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Abstract

This thesis investigates the dynamics of crowdfunding success in Kickstarter’s technology cat-

egory using a blend of network analysis and machine learning. By sourcing a comprehen-

sive dataset from Webrobots.io[20], which includes detailed monthly data dumps of Kickstarter

projects, this study focuses on U.S.! (U.S.!)-based technology projects to uncover patterns and

factors contributing to successful crowdfunding outcomes.

The methodology encompasses rigorous data preprocessing, advanced feature engineering, and

graph-based modeling to represent relationships between projects, creators, and subcategories.

Network analysis techniques, including centrality measures and community detection, identify

influential projects and creators and uncover clusters with similar characteristics. A RandomFor-

est machine learning model, integrating project-specific metrics and network-derived features,

predicts project success with high accuracy.

Findings reveal significant patterns in project features, creator influence, and community struc-

tures that impact crowdfunding success. The predictive model serves as a practical tool for

guiding project development and marketing strategies. This thesis enhances the understanding

of crowdfunding platforms through the integration of network science and predictive analyt-

ics, offering insights for creators, backers, and platform moderators. The enriched dataset and

methodologies are made publicly accessible to encourage further research and practical appli-

cations in crowdfunding.
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CHAPTER 1

Introduction and Motivation

1.1 Introduction and Motivation

In the contemporary era of digital transformation, crowdfunding platforms have emerged as

pivotal mechanisms for project financing, particularly within the realm of technology star-

tups. Kickstarter, one of the most prominent crowdfunding platforms, has enabled countless

entrepreneurs to transform their innovative ideas into reality. Despite the platform’s widespread

usage, the determinants of project success remain a critical area of investigation. This thesis

aims to dissect and understand the multifaceted factors that influence the success of technology

projects on Kickstarter.

Crowdfunding, as an alternative financing model, leverages the collective support of individu-

als, typically via online platforms, to fund projects ranging from creative ventures to high-tech

innovations. The exponential growth of this sector underscores its importance; however, the

high variability in project outcomes highlights a pressing need to identify the elements that

contribute to a successful campaign. This thesis seeks to bridge this knowledge gap by employ-

ing advanced data analytics and machine learning techniques to analyze Kickstarter projects,

focusing specifically on technology categories within the United States.

The primary motivation behind this research is to provide a systematic analysis that can guide

future project creators in optimizing their campaigns. By examining various dimensions such as

project attributes, creator history, visual appeal of project images, and network effects, this study

aims to develop a comprehensive model that predicts project success. The insights derived from

this research could significantly impact how projects are structured and presented, potentially

increasing the success rate of technology projects on crowdfunding platforms.
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1.2 Problem Statement and Contribution

1.2.1 Problem Statement

The central question that this thesis addresses is: "What are the key factors that determine the

success of technology projects on Kickstarter?" This broad question can be broken down into

several sub-questions:

• How do project attributes (e.g., funding goal, project duration, and reward structure) in-

fluence the likelihood of success?

• What is the impact of the creator’s past performance and network on the success of new

projects?

• How do the visual characteristics of project images affect backer engagement and project

success?

• Can a predictive model accurately forecast the success of a project based on its attributes

and associated network features?

1.2.2 Aims

The primary aim of this research is to develop an empirical model that elucidates the determi-

nants of project success on Kickstarter. This involves:

• Identifying and quantifying the influence of various project attributes on campaign out-

comes.

• Analyzing the role of the creator’s network and historical performance in project success.

• Evaluating the impact of image quality and other visual features on backer engagement.

• Constructing a comprehensive predictive model using machine learning techniques to

forecast project success.

1.2.3 Contributions

This thesis makes several contributions to the field of crowdfunding research:
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• A detailed dataset of Kickstarter projects focusing specifically on the technology sector,

cleaned and processed for analysis.

• A novel feature set derived from image processing techniques, providing new insights

into the role of visual appeal in crowdfunding.

• The construction of a knowledge graph to represent the complex relationships between

projects, creators, and categories, facilitating advanced network analysis.

• The development and validation of a machine learning model that predicts project success

with high accuracy, incorporating both traditional and novel features.

1.2.4 Limitations

While this research provides significant insights, it is not without limitations:

• The analysis is restricted to projects within the technology category, which may limit the

generalizability of the findings to other categories.

• The dataset is constrained to U.S.!-based projects, and hence, the results might not fully

apply to projects based in other countries.

• Image processing features are dependent on the quality and availability of images in the

dataset, which might introduce biases.

• The predictive model, while robust, is based on historical data and might not account for

future changes in crowdfunding dynamics or platform policies.

1.3 Justification

Addressing this gap is crucial for several reasons:

• Practical Implications: Understanding the determinants of project success can help cre-

ators design more effective campaigns, improving their chances of securing funding.

• Theoretical Contributions: This research adds to the existing body of knowledge by inte-

grating insights from project management, social network analysis, and visual analytics.
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• Economic Impact: As a result, through the increased likelihood of successful implemen-

tation of technology projects, this research can have a positive impact on development

of innovation and further involvement with entrepreneurship, which will boost economic

progress.

