following, we establish a proposition (Proposition 2) that mathematically shows
the relationship between our key measures of network structure and economic connectedness.

We first define a far-reaching transition of a depth distribution used in Proposition 2.

Definition 1 For an individual © € L whose sharing network has depth distribution A,
we define a far-reaching transition (j,k,e) of A as follows, where j k € Z* with j < k;
0<e< M.

The transition shifts A to a more narrow-but-far depth distribution A such that

(a) N =X —e, N = \F 4 ¢;

(b) For any positive integer £ # j or k, M=\

Proposition 2 For an individual i € L whose sharing network has depth distribution A,

we impose a far-reaching transition (j,k,e) on A, which yields a more narrow-but-far depth

distribution A. Consequently, her GEC, !, HHI and Entropy shift to éﬁ(/], rl, H\H/I, and

P

Entropy. [t follows that:

4Notably, the value of direct EC (i.e., depth-1 EC) coincides with EC in Chetty et al. (2022).
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(i) GEC > GEC;
(ii) Suppose j = 1. Then A\l < A!;

(ii) Suppose £ < A — Ak Then HHI < HHI, and Emy > Entropy.

Proof. See Appendix B.1.2. =

Proposition 2 suggests that, at the margin, GEC (as defined in equation (2)) moves in the
opposite direction with \!' and HHI, and in the same direction with entropy. Iterating over
multiple far-reaching transitions extends these relationships to more general cases. Thus,
the variation across these measures might reflect underlying differences in the fundraiser’s
(generalized) economic connectedness, which in turn helps explain inequality in fundraising

outcomes.

5.4 Extension: Tradeoff between pros and cons channels

The above discussion formally characterizes the “pros” channel-—reaching beyond homophily—
and delves into its implications. We now introduce the “cons” channel-—decaying altruism—
into the model to capture the tradeoff between two opposing forces, explore under what
conditions the pros channel dominates, and discuss the linkage with our empirical findings.
We begin with a model of individual donation decision to examine how viewers’ donation
behavior varies with SES and sharing network depths (i.e., social distance to the beneficiary).
We building our model on the canonical model of altruistic behavior (Andreoni, 1989, 1990,
2006) and specify a Cobb-Douglas utility function. We further assume that the viewer’s
altruistic level decreases exponentially with the depth—they care less about beneficiaries

who are more socially distant. Given a certain campaign, a viewer j at depth £ has utility:
U;(d) = log(w; — d) + a* log(D + d),

where d denotes her donation amount, w; is her initial wealth, and D represents the wealth

level of the fundraiser. The baseline altruistic level a € (0,1) is assumed to be constant.
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The viewer maximizes U;(d) subject to the constraint 0 < d < w;. By the first order

condition (FOC), the viewer’s optimal donation amount is

1+ak

b | ifafw - D >0,
S ) if o*w; — D < 0.

Comparative statics analysis shows that the optimal donation d; increases with her initial
wealth, w;, and decreases with her depth in the sharing network, k. The positive wealth
effect explains the association between donations and individual SES, which corresponds to
the pros channel. In our theoretical framework in Section 5.2, we incorporate this effect

_ wy ifjeH . .
by assuming that w; = " ) ‘7 , where wy > wy > 0. In addition, the decrease in
wy ifjeL
donations at higher depths corresponds to the cons channel of decaying altruism.

Then, we examine crowdfunding success at the campaign level. For a fundraiser ¢ whose
sharing network has a depth distribution A; and total number of views v, her expected total
donation amount is

O[ka —

D orw; — D
1+ ak H{ofwy — D >0} + (1 — ¢(k))————

& oF 1{ca*w, — D > 0}].

% =Y Nlo(k)

In order to compare different depth distributions, we continue to consider a far-reaching
transition (j,k,e) of A;. This corresponds to a small shift toward a distribution that is
more “narrow but far”, which is denoted by KI Consequently, the expected total donation
amount shifts to @Z If .IOZ > %; holds, then a sharing network that is more “narrow-but-far”
tends to generate more donations.

Based on our conceptual framework, this requires the pros channel to dominate the cons
channel. Intuitively, the tradeoff between two channels is governed by two key parameters:
the relative level of homophily 7 = £, and the level of altruism a.' Since reaching beyond
homophily becomes more valuable in highly homophilous networks, the strength of the pros

channel increases with . And since —In « is the decay rate of altruism with depth k, the

strength of the cons channel declines as the altruistic level « rises. Hence, when both r and

15y is related to ¢(k) in the expression of ;. By Proposition 1, if we assume that #H = #L, then ¢(-) is
uniquely determined by 7.
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« are large enough, the pros channel tends to outweigh the cons channel, implying that a
more “narrow-but-far” sharing network will raise more donations. Appendix B.3 illustrates
this mechanism by examining the case when j = 1 and k = 2, thereby exemplifying the
intuition and further clarifying the tradeoff between the two opposing channels.
Accordingly, our empirical findings are consistent with a high level of overall SES-based
homophily and a relatively low level of decrease in altruism with depth. Moreover, discussion
in Appendix B.3 suggests that higher level of wealth inequality (a higher %) may also
contribute to the strength of the pros channel, i.e., amplifying the gains from reaching beyond
homophily. Taken together, these insights highlight the background conditions specific to
the medical crowdfunding context that shape our empirical results, while also providing a
broader perspective on how the tradeoff between the two channels may shift under different

circumstances.

5.5 Alternative explanations

Besides reaching beyond homophily, several alternative explanations could potentially ac-
count for the main results in Section 4. In this subsection, we examine these alternatives
and show that their predictions are not consistent with the empirical patterns observed in the
data. The results, presented in Appendix Table A6, suggest that reaching beyond homophily

remains the most plausible explanation for our findings.

Unobserved fundraiser or campaign characteristics A first concern is that unob-
served fundraiser or campaign characteristics simultaneously promote both a “narrow-but-
far” sharing network and crowdfunding success. For example, campaigns that are inherently
more appealing or credible may both diffuse to greater depths and attract more donations,
generating a spurious correlation between network structure and fundraising outcomes.

We control for a rich set of observable characteristics in our main specifications in Ta-
ble 2. Panel A of Appendix Table A6 further addresses this concern by controlling for the

average donation amount per viewer at depth 1, which proxies for the baseline attractive-
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ness of the campaign absent broader diffusion. If unobserved campaign quality were driving
the main results, controlling for this measure should substantially attenuate the estimated
association between sharing network structure and fundraising performance. Instead, across
all three network measures—\!, HHI, and entropy—the coefficients on network structure
remain highly statistically significant and close in magnitude to the baseline estimates. This
evidence suggests that unobserved fundraiser or campaign characteristics are unlikely to fully

account for our main results.

Alternative off-platform fundraising channels A second alternative explanation is
that fundraisers may rely on off-platform fundraising channels, such as direct transfers or
offline donations, which primarily operate through depth-1 connections. Under this view, the
most altruistic or financially capable close contacts may contribute through these alternative
channels rather than on the platform. As a result, the remaining depth-1 viewers observed
on the platform may appear less valuable, mechanically increasing the relative importance
of more distant viewers and generating an apparent advantage of “narrow-but-far” sharing
networks even without the channel of reaching beyond homophily.

This explanation yields a testable empirical prediction. Patients with the same disease
type are likely to face similar medical needs; thus, holding disease type fixed, fundrais-
ers with lower target fundraising amounts are more likely to have access to off-platform
fundraising channels. Under the above explanation, fundraisers with fewer off-platform chan-
nels—proxied by higher target fundraising amounts within disease type—should exhibit a
weaker association between sharing network structure and crowdfunding performance, since
their depth-1 connections are less likely to have been “exhausted” through alternative chan-
nels.

Panel B of Appendix Table A6 tests this prediction by examining heterogeneity by rel-
ative target fundraising amount within disease type. Contrary to the prediction of this
explanation, the interaction terms indicate that the association between sharing network

structure and fundraising success is, if anything, stronger among fundraisers with higher
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target amounts. This pattern is inconsistent with the alternative fundraising channel expla-

nation.

Selection within depth versus reaching beyond homophily A third concern is that
the observed patterns reflect selection within each depth rather than genuine reaching beyond
homophily. Specifically, even if the underlying socioeconomic composition of viewers does
not change with depth, high-SES individuals at greater depths may be more likely to click
on the campaign link, creating an apparent gradient across depths without any change in
who is actually reached by the information diffusion process.

Crucially, this selection-based explanation does not predict systematic heterogeneity by
the fundraiser’s own socioeconomic status. In contrast, the reaching-beyond-homophily
mechanism implies that deeper diffusion should be particularly important for fundraisers
with lower socioeconomic status, who are less likely to reach high-SES donors through their
immediate networks. By comparison, fundraisers with higher socioeconomic status are ex-
pected to benefit less—and may even be disadvantaged—by more penetrating sharing net-
works.

Panel C of Appendix Table A6 evaluates this distinction by exploiting heterogeneity
by the GDP level of the beneficiary’s city of residence, which serves as a proxy for the
fundraiser’s socioeconomic status. The results show that the association between sharing
network structure and crowdfunding performance is significantly stronger for fundraisers
residing in lower-GDP cities. This pattern aligns with the predictions of the reaching-beyond-

homophily mechanism and is difficult to reconcile with a pure selection explanation.

