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Abstract 

For companies and brands in the cryptocurrency and altcoin space, the importance of Twitter 

and Tweets are of utmost importance in convincing users to invest in their product(s). Many 

altcoins are being marketed and promoted on Twitter and thus the focus on XRP creates 

relevance for the study on altcoins. Understanding how best to manipulate tweets from a 

company standpoint and what changes, small or big, to make with respect to how the tweets are 

presented to these users can significantly influence whether a user will invest in their altcoin. 

Hence, this study focuses on the largest demographic of cryptocurrency investors: millennials 

and examines how first-time millennial cryptocurrency investors are impacted by the different 

tweet property (likes, retweets, etc.) values that are seen at first glance. Thus, a choice based 

conjoint framework was constructed using Conjointly and distributed on Qualtrics in a survey 

format that collected 282 respondents of the target cohort. The choice-based analyses, 

supervised machine learning model of logistic regression was used to analyse the data. The 

study found that while likes, retweets and blue tick verification were significant and positively 

influenced the users, it was not the case for quote tweets which had a lesser but also significant 

negative impact on the purchase intention probability of a tweet influencing a user to want to 

purchase XRP. The study concludes with recommendations for both companies and marketeers 

alike as well as limitations to be understood regarding this study. These recommendations might 

aid them in more effectively promoting their altcoins on Twitter for the target cohort.  
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Introduction 
 

1.1 Problem Statement 
Since the origin of cryptocurrency with Bitcoin in 2009, Twitter has assumed a crucial role in 

providing information about cryptocurrency and its developments due to the reluctance and 

lack of interest from traditional media sources to do so themselves (Nakamoto, 2018; 

Kraaijeveld & de Smedt, 2020). Understanding how to properly utilize Twitter and its supply 

of information to the general public and cryptocurrency investors is critical due to its 

aforementioned integral role as a platform that enables the provision of information to the 

public. However, there is a lack of research on how to do so. The majority of research 

conducted on Twitter and its capability to influence cryptocurrency pertains solely to the 

content of the tweet and its sentiment, thus the focus of this study will be on how the properties 

of tweets (e.g. likes)  influence investors (Kraaijeveld & de Smedt, 2020; Naeem et al., 2020; 

Edrogan & Canayaz, 2018). While the area of tweet sentiment analysis is extensively 

researched, investigating what other aspects of a tweet drive the influence on purchase intention 

for first-time investors with no cryptocurrency investing history has not been focused on or 

explored in this same way before. The importance in taking this approach comes with unique 

insights, ranging from how to attract new investors to investing in new kinds of cryptocurrency 

through the manipulation of tweet properties which are further discussed in Section 2.4. 

Moreover, rather than solely Bitcoin (the cryptocurrency with the largest market cap), the use 

of a relatively smaller coin would make for a more interesting research design where newer, 

emerging cryptocurrencies are focused upon, which is why this study implements and has a 

specific focus on a relatively smaller cryptocurrency: Ripple (XRP).  

 

Ciaian et al. (2018) denote that there is a high interdependency between altcoins (meaning 

alternative coins other than bitcoin) and bitcoin prices in both the long and short term, however, 

Corbet et al. (2020) argued that the extent of interdependency varies based on the altcoin’s 

unique features. There has been frequent discussion on the interdependence between bitcoin 

and altcoin prices, however, there continues to be debate as to how interdependent they are 

(Aysan et al., 2021; Demir et al., 2021; Meynkhard, 2020; Hu et al., 2019). Moreover, while 

there has been studies on what factors influence investor purchase intention on cryptocurrency, 
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there has been little study on investor attitudes with a focus on purchase intention that 

highlights the difference between bitcoin and altcoins thus there is no conclusive information 

regarding this. Instead, there are only studies that focus exclusively on Bitcoin’s attitudes and 

purchase intention with no focus or comparison with Altcoins (Kaplan, C. et al, 2018). 

