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Abstract  

The role and presence of online videos has recently grown significantly. A high number of 

renowned consulting houses and companies report the current and future growth of their 

importance concerning digital marketing activities. This new trend will create a new wave of 

video content produced by users and companies in order to capture the attention of their 

audiences. Both scientific and industry-specific sources inform that there are many various 

features of videos that contribute to their positive perception by those audiences. In this master 

thesis, we look at videos on Kickstarter - a crowdsourcing platform where videos are used to 

tell a story about products or ideas, thus promote them to a broader audience. The video must 

appeal to the users who, among other factors, base their decision to support a project on the 

platform financially, and at the same increase its chance to become successful. We focus our 

work on 600 project videos to examine their intrinsic properties that make them more or less 

impactful in combination with specific project variables such as funding goal. 

 

The objective of this study is to find out what Kickstarter project video properties and qualities 

contribute to its successful or unsuccessful outcome. Firstly, we derive from the data science 

field to collect and analyze the video data with the use of Python scripts; we receive data about 

the videos: their length, scenes number and duration, and the facial emotions present in them. 

Secondly, we employ machine learning techniques to engage in an experiment with an aim to 

identify variables and correlations that can contribute to the funding success or failure of a 

project. Thirdly, we analyze and visualize the data that allows us to draw conclusions and 

propose recommendations for further research or production of higher quality user-engaging 

video content; all the observations and conclusions pertain only Kickstarter technology project 

videos. We derive from different theoretical angles and academic findings; the methodology 

pillars are research methods such as CRISP-DM model and Layers of Research Design. This 

paper also draws from literature connected with video analysis and crowdsourcing to better 

justify its timeliness and close association with the study program. The results suggest that 

facial emotions in videos play a less significant role than the video properties: number of 

scenes or video length. At this stage the biggest predictor for a campaigns outcome by far was 

the project updates, as they send the strongest signals of engagement between creators and 

supporters on Kickstarter.  
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1 Introduction 

1.1. Motivation 

Pictures say more than a thousand words. This famed statement expresses that pictures are 

more descriptive and can convey more messages than words. How many words can then tell 

"moving pictures," videos? Couple of thousands, maybe millions? 
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Information managers ought to be able to answer these questions in light of the latest reports 

on the role of videos in the business environment. KPMG, for example, reports in Retail Trends 

2019 report the growing importance of videos on social media and in marketing activities 

(KPMG, 2019) that will ensure businesses' profitability soon. Many scientific and marketing 

research pieces stress out the fact that users base their purchase decisions on video content 

related to products or content they are interested in (Insivia, 2018; Forbes, 2017; 

DigitalMarketing, 2018). Especially the video marketing, which is the promotion of products or 

services using videos (HubSpot, 2019), is now becoming the biggest beneficiary of the latest 

technological developments in digital marketing. The numbers speak for themselves: by 2022, 

online videos will make for 82% of all consumer traffic, which is 15 times more than in 2017 

(Cisco, 2019). Hubspot also informs in their research that 72% of customers would learn about 

a product or service from a video, not by images or text (Hubspot, 2019). To add to this, 

YouTube reports that users view more than one billion hours of video content daily on 

YouTube, a platform used by ⅓ of all Internet users worldwide. (YouTube, 2019) It is nearly 

81% of companies in 2019 that use video as a marketing tool, and just one year later, there 

will be 1.000.000 video minutes streamed per second (Cisco, 2018, HubSpot, 2019). The data 

gathered from those sources seem to convey one and bold message: videos are going to 

permeate the online sphere and play a crucial role in communication between users and 

companies. This dialogue finds place not only on YouTube, on Facebook (stories) or 

Instagram, but increasingly on company websites and webshops (KPMG, 2019). 

 

All the facts mentioned above lead to questions that refer to the present and future video 

creation process: What makes or would make a compelling video that is able to catch the 

attention of its viewers? We would like to answer this question as students whose role, 

paraphrasing the bachelor and master program objectives, is to use and structure information 

in the way that it contributes to businesses' prosperity. In our research, we look closer at 

Kickstarter, a crowdsourcing platform, where videos play an essential role in the promotion of 

projects on a specific project page. Following the latest trends and findings, we scrutinize 

these videos that have a role to convince its viewers to donate money to projects; they play a 

role of a video advertisement, which is seen as a particularly effective way to promote brands 

and products (Dishmann; Torng, 2012). We find also our motivation in the fact that no research 

has ever combined face emotions detection, number of scenes and video length in our paper. 

1.2. Thesis scope  

The entire focus of this research is to analyze 600 videos that promote and tell a story about 

technology projects on Kickstarter. We extract their metadata to learn about their total length, 

number of scenes, their average duration, and presence of facial emotions. The mentioned 
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metadata are inherent properties (technical details) of those videos, which are an important 

coordinative medium that provides cognitive resources for identifying and managing video 

content within and across particular settings (Kallinikos et al, 2011). Therefore, we scrutinize 

them with the use of Python and machine learning techniques that help us find these metadata 

correlations and patterns that were not examined before (facial emotions) in crowdsourcing 

context. Our investigation also takes into consideration the impact of project variables. In 

combination with the properties mentioned above, they might influence the outcome of 

projects; we are looking into two types of projects and their outcome: successful or 

unsuccessful. 

 

1.2.1. What is not in scope 

There are a couple of variables and KS-related features and occurrences that might have 

influence on the final project outcome. We list them below to inform the reader about the core 

focus of our research, which are project videos and and their inherent properties analyzed 

together with project details that we comment on in Section 3.1.2.. We also justify the scope 

limitations in Literature Review and Methodology sections. 

 

Subjects not included in the thesis scope:  

● Any cultural or geographical influence on the projects’ success. 

● Any factors connected with popularity (general publicity or temporal hype) of a specific 

product that might increase its success rate temporarily. 

● Videos from different KS category than technology. 

● Comparison of technology videos with any other project categories. 

2 Literature review  

This thesis aims to give a broad overview of different areas connected to video analysis with 

the use of sophisticated IT tools and techniques. Thus, in our work, we include different 

sources: academic studies (DOAJ), academic and IT-related/science articles (ResearchGate, 

SAGE Journals & Science Direct), master theses (CBS Library), technical blogs (Google 

Scholar), and even Github repositories. We intend to comment on as many as possible 

available knowledge in the field that grows and changes so rapidly. Nevertheless, we do set 

a limit of our research work to ensure that we focus on the core of the thesis. It is the analysis 

of Kickstarter videos and their intrinsic properties, that is: their length, number and duration of 

scenes, and emotion detection (or lack of them) of the people that appear in them. As a result, 

we underpin our literature review on three categories: crowdsourcing/crowdfunding, online 

videos, and emotion detection and recognition. 
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The review process has selected three papers that are very closely connected with the 

characteristics of our research. Hobbs, Grigore & Molesworth focused, for instance, on 

predictors that are likely to produce film campaign that meets its funding goal (Hobbs, Grigore, 

Molesworth, 2016). It refers to our successful project criterion, but this research analyzed 100 

videos from a different category: film & video. Li proposed a very similar approach, Shi & Wang 

who researched measures that can be implemented on large datasets - the focus is mainly on 

video length and (strong and positive) influence on emotions in videos Li, Shi & Wang (2019). 

A study done by Teixeira, Thales, Wedel, and Pieters supports the arguments from that 

research by positing that leveraging emotions can engage consumers in watching Internet 

video ads - in KS case, the project videos (Teixeira et al., 2012). Both Li and Texeira focus in 

their work on positive emotions of joy and arousal, which can affect positive outcomes in video 

campaigns (Griskevicius, Shiota & Nowlis 2010). In connection with Kickstarters 

(crowdsourcing platforms), these emotions can turn passive viewers into agents of solution 

suggest Bean & Rosner (Bean & Rosner, 2013). In other words, a potential visitor of a KS 

project has a higher chance of becoming a backer if a video conveys positive emotions, which 

was also observed by Goodrich (2015); he posits, though, that these positive effects should 

be pretested rigorously. Hsieh, in turn, connects humor as potentially influential also with 

regards to the dissemination of a video to other users, which could have a positive impact on 

the project outcomes (Hsieh et al., 2012). The primary driver of sharing here can be high 

arousal emotions mentioned by Nelson (Nelson-Field et al., 2013). 

 

From the review, we also learn that videos can go viral, that is become especially popular if 

they fill specific criteria (Kindler et al., 2019). They need to be very engaging right from the 

start, as most viewers have concise attention to visual engagement (Time, 2015; Munro, 

2018). A solution to this can be the production of short clips (Liu et al., 2018), which is related 

to our research on the scene length.Short videos have proved to be useful in libraries where 

users preferred to learn about library services from one-minute long videos Meyers-Martin, 

2012). 

 

In contrast to this, Mollick looked at crowdsourcing projects from three different perspectives.  

Project quality, the power of project creators' network, and occurrences that took place after 

the project end (Mollick, 2014 & Mollick, Kuppuswamy, 2014). Two other papers concerned 

the topic of innovativeness influence on project outcomes (Chan, Parhankangas, 2018), and 

challenges connected with project development (Jensen, Özkil, 2018). Lastly, we have 

discovered an inspiring research that proposed face recognition based on acoustics and face 

features (Rao, K & Koolagudi, 2015); cardiac activity sensing was also employed in another 

research (Das et al, 2018). 
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2.3 Research gap 

All the earlier discussed work revolve around the topic of emotions, video properties, and their 

connection with crowdsourcing, but they do not seem to sum up all their findings in one place. 

The findings are dispersed, and only Li, Shi & Wang seem to be very close to what we have 

done in our paper, but it needs to be noted that their research was conducted recently - in 

2019, and stated clearly that emotions can enhance motivation towards a particular goal, 

which was observed earlier by Brehm in 1999. Our gap that we want to fill is, therefore, the 

combination of video properties such as video length, scenes number, and facial emotions in 

one place, only focusing on the Kickstarter technology videos context. We look at these 

features through crowdsourcing lens and compare them with project variables to extensively 

answer the research question (RQ) below. 

2.4 Research question 
 

Taking into consideration the motivation for this thesis, and the findings from previous 

research, we aim to answer the following research question:  

 

What properties of projects and project videos on Kickstarter campaigns influence 

their final successful or unsuccessful outcome?  

3 Thesis setting  

3.1 What is Kickstarter? 

Kickstarter (www.kickstarter.com) is a crowdfunding platform that helps creators (also called 

entrepreneurs or ideators) collect financial donations from backers (supporters). 

Crowdfunding/crowdsourcing is a participative online activity in which the crowd should 

participate bringing their work, money, knowledge and/or experience, always entailing mutual 

benefit (Agirre et al, 2016). The crowd, here backers, aid with their donations the development 

of innovative or not-yet-commercial projects (also called campaigns) run by the creators. If a 

project appeals to users’ preferences or likes and financial capabilities, they can decide to 

support it with a specific amount of money. In return, they should receive a reward from the 

creators. We want to underline the mutual benefit here. Creators receive financial support to 

create innovative products, and backers get a chance to participate in the project as a direct 

contributor who will ideally receive the final project outcome before it has landed in shops as 

a fully commercial product.  