6 Education and inequality in medical crowdfunding:

The role of network structure

The empirical and theoretical analyses presented in previous sections demonstrate that net-

work structure plays a crucial role in determining medical crowdfunding success. Specifically,
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“narrow but far” sharing networks, characterized by more dispersed network depth distri-
butions, are associated with significantly better fundraising outcomes. This relationship
appears to operate primarily through the channel of reaching beyond homophily, whereby
fundraisers with higher economic connectedness through the sharing network can access
donors with potentially higher socioeconomic status despite larger social distances.

These findings may offer important insights into the mechanisms underlying well-documented
disparities in crowdfunding success. Previous studies have identified several key determinants
of medical crowdfunding performance, including fundraiser characteristics such as age, edu-
cation, race, and geographic location (van Duynhoven et al., 2019; Kenworthy et al., 2020;
Zheng et al., 2023; Chen, 2025; Zhang et al., 2025). However, the channels through which
these characteristics influence fundraising outcomes remain poorly understood. Our frame-
work suggests that network structure may serve as a critical mechanism, explaining how
individual characteristics translate into differential crowdfunding outcomes.

To explore such a role of network structure empirically, we focus on education—one of the
most robust predictors of crowdfunding success as identified in prior studies. Educational
attainment is strongly associated with social capital accumulation (Glaeser et al., 2002),
making it an ideal case for examining how individual characteristics shape network structure
and, ultimately, influence fundraising outcomes. To establish the causal effect of educational
attainment, we employ the implementation of the Compulsory Education Law (CSL) in
China to construct an instrumental variable (IV). We then investigate whether network
structure can statistically account for the causal relationship between fundraisers’ education
and crowdfunding performance, thereby revealing the extent to which social networks serve

as a key driver of education-based disparities in crowdfunding success.

6.1 Empirical strategy

We first estimate the effect of fundraisers’ education on crowdfunding outcomes by exploiting

the implementation of the CSL in China as a quasi-experiment. We then examine the role
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of network structure variables in explaining such an effect statistically.

Measuring fundraisers’ education Since our original dataset does not contain direct
information on fundraisers’ educational attainment, we construct a measure of education
using microdata of Chinese population censuses in 2010 and 2015.'° Specifically, using the
census data, we calculate average years of schooling for each demographic cell defined by
birth year, gender, and prefecture of hukou registration, and then assign these values to
fundraisers based on their birth year, gender, and prefecture of hukou registration.

The cell average years of schooling exhibit strong predictive power for individual educa-
tional outcomes, with a correlation coefficient of 0.66 in the census data, which lends sup-
port to the validity of our imputation method. In terms of the Chinese context, educational
attainment exhibits substantial variations across cohorts and regions, as driven by major
policy shocks—such as the Cultural Revolution’s disruption of schooling and subsequent
educational expansion policies—as well as substantial disparities educational resources by
gender and across regions (Zhang and Kanbur, 2009; Li et al., 2017; Du et al., 2021), which
suggests that cohort-gender-prefecture cell average levels of education effectively captures

local educational opportunities available to difference demographic groups.

Estimating the effect of education We estimate the following equation:

}/jcg :BEdujcg+Xj’7+5c+Mg+5jcga (3)

where j denotes campaigns, and ¢ and ¢ stand for the prefecture and birth year of the

fundraiser, respectively. X; represents a set of campaign-level covariates, defined in the

16Since 1990, China has conducted a census every 10 years and an inter-census population survey (also
called a “mini-census”) at the midpoint year between two censuses, with a sampling fraction of 1%. We
use a pooled sample derived from (mini-)census in 2010 and 2015—a 0.35% sample of census 2010 and
15% of mini-census 2015. Pooling microdata of the two censuses helps increase the sample size and reduce
the measurement error when imputing education using average levels in cohort-prefecture-gender cells. In
addition, in the analysis of education effects, we exclude crowdfunding campaigns involving beneficiaries
younger than 15 years (who have typically not completed compulsory education), because for these young
beneficiaries, it is more likely the education level of their parents rather than themselves that influences
social capital and fundraising outcomes. The final sample for the analysis involving education contains 4,131
campaigns.
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same way as in equation (1). 6. and p, represent prefecture and cohort fixed effects, re-
spectively. The key explanatory variable in this equation is Edu;.,, which is the defined
as average years of schooling in the gender-prefecture-cohort cell for the fundraiser of cam-
paign j as constructed above using census data. While this imputation approach introduces
classical measurement error that may attenuate our estimate of § in equation (3), it does
not compromise the validity of our instrumental variable strategy based on the CSL reform
in China that we introduce below, which creates quasi-experimental variations in education
across cohorts and regions. ¢j., is the error term. Standard errors are clustered at the
prefecture-cohort level.

To address potential endogeneity concerns regarding Eduj., in equation (3), we exploit
exogenous variation in educational attainment generated by the Compulsory Schooling Law
(CSL) reform. The nationwide CSL in China was passed on April 12, 1986, and officially
took effect on July 1, 1986. This landmark legislation mandated 9 years of compulsory ed-
ucation for all children aged 6 and above, making education free of charge and prohibiting
the employment of school-age children. A key feature of the CSL implementation was that
provinces were allowed to have different effective dates due to varying resource constraints
and development levels. Most provinces implemented the law between 1986 and 1987, while
some provinces in less developed regions implemented it as late as the early 1990s. This stag-
gered implementation creates temporal variation in exposure to the reform across provinces.

Following the literature (Du et al., 2021; Huang et al., 2025), we construct our instru-
mental variable (IV) of individuals’ exposure to the CSL reform, Exposure.,. The variable
is constructed based on one’s age at the reform, which is determined by their birth year
and the effective year of the CSL in their province of hukou registration. The CSL exposure
measure equals 1 for individuals fully eligible for compulsory education (aged 6 or below
when the law took effect), 0 for those completely ineligible (aged 15 or above), and varies
linearly for those partially affected. We use this variable of CSL exposure as the instrument

for Eduj., in equation (3).
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Validity of the CSL instrument using an event-study approach To provide ev-
idence in support of the validity of our IV approach, we examine the dynamic effects of
CSL exposure using an event-study specification. This approach allows us to assess whether
the reform’s impact on education and crowdfunding outcomes follows the expected pattern
based on individuals’ CSL eligibility status. Note that our IV approach is essentially akin
to a cohort difference-in-differences (DID) setting, and the event-study specification helps
speak to the parallel trend assumption required for the DID identification.

Figure 6 presents the event-study results for both schooling years (Panel A) and log do-
nation amount (Panel B). The horizontal axis represents individuals’ age (in 3-year bins)
when the CSL became effective in their province of birth, with negative values indicating
younger ages. The two vertical dashed lines divide cohorts into three distinct groups: indi-
viduals who were completely ineligible for the reform (aged 16 or above, to the left of the
left line), those who were partially eligible (aged 7-15, between the two lines), and those
who were fully eligible (aged 6 or below, to the right of the right line). In the event-study
specification, those who were aged 16-18 when the CSL was implemented are treated as the
omitted group. In Panel A, we find that for ineligible cohorts, the coefficients are indis-
tinguishable from zero, which aligns with the absence of differential pre-trends and lends
support for our identification. For partially eligible cohorts, the coefficients show a smooth
upward trend, indicating larger of longer exposure to the CSL. The trend in coefficients
becomes relatively flat for completely eligible cohorts. This pattern aligns precisely with the
theoretical expectations based on the eligibility status, lending credibility to our instrumen-
tal variable approach. Furthermore, in Panel B, we observe a highly similar pattern when
using log fundraising amount as the dependent variable, suggesting that the impact of the
CSL exposure is also less likely to be confounded by unobserved factors that systematically

influence the fundraising performance.

Exploring the role of network structure To examine whether network structure serves

as a mechanism through which education affects crowdfunding performance, we perform our
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analysis in two steps. First, we investigate whether individuals with higher educational at-
tainment indeed exhibit network structure characteristics that are more conducive to success-
ful fundraising—mnamely, “narrow but far” sharing networks—as documented in our previous
analyses. To this end, we estimate equation (3) with our measures of network structure—
A, HHI, entropy—as dependent variables. If education facilitates access to social capital
that enables individuals to reach beyond their immediate social circles, we expect higher
education to be associated with lower \!' and HHI, and higher entropy.

Second, we assess the extent to which network structure can statistically account for the
causal relationship between education and crowdfunding outcomes. We incorporate the net-
work structure variables as additional controls in the regression of total fundraising amount
on educational attainment. If network structure serves as a key mechanism underlying the
impact of education, we would expect the coefficient on education to become substantially
smaller in magnitude and potentially statistically insignificant when controlling for these

network measures.

6.2 Results and discussion

We now discuss our estimation results about the relationship among education, network
structure, and crowdfunding performance. We first show how education shapes network
structure and influences fundraising outcomes, and then investigate the role of network

structure underlying the education effect on fundraising success.

The effect of education on network structure and fundraising success Table 4
presents our results based on equation (3). To begin with, Panel A reports the relationship
between education and network structure attributes. For each dependent variable, the first
column shows the OLS estimates, while the second column shows the 2SLS estimates using
the CSL exposure IV. The OLS results show that an increase in schooling years is associated
with a decreased proportion of views from depth 1 (A') and HHI, and an increased value of

entropy. Figure 7 presents binscatter plots illustrating the correlations between our network
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structure measures and schooling years, which reveal linear relationships consistent with our
regression specification.