1.4 Possible Solutions and Outcomes

This thesis subscribes to a paradigm with multiple strategies. By leveraging data from Kick-

starter and employing advanced analytical techniques, the following solutions and outcomes are

anticipated:

• Data-Driven Insights: The findings are believed to provide greater understanding of the

nature and impact of the multiple factors on project success. These insights will be derived

from survey data; the recommendations will be founded on concrete facts.

• Predictive Model: A key outcome of this research will be the development of a predic-

tive model that can accurately forecast project success. This model will be valuable for

creators, investors, and platform managers.

• Practical Guidelines: Using the information gathered, useful recommendations will be

made in order to assist the campaign creators to increase their chances of getting funding

for their projects. Again, these guidelines will include issues such as; the degrees of

achievable funding, making good use of a social network, and the visibility factors of a

potential project.

• Platform Enhancements: The results of this study could inform platform enhancements,

such as recommendation systems for project creators or personalized advice based on

project attributes and creator history. When these considerations are incorporated, it be-

comes possible for more platforms such as Kickstarter to assist the creators in a way that

boosts the general rates of success.
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CHAPTER 2

Literature Review

2.1 Crowdfunding: Concepts and Evolution

Crowdfunding, the practice of funding a project or venture by raising small amounts of money

from a large number of people, typically via the Internet, has gained substantial traction since its

inception. The concept dates back to 2003 when Brian Camelio launched "ArtistShare" to help

musicians fund their projects directly through fan contributions. This model was soon adopted

by platforms like Indiegogo and Kickstarter, which expanded the scope to include various cre-

ative and entrepreneurial projects[17].

The early literature on crowdfunding primarily focused on its definition, types, and the basic

mechanics of how platforms operate. For instance, Mollick provides an exploratory study into

the dynamics of crowdfunding, outlining key success factors and the critical role of social net-

works[7]. The evolution from reward-based models to equity-based and debt-based models has

also been extensively documented, highlighting the regulatory challenges and opportunities that

these new models present[14].

However, the existing literature often lacks a comprehensive analysis of the technological and

visual elements that contribute to project success. This gap is particularly significant in the

context of technology projects on Kickstarter, where visual appeal and presentation quality can

heavily influence funding outcomes[18].
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2.2 Factors Influencing Crowdfunding Success

Research has identified several factors that influence the success of crowdfunding campaigns.

These factors can be broadly categorized into project-related factors, creator-related factors, and

platform-related factors.

2.2.1 Project-Related Factors

The characteristics of the project itself, such as the funding goal, project duration, and quality

of the campaign presentation, are critical for success. Cordova et al. found that projects with

clear goals and realistic funding targets are more likely to succeed [9]. Detailed project descrip-

tions, frequent updates, and high-quality visuals also make projects more attractive to potential

backers.

Setting a realistic funding goal is crucial, as Kuppuswamy and Bayus point out that overly am-

bitious goals can discourage potential backers, while modest goals can inspire confidence and

lead to overfunding [13]. Additionally, Colombo et al. emphasize the importance of regular up-

dates and engagement with backers to maintain their interest and trust throughout the campaign

[8].

2.2.2 Creator-Related Factors

Reputation and prior behavior of the project creator are crucial to the success of crowdfunding

campaigns. Agrawal et al. points out that social capital and trust are of utmost importance

in crowdfunding, as creators with a larger number of online social connections and multiple

successfully completed projects in the past are more likely to get funded [4]. Creators who are

active in the community and promptly reply to potential backers’ questions also have a positive

impact on the outcome of the crowdfunding campaign [3].

Zheng et al. also proves that social networks associated with the project creators matter to the

success of crowdfunding projects. Project creators’ social networks can be a source of initial

funding for new projects since backers are more likely to find the projects they are interested in

through connections of the project creators [19].

6



2.2.3 Platform-Related Factors

The underlying design of crowdfunding platforms also affects the success of crowdfunding cam-

paigns. Belleflamme et al. argues that crowdfunding platforms that provide efficient tools for

the projects’ promotion (e.g., social sharing options, visitor statistics, etc.) tend to have higher

project success rates [5]. Moreover, the platform’s transaction fees and the user interface of the

crowdfunding platforms may distract or hinder potential backers’ decision-making [15].

Cumming et al. also highlight that platform policies affect the success of the crowdfunding

campaigns. Platforms with strict vetting procedures and clear guidelines for stakeholders are

more likely to earn the trust of backers [14]. In addition, a dynamic and positive community

on the platform contributes to the success of the projects by creating a sense of belonging and

identity among the backers [12].

2.3 Technology and aesthetics in crowdfunding

Technology and aesthetics have become increasingly important topics in the crowdfunding lit-

erature over the last few years. Good quality pictures, videos, and other multimedia content are

crucial in attracting the attention of potential customers and creating a value proposition for the

project.