 

http://www.kickstarter.com/
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This ideal scenario, however, only occurs if a project collects the specific amount of money 

(meets the project funding goal), and the creator will have managed to materialize his project 

into a physical product, which is often the reward itself. When he or she succeeds in 

developing and launching of his product, Kickstarter charges 5% of all the collected project 

goal sum, which constitutes the platform's revenue income. What distinguishes KS from other 

crowdfunding platforms is the fact that it operates in an all-or-nothing model; the creators 

receive money only when a project succeeds, that reaches the needed funding during a 

specific time frame. It is only when KS earns money as well. 

3.1.1. Kickstarter structure and project/campaign 

Kickstarter’s structure and functionality can illustrate a simple graph: 

 

 

Figure 1, Kickstarter’s contractual and simplified structure. 

 

The core functionality of KS revolves around the concept of a project/campaign that has a 

dedicated webpage every online user can visit. A project or campaign on KS is the action of 

developing either a physical product (a comic or electronic gadget), or intangible content like 

a show or performance. There are two types of users on Kickstarter: project creators and 

project backers. Both can simultaneously perform two actions concerning projects: start his 
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project, or financially support the ones that are of his preferences. The project creator, also 

called an entrepreneur, innovator, developer, or ideator, starts a project and collects donations 

for his project. The backers on Kickstarter can browse and support financially as many projects 

as they want, and their wallet allows them to. The interaction between both groups of these 

KS users finds place on a project page. It is the place where the project creator presents his 

idea in the form of a broad idea, or an early prototype. To do so, one can write a textual 

description of a project, include pictures, or upload a video. The video is centrally placed on a 

project page (circle nr 3 in appendix), which makes it an unmissable element of each project 

after its loading in the browser. There are some formal rules of how a video and project 

description should look like, but the platform owners do not in any way influence the process 

of video creation; the project creator is on his own and can eventually follow piece of advice 

regarding the creation of a good video of his project or product. What is more, it is not 

obligatory to create and upload a video to a project page, even though Kickstarter reports that 

it increases the chance of achieving the project goal by 66% (Kickstarter, 2019).   

 

The creators have in total six options to attract the attention of a potential backer on their 

project page, and they can use them all during a project life cycle:  

 

1. Write a compelling project description and title  

2. Upload an interesting project image   

3. Produce a highly descriptive and engaging video  

4. Offer the backers attractive rewards for their donations  

5. Give the backers regular updates on the project development  

6. Reply to commentaries promptly  

 

They all have an impact on the audience's behavior, but besides the short project title (text), 

the video takes the center of the layout; taking into consideration the previously mentioned 

facts about the impact of videos, we lean towards the theory that it is the most critical part of 

a project campaign page excluding the attractiveness of the product or content itself. 

Therefore, our project aims at testing the hypothesis whether intrinsic properties of those 

videos properties contribute to KS campaigns' final successful or unsuccessful outcome.  

 

There are two options for a project funding time: from one to sixty days, or one sets a specific 

date and time of the project termination. What is interesting here, KS posits that campaigns 

lasting 30 days or less are more likely to be successful (Kickstarter, 2019). It is also important 

to note that every project receives a main/parent project category, which are as follows: 

 

1. Arts 
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2. Comics & Illustration 

3. Design & Tech  

4. Film  

5. Food & Craft  

6. Games  

7. Music  

8. Publishing  

 

Our thesis concentrates solely on the technology category projects. We take this decision 

because of a number of reasons that stem from Kickstarter’s Stats Page. Their total number 

is highest among all the other categories, and the total funding revenue constitutes the highest 

fraction of the KS revenue since 2009; additionally, the technology campaigns have the lowest 

success rate - only 20% (Kickstarter, 2019). It is yet another compelling reason why we want 

to investigate all factors that might contribute to this fact. 

 

When a project is live, it possesses several attributes specified by the creator: 

 

● one of four statuses:  

● Successful: A project that gathered the sum of money defined by its owner in 

a specified time. Once it happens, the project gains the status “successful,” and 

it is the time when the funding is secured, and the author of the campaign needs 

to deliver his promised product to his backers.  

● Unsuccessful: Projects that failed to collect enough money on time. In this 

situation, KS transfers the funds back to the users, and it does not charge any 

commission for the pledged donations. 

● Suspended: Administrators can recognize a project to be a copy of another 

project, or if it violates the KS’s rules (Kickstarter FAQ, 2019), which leads to 

its suspension. 

● Canceled: Project creators can cancel a project when they regard their work 

undoable - they do not have to give the reasons behind their decision. 

 

● a defined funding goal (from 1 to an unlimited number in any world currency) 

● number of rewards (offered by the project author) 

● a specific time frame of 1-60 days, in which the project needs to acquire one of the 

statuses as mentioned earlier.  
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4 Methodology 

In this part, we justify our approach to the research method we use in the thesis. It is crucial 

to set a structure in the right way because it can ascertain the reliability of our work and 

findings. The choice the methodology also sets the direction of our work and has a significant 

influence on our approach connected to data collection and its further analysis; it is our 

strategy for how we carry out our work, so it meets the academic criteria (Saunders et al, 

2009). 

 

The above mentioned broadly explain how we will perform our work. Although we choose 

distinct features of the Research Onion (RO), and link them with the CRISP-DM model, it 

needs to be mentioned that one philosophy is not better than the other (Podsakoff et al, 2003). 

Different choices could be made depending on the nature of the project and the knowledge it 

investigates (May, 2011). Some researchers believe that the research 

methodology/philosophy needs to be chosen first. Kothari (2004) maintains that the general 

theory and knowledge is first to be established, whereas Flick (2011) states that the research 

focus can be specified after the data has been collected. In our thesis, we first select a 

philosophy that fits into our intentions to later find out that there is no place for more flexibility. 

The project evolves as data is collected, experimented, and analyzed, even though we initially 

shape it with the use of some other philosophy. This argument gets support in the theory from 

Bryman & Bell, who hold that data collection and analysis are dependent on the 

methodological approach, but at the same as the data is analyzed, it might fit into another 

existing theory or approach (Bryman & Bell, 2011). We experience this during the course of 

our work as it shares many characteristics of simulation - a virtual experiment during which 

one runs a series of ‘experiments under different conditions that can be varied (Canhoto et al, 

2014). We run many smaller experiments using machine learning, which we explain in the 

Analysis. 

 

Following all the academic research we mention in this section, we turn to the Research Onion, 

known also as The Layers of Research Design. First, we go through all its layers to set the 

methodological background of our thesis. Then, we move to the CRISP-DM framework, the 

foundation of our activities revolving around the data used in this project. Throughout both 

sections, we make references to previously cited academic studies in order to explain more 

accurately the character of our research design. 

4.1 The Research Onion 
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The Research Onion found its roots in 2007, to be later updated in 2009 and 2012. This 

framework aids one in finding and describing the best research strategy that can ensure its 

reliability and plausible outcomes in the end. Looking at the graphical representation of the 

model, one can see different layers that all constitute the research design. One should “peel 

the onion” by going from the outer to inner layer to use it appropriately (Saunders et al, 2009). 

We follow this rule and begin with the philosophy. Our next step is to go to the center of the 

onion, which takes us through approaches, strategies, choices, time horizons, techniques, and 

finally to procedures. We look closer at these items in the section below and give an extensive 

justification for each of its inherent features that we have chosen to our research 

design/methodology. The diagram below depicts the RO - we start “peeling” it from the right 

side, which delineates our research philosophy. 

 

 

Figure 2: The Research Onion, source: Saunders et al. 2009, p. 108. 

 

 

Philosophy 

 

The opening layer consists of four philosophies: positivism, realism, interpretivism, and 

pragmatism. First, it is worth mentioning that no research philosophy is better than another. 

They are better at doing different things and, paraphrasing a bit, help us with explaining the 

assumptions about how we see our research world and knowledge we will create in our work 
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(Saunders et al, 2009, p. 108-109). We cite this statement because our research hails from 

different concepts. The characteristics of our work dictate this - we delve into complex data 

environment to obtain new insights. This process resembles conducting an exploratory piece 

of work which we see as a simulation - we need to understand the data, create a model, and 

extract meaningful results that make for very esoteric knowledge. It calls for a significant 

amount of flexibility and mixed research method in the field that is not yet well-explored and 

described academically. Therefore, our research philosophy is pragmatism. It allows us to 

focus on practical applied research, during which we integrate different perspectives to help 

interpret data with the use of different IT techniques and concepts (Saunders et al, 2009, p. 

119). 

 

Moreover, this approach ensures that we will still be able to use some concepts and ideas 

from other concepts to better serve the primary purpose of our work - answering the research 

question most plausibly. Realistically it means that we will be able to explain our decisions and 

interpretations taking in from interpretivism and realism philosophies. This part communicates 

with the CRISP-DM model that we use in our data handling activities. We do not jump into 

conclusions after testing our assumptions that must not be valid right from the start. We aim 

to explore the data thoroughly following the rules of pragmatism that do not force the 

researcher to stick to only “one version of the research truth.” We agree here with Tashakkori 

and Teddlie cited by Saunders that this can help us avoid engaging in what they see as rather 

pointless debates about such concepts as truth and reality (Saunders et al., 2009, p. 109). 

Instead, we direct the entire focus on answering the RQ and iterative understanding of the 

data and knowledge. It will create more space for new knowledge interpretation that will 

emerge during our data mining experiments, which is the process of automatically extracting 

useful information and relationships from immense quantities of data (Rubenking, 2001). What 

is more, going this path gives us a more excellent deal of freedom with the data collection 

method that we explain in a later section of the RO.  

 

Research approach 

 

The RO offers two different research approaches: deductive and inductive. Our thesis is 

inductive because we are particularly interested in understanding why something is happening 

rather than describing it (Saunders et al. p. 126). This approach will mainly apply to the dataset 

preparation and analysis phase, where we both make meaning of the data and explain this 

process. One might think that we should use the deduction approach that links with scientific 

research and development of a theory. We, though, do not develop a specific theory, which 

we then tested rigorously as the definition suggests. The inductive approach describes our 
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approach fuller as we find these two inherent features very familiar with our work (Saunders 

et al, 2009, p. 127): 

 

1. Often ideas based on a much more extended period of data collection and 

analysis, have to emerge gradually. 

2. We live with the fear that no useful data patterns and theory will emerge.  

 

One matter needs to be explained and pinpointed here - we are not building a theory in our 

research work. The result of our work would possibly serve this purpose, but we cannot be 

sure of that before we perform the data mining and machine learning. We conduct our research 

empirically, where a flexible, inductive approach is needed to understand its context better to 

change its direction eventually. Our aim is not to create a rigid framework or theory but to 

answer the RQ that could contribute to the further development or enrichment of video creation 

practices in the digital marketing field.  

Research strategy 

 

The purpose of our study is to seek new insights that historical video data from Kickstarter 

holds. We are mostly interested in extracting new information from the data that have always 

been stored in videos, but we use new concepts and approaches that are now available thanks 

to IT development. Our intentions can thus fall under the exploratory study that is a valuable 

means of finding out ‘what is happening; to seek new insights; to ask questions and to assess 

phenomena in a new light’ (Saunders et al., 2009, p. 138-139). 

 

On the other hand, after studying the scientific literature, we can qualify our project as 

explanatory because it will also entail studying a situation or a problem in order to explain the 

relationships between variables. In light of this, we define our project as a combination of these 

two concepts with a higher degree of focus on the explorative part because we are not sure 

of the projected outcomes before we engage in data mining experiments. The result of the 

above mentioned is defining our research strategy that is very difficult with regards to the 

phenomenon we are studying.  

