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1. INTRODUCTION

The use of information technology to assist human activities is currently very massive. One of
technology that is used massively and connecting human is internet. The emergence of the internet as one of
the impacts of technological developments makes people can easily and quickly find whatever they are
looking for. Starting from social media, shopping, studying, and discussing, to the internet as a medium to
reap benefits as digital influencers. The use of internet technology has provided an understanding for some
groups that the internet can be maximally utilized to get people's attention quickly and a lot. Not only done
locally but also worldwide [1]-[3]. In the development of the industrial revolution 4.0, more innovations
have been carried out in various fields including financial technology such as mobile payments,
crowdfunding, peer-to-peer (P2P) lending, insurance, and wealth management [4]. In this research, the
technology product that will be discussed is crowdfunding.

Starting from the difficulty of raising funds for community business projects, social activities,
micro-enterprises, and start-ups, in recent years a platform called crowdfunding has emerged [5], [6].
Crowdfunding is an alternative form of traditional funding. Crowdfunding can be used to fund various
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projects and is open to any individual or group. The principle of crowdfunding is the same as conventional
funding, but what makes the difference is the use of the internet as a bridge between the donor and the
recipient of funds [7], [8]. Using the internet, fundraisers can easily go viral, allowing large amounts of
money to be raised. In addition, the internet allows information about projects to be funded to spread quickly.
Crowdfunding has four different models [9]-[11] that can make it easier for funders to make the best fund
placement decisions, namely i) donation-based crowdfunding that does not give anything in return for any
contributions from the donor, ii) award-based crowdfunding that rewards in the form of rewards or various
things that are not in the form of money or share ownership, such as clothes or merchandise, iii) equity-based
crowdfunding which rewards funders in the form of share ownership, and iv) lending-based crowdfunding
which provides reward in the form of interest in the loan provided by the funder.

There are several crowdfunding platforms like Kickstarter, Indiegogo, and GoFundMe. The data that
is used in this research gathered from Kickstarter. Kickstarter is an American public benefit corporation
based in Brooklyn, New York, that maintains a global crowdfunding platform focused on creativity. The
company's stated mission is to "help bring creative projects to life". As of September 2022, Kickstarter has
received $6.8 billion in pledges from 21 million backers to successfully fund 227,158 projects, such as films,
music, stage shows, comics, journalism, video games, technology, publishing, and food-related projects. This
research aims to predict the success of projects funded through Kickstarter using machine learning approach
between 2020-2022. Furthermore, the article describes the method used in section 2, the results are explained
in section 3, and the conclusion is in section 4.

2. METHOD

Crowdfunding is also known as crowd financing, equity crowdfunding, or crowdsource fundraising.
Crowdfunding can be defined as funding by a group of people [12] or a form of initiative from
individuals/teams/organizations/entities to raise funds to realize a project. It has a characteristic that is
collecting funds from very small to moderate amounts for an interest that is usually able to attract the
attention of many people. The existence of crowdfunding occurs after crowdsourcing. Both of them use
social media and the internet as intermediaries to the wider community, but there is a clear difference
between crowdfunding and crowdsourcing. The difference between crowdsourcing and crowdfunding is
related to the role of donors in a project. Crowdsourcing expects donors to be more involved in the projects
they are helping [13], by providing feedback in the form of ideas and suggestions for the sustainability of the
project. Meanwhile, crowdfunding only uses donors to raise funds for the implementation of a project.
Crowdfunding is defined as the process of taking a project or business, in need of investment, and asking a
large group of people to supply this investment [14] using internet [15], [16]. Based on what investors
receive after contributing, crowdfunding platforms are categorized into four types: donation-based, lending,
reward-based, and equity [17].

Figure 1 illustrates the complete process for comparative analysis and prediction of crowdfunding
campaign success. The first phase is data collection. The dataset used in this study was obtained from a
scrapping website called Web Robots. The dataset contains data about all projects posted on Kickstarter from
April 2009 to September 2022. In this study, the dataset used was from January 2020—September 2022. Data
pre-processing is carried out on the data that has been collected. The total humber of projects after data
aggregation is almost close to 2 million projects with 1.7 million of them having the same project id. After
data preprocessing stages, 51,513 projects meet the criteria. This data will is split into training and testing
data. The distribution of training and testing data is 70:30%. Several machine learning algorithms are used to
classify whether the project is successful or not based on the available features.