The IV estimations confirm a considerable effect of education. The OLS results under-
estimate the impact of schooling years in absolute value, suggesting that some uncontrolled
factors in the error term are positively correlated with Fdu;., and hence dampens the magni-
tude of 4 in equation (3) in the OLS estimation. This result is probably due to a measurement
error in Eduj., (potentially because of the imputation method), or an omitted variable bias.
For example, areas with stronger Confucius cultural tradition may invest more in formal ed-
ucation in response to economic development while maintaining dense kinship-based social
structures with high social network concentration.

Taking the IV estimates in columns (2), (4), and (6) as the baseline, an additional year
of schooling would induce a 5.037 percentage point (21 percent relative to the sample mean)
decrease in the proportion of views from depth 1, a lower HHI by 0.039 (15 percent), and
an increase in the value of entropy by 0.122 (5 percent). These effects are of high economic
significance. Additionally, in the IV regressions, the first stage F-statistic is well above 10,
alleviating the concern about weak instruments.

We then delve into the effect of education on medical fundraising performance. Panel A of
Figure 8 reveals a positive correlation between schooling years and log total donation amount.
In Table 4, Panels B and C present the OLS and IV estimates in column (1), respectively.
The OLS result confirms a positive and statistically significant association between schooling
years and log total donation amount. The IV estimate is larger in magnitude compared to
the OLS, potentially due to the measurement error in the imputed schooling years variable.
In the IV estimation, an additional year of schooling is associated with an approximately
19.0 percent (= exp(0.174) — 1) increase in the total amount raised. This finding aligns
with prior studies that education serves as a key determinant of medical fundraising success

(Zheng et al., 2023; Chen, 2025).

The role of network structure in explaining the education effect Most importantly,
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our results demonstrate that network structure variables possess remarkable statistical ex-
planatory power for the education effect on crowdfunding outcomes. Panels B-D of Figure
8 show that the association between years of schooling and the log total donation amount
attenuates when we control for each network structure measure. In Panel C of Table 4, when
we include the proportion of views from depth 1 (A!) as an additional control in column (2),
the coefficient on education drops dramatically from 0.174 to -0.052 in the IV estimation
and becomes statistically insignificant. Similarly, when controlling for the HHI in column
(3), the education coefficient becomes -0.071 and loses statistical significance. When entropy
is included in column (4), the education coefficient reduces to -0.018, again statistically in-
distinguishable from zero. These results provide compelling evidence that network structure
appears to serve as a primary channel through which education affects crowdfunding success.
The substantial reduction in both the magnitude and statistical significance of the coeffi-
cient on schooling years suggests that our network structure measures capture much of the
mechanism underlying the impact of education on fundraising outcomes. Additionally, the
OLS results in columns (2)—(4) of Panel B reveal similar patterns: the inclusion of network
structure variables make the coefficient on education become much smaller in magnitude and

statistically insignificant.

Network structure versus network scale To further confirm that our findings reflect
the role of network structure attributes rather than their correlations with the network scale,
we further examine whether other network-related variables can similarly account for the edu-
cation effect. In columns (5) through (8) of both Panels B and C, we control for total number
of views, total shares to Group Chats, and total shares to WeChat Moments—variables that
capture the network scale and intensity of sharing activity but not the structural character-
istics of the sharing network.

The results reveal a striking contrast. Unlike our network structure measures, these
variables related to the network scale fail to substantially diminish the effect of education.

In the OLS results (Panel B), the inclusion of these network scale measures merely changes
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the estimated coefficient on schooling years, in terms of either coefficient size or statistical
significance. The IV estimations in Panel C reveal consistent patterns. When controlling for
total views in column (5), the education coefficient remains at 0.139 and stays statistically
significant at the 10% level. When controlling for shares to group chats in column (6), the
coefficient is 0.109, and when controlling for shares to WeChat Moments in column (7), it
remains 0.146 and maintains statistical significance. Even when controlling for all three
network scale variables simultaneously in column (8), the education coefficient is 0.131 and
remains statistically significant.

The consistent patterns across both OLS and IV estimations demonstrate that the ex-
planatory power we observe is specifically attributable to network structure characteristics
rather than general network activity levels. While network scale variables such as total
views and shares are certainly important for fundraising success (as evidenced by their pos-
itive and statistically significant coefficients), they do not appear to be the primary mecha-
nism through which education influences crowdfunding outcomes. Instead, it is the specific
structural property of the sharing network—how far the information flow can reach along
the online social network—that accounts for the impact of education on fundraising perfor-
mance. These findings underscore the importance of social capital “quality” over “quantity”

in medical crowdfunding contexts.

7 Concluding remarks

Unexpected shocks, such as severe diseases, can have large adverse effects on welfare. In set-
tings where formal insurance is incomplete, these shocks undermine consumption smoothing,
trigger liquidity crises, and may lock households into long-term poverty. Social networks,
functioning as informal insurance, play a critical role in helping individuals bridge short-run
gaps. Online medical crowdfunding is a prominent digital manifestation of this process. Yet

individuals occupy different positions in social networks and connect to others with vary-
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ing strength. Hence, the structure of these networks reflects a form of social capital, and
campaign performance can be viewed as a realization of that capital. Consistent with this
conceptual link, our evidence indicates a strong association between network structure and
medical crowdfunding performance.

Leveraging a large administrative dataset with information diffusion records, we demon-
strate that campaigns whose sharing networks penetrate farther—i.e., with lower concen-
tration at depth 1 and greater dispersion across depths—systematically raise more funds.
Guided by a model, we interpret this pattern as the joint effect of two opposing forces: a
“pros” channel (reaching beyond homophily to higher-SES potential donors with greater
capacity) and a “cons” channel (altruism that decays with social distance). Our empirical
findings and Monte Carlo experiment validate the pros channel and indicate its dominance in
this context. Conceptually, this highlights the role of a generalized definition economic con-
nectedness, especially its indirect component enabled by online diffusion: reaching socially
distant but financially capable individuals.

These insights carry both academic and policy implications. On the academic side, we
contribute to work on social networks, social capital and medical crowdfunding by proposing
a tractable framework to measure and analyze how depth dispersion in diffusion maps into
economic outcomes. We also extend the notion of economic connectedness beyond direct
friendships to include connections realized through multilayer diffusion on platforms, thereby
linking static network snapshots to dynamic information flows. Our analysis of education
further suggests that at least part of the education effect in crowdfunding success operates
through network structure, which is a kind of mechanism that can provide insights on social
capital and inequality.

On the policy side, our findings underscore the costs of homophily: when networks re-
main “wide but near”, disadvantaged fundraisers are less likely to reach higher-SES donors.
Interventions that expand cross-SES connectedness can therefore improve access to resources

and enhance informal insurances. For platforms, diffusion-aware tools may help: forecasting
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models that use current diffusion paths and depth dispersion; prompts and product fea-
tures that encourage shares to reach beyond the immediate circle; and targeted assistance
for campaigns with limited connectedness. More broadly, the “pros-cons” lens can inform
information diffusion strategy in related domains—public-health messaging, marketing, job
referrals, and social-good campaigns—where deeper reach may trade off against weaker ties.

The relationship between network structure and crowdfunding performance remains an
open area, and future research may advance along four directions. First, causal identification
of network structure’s effects on crowdfunding outcomes warrants further progress, ideally
via exogenous shifts in social capital or experimentally manipulated sharing incentives. Sec-
ond, much remains to be learned about additional facets of network structure—clustering,
degree distributions, density, and other micro-structures—and how they shape crowdfund-
ing success and the effectiveness of informal insurance; this will require detailed data on
the information diffusion process and underlying social network. Third, future work could
deepen the study of reaching beyond homophily, refine the definition and dynamics of eco-
nomic connectedness, and explore complementary mechanisms. Fourth, researchers could
examine whether network structure accounts for the effects of additional determinants of
medical crowdfunding success beyond education. While these questions extend beyond the
present study, the framework here offers a useful starting point for understanding how social

networks—especially their structure—shape economic outcomes in the digital economy.
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Figures and tables

Figure 1: The distribution of total donation amounts across campaigns
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Notes: This figure plots the distribution of total donation amounts in our campaign-level sample. The
numbers on the top of each bar indicate the number of campaigns within each range of donation amounts.
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Figure 2: Depth distributions of campaigns with different fundraising outcomes
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Notes: This figure compares the average depth distributions between campaigns with total donation
amounts below the sample median (Panel A) and above the sample median (Panel B) in our campaign-
level sample. The height of each bar represents the average proportion of views from the corresponding
depth across campaigns within the subsample.
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Figure 3: Illustration of two types of sharing network structure (holding #views constant)

