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Abstract

Crowdfunding have gained popularity as a platform for individuals
to harness the power of social solidarity to raise public funds for a
range of objectives, such as for community projects, social good,
medical expenses, etc. While there are many crowdfunding cam-
paigns with altruistic goals, not all campaigns go viral and many
more do not even meet their fundraising targets. This paper anal-
yses the various factors that contribute to successful campaigns
and develops five models for predicting fundraising success based
on various combination of campaign features. We experiment on a
dataset of 18,473 crowdfunding campaigns and discuss our main
findings in terms of how different factors affect campaign success.

CCS Concepts

« Information systems — Data mining; - Human-centered
computing — Collaborative and social computing; « Computing
methodologies — Machine learning.
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1 Introduction

Crowdfunding platforms, such as Kickstarter [5], GoFundMe [9]
and Indiegogo [16], have emerged as a popular avenue for users to
raise funds from the online public by harnessing the power of social
solidarity. Organizers of crowdfunding campaigns can state their
objectives, which ranges widely from supporting medical expenses
and charitable causes to business ventures and sporting competi-
tions. Crowdfunding has the potential for an extensive outreach like
how a campaign to raise funds for an elderly lady who was attacked
in San Francisco went viral and received significant coverage by
major US news outlets. This campaign was highly successful and
“raised over $897,000 of its $50,000 goal”, with the recipient commit-
ted to donate these funds “back to the Asian American community
to combat racism” [4]. However, only a minority of campaigns go
viral and many do not even achieve their desired funding targets.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).

JCDL ’24, December 16—20, 2024, Hong Kong, China

© 2024 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1093-3/24/12

https://doi.org/10.1145/3677389.3702580

Kwan Hui Lim
kwanhui_lim@sutd.edu.sg
Singapore University of Technology and Design
Singapore

wordcloud of words from all campaigns

many vel

famlly

commuplty

student

abler~e X,

W1

friend® donation

Figure 1: Wordcloud of Description of Campaigns

Every fundraising campaign ultimately aims to acquire donations
from individuals to contribute towards their desired target amount.
There are a multitude of elements that a potential donor interacts
with on the crowdfunding platform that influences his/her decision
to donate to a particular cause. This overall objective has spurred
research into studying and understanding the underlying reasons
behind successful crowdfunding campaigns, including from the
perspectives of business theories [1, 11], social and psychology [2,
3], machine learning [7, 13] and others.

Contributions. In this paper, we contribute to the literature by
analysing crowdfunding campaigns to investigate which factors of a
campaign contributes to its success. This paper makes the following
contributions: (i) We collected a dataset of 18,473 crowdfunding
campaigns and extracted various important campaign features to
use in this work; and (ii) We developed numerous machine learning
models based on various combinations of campaign features, for
predicting the fundraising success of a campaign.

2 Models and Baselines

There are multiple features of a campaign that could be utilised for
the fundraising success prediction task. The following list shows
the set of features and their representations as input to the various
models we experiment with.

Campaign Features (Extracted): There are existing campaign
features, such as Title (t), Subtitle (st), Description (d), Amount
Targeted (at), Beneficiary Availability (b), Category (c), Duration
(dur) that we directly extract from the crowdfunding campaign
page. Textual features (t, st, d) first undergo white-space removal,
lower-case conversion, stopwords removal, lemmatisation, before
being represented as word-level TF-IDF. Numerical features (at,
dur) are represented as integer values, while categorical features
(c) are represented using one-hot encoding.

Campaign Features (Emotions): Using the text description of
the campaign, we generate additional features based on the emo-
tions and sentiments portrayed by the campaign. Similar to other
works [12, 14], we utilize the NRC lexicon of emotions to compute
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Table 1: Summary results of five models based on various combination of features, including Title (t), Subtitle (st), Description
(d), Amount Targeted (at), Beneficiary Availability (b), Category (c), Emotion (e), Duration (dur)

