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ABSTRACT

Crowdfunding — in which people can raise funds through
collaborative contributions of general public (i.e., crowd)
— has emerged as a billion dollars business for supporting
more than one million ventures. However, very few research
works have examined the process of crowdfunding. In par-
ticular, none has studied how social networks help crowd-
funding projects to succeed. To gain insights into the ef-
fects of social networks in crowdfunding, we analyze the hid-
den connections between the fundraising results of projects
on crowdfunding websites and the corresponding promotion
campaigns in social media. Our analysis considers the dy-
namics of crowdfunding from two aspects: how fundraising
activities and promotional activities on social media simul-
taneously evolve over time, and how the promotion cam-
paigns influence the final outcomes. From our investigation,
we identify a number of important principles that provide
a useful guide for devising effective campaigns. For exam-
ple, we observe temporal distribution of customer interest,
strong correlations between a crowdfunding project’s early
promotional activities and the final outcomes, and the im-
portance of concurrent promotion from multiple sources. We
then show that these discoveries can help predict several im-
portant quantities, including overall popularity and the suc-
cess rate of the project. Finally, we show how to use these
discoveries to help design crowdfunding sites.
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1. INTRODUCTION

Crowdfunding, or crowd-sourced fundraising, provides a
revolutionary way to support ideas and projects across a
number of industries, such as technology, music, film and
art. For instance, Kickstarter is one of the largest websites
for crowdfunding. Three of the movie projects funded by
crowd investors in Kickstarter were nominated for Oscars
2013, and one of them won the Oscar Award in the short
documentary category. A recent report [1] indicates that
global crowdfunding raised nearly $2.7 billion for more than
1 million campaigns in 2012, and is expected to grow into
a $5.1 billion industry by 2013. Although crowdfunding has
been drawing substantial attention from the business sector,
many aspects of crowdfunding have not received rigorous ex-
amination [15] in research communities. In particular, social
influence, the key to the success of crowdfunding projects,
has not been investigated thoroughly before in data mining
communities.

Unlike traditional ways of fundraising, where the enter-
prises used to receive a small number of major investments
from venture capital firms, in crowdfunding, the enterprise
receives support through a large number of small contri-
butions from customers. As a consequence, crowdfunding
presents a mixture of entrepreneurship with social network
participation, in which the customers play an unexpected
role: investors. Different to conventional investors in venture
capital firms, customers who have invested a project may
also be likely to promote the project among his/her friends
through online social networks. As a fast and far reach-
ing channel to broadcasting information, social media (e.g.,
Twitter, Facebook, and GooglePlus) plays an important role
in promoting crowdfunding projects. Both enterprises and
customers can keep track of a crowdfunding campaign on
social media, and obtain useful insights in real-time. For ex-
ample, enterprises can analyze social media data to forecast
the prevalence of the initiatives in order to adjust strategies
accordingly. While customers can also make use of social
media to identify promising projects that are more likely to
be successful and lead to more rewards for the investments.

Predicting the outcomes of crowdfunding projects is very
important for both enterprises and customers. Previous re-
search on social media mainly focuses on modeling how an
event spreads out in social media to predict the popular-
ity of the event. Examples include modeling patterns of
popularity evolution [3, 20], analyzing social dynamics[12],
and predicting speed and scale of social influence [21, 11].
However, to the best of our knowledge, none of the exist-
ing works studied how a crowdfunding campaign develops
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Figure 1: Example of the process of crowdfunding,
where the red persons are the promotors, the blue
persons are the backers, while the green persons are
just potential targets.

in social media or what effects does social media have on
the crowdfunding projects.

Crowdfunding has several unique properties that make
it different from conventional information diffusion process
in previous works. First, crowdfunding is usually a time-
constrained process which is quite different from the ever-
lasting process of information diffusion. For example, the
fundraising process of a Kickstarter project can last from one
day to 60 days'. Second, a project in crowdfunding should
set a certain goal for fundraising, while the conventional
information diffusion process doesn’t have a collective ob-
jective/goal from the crowd. Third, crowdfunding involves
a variety of roles, including the promoters who disseminate
information about the project in social networks and the
backers who pledge funds on the project. Due to these
unique properties, the mechanism of crowdfunding cannot
be assessed by prior works [3, 20, 12, 21, 11] effectively.

Figure 1 illustrates the process of crowdfunding. In Fig-
ure 1, the left part is a crowdfunding project, which has a
pre-specified project duration and a fundraising goal to be
achieved. The right part is the campaign of the project on
social media, which consists of multiple groups of partici-
pants in the process of social promotion. In group A, for
instance, there is a promoter who informs his/her friends of
the project and one of them is influenced to invest in the
project. The dashed lines in the middle of Figure 1 show
the investments from backers affected by social networks.
The key objective of this work is to infer the impacts of so-
cial networks on the fundraising results of a crowdfunding
project, such as the number of backer of the project and the
successfulness of the fundraising goal.