2.3.1 Image quality and aesthetic features

Image quality and the overall aesthetic features of the visual content such as pictures and videos

matter a lot. The existing literature shows that using high-quality images and professionally

crafted videos help projects to attract more backers and gather more funds. Image quality en-

hances the credibility and professionalism of the project [16].

Xu et al. show that even the aesthetic features of the images used in the project descriptions such

as colorfulness, brightness, and contrast affect backer behavior. Projects that use visually ap-

pealing images and other visual content such as videos are more likely to distinguish themselves

in the crowded crowdfunding market and catch the eye of potential backers [18].
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2.3.2 Technological Innovations

Another stream of research examines the role of newer technologies like virtual (VR) and aug-

mented reality (AR) in crowdfunding. These technologies allow potential backers to experience

the product first hand or get a feeling of what the experience of the final product will be like.

They can be effectively integrated in the crowdfunding campaign to attract more engagement

and increase funds collected [10].

For instance, Gierczak et al. examine how AR and VR can be integrated in the storytelling part

of the campaign to better, more interactively, present the envisioned future of the product and

the experience of the project’s realization to the potential backers. Such an approach can evoke

positive emotions in backers that can translate into their decision to support the project [3].

2.3.3 Data Analytics and Predictive Modeling

A promising research direction in crowdfunding research is the application of data analytics

and machine learning models to predict the outcome of a campaign. Such an approach can

leverage past campaign records and detect patterns among their features that influence the final

outcome. Based on that, the models can provide insights on factors that matter and suggestions

for optimization of the future similar campaigns [6].

For instance, Hui et al. propose a predictive model that takes into account a variety of features

such as project’s characteristics, the creator’s traits, and social media mentions to predict the

probability of a successful crowdfunding campaign. They show that such models can help

campaign creators detect hidden defects in their campaigns and adjust the campaign accordingly

to achieve better final results [19].

2.4 Network Analysis in Crowdfunding

A number of studies applied network analysis to study the relationships between the project cre-

ators and backers as well as other entities from the crowdfunding landscape. Such an approach

allows to uncover social mechanisms and patterns of influence that lead to success.
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2.4.1 Social Network Analysis

A number of studies applied social network analysis (SNA) to examine the role of social capital

and community effect in crowdfunding. For instance, Kuppuswamy and Bayus showed that

projects with dense social networks of supporters are more likely to be successful since they

get promoted via word of mouth and acquire social proof. SNA! (SNA!) techniques can also

identify key influencers within the crowdfunding community who can drive significant traffic

and contributions to a project [13].

Gleasure and Feller draw attention to the role of centrality, a measure of importance in networks,

in crowdfunding. They show that projects connected to well centralized nodes are more likely

to reach their funding targets. They suggest that such projects leverage their social capital and

invest in building it before launching the campaign [12].

2.4.2 Community Detection

A number of studies leverage community detection algorithms, like the Louvain method, that

identify clusters of nodes (projects, creators, subcategories) that have many connections among

members of the same community but far fewer connections with members from other commu-

nities. Such an approach can be essential for revealing how projects are organized in groups

based on their similar features, goals, or creator’s networks [19].

The Louvain method was used to identify community structures in crowdfunding platforms

composed of projects that share common interests and support each other. Such communities

can be a great source of help for new projects and their participation can bring advice, feedback,

and early support that is essential for campaigns to go viral [18].

2.4.3 Centrality Measures

Centrality measures like degree centrality and eigenvector centrality allow to identify the most

central nodes in the network. The projects and creators connected in this type of nodes are

typically well connected and can effectively leverage their network to maximize funds collected.

Zheng et al. show that creators with high eigenvector centrality, i.e., connected to other well

central nodes, are more likely to achieve their funding goals. This result suggests that it is not

enough to have a large network of connections, but you should be well connected to the most

central members of the community [19].
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2.5 Machine Learning and Predictive Modeling in Crowdfunding

The use of machine learning and predictive modeling in crowdfunding can potentially transform

the design and management of crowdfunding campaigns. Based on the analysis of large data sets

with the use of advanced algorithms, researchers can build models that predict the probability

of the successful campaign and provide insights for campaign creators.

2.5.1 Feature Engineering

Feature engineering is the process of creating new variables (features) from the available data

to improve the performance of machine learning models. In crowdfunding, features like project

duration, funding goal, and social media mentions were shown to be important predictors of the

final outcome. Also, visual features like colorfulness, brightness, or busyness extracted from

project images can improve the accuracy of the predictions [18].

2.5.2 Model Development

A number of machine learning models like decision trees, random forests, and neural networks

were used for predicting the outcome of crowdfunding campaigns. Random forests were shown

to deliver accurate results thanks to their ability to tolerate
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CHAPTER 3

Methodology

3.1 Data Acquisition

The data for this study comes from Webrobots.io [20], a service that crawls public data from

multiple sites regularly to make them available as a data dump in JSON or CSV format. We

made use of the CSV format because it is easy to use and compatible with various data analysis

tools.