Irrespective of the lack of conclusive information on the relationship between altcoins and 

bitcoin, this study will use a single altcoin and will hold it constant throughout (XRP) which 

will be done to ensure a more realistic depiction of how altcoins are interacted with, by potential 

investors, rather than focusing on bitcoin. This will be done in which the only exposure that 

survey recipients will have during the data collection stage will be solely to the altcoin XRP to 

ensure that the effect of this study is focused only on altcoins.  

 

The proposed research examines the properties of a tweet while holding sentiment/content, 

age, investment experience and price (keeping it constant) to focus on the effect on properties 

of tweets such as likes and retweets shown in tweets that users would be exposed to when 

interacting with a tweet in real life. Users on social media and Twitter are known to have shorter 

attention spans as put forth by various studies and consequently, the first few stimuli they see 

when scrolling through tweets will be the tweet property values (Ventola et al., 2014; von 

Muhlen et al., 2012; Gabielkov et al., 2016). Thus, the properties were chosen on the basis that 

this is everything a user sees when they click on any given tweet to allow for a realistic 

simulation of a user interacting with a tweet. These properties of tweets (independent variables) 

are: the likes of the tweet, amount of retweets, quote tweets, whether the user is verified on 

Twitter (blue tick) and how these factors would influence the purchase intention of someone 

interacting with the tweet while also determining what tweet properties most motivate them to 

invest in Ripple (XRP) for first-time millennial investors (Daga et al., 2020; Elendner et al., 

2018). These properties are further discussed in Section 2.4. Additionally, it is important to 

note that the tweet property “Replies” was excluded for two main reasons. Firstly, unlike the 

other properties mentioned, the number of replies is not immediately visible when a user clicks 

on a tweet. Secondly, the content of the replies are immediately visible below the tweet itself. 

This makes its effect on purchase intention fundamentally different from the other tweet 

properties. 
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1.2 Research Question 

This paper, therefore, investigates the influence of tweets on first-time millennial 

investors, thereby providing a benchmark for firms using Twitter to reach goals and 

targets related to increasing their investor base by allocating resources to tailoring their 

tweets. As such, the research question for this paper is: 

 
“How do the properties and social media engagement of a Twitter ‘Tweet’ influence the 

purchase intention of first-time millennial investors for the Ripple (XRP) coin?” 

 

Literature Review 
2.1 Social Media and Twitter’s Importance with 

Cryptocurrency 
Firstly, throughout history, there has been a multitude of communication channels that have 

stood in the foreground, influencing society as well as daily life. In the 21st Century, social 

media has taken this mantle, a platform that provides individuals to express their opinions, 

beliefs, and ideas in a revolutionary way that can reach a vast audience in the blink of an eye. 

The rapid growth of companies that leverage this industry and continue to innovate like 

Twitter, Meta and TikTok has ushered in the era of social media. In essence, social media is 

any type of online content or media that stimulates participation, evokes open discussion and 

establishes a sense of community (M. Saravanakumar & T. Sugantha Lakshmi, 2012). 

 

Cryptocurrencies are vastly different and are a digital asset class that leverage blockchain 

technology, a decentralized and innovative technology that enables the digitalization of 

transparency and trust. Blockchain technology obsoletes financial institutions and 

governments in their roles as producers of currency and as intermediary entities that verify 

transactions. The cryptocurrency space was created on the 3rd of January in 2009 with the 

launch of Bitcoin (BTC). It was only throughout 2017 and early 2018 that a large surge in 

interest and innovation in the space took place. This was a consequence of the trend in media 

coverage of the unprecedented returns that created a subsequent pseudo-gold rush 

(Nakamoto, 2018). As a result of the cryptocurrency being so young and new, traditional 
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media outlets did not always report events promptly, which created a gap for which social 

media outlets became primary sources of information for cryptocurrency investors. Smaller 

news outlets and influencers in the cryptocurrency space filled the need for information in the 

industry. The platform that enables this transfer and reporting of information is Twitter, in 

which Twitter users ‘tweet’ (write anything in text and send it out on the platform for anyone 

to read), which denotes its importance in its ability to attract new investors for cryptocurrency 

as well and is why it will be the focus of this paper (Kraaijeveld & de Smedt, 2020). In this 

paper, the primary focus on Twitter will be the way that tweets are presented to potential 

first-time investors and how the information in a tweet influences the purchase intention of 

the latter on cryptocurrency. 