To infer the social impacts, we study two concrete tasks
motivated by the above potential applications for both enter-
prises and customers. The first task is the prediction of the
number of backers: given the social activities within social
media during the early stage of a project, can we predict
how many customers will contribute towards the project?
The second task is the prediction of whether a venture will
receive sufficient funding at the end of crowdfunding pro-

1Statistically, projects lasting more than 30 days have lower
success rates to achieve its goal, since the longer dura-
tion incites less urgency, encourages procrastination, and
tends to fizzle out. http://wuw.kickstarter.com/blog/
shortening-the-maximum-project-length

cess. Specially, given the information of a project, the funds
collected so far and the online social media activities of the
project, can we predict how likely its fundraising goal will
be reached?

In order to address these two tasks, we begin by investi-
gating the dynamics of crowdfunding from the fundraising
results of crowdfunding projects as well as the correspond-
ing campaigns on social media. From our investigation, we
identify some important principles that not only help infer
the impacts of social media but provide a useful guide for de-
vising effective campaigns. The first principle we identify is
that the temporal distribution of customer interests regard
to a project is reciprocally affected by both the freshness
and the remaining duration of the project. The launch of
the project sparks a burst of interests in which the majority
of customers and funds arrive. The customer interests then
decay significantly until the approach of the project deadline
again arouses customers to achieve the fundraising goal of
the project. Therefore, in order to bring in more contribu-
tions before customer interests decay, it is critical to identify
potential bottlenecks so as to adjust campaign strategies by
predicting the eventual outcomes at the very beginning.

Second, we observe that the results of a project are much
more correlated to the early promotional activities on social
media rather than its own properties (e.g. project dura-
tion and fundraising goal). More precisely, we find that the
number of backers of a project has strong correlation to the
volume of its promotional activities, while its success rate
is more correlated to the design of its promotion campaign.
In other words, a project is popularized by massive promo-
tion, whereas the foundation of its success is established in
the intensive interactions between participants. This under-
standing reinforces our premise that promotional activities
in social media have positive impacts on the crowdfunding
projects, and further hints the critical features for the two
tasks we have defined.

Last but not least, we notice that the crowdfunding cam-
paign of a project is driven by both the social promotion in
social media and external stimulations outside social media.
One can imagine that a campaign is composed of several
groups of participants in social media. The social promo-
tion from promoters to their friends expand the size of each
group. In the mean time, the external stimulations from
different channels expose the project to more groups. Thus,
in order to spread a project to more contributors, the bet-
ter way to process the promotion is to stimulate from social
media as well as from other channels.

Overall, our goal is to contribute to a broader investiga-
tion of this perspective on crowdfunding. Our performance
on the two tasks suggests that features arising from the cam-
paign activity in social media such as Twitter can provide
important information beyond simply considering the data
from crowdfunding sites.

2. BACKGROUND

Crowdfunding originated from the concept of crowdsourc-
ing, in which a crowd of people collaboratively contribute to
the solution to a task. In crowdfunding, participants play
the roles of promoters and investors in support of proposed
initiatives. Therefore crowdfunding presents a mixture of
entrepreneurship and social network participation.

In crowdfunding, a proposer launches a project and re-
quests certain amount of money that needs to be raised in



a specified duration [15, 16]. If they are interested in the
project, investors can contribute funds to it. If the fundrais-
ing goal is reached, the funds are awarded to the proposer,
and equal benefits are committed to the investors. Most
of the crowdfunding sites (e.g. Kickstarter) further apply
an all-or-nothing principle: if the fundraising goal is not
reached by the deadline, all the funds are returned to the
investors, while all commitments are cancelled. Such an
all-or-nothing principle helps investors to avoid the risk of
paying for nothing.

Besides fundraising activities on crowdfunding websites,
typically there are also fundraising-related social activities
on social networks like Twitter. Specifically, novel and cre-
ative crowdfunding projects are notably discussed on social
networks where users are willing to share their interests, pro-
vide or respond to comments, promote and announce news of
the projects. These activities on social networks can be seen
as a complementary data source to crowdfunding websites
and provide more insights into the crowdfunding process.
We focus on a crowdfunding website called Kickstarter.com
and related tweets on Twitter, since they exhibit the basic el-
ements we wish to study, namely, the co-occurring fundrais-
ing and social activities on Tweeter. Our observations and
methodologies are applicable to other crowdfunding hosts,
so long as they allow promotions on social media.

3. DATASET CHARACTERISTICS

We start our presentation by describing the data acquisi-
tion and processing for our analysis. We then provide the
statistical characteristics of our dataset.