3.2 Data Preprocessing

Data Preprocessing was conducted on the dataset to make it more relevant, accurate, and easy

to analyze. This stage involved several key steps:

Figure 3.1: Data Preprocessing Steps
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3.2.1 Selection and Filtering

The dataset was further refined to include only the projects that belong to the ‘Technology’

sector and are located in the United States. This focus ensures that the dataset is in line with the

study’s goal of analyzing US technology projects.

3.2.2 Data Cleaning

This step entailed the elimination of the entries that were either corrupt or incomplete, and then

normalizing the rest of the data.

3.2.3 Column Removal

Several columns were irrelevant for the project’s objectives therefore they were removed to

streamline the dataset:

Field Reason for Removal

Currency Information

(currency_symbol,

currency_trailing_code)

Removed because all transactions were in USD! (USD!), given

the dataset’s restriction to U.S.-based projects. These fields

were therefore superfluous.

Communication Flags

(disable_communication)

This boolean flag indicating whether communication with

backers was disabled was not relevant to the success factors

being analyzed.

Currency and Funding Details

(current_currency, fx_rate,

static_usd_rate, usd_exchange_rate)

As the analysis was limited to USD! and U.S. projects, multiple

currency metrics were unnecessary.

Campaign Specifics (is_disliked,

is_launched, is_liked, is_starrable,

prelaunch_activated)

These fields, related to campaign features on Kickstarter’s

platform (like likes and dislikes), did not contribute directly to

the analysis of project outcomes.

Meta Fields (currency, id, photo, profile,

slug, source_url, urls, video)

These metadata fields primarily contained URLs and identifiers

that were useful for navigation and linking within the

Kickstarter platform but irrelevant for analytical purposes.

Temporal Details (state_changed_at) The exact time of state change was deemed redundant given the

detailed ’created’ and ’deadline’ timestamps that more

effectively illustrated the project timeline.

Table 3.1: Fields Removed and Reasons for Removal
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3.2.4 Timestamp Conversion

The columns that contained UNIX timestamps (created_at, launched_at, deadline) were trans-

formed into datetime format to allow for more meaningful temporal operations and evaluations

like project length.

3.2.5 Renaming Fields

Abbreviations of the column names (for instance, blurb to description) for better understanding

and coherence in the data.

3.3 Feature Engineering

Several features were created to provide deeper insights into project dynamics:

3.3.1 Project Duration

Project duration was calculated by the difference between the ’created’ and ’deadline’ dates, it

provides an understanding of the time period in each project.

3.3.2 Image Characteristics Extraction

In order to extract the image characteristics Image processing techniques [1, 2] were used from

the images, to further enhance the dataset:

• Colorfulness: Calculated by measuring the variance of color channels and the mean de-

viation between specific color components. This metric quantifies the visual richness and

appeal of project images.

R, G, and B are the red, green, and blue channels of the image respectively.

rg = |R−G|

yb = |0.5× (R+G)−B|
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Next, calculate the mean and standard deviation of rg and yb:

rbMean = mean(rg)

rbStd = std(rg)

ybMean = mean(yb)

ybStd = std(yb)

The colorfulness metric will be equal to:

stdRoot =
√
(rbStd2)+(ybStd2)

meanRoot =
√
(rbMean2)+(ybMean2)

Colorfulness = stdRoot+(0.3×meanRoot)

• Brightness: It was Calculated by converting the image to grayscale and then the average

pixel intensity was calculated, which indicates the image’s overall lightness.

I is the grayscale intensity of the image.

Brightness =
1
N

N

∑
i=1

Ii

N are the number of pixels in the image.

• Contrast: Assessed by computing the standard deviation of the grayscale image’s pixel

intensities, reflecting the depth and clarity of the image. Let I be the grayscale intensity

of the image.

Contrast =

√
1
N

N

∑
i=1

(Ii − Ī)2

where Ī is the mean intensity of the image.

• Blur: Evaluated using the variance of the Laplacian of the grayscale image, which mea-

sures the sharpness and focus of the image.

Let L be the Laplacian of the grayscale intensity I.

Blur = var(∇2I)

where ∇2I represents the Laplacian operator applied to the image.

• Quality: Estimated by saving the image at a fixed compression rate and measuring the

resulting file size, which correlates with the visual quality and detail in the image.
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These features were incorporated into the dataset, enriching each entry with valuable visual

descriptors that could be leveraged in subsequent analyses.

3.4 Graph Construction

The construction of a network graph was a pivotal component of the study, enabling the visu-

alization and analysis of complex relationships between various entities associated with Kick-

starter technology projects. The graph was constructed using the NetworkX library in Python,

chosen for its flexibility and powerful network analysis tools.

Figure 3.2: Network Graph Construction Process

3.4.1 Node Definition and Creation

Nodes in the graph represent the primary elements of the Kickstarter dataset:

• Project Nodes: Each project from the dataset was represented as a node. Attributes such

as project name, goal, pledged amount, state (success or failure), were added within these

nodes.