 

As we will thrive on answering the RQ that includes a “how,” and our thesis is both exploratory 

and explanatory character, it takes the role of an experiment. Mainly because this kind of 

research “studies causal links like change in or between variables” (Saunders et al, 2009, p. 

142). Our work, in fact, could potentially be compared to a case study, which is described as 

follows by Robson and Yin (Saunders et al, 2009, p. 145-146): Robson (2002:178) defines 

case study as a strategy for doing research which involves an empirical investigation of a 
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particular contemporary phenomenon within its real-life context. Formulating the research 

design using multiple sources of evidence (Yin, 2003) also highlights the importance of 

context, adding that, within a case study, the boundaries between the phenomenon being 

studied and the context within which it is being studied are not clearly evident.  

 

It could also potentially become an action research study because it resembles the CRISP-

DM model in the iterative nature of the process focused on a specific context and actions 

revolving around it. It was not the case because of one reason: “the researcher is part of the 

organization within which the research and the change process are taking place” (Saunders 

et al, 2009, p. 147), which, of course, we are not at the moment of conducting our research. 

To add up to this complexity, we feel obliged to mention that this thesis derives from archival 

research strategy as we make use of historical records that were originally collected for 

different purposes. (Saunders et al, 2009, p. 150). It is worth mentioning that Machine Learning 

and Data Mining actions are primarily based on this kind of data (SAS, 2019), but the core of 

our project work is the experiment that is to bring about new insights and hypotheses about 

videos and their effectiveness.  

 

To support our choice, we compare our research to a simulation project, which fosters the 

process of experimenting. It, in turn, can help us get a better understanding of a phenomenon 

of interest and for prediction, for example, when modeling demographic change (Gilbert & 

Troitzsch, 2005). We do not, of course, create a model to predict a demographic change in 

this paper, but we aim to predict what factors can make a successful video with regards to 

marketing success on Kickstarter. The simulation outline is very similar to the CRISP-DM 

model: it involves a research question, model design, model building, model verification, 

running of the simulation and its validation that end up with findings and conclusions. The most 

significant difference here is the terminology that is slightly different in CRISP, but both models 

focus on the same: deployment of a working model that can deliver new knowledge from data, 

which happens in the course of an experiment/simulation in a laboratory/test environment. The 

discussion on this topic follows in the next section. 

Choices 

 

The graph below shows different research choices related to data collection. Mono method is 

the most accurate definition of our research work because all the data comes from one source 

- Kickstarter’s projects; we do not seek information anywhere else as the characteristics of the 

project do not require usage of any other complementary sources. We download freely-

accessible historical data, that is 477 videos in both numerical and textual form, which makes 

it a mix of qualitative and quantitative data research as they do not exist in isolation (Provost 
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& Fawcett, 2009, p. 151).  Shortly put, the videos (quantity) and their properties, or in other 

words, variables with values (quality) are our primary data. The CRISP-DM model that we will 

introduce in the next section, help us make use of it in compliance with the academic and 

research standards (in terms of research credibility). 

 

 
 

Figure 3: Research Choices, adapted from Saunders et al. 2009. 

 

Time Horizons   

 

The RO consists of two different time horizons: cross-sectional and longitudinal studies. The 

object of our study, the analysis of historic campaign videos on KS, is not constrained by any 

time frame. We have unlimited access to the historical data that we gain with the use of a data 

scraping script. It allows us to download video data and videos itself both from yesterday and 

KS campaigns created, say, five years ago. We can exercise a measure of control over 

variables being studied without affecting the research process itself (Saunders et al. 2009, p. 

155), as the projects had already finished their life cycle or are running without our interruption. 

In short: we are not constrained by any time means and measures in the research, and it does 

not need to examine any specific time. 

 

 

Data collection & analysis 

 

As already described in the Choices subchapter, we base this paper on the primary data. This 

choice is the aftermath of the decision to apply data mining and machine learning techniques, 

where historical data is needed to be analyzed to find new insights (correlations or patterns 

hidden in the data). In this case, the use of a data scraping script automatically sets the data 
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collection method in this direction as it yielded us all the needed data directly from the source 

- Kickstarter.com. All the raw and unmanipulated data is sufficient to perform an analysis 

without the use of any surveys, interviews, or secondary data sources. They provide both 

quantitative and qualitative information about Kickstarter projects that we then use to extract 

information about videos, which are the focus of our work. This activity has also helped us with 

forming of more specific research focus, first when the after data have been collected (Flick, 

2015); here we mean, that we changed our RQ three times during the time of the research.  

 

Virtually, it was possible to collect a vast volume of data from around Kickstarter 445.000 

projects (years 2013-2019). Such a significant sample would provide more valuable 

information, but there are both technical and cognitive limitations that do not allow us to use 

such a massive volume of data. It is mainly the available computing power and storage that 

does not allow us to get hold of so many data and analyze them locally. We, in turn, aim to 

focus on a smaller sample and mix of both qualitative and quantitative methods to produce 

the most reliable and plausible results. Our data comes from a dataset obtained from the thesis 

supervisor, Michael Wessel, Assistant PhD professor at Copenhagen Business School in 

Department of Digitalization. We have got a raw dataset with 15.000 instances and 33 unique 

variables (attributes); we discuss the dataset in the section below, where we step by step 

explain how we acquired the final data sample used in our research. We base the reliability of 

our research on the CRISP-DM model. One of its principal role is to ensure that the raw input 

(dataset) from the data collection stage will be transformed into a clean dataset on which we 

will apply data science methods able to bring about credible results that we later turn into 

insights.  

 

4.2 CRISP-DM 

 

We employ CRISP-DM, that is The Cross-Industry Standard Process for Data Mining to aid 

our data-mining efforts that are even compared to craftsmanship (Provost & Fawcett, 2013, p. 

26). It introduces a concept that proposes a systematic approach for the extraction of 

knowledge from data. In our thesis, the data are videos, which contain information that is not 

visible or easily countable. The CRISP-DM framework provides the earlier mentioned 

systematic approach in the form of six stages that are inseparably connected with data mining, 

that is merely finding patterns that are already present in the data (Luan, 2002). They are 

under ongoing refinement and experiments until the final deployment finds place. The 

mentioned stages “embrace the data,” and are shown in the image below: 
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Figure 4: The CRISP-DM graph adapted from (Provost & Fawcett 2013, p. 27)  

 

1. Business Understanding  

2. Data Understanding  

3. Data Preparation 

4. Modeling  

5. Evaluation  

6. Deployment  

 

We can see that unlike the RO, where one had to go one by one from the outer layer to the 

middle (Provost & Fawcett, 2013), one can at any time iteratively use the model multiple times. 

This mechanism should ensure the exploration of the collected data and its later analysis. In 

other words, a user can move freely between different stages when it is needed. It can happen 

in a situation in which one learns something new about his data and wants to clean/prepare 

them again in order to have a better quality outcomes achieved in the deployment phase. We 

had made use of the model 15 times before our dataset was ready to be tested against our 

scripts; we discuss the whole process in detail below.  

 

Business Understanding 
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The stage in which the team should think carefully about the use scenario (Provost & Fawcett, 

2013). We thought of Kickstarter video analysis as a journey that could show us valuable 

insights related to campaign videos. The idea was elementary: scrutinize a larger volume of 

videos and look behind the curtains to see some of their inherent properties that make them 

more or less famous among their viewers. From the business perspective, it seemed to be 

comfortable and straightforward: what can or makes a good or somewhat useful video on 

pages like Kickstarter, and maybe in general? What are the “ingredients” of a video that can 

attract the attention of the audience, so it follows the intention of the maker, which can be 

pledging money to a project or buying a product on a website. We have asked ourselves these 

questions a couple of times: is it the length of a video, proper editing, music, handsome people, 

or the product shown in them that makes them appealing? To answer these questions, we 

have conducted an extensive literature review to find out whether such research had not been 

done before, and whether it could be business-wise beneficial. Several different publications 

confirmed our views that possessing such knowledge could help the professionals in the 

business environment. Marketing employees could produce more engaging and effective 

marketing video content if they knew how long a video should be, how many and how long the 

scenes (cuts) there should be, and what kind of emotions resonate most with their audience. 

This kind of knowledge could contribute to the creation of a “standard good video” in fields like 

HR, knowledge sharing, or training videos that are to draw attention to their content.  

 

Data Understanding  

 

We also have thought about the feasibility of such a project - can one extract this kind of 

information from videos stored on a commercial platform? We stated our goals concerning the 

knowledge gap, but does it mean that the available data would allow us to fill it in with new, 

valuable insights? They often are not easily accessible and comprehensible as they can be 

stored in different formats using unclear information structure. Therefore, understanding the 

strengths and limitations of the data because rarely is there an exact match with the problem 

(Provost & Fawcett, 2013). In our case, we possess and use textual and numerical data about 

Kickstarter projects written to a CSV file. It functions as our master dataset and source of 

information about the videos. Therefore, it was of utmost importance that we could understand 

all the obtained information and assess their usefulness for further research. We have 

discussed all the variables and values thoroughly to capture their validity and significance for 

research in the later development phases. Removing a table/variable from the CSV can shape 

the outcome. It is essential, as advised by the authors, to go through the CRISP model more 

than once, to fully use its potential. In the next section, we discuss how we have performed 

the preparation and cleaning of the data so that it could bring the expected outcomes.  
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Data Preparation 

 

Before we delve into the process of data preparation, we would like to note a vital thing related 

to this stage. We derive again from Provost and Fawcett who emphasize the essential role of 

the data and business understanding, which should ideally provide the researcher with 

desirable outcomes:  

 

More generally, data scientists may spend considerable time early in the process defining the 

variables used later in the process. This is one of the main points at which human creativity, 

common sense, and business knowledge come into play. Often the quality of the data mining 

solution rests on how well the analysts structure the problems and craft the variables (Provost 

& Fawcett, 2013, p. 30). 

 

The crafting of the variables starts with the presentation of all variables that we obtained from 

our historical dataset), or in other words, our raw dataset. We first list all the variables 

(columns) linked with videos/projects (records as project_id) and explain what they mean. 

Afterward, after a thorough discussion, we clean the variables that we do not find valuable 

(informative) for our research. When we finish this task, we turn to the last step, which is 

adding the new variables that will complete the dataset and make it ready for modeling and 

comparison with the independent variables (project-related: project_goal or project_updates) 

we introduce in the latter stage of the research. 

 

Variables from the original (raw) dataset 

 

 variable name variable description  

1 project_id A unique number assigned to every campaign on KS.  

2 project_insert_dateti

me 

The exact time when a campaign was created (not started) 

on KS 

3 project_url Uniform Resource Locator (URL): the full web address to a 

KS project, which is unique and one can use to access it 

via a browser. 

4 project_video_url As for the above variable, this is a direct web address to a 

video stored on KS. 
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5 project_title 

(appendix, circle 1&2) 

A project name written with capital letters that is visible 

when one browses projects with the search engine or on a 

project page.  

6 project_blurb  

(appendix, circle 1&2) 

A concise description of a project placed just under the 

project title; also visible during browsing and on the project 

page. 