3.1 Data acquisition and processing

Crowdfunding data: From Kickstarter, we obtained all
the projects launched after Nov. 2012 and completed before
Apr. 2013. For each project we recorded its proposer, du-
ration, webpage URL, shorten URL?, fundraising goal and
available pledging options. Within each project’s duration
we recorded its total pledged amount and total number of
backers on a daily basis. We noticed that there were some
trial projects having no backers or extremely low fundrais-
ing goals (less than $100), and we removed them from our
dataset since none of them reached their fundraising goals.

Twitter data: We gathered all the tweets regarding
Kickstarter from Nov. 2012 to Apr. 2013. The tweets are ex-
tracted by the Twitter stream API with the keywords “kick-
starter” and “kck.st/”?, ensuring they contain timestamps,
authors, mentioned users, tweet texts, and URLs for our
analysis. For each tweet’s author, we queried Twitter API
for the metadata about the author as well as the followers
and followees of the author. Since a tweet is limited to 140
characters, most URLs are shortened by a URL shortening
service. We expanded them to get the original URLs.

Data preprocessing: A crowdfunding project could be
shared on different channels and referred to by various ti-
tles. An effective promotion of a project should mention its
official URL to encourage others to visit it. For each project
we consider only the tweets mentioning its URL within its
project duration. We call the author of such a tweet a pro-
moter. Besides, Kickstarter provides a Twitter shortcut for
users to share the news of sponsoring a project in a fixed for-

2 Kickstarter provides a shorten URL in the format of http:
//kck.st/* to encourage users to share the project
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Figure 2: Transitions of roles in crowdfunding. Solid
lines show the action of broadcasting and dash lines
show the action of investment.

# of projects 1,521
# of successful projects 841 @ Film & Video
# of backers 145,032 32% Music
# of tweets 62,473 Games
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Table 1: Statistics of the
dataset

Figure 3: Percentage
of project categories.
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Figure 4: Distribution of the ratio of total pledged
amount to the fundraising goal. An additional 120
projects (7.8% of all projects) were funded more
than 3x.

mat (e.g. “I just backed project_title @kickstarter”). Hence,
we further filter tweets with the keyword “backed” and the
project title, and call the author of such a tweet a patron.
In this paper, we distinguish the patron in Twitter from the
backer in Kickstarter by assuming that a patron is not only a
backer who puts a pledge on a Kickstarter project but also
tweets the news of sponsoring it. Figure 2 illustrates the
transition of roles in crowdfunding. In Figure 2, a potential
target would become a backer of a project if he/she invests
in the project, or become a promoter if he/she broadcasts
the information of the project. If he/she both invests and
promote the project, he/she becomes a patron.

We further filter out projects that were seldom discussed
(less than 5 tweets) in the Twitter dataset, simply because
there are not enough data to correctly evaluate the crowd-
funding campaign through Twitter. Table 1 and Figure 3
show the basic statistics of our dataset after filtering.

3.2 Statistical characteristics of dataset

The distribution of the ratio of total amount of pledged
funds to the fundraising goal can be found in Figure 4. It
illustrates the fact that most Kickstarter projects either fail
significantly or meet their goals by relatively small margins.
Among all the failed projects, only twenty-five percent of
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Figure 5: Log distribution of users and projects.

projects raise 50% of their goals. Fifty percent of projects
that succeed are funded 25% or less over their goals, and
only 7.8% of projects received over three times their goals.
The margins of failure and success might be the result of the
all-or-nothing policy. When a project shows a good chance
of success, participants are more likely to invest to help the
project to reach the goal.

Figure 5 displays the distribution of different types of users
(i.e. backers, promoters and patrons) and the corresponding
number of projects. In general, the distribution of social
media users (promoters and patrons) follows the power law
3 and very few projects (1.5% of projects) are discussed by
more than 100 social media users. However, the distribution
of backers is unlike the distribution of social media users. It
shows that there are fewer projects with few backers than
one would expect from the power law, especially for the
projects with less than 100 backers. The unexpected base
of support seems owing to the contribution from the project

3 Although all the projects in our dataset are referred by
at least 5 tweets, some of them have less than 5 promoters
because a promoter may tweet more than once.

proposers and their friends. Thus, simply using the number
of promoters might not predict the number of backers well.
In spite of that, there are non-negligible connections be-
tween the activities in social media and the results of crowd-
funding projects. Consider the number of backers and the
number of promoters in Figure 6(a) as an example. We
can observe a strong correlation (0.79) between these two
variables in log scale. This relationship provides a hint that
social media activities are highly correlated with fundraising
activities. In Section 5, we will further analyze how social
activities affect the outcomes of crowdfunding projects.

4. PREDICTION TASKS

In this section we introduce two prediction tasks, which
are based on observations of phenomena occur naturally in
crowdfunding: the first is predicting the number of backers
of a project and the second is predicting whether a project
will receive sufficient funding. Our objective in formulating
these tasks is to use them as an analytic framework, which
is of practical interest to proposers and investors of crowd-
funding projects.