Panel A. A “wide but near” sharing network  Panel B. A “narrow but far” sharing network
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Notes: This figure illustrates two types of sharing network structure, namely the “wide but near” type
(Panel A) and the “narrow but far” type (Panel B), holding the total number of views constant. Each
node represents a view of the campaign web page from a viewer. The directed connections represent the
diffusion path of the campaign’s link.
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Figure 4: Distributions of measures of sharing network structure
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Notes: This figure illustrates the distribution of three key measures of the sharing network structure
across campaigns: the proportion of views from depth 1 (Panel A), the HHI (Panel B), and entropy
(Panel C). The height of each bar represents the fraction of campaigns falling within the corresponding

bin.
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Figure 5: Correlations between medical crowdfunding performance and measurements of
sharing network structure (binscatter plots)
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Notes: The figures show binned scatter plots, where we compute the average log total donation amount
for each given level of the proportion of views from depth 1 (Panel A), the HHI (Panel B), or entropy
(Panel C). In each panel, campaigns are divided into 20 equal-sized bins based on the value of the
horizontal line variable, and the red line represents the linear fitted line.
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Figure 6: The impact of exposure to the Compulsory Schooling Law: Event-study results
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Notes: In the figures, the x-axis represents the beneficiary’s age when CSL was implemented in her
province of residence. The vertical dashed lines separate groups with different levels of eligibility for
CSL based on their age at implementation. The y-axis represents the coefficients and 95% confidence
intervals from regressions of schooling years (Panel A) or log donation amount (Panel B) on dummy
variables indicating different age groups. The regressions omit beneficiaries aged 16 to 18 when CSL was
implemented as the comparison group. Both city fixed effects and birth year fixed effects are controlled.
Confidence intervals are based on standard errors clustered at the campaign level.
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Figure 7: Correlations between schooling years and measurements of sharing network
structure (binscatter plots)
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Notes: The figures show binned scatterplots that compute the average proportion of views from depth 1
(Panel A), HHI (Panel B), or entropy (Panel C) for each given level of the beneficiary’s imputed schooling
years, after controlling for city fixed effects. The bins are constructed such that each dot represents the
same number of campaigns. The red lines represent the fitted linear regression line.
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Figure 8: Correlation between medical crowdfunding performance and schooling years: The

role of network structure (binscatter plots)
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Notes: Panel A displays binned scatter plots, where we compute the average log total donation amount
for each given level of the beneficiary’s imputed schooling years. In Panels B-D, the average log total
donation amount is residualized with respect to the proportion of views from depth 1, HHI, and entropy,
respectively. City fixed effects are controlled in all four panels. In each panel, campaigns are divided
into 20 equal-sized bins based on the value of the horizontal line variable, and the red line represents the
linear fitted line.
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Table 1: Summary statistics

Variable Obs. Mean Median SD Min Max
Panel A. Medical crowdfunding performance

Total donation amount (yuan) 4,569 11,522.9 7,706 12,739.1 1 81,562
Log total donation amount 4,569 8.633 8.950 1.551 0 11.309
Completion progress (%) 4,569 5.765 3.980 6.390 0.000 97.512
Panel B. Measures of network structure

Proportion of views from depth 1 (%) 4,569 24.332 18.556 20.383 0 100
HHI 4,569 0.253 0.208 0.174 0.000 1
Entropy 4,569 2.258 2.419 0.669 0 3.252
Panel C. Other campaign characteristics

Total number of views 4,569 4,144.1 2,730 4,698.5 2 48,961
Total shares to Group Chats 4,569 50.176 33 63.823 0 1,293
Total shares to WeChat Moments 4,569 158.752 101 196.490 0 2,662
Target fundraising amount (yuan) 4,569 216,441.2 200,000 111,322.3 10,000 600,000
# pictures on the web page 4,569 8.301 8 3.032 0 16
Length of content on the web page 4,569 927.128 886 247.704 103 2,988
Length of title of the web page 4,569 23.928 24 1.671 ) 32
Age 4,569 46.786 51 18.632 0 92
Female (yes=1) 4,569 0.360 0 0.480 0 1
Cancer (yes=1) 4,569 0.319 0 0.466 0 1
Commercial insurance (yes=1) 4,569 0.263 0 0.440 0 1
Medical insurance (yes=1) 4,569 0.893 1 0.309 0 1

Notes: This table presents the summary statistics of our campaign-level sample. SD stands for standard
x 100%. In Panel C, the length of

deviations. In Panel A, completion progress =

total donation amount

target fundraisin
contents on the web page and the length of title are in terms of the number of Chinese characters.

%)

amount
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Table 3: Results of the Monte Carlo experiment (#N=1,000)

#H p q v 0 (%)  02(%)  03(%)  0s(%) 05 (%)
300 0.3 0.1 100 13.20 13.69 15.09 15.84 16.52
300 0.3 0.1 500 13.10 14.05 14.70 15.33 16.47
300 0.3 0.1 1,000 13.09 13.98 14.85 15.54 16.48
300 0.3 0.3 100 29.35 29.30 30.41 30.09 30.10
300 0.3 0.05 100 7.55 7.63 8.58 8.96 9.30
300 0.5 0.1 100 8.75 8.96 9.86 10.41 10.68
300 0.5 0.3 100 20.78 20.87 23.02 23.52 24.03
300 0.5 0.05 100 4.79 4.82 5.49 5.57 5.89
300 0.1 0.05 100 18.41 18.79 20.52 21.11 21.56
500 0.3 0.1 100 25.96 29.61 33.85 36.85 39.85
500 0.3 0.1 500 26.34 30.49 32.75 36.17 40.25
500 0.3 0.1 1,000 26.46 30.40 32.99 36.53 40.28
500 0.3 0.3 100 49.31 49.33 50.68 49.86 49.82
500 0.3 0.05 100 15.42 18.60 22.02 26.00 30.16
500 0.5 0.1 100 17.86 21.31 25.17 29.10 32.60
500 0.5 0.3 100 37.62 40.46 43.60 44.35 46.38
500 0.5 0.05 100 10.40 12.49 14.73 18.55 22.06
500 0.1 0.05 100 33.91 37.19 40.25 42.17 44.57

Notes: This table presents the results of the Monte Carlo experiment aiming to investigate the relationship
between depth distribution and the proportion of views from high-SES individuals. #N is the population
size, which is fixed at 1,000. Four variable parameters #H, p, g, and v, are respectively the number of
high-SES individuals, the probability that two individuals of the same group are connected, the proba-
bility that two individuals of different groups are connected, and total number of views. We specify 18
sets of parameters. For each set of parameters, we generate 100 underlying social networks, and simu-
late 100 sharing networks on each underlying social network. 61 to 65 are the average proportion of views
from high-SES individuals across all 10,000 simulated networks with depth distribution P; to P5, where
P, = %(907 10,0,0,0,0,0,0,0,0); Py = T%O(65,20, 10,5,0,0,0,0,0,0); P35 = ﬁ(50,30, 10,5,5,0,0,0,0,0);
Py = 15(35,30,10,10,5,5,5,0,0,0); P5 = 1(1]—0(20,30, 10,10,5,5,5,5,5,5). Most sets of parameters will
generate homophilous network structures. Notably, there are two sets of parameters in which p=q, and their
consequent simulated networks are equivalent to random networks without homophilous structure.
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Table 4: Education, network structure, and medical crowdfunding performance

Panel A. Education and network structure

Dependent variable: Al HHI Entropy
OLS 2SLS OLS 2SLS OLS 2SLS
(1) (2) 3) (4) (5) (6)
Schooling years -0.777* -5.037*** -0.008** -0.039*** 0.037*** 0.122%**
(0.443) (1.292) (0.004) (0.010) (0.014) (0.044)
Dep. var. mean 24.300 24.300 0.253 0.253 2.252 2.252
Observations 4,131 4,131 4,131 4,131 4,131 4,131
R? 0.175 0.196 0.197
First-stage F-statistic 136.97 136.97 136.97
Panel B. OLS estimation
Dependent variable: Log donation amount
(1) (2) (3) (4) () (6) (7) (8)
Schooling 0.069** 0.035 0.020 0.010 0.043* 0.060** 0.059** 0.043*
years (0.031) (0.024) (0.021) (0.021) (0.025) (0.028) (0.027) (0.026)
Al -0.044***
(0.002)
HHI -6.226***
(0.168)
Entropy 1.574%**
(0.041)
# Views 0.021*** 0.020***
(0.001) (0.002)
# Shares to 1.237+** 0.221***
Group Chats (0.136) (0.069)
# Shares to 0.453*** -0.045
Moments (0.030) (0.045)
Dep. var. mean 8.590 8.590 8.590 8.590 8.590 8.590 8.590 8.590
Observations 4,131 4,131 4,131 4,131 4,131 4,131 4,131 4,131
R2 0.242 0.515 0.616 0.604 0.499 0.397 0.449 0.501
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Table 4: Education, network structure, and medical crowdfunding performance (continued)

Panel C. 25LS estimation (IV: CSL reform exposure)

Dependent variable: Log donation amount
(1) (2) (3) (4) () (6) (7) (8)
Schooling 0.174* -0.052 -0.071 -0.018 0.139* 0.109 0.146* 0.131*
years (0.093) (0.077) (0.071) (0.069) (0.071) (0.082) (0.077) (0.071)
Al -0.045%**
(0.002)
HHI -6.274**
(0.174)
Entropy 1.579***
(0.043)
# Views 0.021*** 0.020***
(0.001) (0.002)
# Shares to 1.220*** 0.195%**
Group Chats (0.135) (0.069)
# Shares to 0.452%** -0.040
Moments (0.031) (0.047)
Dep. var. mean 8.590 8.590 8.590 8.590 8.590 8.590 8.590 8.590
Observations 4,131 4,131 4,131 4,131 4,131 4,131 4,131 4,131