7 project_creator_id A unique number assigned to a user who creates a 

campaign on KS; one can run multiple campaigns on the 

platform. 

8 project_location  The city where a product or content is being produced or 

developed. In most cases, it is the home city of the creator.  

9 project_country The country where a product or content is being produced 

or developed. In most cases, it is the home country of the 

creator.  

10 project_parent_categ

ory_id 

A unique number assigned to a project that can fall under 

one of fifteen main project categories. These categories 

are: arts, comics, crafts, dance, design, fashion, film & 

video, food, games, journalism, music, photography, 

publishing, technology, and theater.  

11 project_category_id A unique number assigned to a project under the 

project_parent_category_id, which is the primary 

categorization of all projects added onto the platform. For 

example, the parent category dance falls under one of the 

following project categories (subcategories): performances, 

residencies, spaces, or workshops.  Project categorization 

on KS allows users to browse through them using the 

search engine. The administrators can use them as labels 

to produce reports, or for statistical purposes.  

12 project_backers   Total number of people who donated money to a project 

during its whole life cycle.  

13 project_goal The amount of money that the project creators would like to 

collect from the backers. Project owners indicate this 
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number before the project launch, and it cannot be 

changed later.  

14 project_pledged  The sum of money that was donated by backers to a 

project in a specific time frame. 

15 project_usd_pledged the amount of money pledged to a project given in the 

American Dollar (USD) currency. 

16 project_converted_pl

edged_amount 

The amount of money pledged to a project converted to the 

local currency of the project visitor/user/potential backer (it 

is based on the user’s location detected by browser 

cookies). 

17 project_fx_rate  The currency rate exchange between the USD and the 

visitor/potential backer’s local currency. 

18 project_currency  The currency in which a user pledges money to a project. It 

is dependent on the project location (project_location & 

project_country variables). 

19 project_state There are four different project states (statuses) on KS: 

  

● successful: a project which achieved the 

project_goal in the specified time frame, that is 

collected the amount of money the creators wished 

to raise in 30, 60, or 90 days.  

● failed: a project, which, on the contrary, did not 

collect the (project_goal) sum of money during 30, 

60, or 90 days.  

● suspended: a project that violates the KS rules that 

are listed under the following link. An example of 

the rules infringement can be collecting money for a 

product (project) that neither was invented or 

developed by the authors (could be bought). 

● canceled: a project that was canceled by its creator 

at any time of the money collection time. A project 

cannot be re-launched without losing the previously 

pledged money - one starts from scratch. 

https://help.kickstarter.com/hc/en-us/articles/115005139813-Why-would-a-project-be-suspended-
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20 project_updates 

(appendix, circle nr 5 ) 

An update is a message (in the form of a mini blog post) 

from the creators on the project page that they direct to the 

audience. It is informative - very often it contains high-level 

information about the project’s development and current 

status during the funding phase or after it has reached its 

financial goal. The creators post project updates under a 

specific bookmark on the project page. 

21 project_comments 

(appendix, circle 6)  

Both users and creators can use the comment section on a 

project page. It is a short textual message, which usually 

contain questions to the creators or compliments about the 

project. 

22 project_rewards  

(appendix, circle 4) 

The amount of pledge-options a backer can choose from 

when he wants to donate money to a project. The more 

money one pledges to a project, the more attractive his 

reward ought to be. Frequently, a backer receives an early 

version of the project outcome before it gets sold 

commercially. Another meaning of a reward can be a 

special acknowledgment of the backer after a concert he 

supported financially. One can also pledge a smaller 

amount of money to a project that does not offer any 

reward. The project authors create the rewards before the 

project launch. 

23 project_facebook_id A unique number that a project receives from Facebook if 

the creator decides to promote it there using its APIs that 

communicate with KS.  

24 project_facebook_sh

ares  

The number of “shares” performed the project visitors or 

backers. One is allowed to share information on the project 

on his Facebook profile using this functionality. Besides, 

one can also share the project with his followers or friends 

via Twitter or email.  

25 project_facebook_co

mments 

The number of comments left on the project page via 

Facebook plugin. These are not ones written directly on the 

platform.  
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26 project_created_at  The exact date when a project was created (not launched) 

on KS; given in the US standard. 

27 project_launched_at  The exact date when a project launches, that is started to 

be visible for users of KS.  

28 project_updated_at All the date(s) saved in the US time format, when a project 

got an update from the authors. This information provides 

information on project updates, not an edit performed on 

the campaign page. 

29 project_state_change

d_at 

The exact date(s) when a project changes its status to, 

say, failed. A project can also change its state from 

suspended to successful. 

30 project_successful_a

t 

The exact date given in the US time format, when a project 

reached the sum of money defined by the project creators.  

31 project_deadline The day until which the specific amount of money for a 

project has to be collected. Every project has to reach its 

financial goal in 30, 60, or 90 days, so its creators can 

receive the funding.  

32 project_staff_pick  A project can be featured, which means it gets a better 

representation on KS, when one browses projects. It 

means that its bigger size highlights a project in 

comparison to other projects on the search list. An example 

of such a campaign can be one that collects money for the 

development of a revolutionary product or show in 

cooperation with many communities - shortly, something 

that was not done before.  

33 project_spotlight  It is a distinct section on KS, where all successful and 

commercially released projects are described in a more 

detailed way (a successful KS project does not equal a 

product available to be bought yet). It is up to the authors 

of the funded and then finished projects, whether they want 

to tell the entire story of their project coming to life.  
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Variable cleaning:  

 

The next step in the data preparation process is to get rid of the needless variables after a 

thorough examination. The reason behind this is to obtain a dataset without noisy variables 

whose value is low or not connected at all with the aim of our research, that is video analysis. 

We first clarify why we remove such variables and then present all the labels that we keep for 

our further research activities. The ✓ symbol indicates that we keep a variable for further 

research, the ✕ marks a variable that we remove. 

 

✓ project_id - this is the variable that we require for project identification.  

 

✕ project_insert_datetime - it is not relevant for video analysis to know when a user created 

a project on KS. 

 

✕ project_url - the project web address is not relevant for the video analysis. 

 

✕ project_video_url - the video web address is only needed to download it. 

 

✕ project_title - a title might influence the project attractiveness, but is not relevant for the video 

analysis. 

 

✕ project_blurp - a short textual description might influence the project attractiveness, but is 

not relevant for video analysis. 

 

✕ project_creator_id - creators’ numerical identification is not relevant for the video analysis. 

 

✕ project_location - a local project might resonate stronger among the local community 

members, but is not relevant for the video analysis. 
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✕ project_country - a project started in the USA might be more popular among the native 

audience (population number), but is not relevant for video analysis. 

  

✕ project_category_id - we underpin our research on the parent category technology, we do 

not go lower in the subcategories under the parent. 

 

✕ project_parent_category - we base our research only on the technology category, so we 

do not need to use this variable. 

  

✕ project backers - we cannot use a variable that final value is first known after the project 

termination - when it becomes either successful or failed.  

 

✓ project_goal - this variable can have an intimidating impact on backers that might be 

discouraged even from watching a video of a project that requires substantial funding. 

However, money from unsuccessful projects go back to the backers, so it should not be the 

case. Therefore, the video has possibly a considerable impact on backers’ funding decisions. 

 

✕ project_pledged - it is not important how much money was collected, but whether it ended 

up as a successful or failed one. 

 

✕ project_usd_pledged - the currency is not relevant for the video analysis. 

 

✕ project_converted_pledged_amount - not relevant for the video analysis. 

 

✕ project_fx_rate - the exchange rate is not relevant for the video analysis.  

 

✕ project_currency - the currency is not relevant for the video analysis. 

 

✓ project_state - this is the crucial variable that indicates which projects were successful or 

failed. It will help us predict better how significant role a video plays in this kind of projects.  
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✓ project_updates - we keep this variable to examine the connection between regularity of 

contact between the creators and backers and the video.  

 

✕ project_comments - we remove this item as comments posted mainly by the (potential) 

backers do not hold value concerning the video analysis.  

 

✓ project_rewards - this label may be closely correlated with the videos’ effectiveness as it 

entices a potential backer to donate money to a project to get the project outcome earlier and 

cheaper.  

 

✕ project_facebook_shares - this variable is not relevant for the video analysis; only 3% of 

videos have more than five shares, which is an error margin.  

 

✕ project_facebook_comments - this variable is not relevant for the video analysis - it is 

used less frequently than the previous function.  

 

✕ project_created_at  - the creation date is not relevant for the video analysis 

 

✕ project_launched_at - the project launch day is not relevant for the video analysis; a project 

can be launched in an unattractive, but it is not the scope of our research to find those. 

 

✕ project_update_at - this variable is not relevant for the video analysis, as an edit usually is 

related to either a textual or graphic changes on the project site. 

 

✕ project_state_changed_at - a date of project status change is not relevant for the video 

analysis as the specific day does not hold any informative value for its outcome. 

 

✕ project_successful_at - the exact date of funding goal is not relevant for the video analysis. 

We are only looking into successful and failed projects that videos could have an impact on 

their final status.  
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✕ project_deadline - the last day of the project funding is not relevant for the video analysis 

because it is difficult to explain the eventual impact on the backers funding decision - an 

eventual difference between a project that has a deadline of 30 or 45 days.  

 

✓ project_staff_pick - this variable might be instrumental in measuring the effect of the KS 

recommendation given to its users, that a specific project is worthier supporting than another.  

 

✕ project_spotlight - we cannot use this variable as it encompasses only successful projects 

that resulted in delivering a complete commercial project. We are looking into projects that 

either succeed or fail. 

 

The cleaning process, or in other words, variable selection leaves us with six variables that 

we take to the next subsection of the data preparation: adding new variables. We illuminate 

this process with a short explanation of variables that we construct with the use of Python 

scripts that we then apply on the videos we randomly selected and downloaded from the 

master dataset.  

 

Adding new variables: 

We use our data mining scripts locally using the Anaconda Prompt (terminal) to obtain 

additional information about the videos: their length, scenes count and duration, and emotions 

present in them. Virtually, we create new tables with labels that we populate with new 

information “hidden” in the videos. This action brings about 15 new variables: 

 

 new variable explanation of the variable  

1 video_length The entire video length in minutes and seconds in h:m:s: 

format. 

2 frame rate The number of frames per seconds (smoothness of a video) 

3 number_of_scenes The number of all scenes detected in a single video (scene 

cuts) 

4 scenes_avg the average duration (time) of a scene in a single video 
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5 Seven different 

emotions: 

● angry 

● disgust 

● scared  

● happy 

● sad  

● surprised  

● neutral  

These emotions stem from our script that detects them, and 

their % distribution during the whole video when an emotion 

was present and detected accurately; the values are given in 

%. If a video is 1-minute long, and there were two emotions 

detected, say, angry and happy, both 30 seconds, then the split 

would be 50% and 50% 

6 1st_prevalent_emoti

on 

The value specifies the emotion that occurred for the longest 

time in a single video. 

7 2nd_prevalent_emot

ion  

The value specifies the second emotion that occurred for the 

second-longest time in a single video. 

8 3rd_prevalent_emot

ion 

The value specifies the third emotion that occurred for the third-

longest time in a single video. 

9 project_lifetime The number of days that passed from the project launch until it 

has reached the funding goal. If a project starts on Monday 

1/9/2019 and has achieved its financial goal on 5/9/2019, its 

project lifetime is five days. 