In both prediction tasks, we focus on the early predictions
that use only the data in the very early stages of crowdfund-
ing projects to predict the outcomes of the projects. As we
will see in Section 5.1, customer interests regard to a project
decay significantly as the project evolves. In order to receive
sufficient funds to support a project, it is important to iden-
tify potential bottlenecks as early as possible and adjust cur-
rent strategies to attract more contributions before customer
interests vanish. Thus, early prediction of the outcomes of
projects, as well as understanding the associated properties
and signals, are critical to the effectiveness of crowdfunding
campaigns.

Predicting the number of backers. A crowdfunding
project needs to raise funds and only the enrolled backers
make actual monetary support. We can view the backers
of a project as the buyers of a commercial product. More-
over, there is an extremely high correlation (0.9) between
the amount of raised funds and the number of backers (both



in log scales), as shown in Figure 6(b). This high correlation
suggests that the amount of raised funds strongly depends
on the number of backers. Therefore, early prediction of the
number of backers would help us estimate the amount of
funds a project may receive.

Predicting whether a project will reach its fundrais-

ing goal. Although the funds of projects are highly corre-
lated to the number of their backers, different projects may
have dramatically different fundraising goals. Projects with
a large amount of backers may not reach their fundraising
goals. For example, Figure 6(c) shows that certain projects
with more than 1,000 backers can fail to reach their fundrais-
ing goals (as shown by the points below the dash line, y=1).
Our second task forms a natural complement to the first:
other than predicting the number of backers of a project, we
try to predict whether a project will receive sufficient funds
to reach its fundraising goal or not.

Early prediction of the success rate of projects is clearly
useful to investors as well as to crowdfunding services. In-
vestors can reduce the waste of time and money by turning
their attention to the projects that show more promising
signs of success. The quality of crowdfunding platform can
also be improved by extending current recommendation ser-
vices to take into account the future success rate.

With these two prediction tasks in mind, we explore var-
ious features that affects the project results. After this ex-
ploration, we will show that the information we derive from
social media helps us accurately predict both properties in
Section 6.

5. DYNAMICS OF CROWDFUNDING

In this section we investigate the dynamics of crowdfund-
ing from the processes of fundraising activities in crowdfund-
ing sites as well as promotional activities in social media.
We group our analysis into two parts to answer the follow-
ing two questions: how participants response to a crowd-
funding project over time, and how the campaigns in social
media influence the eventual outcomes. In these two parts,
we identify some basic principles that will be useful when
we develop techniques for our prediction tasks.

5.1 The phases of crowdfunding activities

We start by investigating the process of crowdfunding ac-
tivities along the span of a project’s lifetime. Prior empirical
study [7] has shown that the attention of online sharing-
content peaks at the beginning and significantly decays af-
ter that. From this study one would expect that a burst
followed by a power-law distribution governing the intensity
of crowdfunding activities.

However, unlike conventional online content, a project has
a specific deadline, after which no more action can change
the results of the project. This policy arouses the potential
contributors to put money into the project when the dead-
line is approaching. This is as if the remaining amount of
activities in the long-tail of the power-law after the deadline
would aggregate to the period before deadline.

Following this observation, we expect that there are threes
phases in a project’s lifetime: (1) starting bursty phase,
when it is launched in the crowdfunding sites, (2) stationary
phase, after the starting bursty follows a long period of rel-
atively little activities and (3) final bursty phase, when its
deadline is approaching.
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Figure 7: Histogram of the fundraising activities in
Kickstarter.
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Figure 8: Histogram of the promotional activities in
Twitter.

Phases of fundraising activities. In Figure 7, we ex-
amine the process of fundraising activities in Kickstarter.
The blue bars represent the number of backers and the dash
line shows the fraction of the raised funds in each period
to the total raised funds at the target deadline. We find
that the starting bursty phase happens in the first quar-
ter of project duration, the final bursty phase appears in
the last ten percent of project duration, and between these
two phases is the stationary phase. A considerable portion
of contribution a project receives can be attributed to the
starting bursty phase, in which half of its backers invest in
it and they contribute around 50% of its total raised funds.
Although the majority of funding is acquired, only 14% of
projects can reach their fundraising goals within the starting
bursty phase. Around 60% of projects depend on the funds
received in the final bursty phase to determine whether they
can succeed or not (25% of projects among them succeed).

Phases of promotional activities. We next assess the
process of promotional activities on Twitter, as shown in
Figure 8. The blue bars represent the number of promot-
ers, the red bars represent the number of patrons, and the
dash line expresses the ratio of patrons to promoters in each
period. We observe there also exist three similar phases
in Figure 8 as in Figure 7: major amount of promotional
activities in the first quarter, little attention in the middle
period, and raising interests in the last ten percent of project
duration.