First-stage F 136.97 136.65 138.23 138.29 139.15 136.81 137.89 139.66

Notes: This table presents estimates from OLS and 2SLS regressions examining the associations between
education, sharing network structure, and medical crowdfunding performance. Panels B and C further
compare the explanatory power of network structure measures with that of other important network variables.
The control variables include the beneficiary’s gender, cancer status, and insurance status, the campaign’s
target fundraising amount, and the number of images, content length, and title length of the campaign
on the platform. We exclude campaigns with beneficiaries younger than 15 years, who have typically not
completed compulsory education. We drop four observations with imputed schooling years less than 2. In
OLS estimations, city fixed effects and 10-year cohort fixed effects are controlled. Standard errors in the
parentheses are clustered at the city-cohort level. In 2SLS estimations, we use exposure to the Compulsory
Schooling Laws (CSL) reform as the instrumental variable for schooling years, which is one if the individual is
fully eligible for the law (i.e., aged 6 or below when the law took effect) and zero if the individual is ineligible
(i.e., aged 15 or above when the law took effect). For those aged between 6 and 15 when the law took
effect, we assume that the CSL reform exposure dummy changes linearly with age. In 2SLS estimations, we
apply finer cohort fixed effects. Each cohort consists of individuals of a specific age, except that age groups
whose maximum CSL exposure is below 0.5 are classified as the control cohort, and those whose minimum
exposure exceeds 0.5 are classified as the treated cohort. Standard errors in the parentheses are clustered at
city-cohort level. Asterisks indicate the significance level: * p<0.1, ** p<0.05, *** p<0.01.
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Online Appendix

A Additional figures and tables

Figure A1l: The distribution of GDP per capita in beneficiaries’ cities of residence
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Notes: This figure plots the distribution of 2019 GDP per capita in beneficiaries’ hometown prefectures
in our campaign-level sample. The vertical lines represent the national median and national average of
2019 GDP per capita weighted by prefecture-level population.



Figure A2: Historical donations at different depths: Estimated and model-fitted coefficients
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Notes: The blue dots with vertical bars report coefficients and 95% confidence intervals from regressions
of an indicator for a viewer’s historical donation on dummy variables for depths 1 through 10. The sample
is at the view level. The regression omit views from depth 1 as the comparison group. Campaign fixed
effects are controlled. Confidence intervals are based on standard errors clustered at the campaign level.
The red diamonds plot model-fitted coefficients obtained by minimizing the squared error loss based on
the model in Section 5.2, and the red dashed line connects these points to illustrate the exponential

functional form. The minimized loss is 1.5 x 107°.



Figure A3: Viewer characteristics at different depths
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Notes: The figures plot the coefficients and 95% confidence intervals from regressions of different viewer
characteristics on dummy variables indicating depths 1 through 10. The sample is at the view level. The
regressions omit views from depth 1 as the comparison group. Campaign fixed effects are controlled. In

Panel C, we also control viewers’ city fixed effects. Confidence intervals are based on standard errors
clustered at the campaign level.



Figure A4: Within-viewer donation amount across depths
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Notes: This figure plot the coefficients and 95% confidence intervals from regression of donation amount
on dummy variables indicating depths 1 through 10. The view-level subsample includes only views
from viewers who have viewed more than one campaign. The regression omit views from depth 1 as
the comparison group. Both viewer and campaign fixed effects are controlled. Confidence intervals are
based on standard errors clustered at the viewer-campaign level.



Figure A5: Parameter regions where the pros channel dominates the cons channel
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Notes: Based on the model in Section 5.4 and Appendix B.3, this figure shows the regions of the (r, a)

plane where z > 9; (labeled “True”) for the case j = 1 and k = 2. Here, r denotes the relative level

of homophily, « the baseline altruistic level, and Z; > Z; indicates that the pros channel dominates the
cons channel. The panels correspond to varying wealth levels of low-SES and high-SES groups relative to
the fundraiser. In the model, r,a € (0,1). However, under the wealth settings in each of the four panels,

the condition Z; > Z; never holds when a < 0.5. Therefore, we omit the region where o € (0,0.5).
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Table A2: Network structure and average donation amount per viewer

Dependent variable: Log average donation amount per viewer
(1) (2) (3) (4) (5) (6)
Al -0.003*** -0.003***
(0.001) (0.001)
HHI -0.279** -0.272**
(0.125) (0.129)
Entropy 0.071*** 0.071***
(0.025) (0.025)
# Shares to Group Chats 0.042** 0.040** 0.041**
(0.016) (0.017) (0.016)
# Shares to Moments -0.027*** -0.026*** -0.028***
(0.005) (0.005) (0.005)
Dependent variable mean 0.964 0.964 0.964 0.964 0.964 0.964
Baseline controls No Yes No Yes No Yes
Observations 4,569 4,569 4,569 4,569 4,569 4,569
R? 0.249 0.275 0.247 0.272 0.247 0.273

Notes: This table presents the results from the regressions of log average donation amount per viewer on
our three measures of the sharing network structure. Baseline controls include the beneficiary’s age, gender,
commercial and medical insurance status, an indicator for cancer, the campaign’s target fundraising amount,
and the number of pictures, content length, and title length of the campaign on the platform. Total shares to
Groups Chats, and total shares to Moments are in hundreds. We include city fixed effects and an indicator
equal to one if all views occur at depth 1. Standard errors in the parentheses are clustered at the city level.
Asterisks indicate the significance level: * p<0.1, ** p<0.05, *** p<0.01.



Table A3: Robustness check

Network variable: Al HHI Entropy
(1) (2) 3) (4) () (6)
Panel A. Dependent variable: Log total number of views
Network variable -0.046*** -0.041*** -6.162*** -5 711 1.602*** 1.477%*
(0.001) (0.001) (0.123) (0.125) (0.029) (0.032)
Dep. var. mean 7.669 7.669 7.669 7.669 7.669 7.669
Observations 4,569 4,569 4,569 4,569 4,569 4,569
R? 0.438 0.541 0.581 0.656 0.583 0.651
Panel B. Dependent variable: Completion Progress (%)
Network variable -0.096*** -0.102%** -12.327%  -13.268*** 3.456%** 3.679***
(0.004) (0.004) (0.456) (0.514) (0.123) (0.131)
Dep. var. mean 5.765 5.765 5.765 5.765 5.765 5.765
Observations 4,569 4,569 4,569 4,569 4,569 4,569
R? 0.094 0.302 0.112 0.321 0.131 0.336
Panel C. Network variables based on donation distribution across depths
Network variable -0.034*** -0.030%** -5.304*** -4.970%** 1.523*** 1.434***
(0.001) (0.001) (0.130) (0.138) (0.035) (0.037)
Dep. var. mean 8.633 8.633 8.633 8.633 8.633 8.633
Observations 4,569 4,569 4,569 4,569 4,569 4,569
R? 0.281 0.420 0.506 0.600 0.521 0.608
Panel D. Excluding campaigns with highest and lowest 5% donation amounts
Network variable -0.028*** -0.026*** -4.132%%* -3.873%** 1.046*** 0.973***
(0.001) (0.001) (0.172) (0.166) (0.029) (0.030)
Dep. var. mean 8.765 8.765 8.765 8.765 8.765 8.765
Observations 4,106 4,106 4,106 4,106 4,106 4,106
R? 0.216 0.369 0.291 0.431 0.328 0.456
Panel E. Excluding campaigns with highest and lowest 5% values of the network variable
Network variable -0.045%** -0.039*** -7.693*** -7.073%** 1.549*** 1.403***
(0.002) (0.002) (0.203) (0.207) (0.041) (0.042)
Dep. var. mean 8.769 8.769 8.758 8.758 8.759 8.759
Observations 4,109 4,109 4,110 4,110 4,110 4,110
R? 0.237 0.397 0.395 0.523 0.376 0.507
Panel F. Excluding campaigns with beneficiary age below 18 or above 70
Network variable -0.050*** -0.046*** -6.730** -6.375*** 1.687*** 1.587***
(0.002) (0.002) (0.157) (0.166) (0.040) (0.042)
Dep. var. mean 8.629 8.629 8.629 8.629 8.629 8.629
Observations 3,740 3,740 3,740 3,740 3,740 3,740
R? 0.411 0.528 0.535 0.629 0.516 0.612
Baseline controls No Yes No Yes No Yes
City fixed effects No Yes No Yes No Yes




Table A3: Robustness check (continued)