• Creator Nodes: Creators were also representing nodes to explore their relationships with

projects. This includes linking multiple projects to single creators, which can reveal pat-

terns in project success rates relative to creator experience and historical performance.

• Subcategory Nodes: Subcategories within the Technology domain were represented as

individual nodes. This categorization helped to dissect the dataset further and analyze
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Figure 3.3: Node Types

trends within specific niches.

• Image Nodes: Each project’s featured image was processed to extract features such as

colorfulness, brightness, contrast, quality and blur. They were also represented as a node.

These nodes were linked to their respective projects, providing a visual dimension to the

project data.

3.4.2 Edge Definition and Creation

Edges in the graph were used to represent the relationships between nodes:

Figure 3.4: Nodes Relationship
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• Project-Creator Relationships: Edges were drawn from project nodes to creator nodes,

illustrating creator created which projects. This relationship is key for analyzing the im-

pact of creator on project state outcomes.

• Project-Subcategory Relationships: It was used to analyze how different technology

subcategories perform, edges connected project nodes to their corresponding subcategory

nodes. This helped in examining the success rates across various technology subcate-

gories.

• Project-Image Relationships: Edges between project nodes and image nodes were es-

tablished based on the association of each project with its main image. This way it will

be useful for studying the influence of image characteristics on project success.

3.4.3 Visual Representation

The graph was visualized to get insights and to find the relationships. Python Tools Matplotlib

and NetworkX were used to create the graphs, they highlight different node types and connection

strengths. These visualizations helped in presenting the findings and also in exploring the data

interactively.

3.5 Categorization and Success Analysis

A detailed categorization and success rate analysis was done in order to gain a deeper under-

standing of the dynamics within projects

3.5.1 Subcategory Identification

The projects were further divided into subcategories . Technology category included a wide

variety of projects, ranging from software development to creation of new hardware, so each

project was given a more specific ‘subcategory’ label, such as ‘Apps’, ‘Hardware’, ‘Web’, and

‘Gadgets’. This classification helped in providing a more refined view of the trends and success

patterns.

3.5.2 Subcategory Success Rate Calculation

The next step involved calculating the success rate for each subcategory:
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• Success Criteria:A project was considered to be successful if it was able to reach the

targeted funding or exceed it within the campaign period. This binary outcome was im-

portant for the further calculations: success/failure.

• Rate Computation:The overall success rate for each subcategory was established by

comparing the number of successful projects with the total number of projects in the

subcategory.

Success Rate (%) =
(

Number of Successful Projects
Total Number of Projects

)
×100

3.5.3 Analysis and Insights

The success rates that were obtained helped identify which subcategories had the highest chances

of success on Kickstarter. Using this analysis, the areas of strength and growth opportunities

were also defined.

3.5.4 Visualization of Success Rates

Figure 3.5: Subcategory Success Rate

• Bar Graphs: Bar charts were used to display the success rates in the various subcate-

gories. These graphs pointed out differences in success and focused on certain areas that

were more successful or posed more difficulties in the technology domain.
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• Comparative Analysis: The success rate was also compared across subcategories to look

for trends and outliers. This approach was useful to compare the performance of each

subcategory to other technologies.

3.5.5 Strategic Implications

The findings of the subcategory success rate were meant to help both, the creators and the

investors, understand which technology subcategories had the highest potential or the highest

level of risk on the crowdfunding platform. It can help in planning for projects, marketing, and

funding decisions, which can enhance the effectiveness of the Kickstarter community.

3.6 Network Analysis

The network analysis phase was critical in identifying the connections and power dynamics

in the Kickstarter projects, creators, and subcategories within the technology industry. Based

on the graph derived from the dataset, several techniques of network analysis were applied to

determine the important nodes, define the communities, and reveal the interactions that affect

the projects’ outcomes.

3.6.1 Centrality Measures

Centrality measures were computed to determine the nodes that are most central within the

network. These metrics help to pinpoint nodes that have significant control over the flow of

information or resources within the network:These metrics help to pinpoint nodes that have

significant control over the flow of information or resources within the network:

• Degree Centrality: This measure was used to determine the nodes with the most number

of links in a direct manner. A high centrality value for a creator node means that the cre-

ator is connected to many projects, which can mean that the creator has prior experience

in the crowdfunding platform and may be influential in the community.

• Eigenvector Centrality: eigenvector centrality considers not only the number of con-

nections a node has but also the importance of those connected nodes. This metric was

particularly useful for identifying creators and projects that, while perhaps not the most

connected overall, are influential within particularly important clusters within the graph
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Figure 3.6: Degree Centrality

3.6.2 Community Detection

Community detection algorithms were used to partition the graph into a set of sub-graphs, where

nodes in each sub-graph are more densely connected to each other than to nodes in other sub-

graphs (projects, creators, subcategories). This analysis was crucial for understanding how

projects group together based on similarities in features, goals, or creator networks:

Figure 3.7: Community Detection

• Louvain Method: This widely used method of detecting communities was applied to

identify the modularity of the network. It assisted in defining the niches within the Kick-
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starter technology category; it showed that there are some projects that are more likely to

be grouped together by the platform, which in turn defines their success rates and funding

patterns.