Moreover, we notice that the patron/promoter ratio has
an upward trend. It implies that the priority of crowdfund-
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Figure 9: The comparison of fundraising results
for different levels of promotion in starting bursty
phase.

ing activities is shifting from distributing the information to
sharing the news of backing when approaching the deadline.
We believe this shift is the result of the fact that it takes
certain amount of time for a project to convince others to in-
vest in, and the approaching deadline expedites the decision
making in investments. Hence the longer it has been the
higher percentage of the crowdfunding activities will shift
from promoting to backing.

However, due to the decay of interests as time goes by,
a project may not benefit much from this activity shifting.
Hence, the prediction tasks we target to solve will focus
on predicting the results from the data available within the
starting bursty phase, as they will be more useful in practice.

Effects of promotional activities. The similar phases
and activity shifting arise a series of interesting questions:
Does this mean the fundraising activities are correlated to
the promotional activities? Could we expect the projects
with higher promotional activities will have better fundrais-
ing results? Could we forecast the results of crowdfunding
projects from the early promotional activities?

We answer these questions by comparing with different
levels of promotional activities in starting bursty phase, which
is measured as the number of promoters accumulated by 25%
of project duration. A project with the number of promot-
ers between 1 and 5 is called a “less discussed project”. For
projects with 6-10 (11-100, respectively) promoters, we call
them “median (massively, respectively) discussed projects”.
In Figure 9, we find that the projects with more promoters
in starting bursty phase are always better in the number of
backers and also in the ratio of pledged funds to fundraising
goal. We stress that we are not claiming a direct causal rela-
tionship between promotional activities and the fundraising
results; rather we are pointing out that there exist strong
correlations between the fundraising results and early pro-
motional activity. We will further discuss them in the fol-
lowing section.

5.2 Correlations between social promotion and
fundraising results

In the previous section we observed the phases of crowd-
funding activities, and demonstrated the effects of early pro-
motional activities. Now we turn our attention to the un-
derlying factors of crowdfunding campaigns on social media
that lead to the difference in their prevalence. Specifically,
we analyze correlations between the fundraising results of

projects and the features extracted from corresponding cam-
paigns on social media.

Here we treat the campaign of a crowdfunding project on a
social network as the process of an information propagation
on the network. A node in the campaign graph is a pro-
moter, which is an author of a tweet regarding the project.
A directed edge between a pair of nodes, e.g. ey, expresses
that the information of the project flows from one promoter
u to the other promoter v. There are two criteria for this
information flow: 1) the earliest tweet from promoter v re-
garding to the project is posted after that from promoter
u, and 2) promoter v follows promoter u or was mentioned
in promoter u’s tweet. If a promoter has no inward edges,
there is no information flows to the promoter and the pro-
moter must be motivated by external stimulations outside
the monitored social network. Without loss of generality,
the process of crowdfunding campaigns can be traced by
the development of the information propagation.

After constructing the graphs of crowdfunding campaigns,
we extract features from the structure of the graphs as well
as from the crowdfunding activities. Overall, the features
are explored from three different aspects: (1) properties of
each project in crowdfunding sites, (2) activities of partici-
pants in crowdfunding campaigns, and (3) structures of the
campaign graphs. The full set of features we consider is as
follows:

Project features (S4), 7 features total: project dura-
tion, elapsed days since the launch, fundraising goal, median
amount of pledge options, number of backers, ratio of cur-
rent raised funds to fundraising goal, and average amount
of pledge per backer.

Social activity features (Sg), 6 features total: number
of tweets, number of promoters, number of patrons, num-
ber of unique mentioned users, fraction of promoters from
external stimulations, and fraction of patrons from external
stimulations.

Social structure features (Sc), 7 features total: av-
erage number of followers of promoters, median number of
followers of promoters, number of edges, diameter (largest
shortest distance), number of weakly connected components,
number of triads, and global clustering coefficient [9] (aver-
age local clustering coefficient [10, 23] of all nodes).

Note that the last two features in Sg intend to capture
the effect of external influence. The fraction of promoters
(patrons) from external stimulations is measured as the frac-
tion of the number of promoters (patrons) with no inward
edges to the total number of promoters (patrons). In Sc, the
edges represents the appearances of internal influence, and
the diameter means the largest geodesic distance the cascade
internal influence can reach from one node to the other one.
The weakly connected components represents the groups in
the crowdfunding campaigns. The number of triads and the
global clustering coefficient are used to study the strength
and density of the campaigns.