 

 

Final dataset variables 

After we have cleaned the initial dataset and added the new variables with the use of scripting, 

we end up with 11 variables; we replace the seven emotion variables and convert them into 

three variables called 1st_prevalent_emotion, 2st_prevalent_emotion, and 

3st_prevalent_emotion. The first prevalent emotion means that this specific emotion, say, 

“happy” appears for the most time in the video; we apply the same rule to the second and third 

prevalent emotion - their order depends on the % share of total length of an emotion 

recognized in a video. To exemplify, we take a video that has 60 seconds, in which our script 

has detected three emotions: happy, neutral, and angry. If happy lasts 15, neutral 10, and sad 

5 seconds, then happy variable gets a value of 50%, neutral 33%, and sad 17%. These values 

are then exchanged into the three mentioned variables: 1st_prevalent_emotion, 

2st_prevalent_emotion, and 3st_prevalent_emotion. We completely omit the results given by 
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the other four variables that are not present in the analyzed videos or have too short time 

representation in it. 

 

Finally, the operations and choices mentioned above leave us with a set of 11 variables that 

build our backbone for the data mining activity performed on randomly chosen videos we 

discuss in the next section: 

 

1 project_goal 

2 project_state 

3 project_updates 

4 project_rewards 

5 project_staff_pick 

6 video length  

7 number_of_scenes 

8 scenes_avg 

9 1st_prevalent_emotion 

10 2nd_prevalent_emotion 

11 3rd_prevalent_emotion 

 

 

Final data sample 

The first step was to accumulate all the needed videos on a local drive, using the URLs from 

the master dataset. Out of 15000 videos, we randomly select 600 and download them using 

the curl function in the command line/terminal. This number should provide us with enough 

insights to analyze. The technical limitations also dictate it, which is the lack of computing 

power needed for data mining purposes on our personal computers. Again, we make use of 

the CRISP’s first two stages to understand the value of the dataset better. We decided to 

remove 121 videos, which leaves us with a dataset comprised of 479 items. There are three 

reasons for that: 

 

● 5 videos were suspended  

● 70 videos were canceled   

● 20 videos contained no emotions detected by our script. 
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● 28 videos contained more than 90% of one emotion, which was caused by the script 

failing in this aspect; it mistakenly detected facial emotions on still life objects like 

books or elements of the background. 

 

We turn to the 11 variables and assign them values that come from the 479 selected videos. 

The data is being written to a CSV file, which will then be used in WEKA - our tool for data 

mining activities to find regularities and patterns in data (Provost & Fawcett, 2013, p. 31). The 

next subsection provides detailed information on these two aspects. 

 

Modeling 

 

The modeling stage is the primary place where data mining techniques are applied to the data. 

It is important to have some understanding of the fundamental ideas of data mining, including 

the sorts of techniques and algorithms that exist, because this is the part of the craft where 

the most science and technology can be brought to bear (Provost & Fawcett, 2013). Deriving 

from Provost & Fawcett, we first explain the supervised learning method. 

 

Supervised Learning 

 

In supervised learning (learning with a teacher), the data is a sample of input-output patterns. 

In this case, a concise description of the data is the function that can yield the output, given 

the input. The problem is called supervised learning because the object under consideration 

is already associated with target values, e.g., classes and real values. One example of 

supervised learning is to use historical data with a class label to predict an outcome. In the 

problem of supervised learning, given a sample of input-output pairs, called the training 

sample (or training set), the task is to find a deterministic function that maps any input to an 

output that can predict future input-output observations, minimizing the error as much as 

possible. According to the type of outputs, supervised learning can be distinguished in 

classification and regression learning (Camastra & Vinciarelli, 2015, p. 102). 

 

1. Classification: If the output space has no structure except whether two elements of the 

output are equal or not, this is called the problem of classification learning. Each 

element of the output space is called a class. The algorithm that solves the 

classification problem is called the classifier. (Camastra & Vinciarelli, 2015, p. 102). 

The task for classification problems is to assign new inputs to one of several discrete 

classes or categories. This problem characterizes most tasks for pattern recognition.  
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2. Regression: If the output space is formed by the outputs representing the values of 

continuous variables, for instance, the prediction of a stock exchange index at some 

future point in time. Then the learning task is known as the problem of regression or 

function learning. Typical examples of regression to predict the value of shares in the 

stock exchange market and to estimate the value of a physical measure like pressure 

and temperature (Camastra & Vinciarelli, 2015, p. 122). In a sense, regression is more 

useful at predicting numeric values.  

 

In comparison to supervised learning, Unsupervised Learning does not have any 

rules/teachers as it focuses on finding how data is distributed in space, known as density 

estimation. If the data is only a sample of objects without associated target values, the problem 

is known as unsupervised learning. In unsupervised learning, there is no teacher. Hence a 

concise description of the data could be a set of clusters or a probability density stating how 

likely it is to observe a particular object in the future. This idea underlies clustering algorithms 

that form an abundant subclass of unsupervised algorithms (Camastra & Vinciarelli, 2015, p. 

113).  Or in other words, unsupervised learning is used to get a better sense of the data and 

get informed about it. 

 

From the above-given definitions, there is an apparent discrepancy between the two opposing 

approaches in machine learning. What we are trying to predict is the outcome class based on 

a set of variables. The problem/research which we are trying to undergo falls under Supervised 

Learning, and more precisely under “Classification.” In order to delve deeper into the data and 

get further understanding, we are to choose a data model which fits our dataset and provides 

us with an easy way of understanding the data. In the end, our choices revolved around 

classification: The process of taking some input and mapping it to some discrete label. The 

modeling techniques which we considered were:  

 

1. KNN (K- Nearest Neighbors): KNN is the laziest algorithm out there in machine 

learning. After we gather the K- neighbors, we take the majority and classify the 

unknown data into that category. 

 

2. Decision Tree: A decision tree typically starts with a single node, which branches into 

possible outcomes. Each of those outcomes leads to additional nodes, which branch 

off into other possibilities, which gives it a tree-like shape. They can be used to 

understand non–linearity and map out an algorithm that predicts the best choice 

mathematically. 
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3. Random Forest: Random Forest uses many decision trees, where each tree is 

slightly different from the others. When new data is introduced, the majority vote of 

the trees to get a final result. 

 

4. Naïve Bayes: This algorithm works on the principle of Bayes’ Theorem. Bayes 

Theorem finds the probability of an event occurring given the probability of another 

event that has already occurred. 

 

5. Support Vector Machine: SVM. The Maximal-Margin Classifier is a hypothetical 

classifier that best explains how SVM works in practice. In SVM, a hyperplane is 

selected to best separate the points in the input variable space by their class. 

 

6. Logistic Regression: This function is also called the sigmoid function. Input values 

are combined linearly using weights or coefficient values to predict an output. It is 

different from linear regression because the output value being modeled is binary, 

instead of continuous. 

 

The key to supervised data mining is that we have some target quantity we would like to predict 

or to better understand otherwise. After careful consideration and evaluation of the machine 

learning techniques, we settled at tree induction. Tree induction incorporates the idea of 

supervised segmentation elegantly, repeatedly selecting informative attributes (Provost & 

Fawcett, 2013, p. 54) Compared to Random Forest, Decision Tree will outperform the 

classifier, since Random Forest will provide a more generalistic view on the test data. 

Choosing between SVM, Naive Bayes, K-NN, Logistic regression, and a Decision Tree, we 

can see that all of the models provide a different and unique view on how to analyze the data. 

What we have considered is the paradigm between descriptive and predictive modeling. 

 

In contrast to descriptive modeling, the primary purpose of the model is not to estimate a value, 

but to gain insight into the underlying phenomenon or process. What we expect to find from a 

descriptive model of success/fail classification, would tell us what the typical successful 

campaigns are. While predictive modeling will tell us what is the likelihood of a campaign 

succeeding or failing with a % accuracy based on its predictors. Therefore for this 

experiment/simulation, we look for a way to efficiently represent our findings, as this is simply 

a proof of concept. To conclude, we choose the Decision Tree model for our work. 

 

Going further in the data modeling, what we need to focus on the RQ question. Having a target 

variable crystallizes the notion of finding informative attributes: Is there one or more other 

variables that reduce our uncertainty about the value of the target? (Provost & Fawcett, 2013, 
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p. 43). In the process of discussing the target variable, the notion of supervised segmentation 

applies fully regarding the data understanding process. Supervised segmentation introduces 

one of the fundamental ideas of data mining: finding or selecting important, informative 

variables or “attributes” of the entities described by the data (Provost & Fawcett, 2013, p. 43). 

 

Supervised Segmentation 

 

An intuitive way of thinking about extracting patterns from data in a supervised manner is to 

try to segment the Kickstarter campaigns into subgroups that have different values for the 

target variable (and within the subgroup the instances have similar values for the target 

variable). If the segmentation is done using values of variables that will be known when the 

target is not, then these segments can be used to predict the value of the target variable. Even 

better, we might like to rank the variables by how good they are at predicting the value of the 

Target (Provost & Fawcett, 2013, p. 48). We disclose more information on this part in the 

analysis; we will address the most common splitting criterion - the information gain, which is 

based on a purity measure called entropy. 

 

Evaluation  

 

Our evaluation is not based on the employment of any sophisticated validation system 

mentioned by Provost & Fawcett (Provost & Fawcett, 2013, p. 32). We test our model using 

the WEKA test environment, which is locally on our PCs; different scenarios are taken into 

consideration - we test the dataset by removing some variables and running it with use of 10-

fold cross-validation; we also discussed adding some of the previously deleted variables to 

check their possible impact on the model. The whole includes evaluation of the results both 

on the complete dataset, consisting of 479 videos, and a split one, that includes 237 videos. 

After testing many possible scenarios, we visualize the results to achieve a better 

understanding of our work. We comment on these different results in the analysis section, 

where we provide a graphical representation of our work, which makes it easier to explain the 

insights that emerge from the data. 

 

Deployment 

 

In the real-life scenario, the deployment phase is equal to the implementation of the findings 

into a business process. We do not have this chance here, and it is not the scope of our 
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research although the results of our work could potentially be in-built in different business 

solutions, which we discuss in the Results chapter. 

4.3 Scripts 

There are three different scripts used in the thesis. Each of them has a different role in our 

research. We explain their practical functionality and relation to the thesis purpose below and 

discuss their high-level structure and meaning in our appendix.  

 

1. Script 1: This script serves four different purposes at the same time: 

 

a. It detects the number of scenes in a KS campaign video by returning the 

number of cuts that are the effect of video editing scene detection.  

b. It gives a numerical value about the average duration of each one.  

c. It registers the complete video length of a clip.  

d. Detects the average frame rate and shows the result in frames per second. 

 

2. Script 2: the emotion detection algorithm that we modify in order not only to recognize 

human faces and read what emotions they convey in real-time (from a web camera), 

but also in videos that we downloaded from Kickstarter. Furthermore, we added 

additional lines of code to save all the information regarding detected emotions to a 

CSV file. The final script is a combination of our programming work based on code 

(Kumar, 2018) derived from a GitHub project (FaceEmotion_ID) whose author had 

permitted to use their code and conclusions freely. For documentation and extensive 

explanation of the techniques and methods used in this script, one can refer to 

eInfoChips article. It served as our knowledge baseline on image and face recognition 

and all features inherently linked to this topic (eInfochips, 2018). The script has 69% 

accuracy on the correct facial emotion detection and is trained on the Fer2013 

database of images used in facial expression activities that use deep neural networks 

(Mollahosseini et al, 2016). 