 

2.2 The importance and relevance of the Ripple (XRP) coin 
Moreover, the Ripple (XRP) coin is of notable interest in the cryptocurrency space with its 

use case. It leverages blockchain technology, evolving completely independently from BTC, 

with its main purpose to act as both a payment system and digital currency. Ripple’s main 

function pertains to sending international remittance payments and how its unique application 

with blockchain ledger technology provides it disruptive advantages to its current main 

competitor, SWIFT (Armknecht et al., 2015). While SWIFT are the current market leader in 

the provision of the remittance service, Ripple is quickly growing in reaching its potential to 

drastically improve. The benefits Ripple provides include low transaction costs, real-time 

delivery and 2x7 service availability (Rosner & Kang, 2015; Qiu et al., 2019). Thus, as a 

trending cryptocurrency coin, XRP will be used as a focal point for this study to provide 

insight as to how larger, emerging coins such as XRP interact with potential investors. Lastly, 

there are extremely few studies that focus on XRP’s interaction with Twitter’s platform that 

does not pertain primarily to the sentiment analysis of tweets themselves as aforementioned, 

which indicates that a study of the XRP coin offers novelty in its research.  

 

2.3 Millennial Investors and Their Relevance 
While the majority of investors in cryptocurrency are of the Generation Z demographic 

(1997-2012 born), the average spending of a Gen Z investor is the lowest when compared to 

Generation X (1965-1980 born) and Millennials (1981-1996 born) investors, as a result of 

them not having reached their earnings potential (being older means a greater likelihood of a 

higher income and a thus greater propensity for investment per individual). Hence, in the 
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short-term, there is a great incentive for Owners of cryptocurrencies and their affiliates to 

encourage investment in attracting Millennial and Gen X investors. Gen X buyers purchased 

an average of $9,611 crypto last year while Millennials bought $8,596 and Gen Z investors 

bought $6,120 (Gogol, 2021).  

 

Due to the lack of availability of data for owners of Ripple (XRP), looking at the current 

cryptocurrency market instead, the most common investor in the market are millennial 

investors, consisting of 76.45% of the market (Gogol, 2021). Various studies argue that the 

reason for millennials being the demographic most invested in cryptocurrency is that their 

age indicates maturity and financial literacy that enables them to be more receptive to 

learning about and investing in a new modern digital financial class such as cryptocurrency 

(Bhilawadikar & Garg, 2020; Patil, 2019; Sanders, 2022). On top of this, millennials have 

also claimed that there is social exposure on the social media platforms that they use that 

motivates their purchasing behaviour of cryptocurrency (Gogol, 2021). Consequently, 

understanding how users leverage Twitter’s platform to influence the purchase intention of 

Millennials specifically will provide deeper insight into how to target this specific 

demographic. The studies aforementioned also suggest they are of higher likelihood to invest 

in new technologies and are thus an ideal target market for companies investing in blockchain 

and cryptocurrency.  

 

2.4 Tweet Properties (Independent Variables) 
When focusing on the Tweet properties that will be included in the survey that will be sent 

out, the idea is to determine how important they are in a Tweet. Below are the reasons that 

the specified tweet properties are important to users as well as why they are relevant in 

influencing users that interact with tweets with their purchase intention. 