Correlations between proposed features and fund-
raising results. We now evaluate the correlations between
the 20 features mentioned above and the final fundraising
results at target deadline. The features are extracted from
the information available in the starting bursty stage. Table
2 and Table 3 display the correlation values for the number of
backers and the ratio of fundraising goal achievement at the
target deadline, respectively. For example, in Table 2, for
the row on the number of promoters, the entry on the column



project duration (%)
5 0

Feature 1 25
# of backers 0.82 0.89 0.92
# of patrons 0.79 0.81 0.85
# of promoters 0.77 0.78 0.79
# of tweets 0.73 0.70 0.65
# of weakly connected components | 0.70 0.69 0.68

Table 2: Correlation of the total number of back-
ers at target deadline and the features extracted at
specified time.

project duration (%)
0

Feature 5 1 25
raised funds/goal | 0.77 0.89 0.95
# of triads 0.47 046 045
# of edges 0.43 043 0.38
# of patrons 0.26 0.26 0.24
# of backers 0.18 0.29 0.30

Table 3: Correlation of the ratio of raised funds to
fundraising goal at target deadline and the features
extracted at specified time.

of 5% means that the correlation between the accumulated
number of promoters by the end of the 5% period of the
fundraising duration to the number of backers at the target
deadline is 0.77. This correlation increases slightly to 0.78
and 0.79 at the end of the 10% and 25% periods, respectively.

For each table, we only report the top 5 features that
have the highest correlation at each time frame. As shown
in both tables, the feature that has the best correlation is the
fundraising result itself. This indicates the early status of
the fundraising result has good predictive power on its final
value, and we should consider it as baseline for each task.
Interestingly, the other top features for both objectives are
extracted from social media, instead of the properties of a
project on its own.

Table 2 shows that the number of backers is strongly cor-
related to the volume of promotional activities, i.e. the num-
ber of patrons, the number of promoters, and the number
of tweets. On the other hand, Table 3 shows that the ra-
tio of fundraising goal achievement is more correlated to the
structure of campaign graphs, i.e. the number of triads and
the number of edges. These observations are due to the fun-
damentally different properties of the volume and network
structures. The number of backers is measured as the quan-
tity of support and is primarily affected by the volume of
promotion, whereas its success is determined by the quality
of support, i.e. the amount of money. A popular project
may receive lots of very small contributions, e.g. $1 dol-
lar, from general public but still not be able to reach the
fundraising goal. However, a successful project would tar-
get specific groups that have interests in it and acquire more
money from them. The number of edges and the number of
triads both suggest the strength of information flows within
groups. A large number of edges and/or triads show a sign
of the intensive interests among groups, and thus they are
more correlated to the ratio of fundraising goal achievement.

Concurrent processes of social promotions and ex-
ternal stimulations.
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Figure 10: Each figure shows, given the promotional
activity in the starting bursty phase, the value of a
particular property as a function of the number of
backers at target deadline. Top row and bottom
row display the properties from the aspect of social
promotions and external stimulations, respectively.

Our above observations show that there are strong corre-
lations between fundraising results and social features. We
claim they are primarily due to the fact that if a project
is more persuasive to intrigue authors in social networks to
discuss it (either by social promotions or external stimula-
tions), it is more attractive to investors. From the aspect of
social promotions, we expect such a project to have a larger
campaign graph. From the aspect of external stimulations,
we expect there exists more groups in the campaign, each
of which is represented by a weakly connected component
as each component can be viewed as started by an external
stimulus.

We consider the relationship between the number of back-
ers and the social structure of its campaign in the starting
bursty phase as an example to illustrate our claim. From
the aspect of social promotions, as shown in Figure 10(a)
and Figure 10(b), we notice that the number of backers in-
creases with the number of edges and/or the diameter. Both
features indicate the expansion of crowdfunding campaigns
which is activated from the influences of social promotions.
From the aspect of external stimulations, as can be seen in
Figure 10(c), we observe the similar rise in the number of
weakly connected components, which indicates the increase
in the number of groups.

These results from both aspects suggest that social pro-
motions and external stimulations concurrently activate the
processes of crowdfunding campaigns. One may ask which
one is more important? In Figure 10(d), we find that over
60% of nodes are from external stimulations. This reflects
the fact that most authors access a project from external
sources outside social media and motivated by personal in-
terests to promote it. However, we also notice if there are



very few social promotions, which signals the unenthusias-
tic response in social media, the number of backers would be
very low. Hence, the effective way to promote a project is to
stimulate from social media as well as stimulate from other
channels. From the features extracted from social media,
we could identify the bottlenecks of current campaign and
devise a better campaign strategy.

6. EXPERIMENTS

The previous section presented a set of properties that
governing the process of crowdfunding. Now we show that
this understanding is directly applicable to our two predic-
tion tasks.

The practical applications of both tasks would be to pre-
dict project results as early as possible. Accordingly, we per-
form the following tasks using only the information available
in the starting bursty phase (within 25% of project duration
after the project is posted in crowdfunding sites). We con-
sider the features presented in the previous sections for our
prediction tasks. Note that besides focusing on prediction
accuracy, we also aim at obtaining explanatory insights into
what features are the most relevant and useful as signals for
crowdfunding processes.