4.4 Tools used 

Python 

Python is a programming language that we use in our scripts as the tool that extracts metadata 

from KS videos. Such metadata are properties (technical details) with unique values that every 

video contains, for example: length, frames per second, size in kilobytes, et cetera. Python, 

thanks to its versatility and adequate functionality helps us elicit metadata that goes beyond 
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necessary information of a video. With the use of its inbuilt libraries and functions we can go 

more in-depth and obtain data on the number of scenes in a video (film editing cuts), their 

average length, and even on presence of facial emotions. With the help of a few lines of code 

written in Python (version 3.7.3 released on 25 March 2019), we not only detect these 

emotions (and other mentioned properties), but also write all the results to a file that we later 

analyze. This activity serves the purpose of our research as it aids the data collection and 

preparation, which then evolve into analysis that aims at answering the research question. We 

conduct our data analysis in Weka and Excel, which we both describe below.  

 

Weka 

Weka is a program used for data mining tasks with the use of machine learning techniques 

and algorithms. It was released as free source software by the Waikato University in New 

Zealand. For our project, we use Weka’s desktop version on our personal computers. It helps 

us obtain valuable insights from data with the use of its in-built features (algorithms/classifiers) 

like decision trees and regression that do not exist in popular and utilized software programs 

like Microsoft Excel. This project employs Weka in finding hidden data patterns and 

correlations in the KS project and graphically presenting them. We explain the correct 

functioning and choice of this software in the methodology and analysis part.  

 

Microsoft Excel  

We employ Microsoft Excel because of two reasons:  

 

1. To perform various manipulations on our dataset; this is our primary tool to view the 

dataset, clean it from unreadable information, perform calculations, and to add and 

remove variables or instances that we do not include in our model (clean or final 

dataset on which we conduct our data mining).  

 

2. To visualize our results graphically.  

 

We use this software to visualize the results we have received in Weka, which offers this 

feature but lacks the option to adjust their graphical outlook. Excel, in turn, provides us with a 

wide variety of charts and figures that we can edit freely to represent our analysis and findings 

in the most comprehensible way for the reader.  

 

Anaconda & Jupyter Notebook 
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Anaconda is a data science platform where we test our scripts. It gives us the possibility to 

write, test, and store code in an offline environment called Jupyter Notebook. It compiles and 

checks the code quality in real-time - primarily written with data analysis purposes (Anaconda, 

2019). Once we have built a working script, we deploy it locally with the use of Anaconda 

Prompt, which is the terminal (console) that meets all the requirements needed to deploy a 

sophisticated script. In our case, it is the face detection script that demands the use of software 

packages (libraries) like TensorFlow and Keras. After we have run locally, it analyzed all the 

videos that constitute our dataset, and returned results in the form of a CSV file. These results 

are values that contain information for variables like “video length” or “scenes number,” which 

we had described before in the data collection and preparation sections.  

4.5 The Decision Tree  

 

As we state in the previous subchapter, we use WEKA for our data mining undertakings. With 

its use, we want to classify see if we can classify our variables correctly. The process of 

classification is a data science method for building a model of classes from a set of records 

that contain class labels. For example, a class label could be to predict a car brand based on 

some attributes. In the case of this research, it is to find out which components of a video can 

be used to predict the KS campaign outcome. This activity will allow us to see how successful 

and unsuccessful projects are distributed about variables that determine their final status 

(outcome). Therefore, we use an in-built WEKA algorithm called The Decision Tree (J48 

algorithm in WEKA) whose role is to show us the distribution as mentioned above (called also 

split) in both textual (confusion matrix), and graphical way. We explain thoroughly the 

functioning of the algorithm below. 

 

The role of the Decision Tree algorithm is to find out the best way the attributes-vector behaves 

for several instances. In other words, this algorithm creates the rules which are used to predict 

the target variable and its value (project_state). With the help of the J48 algorithm, the critical 

distribution of the data is easily understandable, as it provides us a visual tree-like structure 

(Kaur & Chhabra, 2014, p.13). 

 

In the WEKA data mining tool, J48 is an open-source Java implementation of the C4.5 

algorithm. The WEKA tool provides many options associated with tree pruning. In case of 

potential overfitting, pruning can be used as a tool for precising. In other algorithms, the 

classification is performed recursively until every single leaf is pure; that is the classification of 

the data should be as perfect as possible. This algorithm generates the rules from which 

particular identity of that data is generated. The objective is progressively generalization of a 

decision tree until it gains equilibrium of flexibility and accuracy (Kaur & Chhabra, 2014, p. 14). 
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Therefore, one could argue that the tree classifier is made to prevent overfitting as much as 

possible, given the set parameters.   

 

How it works:  

 

● In case the instances belong to the same class the tree represents a leaf, so the leaf 

is returned by labeling with the same class.  

 

● The potential information is calculated for every attribute, given by a test on the 

attribute. Then the gain in information is calculated that would result from a test on the 

attribute.  

 

● Then the best attribute is found based on the present selection criterion and that 

attribute selected for branching (Kaur & Chhabra, 2014, p. 13). 

 

Features of the J48 algorithm: 

 

1. The algorithm handles both the discrete and continuous attributes. C4.5 decides a 

threshold value for handling continuous attributes. This value divides the data into two 

lists that have:  

 

a. the attribute value below the threshold 

b. more than the threshold value or equal to it. 

 

2. This algorithm also handles the missing values in the training data.  

3. After the tree is entirely constructed, this algorithm performs the pruning of the tree. 

C4.6 after its construction drives back through the tree and challenges to remove 

branches that are not helping in reaching the leaf nodes.  

 

What makes the algorithm useful here is that it takes a threshold value when dealing with 

continuous variables. For example: project_goal and number_of_scenes, then it finds a split 

in the dataset which best represents the classes. In the end, the tree minimizes the amount of 

leaf nodes it needs (Kaur & Chhabra, 2014, p. 13). 

 

Entropy:  
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One of the hardest parts in machine learning is to find out which variables are important and 

informative (Provost & Fawcett, 2013, p. 51). Luckily, for classification problems, we can 

address all the issues by creating a formula that evaluates how well each attribute splits a set 

of examples into segments, concerning a chosen target variable. Such a formula is based on 

a purity measure. The most common splitting criterion is called information gain, and it is based 

on a purity measure called entropy. In supervised segmentation, the member properties will 

correspond to the values of the target variable. Disorder corresponds to how mixed (impure) 

the segment is with respect to these properties of interest. For example, a mixed-up segment 

with a sizable number of successful and a sizable number of failed campaigns would have 

high entropy. We present examples of each leaf node entropy in the analysis. (all calculations 

in the Appendix) We can find how much entropy a leaf node has by calculating it with the 

following equation: 

 

entropy = - p1 log (p1) - p2 log (p2)  

 

Each p(i) is the probability (the relative percentage) of properties within the set, ranging from 

p(i) = 1 when all members of the set have property (i), and p(i) = 0 when no members of the 

set have property (i).  

 

The preceding indicates that there may be more than just two properties. Entropy is just one 

component of the story. We want to assess how informative the attribute is to our goal: how 

much information it provides us about the value of the target variable. Entropy only tells us 

how impure one individual subset is. Fortunately, with entropy to measure how disordered any 

set is, we can define information gain (IG) to measure how much an attribute improves 

(decreases) entropy over the whole segmentation it creates (Provost & Fawcett, 2013, p. 51-

53). 

 

Concerning what Provost and Fawcett write, let us call the KS dataset "the parent set," and 

the result of splitting on the attribute values the "k children sets." Thus, information gain is a 

function of both a parent set and of the children. It results from some partitioning of the parent 

set. It also provides an answer on how much information has this attribute provides. That 

depends on how much purer the children are than the parent. That means that if we were to 

know the value of this attribute, we would ask the following question: 

 

How much would it increase our knowledge of the value of the target variable?  

 

That is why the Decision Tree splits the nodes into purer segments, hence making the tree 

more informative. The splitting decision makes it more understandable for the reader to 
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understand how the decision tree controls on the splits. The information gain equation is as 

follows: 

 

IG (parent, children) = entropy (parent) - [p(c1) × entropy(c1) + p(c2) × entropy(c2) + ...] 

 

Notably, the entropy weights each child (c(i)) value by the proportion of instances belonging 

to that child - p(c(i)). It addresses our concern voiced above that splitting off a single example, 

and noticing that a set is pure, may not be as good as splitting the parent set into two large, 

relatively pure subsets, even if neither is pure. (Provost & Fawcett, 2013, p. 53) That is why 

we often see tree classifiers whose leaf nodes are not pure; however, they are still informative, 

since they offer the most extensive and most generalized split which is still useful for the 

researcher. We introduce examples of nodes in the analysis. 

5. Analysis  

In this part of the project, we will look at the final variables and what kind of impact they had 

on the KS campaign outcome. We will split the variables into two categories: Controlled and 

Independent Variables; Controlled Variables are the ones which are already well studied and 

have been proven to have high predictive power. These variables can predict, to a large extent, 

the outcomes of a campaign. The Independent Variables, on the other hand, are less explored 

and less studied by the scientific community. They are the variables closely correlated to the 

video properties.  

 

Controlled Variables 

 

Project_state 

 

The amount of KS campaigns that made it to the final cut from our data sample is 477, out of 

which 146 have succeeded, and 331 have failed. Which splits our dataset to 31% successful 

and 69 % failed respectively. We consider this, simply because the official statistics for the 

Technology section are 20% successful and 80 % failed respectively (Kickstarter, 2019). The 

1. Table S/F Distribution shows a representation of our data sample.  
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(1.Table S/F Distribution)  

 

 

Project_goal  

 

We normalize and scale down to a Log10, in order to make the data easier to represent 

graphically. It is because the project goal distribution ranges from $1 to $6.500.000, which 

would have been very hard to illustrate in a reasonable and meaningful manner.  
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     (Table 2. Project_log-S)               (TableProject_log-F) 

             

 

 

 

 

 

 

 

 

 

 

 

 

How to read the graph:  



 

 

Page 43 of 68 

 

 

 

The Excel LOG10 function returns the base 10 logarithm of a number. For example, 

LOG10(100) returns 2, and LOG10(1000) returns 3. In the scope of this project, the successful 

graph with the highest distribution of 60, starts with the number 4.291 to 4.861, which means 

that the project goal lies somewhere above 10,000$ and below 100,000$.The variable 

Project_goal shows two different distributions between the success and the non-successful 

campaigns. 

 

By comparing Successful and Failed project_goal tables, we can see that the creators of 

projects with a higher success rate set up smaller, more reasonable goals compared to 

creators that set higher goals for their projects. The data clearly shows that people with 

unsuccessful campaigns on average have 3x higher goals compared to those of successful 

campaigns. Setting the Kickstarter funding goal to 10,000$ gives the highest chances of 

succeeding. 38% of projects with that amount meet their goals - the most substantial chunk of 

the campaigns studied. By increasing the goal to 50,000$, the odds of success fall to 18%. 