Network variable: Pt HHI Entropy
(1) (2) 3) (4) () (6)
Panel G. Ezxcluding campaigns with beneficiaries in coastal prefectures
Network variable -0.047** -0.043*** -6.182*** -5.801*** 1.612*** 1.498***
(0.002) (0.002) (0.194) (0.195) (0.042) (0.044)
Dep. var. mean 8.612 8.612 8.612 8.612 8.612 8.612
Observations 3,983 3,983 3,983 3,983 3,983 3,983
R? 0.379 0.501 0.482 0.586 0.489 0.584
Panel H. Excluding campaigns with beneficiaries in provincial capitals and municipalities
Network variable -0.047*** -0.043*** -6.288*** -5.925%** 1.643*** 1.535%**
(0.002) (0.002) (0.187) (0.186) (0.042) (0.043)
Dep. var. mean 8.637 8.637 8.637 8.637 8.637 8.637
Observations 4,049 4,049 4,049 4,049 4,049 4,049
R2 0.382 0.506 0.498 0.603 0.501 0.597
Panel I. Excluding campaigns with beneficiaries with commercial insurance coverage
Network variable -0.045%** -0.042%** -6.010%** -5.T14%* 1.598*** 1.509***
(0.002) (0.002) (0.205) (0.199) (0.045) (0.046)
Dep. var. mean 8.510 8.510 8.510 8.510 8.510 8.510
Observations 3,348 3,348 3,348 3,348 3,348 3,348
R2 0.373 0.504 0.475 0.587 0.490 0.592
Panel J. Excluding campaigns with fundraising target less than or equal to 20,000 yuan
Network variable -0.046*** -0.042%** -6.143*** -5.809*** 1.600*** 1.498***
(0.002) (0.002) (0.180) (0.183) (0.039) (0.041)
Dep. var. mean 8.662 8.662 8.662 8.662 8.662 8.662
Observations 4,521 4,521 4,521 4,521 4,521 4,521
R2 0.366 0.489 0.473 0.580 0.483 0.580
Panel K. Excluding campaigns with all views from depth 1
Network variable -0.044*** -0.039*** -6.345%** -5.836*** 1.556*** 1.421%**
(0.001) (0.002) (0.208) (0.208) (0.040) (0.041)
Dep. var. mean 8.704 8.704 8.704 8.704 8.704 8.704
Observations 4,498 4,498 4,498 4,498 4,498 4,498
R? 0.307 0.453 0.426 0.547 0.441 0.554
Baseline controls No Yes No Yes No Yes
City fixed effects No Yes No Yes No Yes

Notes: This table displays robustness checks on the main results in Table 2. Baseline controls include the
beneficiary’s age, gender, commercial and medical insurance status, an indicator for cancer, the campaign’s
target fundraising amount, and the number of pictures, content length, and title length of the campaign
on the platform. Standard errors in the parentheses are clustered at the city level. Asterisks indicate the

significance level: * p<0.1, ** p<0.05, *** p<0.01.



Table A4: Network structure and medical crowdfunding performance: CEM-matched
subsample estimates

Dependent variable:

Log donation amount

(1) (2) (3) (4) (5) (6)
Panel A. CEM estimates for \!
Above-med. A! dummy -1.065***  -0.996*** -0.567***  -0.395"**
(0.049) (0.058) (0.041) (0.054)
Al -0.042%** -0.026***
(0.002) (0.002)
Dep. var. mean 8.633 8.635 8.635 8.633 8.357 8.357
Observations 4,569 3,821 3,821 4,569 2,783 2,783
R? 0.334 0.247 0.431 0.530 0.478 0.570
Panel B. CEM estimates for HHI
Above-med. HHI dummy -1.289***  -1.236*** -0.730***  -0.481***
(0.046) (0.048) (0.039) (0.047)
HHI -5.743*** -3.901%**
(0.208) (0.246)
Dep. var. mean 8.633 8.657 8.657 8.633 8.389 8.389
Observations 4,569 3,789 3,789 4,569 2,677 2,677
R2 0.376 0.305 0.526 0.544 0.479 0.624
Panel C. CEM estimates for Entropy
Above-med. entropy dummy  1.304*** 1.243*** 0.783*** 0.427***
(0.044) (0.051) (0.037) (0.042)
Entropy 1.491*** 0.935***
(0.054) (0.071)
Dep. var. mean 8.633 8.649 8.649 8.633 8.357 8.357
Observations 4,569 3,800 3,800 4,569 2,650 2,650
R? 0.383 0.317 0.528 0.551 0.520 0.633
Baseline controls Yes Yes Yes Yes Yes Yes
Network controls No No No Yes Yes Yes
CEM-matched subsample No Yes Yes No Yes Yes

Notes: This table reports our main results using CEM-matched subsamples. Columns (1) and (4) present
estimates from the full sample, where baseline controls include the beneficiary’s age and gender, commercial
and medical insurance status, a cancer indicator, the campaign’s target fundraising amount, and the number
of pictures, content length, and title length of the campaign on the platform. Network controls consist of
the total number of views, the number of shares to Group Chats, and the number of shares to Moments.
Columns (2)—(3) report results from subsamples matched on the beneficiary’s age and gender, commercial
and medical insurance status, a cancer indicator, the target fundraising amount, and the number of pic-
tures on the campaign webpage. Columns (5)—(6) further additionally include the total number of views
as a matching covariate. Across all specifications, the regression includes baseline controls and network
controls that are not used as matching variables. Following standard CEM practice in causal inference, we
define treatment dummies equal to one when A, HHI, or entropy are above the full-sample median. We
also estimate specifications that use the original (continuous) network structure measures in the matched
subsample, weighting observations by the CEM weights. City fixed effects are included. Standard errors in
the parentheses are clustered at the city level. Asterisks indicate the significance level: * p<0.1, ** p<0.05,
> p<0.01. 10



Table Ab: Network structure and medical crowdfunding performance: 2SLS estimates

Dependent variable:
IV:

Log donation amount

Imputed network structure measures from beneficiary-matched campaigns

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

HHI -9.622%** -4.228%*
(1.485) (1.331)
Entropy 2.303*** 1.095%**
(0.329) (0.337)
Dep. var. mean 8.637 8.637 8.637 8.637
Baseline controls No Yes No Yes
City fixed effects No Yes No Yes
Observations 4,560 4,560 4,560 4,560
First-stage F 25.30 11.51 36.49 22.33

Notes: This table shows two-stage least squares estimates of the relationship between network structure and
medical crowdfunding performance. For each campaign, we construct an imputed sharing network using a
leave-one-out approach: we compute the average sharing behavior of other campaigns whose beneficiaries
fall in the same age cohort and reside in the same province, excluding the focal campaign. We compute our
network structure measures based on the imputed sharing network, and these imputed measures serve as
instruments for the campaign’s observed network structure variables. We exclude specifications with weak
instruments (first-stage F-statistic < 10). Baseline controls include the beneficiary’s age, gender, commercial
and medical insurance status, an indicator for cancer, the campaign’s target fundraising amount, and the
number of pictures, content length, and title length of the campaign on the platform. Standard errors in the
parentheses are clustered at the city level. Asterisks indicate the significance level: * p<0.1, ** p<0.05, ***

p<0.01.
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Table A6: Testing alternative explanations

Dependent variable: Log donation amount
Network variable: Al HHI Entropy
(1) (2) 3) (4) (5) (6)
Panel A. Controlling for average donation amount per viewer at depth 1
Network variable -0.048*** -0.044*** -6.491*** -6.074*** 1.677** 1.559***
(0.001) (0.002) (0.160) (0.173) (0.038) (0.041)
Average depth-1 don. 0.027*** 0.022*** 0.040*** 0.034%** 0.035%** 0.029***
(0.005) (0.005) (0.006) (0.006) (0.006) (0.005)
Dep. var. mean 8.633 8.633 8.633 8.633 8.633 8.633
Observations 4,569 4,569 4,569 4,569 4,569 4,569
R? 0.399 0.514 0.524 0.615 0.523 0.609
Panel B. Heterogeneity by target fundraising amount within disease type
Network variable -0.035*** -0.032%** -4.826*** -4.686*** 1.300*** 1.232%**
(0.002) (0.002) (0.267) (0.278) (0.054) (0.059)
1=above-med. target 0.569*** 0.160* 0.585*** 0.201** -0.054 -0.264
(0.072) (0.086) (0.087) (0.096) (0.231) (0.245)
Interaction term -0.011*** -0.009** -1.342%** -1.084** 0.142 0.104
(0.003) (0.004) (0.432) (0.460) (0.089) (0.094)
Dep. var. mean 8.798 8.798 8.798 8.798 8.798 8.798
Observations 3,625 3,625 3,625 3,625 3,625 3,625
R2 0.326 0.460 0.419 0.540 0.431 0.540
Panel C. Heterogeneity by 2019 GDP of beneficiary’s city of residence
Network variable -0.046*** -0.042%** -6.100%** -5.710%** 1.604*** 1.489***
(0.002) (0.002) (0.187) (0.196) (0.042) (0.045)
1=low GDP -0.025 0.049 -0.835%**
(0.092) (0.109) (0.298)
Interaction term -0.010** -0.010** -1.194** -1.200** 0.248** 0.243**
(0.004) (0.004) (0.549) (0.510) (0.113) (0.113)
Dep. var. mean 8.633 8.633 8.633 8.633 8.633 8.633
Observations 4,569 4,569 4,569 4,569 4,569 4,569
R2? 0.387 0.505 0.493 0.594 0.501 0.592
Baseline controls No Yes No Yes No Yes
City fixed effects No Yes No Yes No Yes

Notes: This table reports tests of alternative explanations for our main results. Panel A controls for the av-
erage donation amount per viewer at depth 1. Panel B examines heterogeneity by relative target fundraising
amount within disease type. Campaigns with unique disease types are excluded. Panel C examines hetero-
geneity by the 2019 GDP level of the beneficiary’s city of residence. Cities with GDP levels below 100 billion
yuan are classified as low-GDP cities. Baseline controls include the beneficiary’s age, gender, commercial
and medical insurance status, an indicator for cancer, the campaign’s target fundraising amount, and the
number of pictures, content length, and title length of the campaign on the platform. Standard errors in
parentheses are clustered at the city level. Asterisks indicate the significance level: * p<0.1, ** p<0.05, ***
p<0.01.
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B Model appendix

B.1 Proofs
B.1.1 Proof of Proposition 1

Proof. Define the transition matrix

B B

Sy ey ey iy 2

p#L q#H]

then T{fz captures the probability of the fundraiser reaching a high-SES viewer at depth k,
wheareas T{fl represents the probability of reaching a low-SES viewer at depth k. Thus,
conditional on having reached an individual at depth k, the probability that she is of high

SES is

P(k) = = :
T+ T, ME+ M,

Now we compute M*. By Cayley-Hamilton theorem, we have M? = tr(M)M — |M|Is,
where tr(M) = p(#H+#L), and |M| = (p* —¢*)# H#L. Hence, for each k > 0, there exists
ap, by, € R such that M* = a, M + bilo. For k > 2, ay, by, satisfy the following second-order
linear recurrences:

ar, = tr(M)ag—1 — |M|a_o;
b = tr(M)bx_1 — | M |by_2.