6.1 Predicting the number of backers

Recall from Section 4 that our first task is to predict the
number of backers of a project at target deadline. As sug-
gested in [20, 18], the Relative Squared Error (RSE) is more
relevant and meaningful than absolute quadratic error for
online content popularity prediction. We here adopt RSE
to evaluate the performance of our first task. Let N(p) be
the total number of backers project p has received at target
deadline, and N(p|t) be the total number of backers pre-
dicted for project p based on data from the first ¢ days. The
RSE takes the form of

o (552 3o

For the collection of projects, denoted by C, the mean Rel-
ative Squared Error (mRSE) is defined as the arithmetic
mean of the RSE values for all projects in C, that is:

s LS [NOID )
wse =g 3 ey ] ®

The correlation between crowdfunding activity and the
future number of backers observed in previous section sug-
gests that the number of backers can be estimated as a linear
function of features. Thus, we apply a multivariate linear
model [18] to predict the number of backers. We denote the
feature vector of the project p at time ¢ as X(p,t). The
future number of backers of the project can be estimated as

N(plt) = 0. - X(p,t) ®3)

where 6, is the vector of model parameters and depends only
on t.

Given a training set C', t, we can estimate the optimal
values for the elements of 0, as the ones that minimize the
mRSE on C, i.e.:

argm1n|C‘Z{ X(p’ —1]2 (4)
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Figure 11: The performance of the prediction of the
number of backers.
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Figure 12: The mRSE shown as a function of the
number of backers at target deadline.

which is an ordinary least squares (OLS) problem that can
be solved via a singular value decomposition [5, 18].

We conduct feature selection and find a core set of 7 fea-
tures that we use in this task: number of backers, number
of tweets, number of promoters, number of patrons, fraction
of promoters from external influence, number of edges, and
number of weakly connected components. Note that except
the number of backers, all the other six features are ex-
tracted from social media. The first four in the six features
are from social activity features, while the last two are from
social structure features. We call this set S7 and compare it
against the baseline that only uses the number of backers.

We perform 5-fold cross validation and report the mRSE.
Figure 11 gives the results of the prediction task. We can
observe that the features extracted from social media (S7)
inspired by our previous analyses improve the performance
of prediction. For instance, when using only the data avail-
able up to 5% of project duration, the mRSE produced by
the S7 and by the baseline are 0.337 and 0.357, respectively,
leading to an error reduction of 5.5%. If extending the time
window to 25% of project duration - after which half of back-
ers have arrived (see Section 5.1) - both mRSE values can be
significantly reduced to about 0.16. The performance gains
from using social media features are gradually reduced. This
is reasonable, as the scale of the backers reveals more in-
formation of its final count, predictions just become easier.
However, it is less meaningful to do such predictions at this
stage, as it might be too late for project owners to adjust
their strategies.

To further understand the performance of prediction for
different popularities, in Figure 12, we analyze the mRSE
values produced by comparing S7 with baseline at 5% of
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Figure 13: The performance of predicting the
fundraising goal achievement.

project duration. Note that for the most challenging case
when the number of backers is small or moderate, S7 per-
forms a lot better than the baseline as it can capture other
clues from the social network attributes. For example, when
the number of backer is 10, the mRSE produced by the S7
and by the baseline are 0.46 and 0.52, respectively, leading
to an error reduction of 9.6%. More importantly, the results
show that the prediction made by using S7 features outper-
form baseline for projects with any number of backers.

6.2 Predicting whether a project will receive
sufficient funds

We further study the performance of the four feature classes
on predicting if a project will achieve its fundraising goal.
Specifically, we formulate this prediction task as a binary
classification task. The response variable is whether the
amount of pledged funds exceeds the fundraising goal.

After performing feature selection, we reduce our features
to a smaller set of 8 features: 2 from Sa (number of backers,
and ratio of current pledged funds to the fundraising goal),
2 from Sp (number of patrons and fraction of promoters
from external influence), and 4 from Sc (number of edges,
average number of followers, number of weakly connected
component, and number of triads).

For interpretability and ease of comparison, we use a logis-
tic regression classifier, perform 5-fold cross validation and
report the classification accuracy and the area under the
ROC curve (AUC). The results are reported in Figure 13.
For example, in Figure 13(a), it shows that at 5% of the
project duration, just using feature from the project prop-
erty (Sa) as indicated by the label A, the prediction accu-
racy is around 0.725. Adding features from social activity
(Sg) as indicated by the label (A,B) will increase the accu-
racy to 0.754 and further incorporating the social structure
features (S¢) indicated by the label (A,B,C) will increase
the accuracy to 0.757.