Model Metric d d+at d+at+b d+at+b+c d+at+b+c+e d+at+b+c+e+dur d+at+b+c+e+t d+at+b+c+e+t+st
Naive Bayes Accuracy 0.79 0.8 0.81 0.81 0.81 0.65 0.80 0.79
Naive Bayes Precision 0.51 0.68 0.69 0.69 0.69 0.59 0.66 0.66
Naive Bayes Recall 0.50 0.59 0.60 0.61 0.61 0.63 0.61 0.61
Naive Bayes F1 0.46 0.60 0.61 0.62 0.62 0.58 0.62 0.63
Logistic Regression Accuracy 0.66 0.66 0.67 0.67 0.68 0.72 0.69 0.69
Logistic Regression  Precision 0.50  0.60 0.61 0.62 0.62 0.62 0.61 0.60
Logistic Regression Recall 0.50 0.65  0.66 0.67 0.67 0.65 0.66 0.64
Logistic Regression F1 0.50  0.59 0.60 0.61 0.61 0.63 0.61 0.60
SVM Accuracy 0.61 0.70 0.70 0.70 0.70 0.70 0.70 0.70
SVM Precision 0.51 0.60 0.60 0.60 0.60 0.60 0.60 0.60
SVM Recall 0.51 0.63 0.63 0.63 0.63 0.63 0.63 0.63
SVM F1 0.50 0.60 0.60 0.60 0.60 0.60 0.60 0.60
Random Forest Accuracy 046 0.74 0.78 0.75 0.78 0.78 0.75 0.75
Random Forest Precision 0.50  0.57 0.60 0.59 0.61 0.61 0.57 0.60
Random Forest Recall 0.51 0.55 0.56 0.58 0.56 0.56 0.56 0.58
Random Forest F1 0.43 0.56 0.56 0.58 0.57 0.56 0.56 0.59
XGBoost Accuracy 0.74 0.78 0.75 0.79 0.77 0.79 0.78 0.77
XGBoost Precision 0.51 0.65 0.62 0.66 0.64 0.67 0.65 0.64
XGBoost Recall 0.51 0.63 0.63 0.64 0.64 0.64 0.63 0.65
XGBoost F1 0.50 0.64 0.62 0.65 0.64 0.65 0.63 0.64

this Emotion (e) feature of 10 floating point values, with eight rep-
resenting the emotions of joy, anticipation, sadness, surprise, fear,
trust, anger and disgust, and two representing the sentiments of
positive and negative.

Based on these eight features (t, st, d, at, b, ¢, e, dur), we came
up with eight different combinations of feature sets. These eight
feature sets are then provided as input into various machine learn-
ing models, which includes Naive Bayes [17], Logistic Regression,
Support Vector Machines (SVM) [8], Random Forest [10] and XG-
Boost [6]. For training these models, we also require the ground
truth label of whether a campaign was successful funded. We gen-
erated these labels based on the features of amount targeted and
amount raised, i.e., a campaign is successful if the amount raised is
at least the amount targeted, and unsuccessful otherwise.

3 Experiments and Results

Dataset Description. We collected a total of 18,473 crowdfunding
campaigns from a major crowdfunding platform. Each collected
campaign belongs to one of 19 categories, e.g., charity, community,
education. faith, environment, etc, and also includes features such
as its title, subtitle, description, amount raised/targeted, beneficiary,
organizer, created date, etc. Figure 1 shows a wordcloud of the text
descriptions of the campaigns in our dataset.

Data Pre-processing. We further pre-processed the dataset by
filtering out campaigns with funding amounts set to be excessively
low or high. For this purpose, we set a lower bound of $100 and
upper bound of $100,000, which respectively removed 0.44% and
3.74% of campaigns from our dataset. We also filtered out campaigns
that were not complete, e.g., with a very short or no text description,
which removed 0.22% of the dataset.

Training and Evaluation. The processed dataset is then split into
75% for training our models and the remaining 25% for evaluation.
We utilized the metrics of Accuracy, Precision, Recall and F1 score
for this task of campaign funding success prediction. Table 1 shows
the summary results of these experiments.

Results and Discussion. Comparing the models, XGBoost has the
overall best performance in terms of F1 score (up to 0.65), while
Naive Bayes performs well in terms of Accuracy (up to 0.81). Ex-
amining the campaign features, we observe that the feature set
d+at+b+c, comprising Description (d), Amount Targeted (at), Bene-
ficiary Availability (b) and Category (c), offers good performance
when used as inputs to the earlier two models. Across the models
and features, we also note that adding Amount Targeted (at) to
the Description (d) results in a good performance improvement
but subsequent addition of more features only result in smaller
improvements.

4 Conclusion and Future Work

We studied crowdfunding campaigns in terms of the factors that
influence the success of fundraising. We analyzed 18,473 crowd-
funding campaigns and developed five models using numerous
campaign features for predicting fundraising success. Our main
finding is that the campaign description plays a major role, with the
amount targeted, beneficiary availability and category providing
some minor improvements in terms of fundraising success. Given
the role of campaign description, future work can explore the use
of word or sentence embedding [15] to better predict the campaign
success and explore the use of Large Language Models to improve
campaign descriptions.
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