The characteristic equations are both 2 — tr(M)z + |[M| = 0, whose roots are exactly

the two eigenvalues of M, i.e.,

P #L) £ VPP HH — #L1) + A@HH#L
12 = B .

Since #H,#L > 0 and 0 < ¢ < p < 1, we have tr(M) > 0, [M| > 0. Thus, pu; >

max{p#H, p#L} > min{p#H, p#L} > s > 0.

13



Given initial values ag =0, a; = 1, by = 1, by = 0, we can derive that for k& > 0,

_ ph—ps
H1—p2’
ph—1_ k-1
— 1 2
by [V

Therefore,

M1 — M2 M1 — M2

Mﬁlzale’ﬁbk:ul(p# o) + ps (1 — p#EL)  py(pn — p#H) — ps(p2 — p# )>

py —
Mfy = axMis = qg#H——2 > 0.
M1 — 2

As a result, for k> 1,

o(k) = g#H (1 — p15)
ph(pn — p#H) — p5(pe — p#H) + q#H (uf — 1)

Define r = £2 € (0,1), we have

g#H (1 — ")
p — p#H + q#H — (o — p#H + q#H)rk

o(k) =
Since for k > 1,

(i1 — p#H + q#H — (o — p#H + q# H)r")

2rk1nk > 0,

it follows that ¢(k) is strictly increasing in k.
Specifically, when #H = #1L,

a+e a—e

a—e a-+e
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Since

it follows that

1 e

o(k) = 5[1 - (5)k],

which is consistent with the general form of ¢(k) in (x). m

B.1.2 Proof of Proposition 2

Proof. By Definition 1, N = M — &, \F = M\ 4 ¢, where j < k, and 0 < ¢ < M. For any
positive integer ¢ # j or k, M= )\

(i) GEC — GEC = (V — N) gl + (V¥ — W) = e c(ok) — 0(3). By
Proposition 1, j < k implies ¢(j) < ¢(k). Since € > 0, GEC > GEC.

(i) Since j = 1 and € > 0, A! < AL

(ili-a) HHI.

HHI — HHI = (M)% — (V)2 4+ (AF)2 — (AF)2 = e(AF — M 4+ \F — V). Since \F — M < —¢,
and \F — X = A\ — M 4 2¢ < ¢, we have \¥ — M + \F — \J < 0. Since £ > 0, HHI < HHL.

(iii-b) Entropy.

e~

Define A(e) = Entropy(e) — Entropy
=— ﬁlog2 N — 3\7f10g2 A\ logy M + A\ log, AF

=— (VM —¢g)logy (N — &) — (\F + &) logy (AF + &) + N logy N + M log, A*.

The derivative A’(¢) = log, ,)\\2712 When 0 <e < )‘j;)‘k, A’(e) > 0, and when Aj;’\k <e<

N — M A’(e) < 0. Notice that A(0) = A(M — A\¥) = 0. Therefore, when 0 < ¢ < M — Ak,

A(e) > 0, i.e., Entropy > Entropy. =

15



B.2 Details of the Monte Carlo experiment

This section provides additional technical details of the simulation in the Monte Carlo exper-
iment in Section 5.2, and presents further analysis of the results. As previously explained,
we first specify four parameters: #H (the number of high-SES individuals), p (the prob-
ability that two individuals of the same group are connected), ¢ (the probability that two
individuals of different groups are connected), and v (total number of views). For each set of
parameters, we randomly generate 100 underlying social networks with 1,000 nodes. Nodes
0 to 499 are designated as low-SES individuals, while nodes 500 to 999 are designated as
high-SES. Under each underlying social network, we simulate 100 sharing networks following
each of the five depth distributions.

A sharing network on an underlying social network under a certain depth distribution
A= (AL N2 N9 (i =1,2,3,4,5) will be simulated by the following process. Without
loss of generality, we start from node 0, a low-SES individual designated as the fundraiser.

We randomly pick Alv of the fundraiser’s direct friends (the node’s neighbors) with
replacement, since each direct friend could contribute more than one views. This simulates
the fundraiser’s shares attracting views from her direct friends, and it forms a list of views
at depth 1 with A\lv elements, denoted by V!,

Then, we simulate the process that some of the viewers at depth 1 share the campaign’s
link and attract more views at depth 2. We randomly pick a node in V!, and randomly draw
one of this chosen node’s neighbors, both with replacement. By repeating this process for
Ay times, we generate another list of views at depth 2 with A\?v elements, denoted by V2.

Similar process continues iteratively up to the depth 10, and we will get 10 lists. Each
list V¥ (k € 1,2,---,10) represents a depth of the simulated sharing network, i.e., all the
views at depths k, and its number of elements is A\fv. This completes a simulation of the
diffusion process, and create a sharing network with a pre-specified depth distribution.

Finally, we sum the number of views from nodes 500 to 999 in each list and divide by v,

yielding the proportion of views from high-SES individuals for this sharing network. After
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the simulation of all 10,000 sharing networks under the certain depth distribution A;, we
could calculate the average proportion of views from high-SES individuals, denoted by 6;.

We summarize several facts from the results in Table 3:

(1) Under all sets of parameters that guarantee homophily, the average proportion of
views from high-SES individuals is positively correlated with the dispersion level of the
depth distribution. Notably, this doesn’t hold without the homophilous structure.

(2) The average proportion of views from high-SES individuals is irrelevant to total
number of views.

(3) The average proportion of views from high-SES individuals is positively correlated
with %, which is the likelihood of between-group connections relative to within-group con-
nections.

(4) The average proportion of views from high-SES individuals is positively correlated
with the number of high-SES individuals.

Fact (1) provides evidence on the validity of the pros channel, which holds true regardless
of whether high-SES individuals are fewer or equal in number to low-SES individuals, whether
the homophilous structure is strong, or weak, and whether the total number of views is higher
or lower. Fact (2) suggests that the scale of the sharing network is unlikely to influence the
proportion of high-SES individuals reached, highlighting the distinct role of network structure
in the pros channel.

In addition, fact (3) indicates that a reduction of the level of homophily by SES could
help fundraisers reach more high-SES individuals, which further emphasizes the role of direct

x =L The reason behind fact (4) is that

. . 1
economic connectedness taking the form FH#N X 5ia

an increase in the high-SES population leads to a larger pool of potential donors. These two
facts provide further insight into how societal efforts to reduce SES-based homophily and

expand the high-SES population can improve medical crowdfunding outcomes.
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B.3 Discussion on the extension model

We now further discuss our model in Section 5.4. As shown, for a fundraiser ¢ whose sharing
network has a depth distribution A; and total number of views v, her expected total donation

amount is

&ka —

D afwy, — D
o Hotwn = D> 0} + (1 o(k)

T ok 1{ca*w;, — D > 0}].

7= v Y Mo(k)

Hence, the expected marginal contribution of a viewer from depth k is given by

k k

k)il 4 (1 — p(k) S8zl if o > L

0 = { o) uu D if 2 <a< {2,

0 ifa<\k/j

wi "

Then, we consider a far-reaching transition (j, k,¢) of A;, which corresponds to a small
shift toward a distribution A; that is more “narrow but far” Consequently, the expected
total donation amount shifts to .@z = 9; — ved; + ved,. Therefore, ./@vl > 9; if and only if
0r > 0;. Intuitively, to assess the difference in total donations, it suffices to compare the
marginal contributions of the two affected depths. If §; > 4, holds, then a sharing network
that is closer to the “narrow but far” type tends to generate more donations at the margin.

Now we use the case when j = 1 and k = 2 as an example to present the conditions under
which the pros channel dominates the cons channel, implying that a “narrow but far” sharing
network raises more donations at the margin. For simplicity, we assume that #H = #L,

such that ¢(k) = L(1 — r*) by Proposition 1.

%

As explained, we mainly focus on the parameters r and «, since the strength of the pros
channel is positively correlated with r, while that of the cons channel is negatively associated
with . In the expression for d;, three additional parameters wy, wy, and D characterize
the wealth levels of high-SES individuals, low-SES individuals, and the fundraiser. We treat
them as exogenous background parameters and analyze different cases under varying wealth

distributions.