Machine learning is an approach technique from artificial intelligent (Al) which is used to imitate to
replace the role of humans in carrying out activities to solve problems [18], [19]. In short, machine learning
is a machine that is made so that it can learn and do work without direction from its users. Machine learning
is a branch of science that studies how to give computers the ability to learn without being explicitly
programmed. Machine learning can do this if it is based on ideas obtained from previous data and identifies
patterns and makes decisions using minimal human or user intervention. Machine learning algorithms are
divided into three types, namely supervised learning, unsupervised learning, and reinforcement learning [20].
Supervised learning is an approach to Al creation. It is called "supervised" because, in this approach,
machine learning is trained to recognize patterns between input data and output labels. The label means the
tag of the data added to the machine learning model. For example, images of cats tagged with "cat" in each
image of a cat and images of dogs tagged with "dog" in each image of a dog. Machine learning categories can
be classification ("dog", "cat", and "bear") and regression (weight and height). Supervised learning is widely
used in predicting patterns where there is already a complete sample of data, so the pattern formed is the
result of learning the complete data. It is certain that if we enter new data after we do extract transform load
(ETL) then we will get the feature information from the new sample. Then the features are compared with the
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classification pattern of the model obtained from the labeled data. Each label will be compared to completion,
and the one with the higher percentage will be taken as the final prediction. Also, machine learning is trained
to identify the underlying relationships of input data connections with output labels.
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Figure 1. Research method

The unsupervised learning algorithm is an algorithm that does not require labeled data. It is used in
pattern detection and descriptive modeling that does not require categories or labeled outputs on which the
algorithm is based to find the right model [21], [22]. Also, this algorithm is used for clustering and
association rules. The advantage of unsupervised learning is that because it does not require labels, the
algorithm is more flexible to look for patterns that may not have been previously known. While the
drawbacks of this algorithm are the difficulty of finding information in the data because there are no labels
and it is more difficult to compare the output with the input.

The goal of reinforcement learning is to use observations gathered from interactions with the
environment to take actions that will maximize output and minimize risk. This algorithm will continue to
learn repeatedly. In this algorithm, there are agents who will learn from interactions with their environment.
To generate a model, the reinforcement learning algorithm goes through several stages, including the agent
observing the input data, after which the agent takes an action to decide. After the decision is made, the agent
will receive a "reward" or reinforcement from the environment. Then, re-observe the input, and the decision-
making process is carried out again but with additional reinforcement from the environment so that the
results of the decisions taken are more accurate.

In this study, logistic regression, random forest, and extreme gradient boosting (XGBoost) algorithm
were used. Logistic regression is a statistical method that is applied to model categorical response variables
(nominal/ordinal scale) based on one or more predictor modifiers which can be either categorical or
continuous variables (interval or ratio scale). If the response modifier consists of only two categories, the
logistic regression method that can be used is binary logistic regression. Logistic regression is a part of
regression analysis that can be used if the dependent variable (response) is dichotomous. Dichotomous
variables usually consist of only two values, which represent the occurrence or absence of an event which is
usually assigned a number 0 or 1. Unlike ordinary linear regression, logistic regression does not assume a
linear relationship between the independent and dependent variables. Regression logistics is a non-linear
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regression where the specified model will follow a linear curve pattern. Logistic regression will form
predictor/response variables which are linear combinations of independent variables.

Random forest is the development of the classification and regression tree (CART) method by
applying the boostrap aggregating (Bagging) method and the random feature selection [23], [24]. Bagging is
a method that can improve the results of the classification algorithm. Baggage is a method based on the
ensemble method, which is a method that uses a combination of several models. Predictor bagging is a
method used to generate multiple versions of predictors and use them to obtain a set of predictors. Multiple
versions are formed by bootstrap replication of experimental data. The random forest has many trees that can
reach hundreds, and each tree is planted the same way. Several learning functions generated by random forest
are used as an ensemble bagging strategy to overcome the problem of overfitting when faced with small train
data. Many algorithms can be used in the formation of decision trees such as ID3, CART, and C4.5. The
random forest method itself has several advantages, among others, produces good classification results,
produces lower errors, and can efficiently handle training data with very large amounts of data [25], [26].

XGBoost is an effective technique in machine learning for regression analysis and classification
[27]-[29] based on the gradient boosting decision tree (GBDT) [30], [31]. Firstly, the main concept was
introduced by [32], in his research Friedman connected boosting and optimization in building a gradient
boosting machine (GBM). Subsequently, a new model was developed to predict the error from the previous
model used in the boosting method. The addition of new models is carried out until no more errors are found.
By using gradient descent to minimize errors when creating a new model, this algorithm is called gradient
enhancement. XGBoost has many advantages, including being able to perform parallel processing which can
speed up computations [33], having high flexibility in setting objectives [34], built-in cross validation, having
regularization features, and overcoming splits during negative loss [35]. Therefore, XGBoost is very suitable
for processing classification data. XGBoost will create a tree as a way to classify train data so that a specific
target can be obtained. XGBoost has several parameters that we can set so that it is adjusted to the dataset
obtained. Parameter tuning in XGBoost can be done using GridSearch CV and tuning manually.