3.6.3 Path Analysis

Path analysis was conducted to explore the shortest paths between nodes, helping to understand

how closely different project and Creator nodes are related to each other:

Figure 3.8: Path Analysis

• Shortest Path Calculation: Applying the Dijkstra algorithm, the distances between the

key nodes were defined to find the shortest path to the other projects or between the

projects and creators. This analysis is useful in identifying possible ways through which

influences, ideas or trends move through the network.

3.6.4 Network Visualization

For the interpretation of these complex network structures and to communicate findings effec-

tively:

• Graph Visualization: NetworkX alongside with visualization libraries such as Mat-

plotlib was employed in visualizing the network. The nodes were colored and sized

according to their centrality values, while the communities were painted with different

colors in order to enhance the visual representation of the community structure.
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3.6.5 Implications of Network Analysis

The findings of the network analysis were beneficial in terms of identifying the nature of Tech-

nology projects, by recognizing the key influencers, analyzing the community characteristics,

and finding out how the project attributes are related to the network topological features, the

stakeholders can make better decisions on the project initiation, marketing, and funding.

3.7 Machine Learning Modeling

To predict the success of Kickstarter technology projects, a robust machine learning model was

developed and evaluated. The predictive model aimed to leverage both direct project metrics

and derived features, to forecast project outcomes effectively.

3.7.1 Model Training

The prediction model was developed by using scikit-learn’s Pipeline utility, It also streamlined

the preprocessing and classification processes into a coherent workflow:

• Data Splitting: The dataset was split into training and testing subsets, with 20% for

testing and 80% for training.

• Preprocessing: The numerical features were scaled to standardize their ranges. This

standardization was critical for effective learning, especially given the diverse range of

features, from pledged amounts to image colorfulness.

• Classification Model: The RandomForestClassifier was chosen due to its proficiency in

handling complex datasets with nonlinear relationships and interactions among features.

It provides a robust mechanism against overfitting and enhances the model’s generaliza-

tion capabilities.

3.7.2 Model Evaluation

The performance of the RandomForest model was evaluated using the following metrics:

• Accuracy: It Measures the overall correctness of the model across all predictions.
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• Precision: It Indicates the accuracy of positive predictions and also reflects the model’s

ability to correctly identify successful projects, which is crucial for minimizing false pos-

itives.

• Recall: It Assesses the model’s ability to detect all relevant cases (i.e., successful projects).

• AUC-ROC: area under the receiver operating characteristic curve (AUC-ROC) is a criti-

cal metric for evaluating the true positive rate against the false positive rate.s. This metric

is particularly useful for comparing the performance of the model across different classi-

fication thresholds.

These metrics collectively provided a comprehensive understanding of the model’s performance,

it highlights the strengths and areas for improvement. Particularly in handling imbalanced data

or complex feature interactions.
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CHAPTER 4

Results

This chapter presents the results which were obtained from the analysis and processing of the

dataset. The findings are prepared into several sections

4.1 Network Graph Analysis

The network graph constructed from the dataset provides insights about the relationships be-

tween entities that includes projects, creators, subcategories, and images along its characteris-

tics.

Figure 4.1: Graph Construction for 10000 sample size

Figure 4.1 shows the network graph constructed for a sample size of 10,000 entries from the

dataset. This graph visualizes the connections between entities in the dataset, such as projects,
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creators, subcategories, images and the state of the projects. Each node represents an entity,

while each edge represents a relationship between the entities. This visualization helps to un-

derstand the structure and complexity of the dataset.

The following statistics explains the structure of the network graph which was created for the

prediction model from the original dataset:

Metric Value

Number of nodes 131,146

Number of edges 181,113

Number of projects 60,371

Number of creators 10,388

Number of images 60,371

Average degree of nodes 2.76

Table 4.1: Dataset Metrics

These statistics indicate a large and complex network

4.2 Centrality Measures

Centrality measures were calculated to identify the most influential nodes within the network.

Degree centrality, in particular, helps identify creators who are most connected within the net-

work.

Figure 4.2 shows the top 10 creators by degree centrality. Degree centrality measures the num-

ber of direct connections a node has. Creators with high degree centrality are likely to have

created multiple projects or have extensive collaborations within the network. This analysis

helps identify key influencers in the Kickstarter community. These creators can significantly

impact the success of projects through their extensive networks and experience.

4.3 Community Detection

Community detection was performed using the Louvain method to identify clusters of nodes

that are more densely connected among themselves than with other parts of the network. The

analysis revealed several communities within the Kickstarter technology projects network:
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Figure 4.2: Top Creators by Degree Centrality

Figure 4.3: Community Detection in the Network Graph for 10000 sample size
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Figure 4.3 represents the community detection results for a sample size of 10,000 entries. Nodes

are colored based on their community membership. This analysis helps in understanding how

projects and creators are grouped based on their characteristics and connections. Identifying

these communities can provide insights into niche markets and potential areas for targeted mar-

keting and engagement.