Because the precise conditions are analytically cumbersome, we proceed in two steps.
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First, we establish necessary and sufficient conditions for 2; > 9; in Proposition B1, which
make explicit the tradeoff between the two channels. The precise conditions will be derived
in the proof. Second, we conduct a numerical simulation by discretizing the (r, «) space and
checking whether @; > Z; holds at each grid point. This allows us to plot the parameter

regions where the pros channel outweighs the cons channel, as shown in Appendix Figure

Ab.

Proposition B1 For a low-SES fundraiser i € L whose sharing network has depth distri-
bution A;, we impose a far-reaching transition (1,2,¢) on A;, which yields a more narrow-
but-far depth distribution A Consequently, the expected total donation amount &; shifts to
7;.

Assume that #H = #L. Then, a necessary condition for D, > D; is:

14+ a?

1 > —.
T a(l+a)

The sufficient condition for D> D is given as follows.
(i) When o > ,/%:

1+ a? L172(wy + D)
a(l+a)  al+a)l—r)wy’

(i) When max{%, ,/%} <a< /2

lto? | 13Tw,
a(l+a)  al+a)(l—r)wy’

14+7r>

14+7r>

(iit) When (/7= < o < -

1+a? N D
a(l+a) 21+ a)wy

(iv) When a < ,/%, Z; > P; will never hold.

14+7r>

Proof. Since .@Z = 9; — ved, + vedy, we have .@; > ; if and only if d9 > 9;.
By Proposition 1, ¢(1) = 3(1 —7), ¢(2) = (1 —r?).

(i) When a > ,/%,
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o*wy — D o*wy; — D awy — D awy — D
5 =) T L — o) E T T )T 1) 2T
-5 =62) L (- 62) - o) D 1) M
— 22 _ 2\ 2
1 (1-r9)a* (1-r)a UJH+1 (I+7r9)a® (141 UJL—< 11 )D
2 1+ a2 1+« 2 14 a? 1+« 1+a?2 14+«
ThUS,52>(51
(14+r)a 1 1+7r%)a* (1+7)a < 2 2 >
1 . . . . D
& T)a<1+a2 1+« W = 1+ a? 1+« wr + 1+a?2 1+«

(1+7)a(l+a?) — (1+7r*)a*(1+ ) wr + 2a(1 —a)D
a(l —rywy
1+a? N (14+7r)0+a®) -1 +rHa(l +a)w, +2(1 —a)D
a(l+a) a(l+a)(1—r)wy '

S(1+ra(l+a)—(1+a?) >

Sl+7r>

Let g(r,a) = (147)(1+a?)— (1+7?)a(l+a), where 7,a € (0,1). Since 1+r > 1+7r% > 0,

1+a? > a(l+a) > 0, it follows that g(r,a) > 0. Hence, 1 + 1 > al(;’fi) is a necessary

condition.

From the necessary condition, we have al(ﬁ‘i) < 2. Thus, a > v/2 — 1 should hold in the

sufficient condition.
Expressing g(r, a) as a function of a, we have g(r,a) = r(1 —r)a? — (1 +r¥)a+ (1 +7).
Since 7(1—7) > 0, g(r, ) < max{g(r, v2—1),limy_; g(r,a)} < 4—2v/2 ~ 1.1716. Besides,

2(1—a) < 4—2v/2 ~ 1.1716. Therefore, a sufficient condition is 1+r > al(ff:i) —l—a(ll'fi)(ﬁﬁt)?}[.

- D /D D
(ii) When max{;~,\/25-} <a </

o*wy — D awy — D awy — D
by — 6y =p(2) LT 2 )T ) 2T
2 — 01 =¢(2) e ¢(1) T a (1 —o(1)) +a
1((1-r)a? (1— _ 2
1 (I=r%a® (1-r)a wH_l(l%—r)ozwL_} 1—r% 2 D
2 14+ a? 1+« 2 1+« 2\14+a?2 1+«
ThUS,(52>(51

(1+7r)a 1 (1+7r)a 1—r? 2
o1 - - S o Tha - D
( T)a<1+a2 1ra)"” T1a " \17a2 T7a

(1+7r)a(l+a®)wp+ (1 —=7r*)(1+a)—2(1+a?)D
a(l = rwy
1+a? 1+r)a(l+a®)w,+(1—=r*)(1+a) —2(1+a?)D
a(l + a) a?(1+4 a)(1 —r)wy '

S(1+r)a(l+a)—(1+a) >

Sl4r>
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Since ((1 —7?)(1+a) —2(1+a?)) <0 and D < awy, we have
(1+7m)al+a®)w, + (1 =r})(1+a) - 2(1+ %) D
>[(14+7)(1+a®) + (1 - )14+ a) —2(1 + o?)]awy,

=(1-r)(r+a(l+r—a))aw, > 0.

Thus, 1 +7r > aldfi) is a necessary condition. Similarly, & > v/2 — 1 should hold in the
sufficient condition.

On the other side, since D > o?w;, we have
(1+n)al+a)w, + (1 -r*)(1+a) - 2(1+a?) D
<[(1+7r)1+a®) + (1 =)ol +a) —2a(1 + o?)]aw;.
Let h(r,a) = (1+7r)(1+a?) + (1 —rH)a(l+a) —2a(l +a?) = —a(l +a)r? + (1 +

a?)r+ (1 —a+2a2 —2a%), where r € (0,1),a € (v/2—1,1). The necessary condition implies

0 < 542 < 1. Thus, for any given a € (vV2 — 1,1), h(r,a) < h(;252=, a).

20(1+a) a(l+a)?
Define M(a) = h(ziafa),&), where a € (/2 — 1,1). By envelope theorem, M’'(a) =
hg(%{afa),a) = _24“6_30“5;[72’{;12‘;2_2“2_2“_1. Repeated differentiation yields M'(a) < 0.

Therefore, M (a) < lim, , 5 M(a) = h(1,v/2-1) = 2(1—a)(14+a?) = (4—2v/2)? ~ 1.3726.

As a result, a sufficient condition is 1 +r > O}Jj‘;) +oa jgf’)ﬁfﬁ)w}[.

(iii) When /-2 < a < 2
wWH

o?wy — D awg — D
o= by o) =D ) =D

1/((1=7%)a* (1-1)a 1(1-=72 1-7r
_- _ Wy — ~ _ D
2 1+ a2 1+ 2\14+a? 1+«

ThUS, 52 > (51
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<:><(1+r)a_ 1 )awH><1+T 1 )D

1+a? 1+«
1+r)(1+a)—(1+a?)D
1+ a? N ((1+r)(1+oz)—(1+oz2l){)D
a(l + a) a?(1+ a)wy ‘

S(1+ra(l+a)—(1+a) > («

Sl4r >

Since (1+7)(1+a)—(1+a?)=r+a(l+r—a) >0, thus 1+7r > O}Jj‘i) is a necessary

condition.
Meanwhile, since (1 + r)(1 +a) — (1 +a?) < —a? +2a + 1 < 1, it follows that

1+a2 D . . oy
14+7r> (i) + 2 ra)wy 15 @ sufficient condition.

(iv) Notice that when % <a< 1/%, 09 = 0. Thus, d, > d; cannot hold. And when
D s . D
o< o 01 = 0o = 0. Therefore, d5 > ; only if a > Vo, ®

1+a?
a(l+a)

The necessary condition 1 + r > in Proposition B1 makes explicit the tradeoff
1—r2

between the two opposing channels. The LHS, 1+7r = 5

, represents the increasing rate of

¢(k) from depth 1 to depth 2. It increases in r and reflects the strength of the pros channel.

The RHS, al(irfi) = a‘;;gig%), captures the relative level of altruism at depth 1 compared to

depth 2, thereby reflecting the decay rate of altruism. It decreases in a and is positively

associated with the strength of the cons channel. The sufficient condition in Proposition B1

also takes the form 1+ r > al(irj‘i) + M (M > 0). Therefore, the conditions formally show

that when the pros channel (LHS) is strong enough to dominate the cons channel (RHS), a
“narrow but far” sharing network would be associated with a better crowdfunding outcome.

Appendix Figure A5 precisely presents the parameter regions of the (r, a) plane where the
pros channel dominates the cons channel. In general, when both  and « are sufficiently large,
the inequality Z; > 9; tends to hold, consistent with the intuition in Section 5.4. However,
r cannot be taken arbitrarily large: the (absolute) growth rate of ¢(k) with respect to k is

¢'(k) = —3r*Inr, which is inverted-U-shaped in r for r € (0,1). Thus, very high values of
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r may attenuate the strength of the pros channel.!”

Moreover, in Proposition B1, the sufficient condition generally requires wy to be suffi-
ciently larger than wy, which suggests that higher level of wealth inequality may also con-
tribute to the strength of the pros channel, i.e., amplifying the gains from reaching beyond
homophily. A comparison among the four panels in Appendix Figure A5 corroborates this
implication: higher wy or lower wy, expands the region of the (r, «) plane in which P, > 9,

holds. This implies the empirical relevance of wealth inequality.

17This is reflected in the sufficient condition in Proposition B1. In cases (i) and (ii), larger values of r also
raise the RHS.
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