Aiming for 100,000$ and higher gives a campaign only a 7% chance of ever coming to fruition 

(Mitroff, 2019). 

 

 

 

 

Project_updates 
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(1. Project Updates - Successful)     (2. Project Updates - Failed) 

 

One of the single most important variables with the highest predictive power in kickstarter is 

the variable project_updates.One obvious distinction between projects that succeed and 

projects which fail is the project updates. There is a large discrepancy of projects which will 

succeed and projects which will fail, only by examining the amount of updates a project has. 

What is eminent about projects which fail is that they rarely post. The number of failed projects 

that post up to 4.2 updates or less is 84 %. Projects which have failed and have less than 10.5 

updates account for 13 % of all of the failed projects, while the distribution is leaning towards 

the lower half of updates. The final 3 % of projects that have failed and have posted more than 

10.5 updates are considered outliers or anomalies for this distribution.  

 

One thing which is portrayed very well by the successful campaigns in the project updates is 

their distribution over a large area. The lowest distribution of updates is that only 17% of 

projects have 5.3 or lower number of updates for their campaigns — 60 % of the distribution 

spans between 5.3 updates and 26.5 updates. The last 23 % is dedicated for campaigns with 

more than 26.5 updates up to 53 updates. 

 

Comparing the distribution of both graphs, we can see that the project updates from 84 % of 

failed projects can fit in the first 17% of the distribution of the successful campaign. The sheer 

number of successful campaigns overshadows the remaining number of updates for the failed 

campaigns. Projects with more than 10.5 updates have very high chances of succeeding 

according to the graphs. It is an excellent example of backers' desire for two-way 
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communication, as it reflects their strong agreement that the ability to communicate with and 

receive updates from creators is an essential part of the Kickstarter experience (Kickstarter, 

2019). Therefore, this highlights the importance of communication between the backers and 

the creators. Kickstarter backers can more fully experience a project through development 

updates from its creator or sometimes provide input on how the final product is created 

(Colistra & Duvall, 2017). Therefore, the mentioned communication flow could serve as an 

early predictor of the success of a campaign.  

 

Project_rewards 

 

(1.Project_rewards - Successful)   

  (2.Project_rewards - Failed)  

 

 

 

 

 

 

 

From the data, we can see that on average successful campaigns give out 10.3 rewards, while 

campaigns that fail on average give 7.3 rewards for their campaign.  

We can see that the main distribution around successful campaigns is between 5.2 and 14.8 

rewards, with outliers showing us extreme cases of 34-37.2 rewards. The main distribution of 

awards in the Failed project reward category falls between 3.9 and 12.6 rewards, with outliers 

jumping towards the 30-32.9 rewards for the campaign. What we can take from this 

information distribution is that successful projects, or projects which have a higher chance of 
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succeeding will be more generous in the amount of reward which they give to their backers. It 

might potentially signal that the campaign creator is better prepared and has thought of the 

campaign structure thoroughly. Therefore the optimal amount of rewards provided by a 

campaign should be somewhere between 5.2 and 14.8. 

 

Project_staff_pick 

 

 

 

The table above represents all of the projects in the dataset. The columns Successful_0 and 

Failed_0 have not been selected by the staff. The columns Successful_1 and Failed_1 have 

been selected by the staff. The company says there is no science to how its employees choose 

their favorite projects. Users find out they were selected in an email: "Someone on the 

Kickstarter team loves your project," it says (Stillman, 2014). 

 

From the data, we find out that only 11% of all projects get picked by the staff. From all of the 

project which get picked by the staff, 83% of them complete the campaign successfully. From 

all of the successful projects, only 30% of them get picked by the staff. In total, 67% of projects 

not picked by staff fail.  

 

 

 

Independent Variables 

 

Video Length  
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In this graph, we examine how the distribution of successful videos looks like vs. the 

distribution of failed videos with regards to the campaign. The successful box plot paints shows 

the amount of successful videos in quartiles, the first quartile ranges from 00:26 to 01:48, from 

01:48 to 02:27 represents the second quartile, from 02:27 to 03:19 represents the 3rd quartile 

and from 03:19 to 05:26 for the 4th quartile. 50% of the whole distribution of all successful falls 

between 01:48 and 03:19, while the median stands at 02:44. There are few outliers in the 

successful campaigns which extend the range of the whiskers and the most significant outlier 

for this dataset is marked at the eleventh minute.  
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The failed box plot shows the amount of failed videos in quartiles, the first quartile ranges from 

00:12 to 01:39, from 01:39 to 02:25 represents the second quartile, from 02:25 to 03:27 

represents the 3rd quartile and from 03:27 to 05:45 represents the 4th quartile. 50% of the 

whole distribution of all failed video length campaigns falls between 01:39 and 03:27, while 

the median stands at 02:46. What we can see differently here is that there is a larger body of 

outliers which extend the whiskers after the 05:45 mark. The outliers in this section show that 

creators with unsuccessful campaigns on average make longer videos than successful 

campaigns.  

 

We are comparing the combination of the second and third quartile, where we can see where 

the highest body of video length is located. For the successful part, it is between 1:48 and 

3:19, while for the failed part it is between 139 and 3:27, which means that the range of the 

failed videos is 16% broader than the range of the successful with regards to the second and 

third quartile. What we can take from the graphs is that on average, failed campaigns have 

10% longer videos, and the range of the successful videos for the second and third quartile is 

16% shorter than the range of the failed videos. Even though the video length is an informative 

attribute, we cannot use it as a primary predictor for the outcome of a campaign.  

 

Number_of_scenes 

 

The number of scenes in the campaign paints a different picture in comparison to the video 

length - the number of scenes variable provides more insights on successful video's 

properties. 
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(1. Number of scenes - Successful)           

 

What we can see from the graph above is the distribution of several scenes in the videos of 

successful Kickstarter campaigns. We can see that the majority of videos in this table fall in 1 

out of 3 columns, [29.6 - 40.9; 40.9 - 52.2; 52,2 - 63.5]. They account for 59% of the whole 

distribution of the number of scenes. On the extreme sides, we have examples of videos with 

a high amount of scenes - above 100, which can be explained by the length of the video 

having, or by having a short average scene length. Therefore we can point out that campaign 

creators focus on creating engaging and dynamic content without going into extremes.  
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                  (2. Number of scenes - Failed)  

 

What we can see from the graph above is the distribution of the number of scenes in the videos 

of failed Kickstarter campaigns. What comes apparent is that on the lower extreme, there is a 

higher number of videos that post videos with a lower number of scenes. [7 - 17.4; 17.3 -27.8 

] They account for 15% of the total videos that are unsuccessful. The number of videos in 

columns [27.8 - 38.2 ; 38.2-48.6 ; 48.6 - 59] account for - 27% of all of the failed campaigns. 

On the higher extreme, we also see that campaigns are having a higher number of scenes, 

reaching up to 100 scenes per video. Therefore we can see that the distribution of the number 

of scenes correlates to the video length, as a higher number of scenes signals the higher 

lengths. If we are to compare the successful and failed campaigns based on the number of 

scenes, we can see that the distribution in the successful campaigns is facing towards the 

middle parts of the histogram. Which gives a sizable bracket of how many scenes a video 

should have; above [18.3 -29.6 ] and below [63.5 -74.8]. Therefore this gives us insights that 

a video should fit a specific length, as it should not be too short, nor too long.  

 

 

 

 

scenes_avg 
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Unlike the video length attribute, the scene length average paints a different picture. In this 

graph, we examine how the distribution of successful videos looks like vs. the distribution of 

failed videos with regards to the average scene length. The line between the two boxplots is 

used to show the difference between the medians of the successful and failed scene lengths.  

 

The successful box plot displays the amount of successful average scene length campaigns 

in quartiles. The first quartile ranges from 00:01 to 00:03, from 00:03 to 00:05 represents the 

second quartile, from 0:05 to 00:18 represents the 3rd quartile and from 00:18 to 00:35 for the 

4th quartile. What is important to note here is that 50% of all videos in the successful category 

have an average scene length between 00:01 and 00:05 seconds, as represented by the 1st 

and second quartile. Looking at the 2nd and third quartile combined, we see that the span 
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ranges from 00:03 to 00:18 seconds. This part represents most realistically where videos will 

fall under normal distribution. The median stands at 00:15 seconds for average scene length 

regarding the successful videos. We can see that there are many outliers as they span well 

above the 00:35 seconds scene length whisker. Some videos have reached an average scene 

length of up to 01:09, which indicates that the video is most likely one continuous shot and 

has very few scenes.   

 

The failed box plot displays the amount of failed average scene length campaigns in quartiles. 

The first quartile ranges from 00:01 to 00:05, from 00:05 to 00:10 represents the second 

quartile, from 00:10 to 00:27 represents the 3rd quartile and from 00:27 to 0:53 represents the 

4th quartile. Looking at the 1st and second quartile, we can see that the average of the 

unsuccessful videos is between 00:01 and 00:10 seconds. The 2nd and third quartile show a 

different distribution which puts the average scene length somewhere between 00:05 and 

00:27 seconds, which represent the most realistic distribution of the average scene length. 

The median falls under the 00:30 seconds mark. The outliers follow a similar distribution as 

the video length, and we get to experience very long scenes that could easily be independent 

videos on their own. The most extreme outlier in this distribution is marked at 06:12.  

 

What we can take from the graphs is that on average, failed campaigns have 52% longer 

average scene length, and the range of the successful videos for the second and third quartile 

is 46% shorter than the range of the failed videos. We further explored the importance of 

average scene length in a video and compared the success rate of average scene length 

between 1-5 seconds (1st and second quartile for successful) and 1-10 seconds (first and 

second quartile for failed) campaigns.  
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                      (Scene_avg 1-5) 

 

What we found out was that on average videos which had a scene average between 1-5 

seconds had a 43% chance of succeeding, compared to 57 % chance of failing based on 

scene average alone. 

 

(Scene_avg 1-10) 

 

What we found from the 1-10 second average scene length is that only 37% of videos had a 

chance of succeeding, while the chance of failure was at 63%. By comparing both of the 

graphs from 1-5 seconds and 1-10 seconds, we can see that the data represents a 6% chance 

increase of a campaign being successful if the average scene length is capped from 1 to 5 

seconds. It is alarming since the attention span has decreased from 12 seconds to eight 

seconds in 2015 (McSpadden, 2015) to just 2.7 seconds in 2019. To grab someone's attention, 

brands must make sure their message is clear and appealing, especially in video form. 

Creating and integrating video content into marketing initiatives is not a new tactic. What is 

new is the increased popularity of short-form video content, and the continually increasing 

number of videos consumers are getting served up daily (Munro, 2018). Therefore to keep up 

with the trends, content creators must be more creative in their efforts as well as know-how to 

keep an audience engaged for a more extended period.  

 

1st_prevalent_emotion 
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     (1. Emotions Distribution -chart) 

 

 

The last variable which we examine in the analysis is the most prevalent emotion by category. 

From their success rates the distribution falls as such: 22% for Sad and Angry, 27% for Happy, 

37% for Neutral, 12.5% for Surprised, 15% for Scared and 0% of Disgust. 