Trust has played a central role in previous research regarding looking at the influence of 

social media engagement on online purchase decisions. Weisberg, Te’eni and Arman (2011) 

studied the value of trust and its influence on consumer past-purchase behaviour in the 

context of e-commerce and this is applicable in the context of tweets and how they can 

influence purchase intention. Rousseau et al. (1998) define trust as “a psychological state 

comprising the intention to accept vulnerability based upon positive expectations of the 

intentions of the behaviour of another”. This trust can be built on Twitter with the presence of 
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specific properties of tweets. These properties can increase the trustworthiness or conversely 

decrease said trust depending on their characteristics and context. 

More than solely credibility and trust being driving factors for tweet properties, in the modern 

era with huge levels of exposure to mass stimuli on social media, the levels of attention for 

each tweet are scarce in the context of Twitter. Attention can be seen as a finite currency 

spread across all the tweets they interact with (Ventola et al., 2014; von Muhlen et al., 2012; 

Gabielkov et al., 2016). This attention enables users to retain the information they gain on a 

priority basis based on the more attentive they are to the tweet. Additionally, the levels of 

interest that a user has in the tweet they interact with have a similar effect on their purchase 

intention as a consumer of the product being discussed in the tweet. As a result, 

understanding how tweet properties can make users more attentive or more interested in the 

information they are receiving in a tweet based on the tweet properties is argued to be a 

driving factor in their purchase intention (Ko et al., 2015 Richard & Guppy, 2014). 

Below are the three properties of the tweets that will be focused on. These were selected as 

the features that users see without taking any action when they come into contact with a 

tweet: 

 

2.4.1 Tweet Likes 
Building on the aforementioned explanation of Social media, in a marketing context, social 

media acts as a means of communication and promotion between customers and firms in 

different ways. The first way is through the nature of social media applications and their 

functionality. The connectedness is enabled by networking sites such as social networking 

sites (e.g, Facebook, Snapchat, etc.), microblogging sites (e.g, Reddit, Tumblr, Twitter, etc.), 

and content platforms (Youtube, Instagram, Vimeo, etc.). It is from the likes of these social 

media outlets that social connectedness is built (Kaplan & Haenlein, 2010). 

‘Liking’ is a feature on Twitter that enables a user to engage with a tweet. This feature/action 

can be seen across all forms of social media and has been studied quite thoroughly on how 

consumer engagement, measured in likes, influences purchase intention of products and the 

existing research dictates that likes positively influence purchase intention and thus as there 

are more likes on a post/tweet on social media platforms, consumers are more likely to 

purchase the products being marketed due to the increased level of interest associated with 

the tweets made possible by the number of likes (Mas’od et al., 2019; Hutter et al., 2013; 

Kırcova et al., 2021). The justification for likes increasing purchase intention is the same as 
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mentioned throughout the studies, either partially or explicitly explained in which the likes’ 

take the role of a metric of quality assurance for the social media being posted, in which the 

more likes means the tweet is more credible, in line with the central theme of the study put 

forth by Weisberg et al. (2011). 

However, there is little information on how likes influence the purchase intention of assets 

like stocks or cryptocurrency. Hence, this hypothesis is formed through extrapolating the 

findings from how existing literature denotes how likes impact consumer purchase intention 

for goods and services and consumer purchase intention/intent to own cryptocurrency.   

H1: The amount of likes associated with a Tweet will positively influence the purchase 

intention of XRP.  

 

2.4.2 Tweet Retweets 
A ‘retweet’ is a value that is shown denoting the number of re-shares of the tweet. A re-share 

is a user that interacts with the tweet and shares that same tweet with their network. The 

amount of retweets for any given tweet is shown as one of the values when a user interacts 

with a tweet. 

It is important to once again note that Twitter Replies were not included in the study as they 

provided the same information as the retweet count at a glance, however, the replies only 

provided more information upon reading them due to the heavy importance placed on the 

sentiment of the reply to extract information (Kim J. et al., 2012). However, the study is 

focused solely on the stimuli and properties of a tweet that are made available upon initial 

interaction to see what users might experience within a short period. This is the case due to 

Twitter users' shorter attention span on the app, as such trying to deduce the important 

aspects of a tweet from quick and initial interactions gauging attention and interest to closely 

mimic reality (Ventola C. L. et al., 2014; von Muhlen et al, 2012). 