We notice that the properties of the crowdfunding projects
on their own (S4) have good predictive power. It gives 22%
improvement in accuracy over random guessing. Although
extending the time window can improve the prediction ac-
curacy, it is less useful in practice. Moreover, extending the
time window provides less improvement than adding social
activity features (Sp), which gives a gain of 3-5% in accuracy
and 3-4% in AUC in each time frame. Incorporating social
structure features (S¢) in the prediction model further en-
hances the improvement. This improvement is clearer when
the social structure has developed for a period of time (e.g.
after 10% of project duration).

To fully appreciate the result, we emphasize that the re-
sults of 60% of projects are determined in the last ten per-
cent of project duration. It is remarkable that we achieve
75% accuracy by using features available only up to five
percent of project duration after the project was launched.
From these results, we see that taking into account the rich
information from social media improves performance of pre-
diction on crowdfunding.

7. RELATED WORK

In this section, we will survey existing works about the
determinants of the success of crowdfunding ventures. We
then present some studies around the impact of social media.

Determinants of venture success: Crowdfunding has
been drawing substantial attention from entrepreneurs, but
relatively little notice from academics. Some studies focus
on an important issue: the underlying factors of success and
failure among crowdfunding ventures [6, 15]. To examine
the determinants of venture success, Mollick et al. [15] con-
ducted an analysis using logistic regression of the odds of
successful funding from Kickstarter. Their result suggests
that the size of a proposer’s social network (e.g. the num-
ber of Facebook friends) help predict the success of crowd-
funding efforts. However, there are only 16% of projects
whose proposers have Twitter accounts in our dataset. In
these 16% of projects, the number of followers of the project
proposers in Twitter has very low correlations to the num-
ber of backers (-0.0117) and to the ratio of fundraising goal
achievement (-0.0488). More importantly, the process of
crowdfunding is not simply driven by the members in the
proposer’s social network; instead, it is more likely to rely
on the information propagation in social media, as discussed
in Section 5 and Section 6.

Information diffusion models: Social media platforms
have recently emerged as valuable sources of realtime news,
event updates, opinions, and advertising. Enormous works
have been done on analyzing how an event spreads out in
social media [14, 17, 22, 21, 2, 13, 4, 19]. For modeling
the global influence of nodes, Yang et al. [22] proposed the
Linear Influence Model that takes newly infected nodes as
a function of the times when other nodes got infected in
the past. However, the authors in [17] demonstrated that
information reaches users not only through connections in
their online social networks, but also through the influence
external out-of-network sources, like the mainstream media.
Thus, to solve our prediction tasks, we should consider inter-
nal influence from neighbors as well as the external influence
outside the given social media.

Prediction of future popularity: There is a stream
of research that has examined the prediction of the future
popularity of online content. For example, the study in
[12] presents stochastic models of user behavior on content-
sharing sites (e.g. Digg4) for predicting popularity based on
early user reactions to new content. Henrique et al. also
applied historical information of early popularity measures
to predict the future popularity of YouTube videos [18]. De-
spite that, crowdfunding campaigns has several unique prop-
erties, as discussed in the introduction, that make it differ-
ent to conventional online-sharing content. Hence these ap-
proaches cannot be directly applied to our prediction tasks.

“http:// digg.com



Social media as word-of-mouth wisdom: Jansen et
al. [8] used Twitter to investigate the structure of the post-
ings, the types of expressions, and the movement in senti-
ments. However, the authors do not perform any analysis
on the predictive aspect of Twitter. Asur et al. [4] demon-
strated how Twitter can be used to predict real-world out-
comes. They forecasted box-office revenues for movies by a
linear regression model and further improved the result by
classifying sentiments of tweets. The authors in [19] con-
structed time-constrained graphs from stock-market related
tweets and estimated the correlation between stock-market
events and micro-blogging data. These works show the pos-
sibility of using social media to predict future outcomes.
Nevertheless, none of them investigate how social media
create impacts to time-constrained events, such as electoral
campaigns or crowdfunding campaigns.

8. CONCLUSION

As crowdfunding flourishes as a feasible fundraising strat-
egy — through the collective efforts by participants who net-
work and pool their money together — in many industries, it
becomes useful to think about how to attract more contri-
butions. In this paper, we presented the underlying connec-
tions between promotion campaigns in social media and the
fundraising results of crowdfunding projects, and identified
a number of important principles that guide the direction of
devising an effective campaign. We also demonstrated that
the features arising from social media can help improve the
accuracy of predicting eventual outcomes, specifically how
popular a project will be, and which projects are likely to
successfully reach the fundraising goals.

In summary, our results provide a promising step towards
inferring the impacts of social media on crowdfunding. We
anticipate that further analysis could quantify personal in-

terests of participants from historical behaviors, develop richer

ways of assessing social influences among users, and suggest
potential customers from collaborative filtering of personal
interests and social influences.
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