4.4 Success Rate Analysis by Subcategory

The success rate of projects was analyzed for different subcategories within the technology

domain. The success rate is defined as the proportion of projects within a subcategory that met

or exceeded their funding goals.

Figure 4.4: Success Rate by Subcategory

Figure 4.4 illustrates the success rate by subcategory. This analysis helps identify which subcat-

egories within the technology sector have higher success rates, providing valuable information

for potential project creators and investors. It is evident from the chart that certain subcategories,

such as "Technology" and "Gadgets," have higher success rates compared to others, indicating

potential areas of opportunity for new projects. This information can guide creators in focusing

their efforts on subcategories with proven track records of success.
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4.5 Sample Size Explanation

For the visualization of graph construction 4.3 and community detection graph 4.1, a sample

size of 10,000 was used instead of the full dataset of 60,371 entries to manage computational

resources and ensure clarity in the visualizations. Creating visualizations for the entire dataset

would have been time-consuming and potentially cluttered. However, the complete dataset was

used for training and evaluating the predictive model, ensuring that all available data contributed

to the model’s performance.

4.6 Machine Learning Model Performance

The machine learning model was developed to predict the success of projects based on various

features. The model’s performance was evaluated using several metrics:

Metric Value

Accuracy 0.9886

Precision 0.9911

Recall 0.9874

AUC-ROC 0.9990

Table 4.2: Model Performance Metrics

These metrics indicate that the model performs exceptionally well in predicting the success

of Kickstarter projects. The high AUC-ROC! (AUC-ROC!) score suggests that the model is

effective at distinguishing between successful and unsuccessful projects. The precision and

recall metrics highlight the model’s accuracy in identifying successful projects, minimizing false

positives and false negatives.
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CHAPTER 5

Discussion

This chapter interprets the results in the context of existing literature and the research questions

posed in the introduction.

5.1 Interpreting the Network Graph Analysis

The network graph analysis provided significant insights into the relationships between projects,

creators, subcategories, and images on Kickstarter.

5.1.1 Structural Insights

The network graph, illustrated in Figure 4.1, revealed a complex structure with a large number of

nodes and edges, indicating the interconnected nature of Kickstarter projects and their creators.

The average degree of nodes was 2.76 on the original dataset, which suggests that most nodes

(entities) are relatively well connected. This interconnectedness is crucial for understanding

how information and influence flow through the network, which can impact project success.

5.1.2 Role of Creators

The Degree centrality measure highlighted key influencers within the network. As shown in

Figure 3.6, top creators by degree centrality were identified, such as Eduonix Learning Solu-

tions and Howard Constantine, who had multiple projects and extensive collaborations. These

creators are pivotal in the Kickstarter ecosystem, often driving project visibility and success

through their established networks. This finding was also explained by [4, 19] where they em-
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phasizes the importance of social capital and network effects in crowdfunding success.

5.2 Community Detection

The community detection analysis, shown in Figure 4.3, identified several distinct communities

within the Kickstarter technology projects network. Each color represents a community. These

communities consist of project nodes along creator nodes which are more densely connected

among themselves than with other parts of the network. This clustering indicates that certain

creators or project types tend to form niche groups, possibly due to shared interests.

5.2.1 Implications of Community Structures

For creators, engaging with established communities can enhance visibility and support. while

for platform managers, recognizing these clusters can help tailor platform features and support

mechanisms in order to foster community engagement and project success. This finding is

also explained in social network analysis literature, which highlight the benefits of community

support and engagement for project success[13, 12].

5.3 Success Rate Analysis by Subcategory

The success rate analysis in Figure 3.5, shows significant variation across subcategories. "Tech-

nology" and "Gadgets" had higher success rates, while "Web" and "Flight" had lower success

rates.

5.3.1 Strategic Insights for Creators and Investors

Creators can strategically position their projects in high-success subcategories to improve their

own campaigns. Investors can use this information to identify promising areas for investment,

focusing on subcategories with a proven track record of success. These strategic insights align

with previous researches that shows the importance of project categorization and targeted mar-

keting[18, 16].
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5.4 Machine Learning Model Performance

The machine learning model demonstrated high accuracy, precision, recall, and AUC-ROC! scores,

which indicates its robustness in predicting project success. The performance metrics, summa-

rized in Table 4.2, shows the model’s ability to accurately classify successful and unsuccessful

projects based on various features, including network-based metrics, project attributes, and im-

age characteristics.

5.4.1 Integration of Visual and Network-Based Features

This comprehensive approach provides a more holistic understanding of the factors influencing

project success, incorporating both quantitative metrics and qualitative aspects. This finding

supports the notion that multi-faceted data analysis, combining traditional and novel features

can significantly improve predictive accuracy[1, 6].