3. RESULTS AND DISCUSSION

In this section, the comparison of model performance using several machine learning algorithms is
described. The confusion matrix is presented as a basis for comparing model performance. The performance
indicators used are accuracy, sensitivity, precision, and F1-score. Table 1 shows comparison of crowdfunding
campaign success prediction using various algorithms.

Table 1. Crowdfunding campaign success prediction performance

Algorithm Accuracy (%) Sensitivity (%) Precision (%) F1-score (%)
Logistic regression 84 52 74 61
Logistic regression + PCA 84 52 74 61
Random forest + PCA 82 41 73 53
XGBoost + PCA 83 49 70 58
logistic regression with log-transformed data 86 58 76 66
Random forest with log-transformed data 86 54 82 65
XGBoost with log-transformed data 86 59 77 67

Logistic regression can be used as a classifier for data with binary labels. In this study, the labels
used are successful projects and unsuccessful projects. The testing process using the default parameters
provides an accuracy of 84% with sensitivity, precision, and F1-score of 52%, 74%, and 61%, respectively.
From Figure 2(a), it can be seen that the number of false negatives is quite large with 1776 data.

There are 106 features that can be used to predict the success of crowdfunding. Principal component
analysis (PCA) method can be used to reduce features while still describing variations in the data. Table 2
describes the variance and accuracy using various numbers of feature. The desired data variation in this study
is 99% with the number of PCA components of 90 features. The logistic regression model can be further
improved by optimizing its parameters. The GridSearch method can be used to test several different
regularization parameters (C values), penalties (11 or 12), and models with or without intercepts. From the
testing results, the optimal parameter for the logistic regression method is obtained with regularization of 10
and using the intercept and penalty 12. As can be seen from Table 1, this setting resulted in the same value of
accuracy, sensitivity, precision, and F1-score with the prediction using logistic regression, but it succeeded in
reducing false positive. But on the other hand, the false negative value also increased by 20 (as can be seen in
Figure 2(b)).
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Table 2. Data variance and accuracy using various numbers of feature

Numbers of feature Variance (%) Accuracy (%)
58 80 82.257
70 90 82.762
90 99 83.823

The next algorithm used is the combination of random forest and PCA. Random forest parameter
used is a depth of 30, with several trees of 100. Based on the data in Table 1, the combination of random
forest and PCA didn't generate better results than the previous algorithm. From the confusion matrix
(Figure 3(a)), the test results show that the combination of random forest and PCA succeeded in reducing
false positive, but the false negative value also increased significantly.

XGBoost is a form of gradient enhancement algorithm. Similar to the random forest algorithm, this
algorithm is an ensemble method that generates several decision trees to improve the performance of the
classification model, but the XGBoost method uses gradient descent to improve model performance on data
that is very difficult to classify. The combination of XGBoost and PCA methods provides 83% accuracy,
49% sensitivity, 70% precision, and 58% F1-score. As can be seen in Figure 3(b), the number of false
negatives and false positives increases significantly when compared to the results of the logistic regression.
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Furthermore, the logistic regression, random forest, and XGBoost algorithm were tested using
log-transformed data, but the PCA feature reduction was not employed. This scenario shows better results on
prediction model, as can be seen in Table 1. In addition, the overfitting phenomenon is overcome by
implementing this scenario because there is a decrease of false positive and false negatives in the confusion
matrix. As shown in Figure 4(a), the implementation of log-transformed data in logistic regression succeeded
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in reducing false positive and false negative values by 20 and 226 when compared to vanilla logistic
regression results. Meanwhile, the implementation of log-transformed data in random forest algorithm
reduced false positive and false negative values significantly by 127 and 459 when compared to random
forest algorithm and PCA results (as can be seen in Figure 4(b)). The XGBoost model with logarithmic data
transformation becomes the best model compared to other models with an F1-score value of 67%. As shown
in Figure 4(c), the implementation of log-transformed data succeeded in reducing false positive and false
negative values by 135 and 362.
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Figure 4. Confusion matrix of prediction model using (a) logistic regression, (b) random forest, and
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4.  CONCLUSION

This paper presents comparative analysis of machine learning performance in predicting
crowdfunding campaign success. Three machine learning algorithms were employed to predict crowdfunding
campaign success, namely logistic regression, random forest, and XGBoost. The experiments using PCA
feature reduction and log transformation were also conducted to improve the performance of prediction
model. Experimental results show that XGBoost algorithm has the best performance among the others.
Moreover, the use of log-transformed data increased prediction model performance.
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