 

The most successful strategy for a campaign was to use Neutral as its primary emotion as it 

"outperforms" the second-highest emotion Happy by 10%. Both of these emotions had the first 

and second highest count from all of the prevalent emotions as they account for 83% of the 

dominant emotions. The third most expressed emotion is anger accounting for 9% of the total 

of the most predominant emotions, followed by scared accounting for 2.7%. Sad and surprised 

receive 1.8% and 1.6% respectively. Last but not least receives Disgust with 1%.  

 

What we learn from this graph and the success rate of each emotion, is to stick with Neutrality 

as the most predominant emotion in a video campaign, the second-best outcome will be if the 

emotions expressed are happiness. We found evidence that, from moment to moment during 
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ad exposure, the emotions, joy, and surprise influence viewer retention directly and indirectly 

through their influence of attention concentration, which in turn affects viewer retention. Both 

joy and surprise led to the concentration of attention, which reflects the attention-gaining power 

of advertisements at those moments (Teixeira, Thales, Wedel, & Pieters, 2012). 

 

Decision Tree Analysis 

 

After we described and analyzed the attributes, we wanted to find out how each variable 

contributed to the accuracy and to test if it had any impact on the final model. The final part is 

to run the model and to record the accuracy after adding the attributes gradually until we have 

the final model. After that, we visualize the tree and the pruning. 

 

 

Classifier  Number of variables  Accuracy  Variables  

J48 1 69.393  project_state  

J48 2 89.5178 + project_updates  

J48 3 89.7275 + project_goal 

J48 4 89.3082 +  project_rewards 

J48 5 89.7275 + project_staff_pick 

J48 6 89.3082 + video_length  

J48 7 89.0985 + scene_avg  

J48 8 89.3082 + number_of_scenes  

J48 9 89.9371 + 1st_prevalent_emotion  

J48 10 89.3082 + 2nd_prevalent_emotion  

J48 11 89.7275 + 3rd_prevalent_emotion  

 

 

 

Starting from the lowest number of variables "1" - project_state represents the majority of the 

class. It means that 69.393% of the whole dataset are failed campaigns. The model with only 

one variable does not hold any predicting power. The model with two variables includes the 

one variable which holds the highest predictive power. It clearly shows that the variable 

project_updates increases the accuracy to 89.5178%. Moving forward, we add more variables 

- project_goal to model 3, we see that there is a small increase of the accuracy at 89.7275%, 
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which only contributes to a 0.2% increase in the model. Model 4 adds an extra attribute - 

project_rewards, and we see that model accuracy drops by 0.4% to 89.3082%. We further 

add another variable - project_staff_pick, and we see a small increase in the percent accuracy. 

Model 6 introduces video_lenght to the picture, and we see that there is no significant change 

in accuracy. Model 7 adds on scene_avg, and it experiences a slight drop in the % accuracy 

to 89.0985%. In model 8, number_of_scenes is introduced, and we see a small but increase 

in accuracy. Model 9 introduces the 1st_prevalent_emotion and gives us the highest accuracy 

of all tested models. Model 10 introduces 2nd_prevalent_emotion, and the % accuracy 

decreases to 89.3082. Finally, Model 11 adds the final attribute 3rd_prevalent_emotion and 

concludes our search for accuracy at 89.7275%.  

 

 

 

 

 

 

 

The final tree structure (full image in appendix):  
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The tree above is a graphic representation of the J48 algorithm; at the very top it splits the 

tree based on the attribute which can best splits the dataset into its purest segment, thus 

lowering the overall amount of entropy in the leaf nodes (appendix). We can see that the first 

split is on the right side where the project_updates are above 9. We can see that the first leaf 

node is created and it is not pure, as it has a division of successful and (119) failed (10).  

 

On the left side of the tree, we start seeing a different separation which has created an internal 

of project_updates being less or equal to 9. The internal node further splits into two nodes, the 

one on the right being above three project updates, and on the left side being below or equal 

to 3. On the right side of project_updates less than three, another leaf node is created, this 

time connected to the project_goal which splits into two possibilities, less and or equal to 

10500 on the left side, or above 10500 on the right side. If we look on the left side of 

project_goal <= 10500, we can see that the split is between successful(24) and failed(7). If we 

look at the whole tree, we can see that this node has the highest entropy of all other leaves (= 

0.7698) in the whole tree, meaning that it is the most impure of all. While on the comparison, 

we can see that there are three leaf nodes which have entropy (= 0), because the class is 

pure and it does not have any impurities. The role of the decision tree is to find out the best 

way the attributes-vector behaves for several instances. In other words, this algorithm creates 
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the rules which are used to predict the target variable and its value (project_state). The 

objective is progressively generalization of a decision tree until it gains equilibrium of flexibility 

and accuracy. (Kaur & Chhabra, 2014, p. 14). Therefore, one could argue that the tree is trying 

to prevent overfitting as much as possible, based on a mathematical equation. Based on the 

logic behind the algorithm, the tree prunes itself to its final form as represented above.  

 

One of the most interesting parts in the analysis is that the tree uses the emotions attributes 

to do the splits, which proves that emotions are informative and can be used as predictors of 

a campaign outcome. Even though the final percentage of accuracy did not improve 

significantly for the final model, the emotions attribute still had enough merit to be chosen over 

the rest of the attributes in the dataset for those particular splits. Another intriguing finding is 

the way the tree split the nodes: by number_of_scenes in order to find the purest node. This 

is because the decision tree chooses the attribute with the highest information gain ratio from 

among the attributes whose information gain is average or higher (Provost & Fawcett, 2013 p. 

53). 

 

 

(11 Attributes - Information Gain)  
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This is the part when we turn into the information gain to get more information on the ranking 

of attributes based on their informative value. In the table (11 - Attributes - Information Gain) 

We can see that at the top the highest ranking belongs to video_lenght. The second most 

informative attribute is the project_updates, followed by scenes_avg. Fourth and fifth place go 

to project_staff_pick and project_rewards respectively. Project_goal receives 6th place goes 

to project_goal, 7th to 3rd_prevalent_emotion and 8th to number_of_scenes. The last but not 

least important attributes in the rank list go to 1st_prevalent_emotion as 9th, and 10th place 

goes to 2nd_prevalent_emotion.  

6. Discussion 

6.1 Discussion of main findings  

In our analysis we have identified X interesting findings that we list and describe below: Main 

findings from the project/experiment are as follows: 

 

1. On average unsuccessful projects ask up to x3 times the amount of money compared 

to successful projects. We see a correlation between the likelihood of a project 

succeeding to drop once the goal increases. 

 

2. Project updates are essential for a campaigns outcome. Statistically projects that have 

more than 9 updates have a much higher likelihood of succeeding. In the machine 

learning model, the variable project_updates was the single most informative value, as 

it alone could predict up to 89% the outcome of the campaign. 

 

3. More generous projects have a higher likelihood of succeeding. On average 

campaigns which offered 10.3 or more rewards were more successful than campaigns 

that offered less. 

 

4. From the dataset we picked up that only 1 in 10 projects or 11% of all projects get 

picked by staff members. Projects which were picked by staff had an 83% success 

rate. How a project gets to be picked by the staff, remains a mystery, except for the 

fact that the staff is looking for high-quality campaigns. 

 

5. The video length proved to be quite useful and informative in combination with it with 

the other video characteristics. Video length itself showed that on average, successful 
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videos were from 10-16 % shorter than unsuccessful ones. 

 

6. The variable number_of_scenes displayed an unusual distribution regarding the 

successful campaigns. The majority of the successful videos had a distribution of the 

number of scenes between 29.6 and 63.5 scenes. Unsuccessful campaigns, however, 

had a lower number of scenes count, but were more evenly scattered over the scale. 

 

7. The scene average variable managed to display correctly how successful videos look 

like compared to unsuccessful ones. The variable displayed how much influence a 

small change in the video average scene duration could impact the bottom line. Videos 

with average scene length ranging from 1-5 seconds have a 43% chance of success 

according to the data. 

 

8. Last but not least, we saw that emotions do play an important role in a campaign, this 

is best represented in the 1. Emotions Distribution -chart, as we can see that the most 

prevalent emotion – Neutral had a 37% chance of being successful. Even though 

emotions did not rank up high in information gain ranking, they still appeared in the 

decision tree and proved that they could be used as predictors. 

6.2 Practical implications and contribution  

Better understanding of the video properties and its influence on the audience may lead to 

improvement of many digital marketing activities:  

● production of engaging (dynamic) videos that will not be omitted by viewers 

● reduction of costs in the creation phase because of faster decision making 

● better audience targeting 

● opportunity to create a synergy between emotions, effective videos, and realistic 

projects goals set in the beginning 

● opportunity to create effective videos on other platforms that can contribute to the 

overall project success (social media portals, et cetera) 

7 Conclusion  

This research has given answers related to the quality and properties of videos that promote 

Kickstarter campaigns. We learn from it that features like video length, number of scenes, and 

different emotions can contribute to their positive or negative outcome. We have, though, 

found out that happy facial expressions in videos have lesser influence on project success 
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than we initially had assumed. It is, however, still essential that videos are not too lengthy and 

include many scenes (edition cuts). The discussion chapter has listed all the observations and 

findings that could be taken into consideration both by future Kickstarter project creators and 

researchers. The first group could benefit from our findings to the production of campaign 

videos that fall under the categories that we examined. For example, creators that start 

technology projects with a funding goal under 10.500 dollars would improve their chances of 

getting funding if they created a video under 03:30 minutes and between 28  and 64 scenes 

and could “frame” the narration in either the “happy” or “neutral” way. Our paper was of 

exploratory characteristic, which means that our findings are not final and will not reap the 

same results if replicated; there is ample space for enrichment of our proposed model. The 

second group, researchers, could, for instance, work on a larger dataset that could provide 

even better results or employed the regression method to predict the project outcome values. 

An additional amount of work could be put into further data extraction from videos - for 

example, in better facial expression accuracy or specific object detection. 

7.1 Limitations and future research  

While we believe that video mining will become ever more important and prevalent in the 

future, due to technical and data constraints, our current study is subject to a few caveats (Li, 

Shi & Wang, 2019). 

 

● The classification of emotions from facial expression is a common approach, but it is 

sometimes difficult to differentiate genuine emotions from faked emotions (Das et al., 

2018). The script which we have used only provided a 69% accuracy of recognizing 

facial expressions, as well as the fact that false positives occur and displayed faces 

with emotions that were not there. Furthermore, there is also a limited body of 

literature and available tools to use regarding facial/emotion recognition software 

 

● One of the most significant limitations of our research was the scope. There are more 

than 15.000 campaigns under the technology section, and we used a sample size 

which represents roughly 4%. Meaning that on a larger scale, the findings from our 

research can either be skewed or further confirm our beliefs. Only further research 

can answer this limitation.  

 

● We acknowledge that other limitations would be regarding the choice of the 

campaign category. Other campaign categories have not been considered to this 

point, and there is a possibility that the statistics for those categories may differ from 
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the technology genre. Example categories could be Art and Music, which could 

potentially rely on sound quality, presence of subtitles, or other unexplored factor.  

 

● Other platforms which provide crowdfunding services may take into consideration 

different parts.  

 

● With the increasing prominence of crowdfunding, this study is particularly timely in 

order to provide practitioners insight. 

 

● At the current state of available technology, the broader audience with an interest in 

data science is still under the mercy of limited availability of open-source scripts. 

 

● Other tools/scripts have not been considered/explored for this research 
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