5.4.2 Implications for Practice

Using these insights, creators can tailor their projects to align in order to improve their chances

of securing funding. This practical application is crucial for enhancing the overall success rate

of crowdfunding campaigns, as highlighted in the literature on data-driven decision-making in

crowdfunding[11, 18].
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CHAPTER 6

Conclusion

6.1 Summary of Key Findings

This research set out to explore the factors and determinants of success for projects on Kick-

starter. Following are the key findings:

• Network Graph Analysis: The network graph revealed a highly interconnected structure

with relationships between projects, creators, subcategories, and images. Centrality mea-

sures were used to identify influential creators. This revealing the importance of network

effects in project’s success.

• Community Detection: The community detection analysis identified distinct clusters

within the network, indicating that projects and creators tend to form niche groups.

• Success Rate by Subcategory: The analysis highlighted variation in success rates among

subcategories. "Technology" and "Gadgets" had higher success rates. This provides

strategic insights for project creators and investors.

• Machine Learning Model: The predictive model demonstrated high accuracy, precision,

recall, and AUC-ROC! scores, this indicates its effectiveness in forecasting project success.

The integration of visual and network-based features significantly enhanced the model’s

predictive power as well.

6.2 Contributions

This study makes several important contributions:
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• Data Integration: By combining project attributes, creator networks, and visual features,

this research offers a comprehensive approach to understanding crowdfunding success.

• Predictive Modeling: The development of a machine learning model which can be used

for predicting project success, can also be utilized by project creators, investors, and plat-

form managers.

• Network Analysis: The use of network analysis techniques provides great insights into

the structural dynamics of kickstarter projects, it also highlights the role of social networks

and community engagement in project success.

• Dataset Development: The creation of a detailed and cleaned dataset focusing on US

based Kickstarter technology projects. This dataset, enhanced with visual and network-

based features, provides a valuable resource for future research and has been made pub-

licly available for the academic and research community.

6.3 Limitations

Despite its contributions, this study has several limitations:

• Platform Specificity: This study focuses exclusively on projects from Kickstarter and

does not account for other crowdfunding platforms such as Indiegogo, GoFundMeect.

• Category Restriction: The analysis is limited to projects within the ’Technology’ cate-

gory. The results may not generalize to other categories such as Arts, Film, or Games.

• Geographical Scope: The dataset is restricted to U.S.-based projects, and thus, the in-

sights may not be applicable to projects based in other countries with different cultural

and economic contexts.

• Temporal Scope: The analysis is based on historical data up to the point of data collec-

tion. The changes in future of crowdfunding dynamics, platform policies, or economic

conditions may affect the applicability of the findings.
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6.4 Future Research Directions

• Cross-Category and Cross-Regional Analysis: The analysis can be further expanded

to include projects from other categories then technology and more regions/countries

could provide a more comprehensive understanding of the factors influencing kickstarter

projects success.

• Advanced Image Analysis: Further research on image analysis, such as deep learning

model etc can be used to extract additional visual features to get further insights and

improve predictive accuracy.

• Integration of Emerging Technologies: The impact of emerging technologies, like AR!

(AR!) and VR! (VR!) can be explored that how they effect on crowdfunding campaign

engagement and success, this could reveal new strategies.

• Behavioral and Motivational Analysis: Investigating the motivations and behaviors of

backers in different contexts can provide deeper insights
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CHAPTER 7

Recommendations

7.1 Recommendations for Project Creators

7.1.1 Optimize Campaign Presentation

• Use high-resolution images and professionally produced videos to visual appeal the backer,

as well as it presents their projects well.

• Provide detailed and clear project descriptions, goals, and updates regularly to maintain

backer interest and trust.

• Set realistic and achievable funding goals to instill confidence in potential backers.

7.1.2 Leverage Social Networks

Creators should actively leverage their social networks to gain greater support to increase project

visibility.

• Engage with potential backers on social media platforms to build a community around the

project.

• Collaborate with established creators to boost credibility and reach.

• Keeping backers informed and engaged throughout the campaign through regular updates.

7.1.3 Focus on High-Success Subcategories

Creators should consider focusing their efforts on subcategories with higher success rates.
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7.2 Recommendations for Investors

7.2.1 Utilize Predictive Models

Investors should use predictive models to identify promising projects. They should further an-

alyze project attributes, creator history, and network effects, this way they can make more in-

formed decisions and minimize risks.

7.2.2 Engage with Project Creators

Investors should engage with project creators to provide feedback, support, and guidance.

7.3 Recommendations for Platform Managers

7.3.1 Enhance Platform Features

Platform managers should enhance platform features to support project creators and backers.

This includes:

• Providing tools for project promotion, such as social media integration and analytics.

• Implementing transparent and stringent vetting processes to maintain platform credibility

and trust.

• Offering personalized advice and support based on project attributes and creator history.

7.3.2 Foster Community Engagement

• Encouraging collaboration and interaction between creators and backers through forums,

discussion groups, and events.

• Creating a supportive and inclusive environment that promotes shared learning and growth.

7.3.3 Implement Advanced Technologies

Platform managers should explore the integration of advanced technologies, like AR and VR,

to enhance the user experience. These technologies can provide immersive and interactive ways

for backers to engage with projects.
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