Once again, there is little information regarding how retweets might influence purchase 

intention for cryptocurrencies in contrast to goods and services as were studied in the papers 

mentioned, however, in essence, the meaning of the retweets is argued to be universal by 

Metaxas, P., et al., (2021): “retweeting indicates not only interest in a message, but also trust 

in the message and the originator, and agreement with the message contents”. Thus, given 

that the tweet has a positive sentiment about XRP (as will be controlled for), the second 

hypothesis dictates: 
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H2: The amount of retweets associated with a Tweet will positively influence the purchase 

intention of XRP.  

 

2.4.3 Quote Tweets 
A ‘quote tweet’ much like a retweet is a value that is shown denoting the number of re-shares 

of the tweet. However, the key difference is that Quote Tweets allow users to quote the tweet 

they share and add a short comment (Garimella et al., 2016). This difference, although subtle, 

is key as it opens up a range of new use cases that drastically changes the connotation of the 

tweet property as will be explained in the next paragraph. The amount of Quote Tweets for 

any given tweet is shown as one of the values when a user interacts with a tweet. 

Limited research exists about Quote Tweets because the feature was introduced by Twitter as 

recently as 2015. Research about Quote Tweets in the crypto space is even more scarce. This 

being said, an illuminating study by Matalon et al. (2021) found that quoted tweets tend to 

follow the Opinion Inversion (O.I.) phenomenon, meaning that people tend to disagree with 

the original content of the source tweet they were quoting. In other words, Matalon et al. 

(2021) seem to find that retweets work as a tentative “dislike” button. However, it is 

important to keep in mind these findings were based on research in political communication 

and not cryptocurrency. Nevertheless, the basic notion can be cautiously extrapolated to the 

context at hand implying that a higher number of quoted tweets, given that the source tweet 

promotes the purchase of XRP, will dissuade consumers from buying the cryptocurrency as it 

indicates that many people disagree with the content of the tweet. Thus, given that the tweet 

has a positive sentiment about XRP (as will be controlled for), the third hypothesis dictates: 

H3: The amount of Quote Tweets associated with a Tweet will negatively influence the 

purchase intention of XRP.  

 

2.4.4 Blue Tick Verification 
In 2009, Twitter responded to claims of impersonations on their platform by implementing 

the blue tick verification status, providing a solution to a context of illegitimacy on the 

platform (Kanalley, 2013). In principle, the blue tick verification is afforded to public figures 

with substantial followings, however, over the years the process for verification has remained 

arbitrary and has had controversy surrounding it regarding whether Twitter only verifies 

users whom they want on their platform or if there is a standardized verification process. 
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Consequently, there are quite a few users with large followings that condemn the verification 

and see it as an insult due to the seemingly unknown process for verification (Bishop 2017; 

Fairchild P., 2018). “The Blue Tick Brigade” is a pejorative term referring to users that are 

blue tick verified, referring to them as the “elite” of media professionals that are hand-picked 

by Twitter as if selected to act as ambassadors for Twitter’s brand. There are even some 

verified users who see this verification bestowed on them as a means of conformity to 

Twitter’s political agenda (Maragkou, E., 2019). 

Thus, while the aim of the blue tick verification for a user on Twitter was to increase the 

credibility and reliability of said users, thus suggesting further weight being given to users’ 

tweets and consequent higher purchase intention for XRP, the references mentioned have 

indicated otherwise. The increase in credibility would enhance the influence of the tweet, 

however, it seems that Twitter’s inconsistency and lack of transparency with the verification 

process have created a negative connotation for the verification process in the eyes of Twitter 

users, both verified and unverified alike (Weisberg, Te’eni and Arman, 2011). Thus, it is 

expected that: 

 

H4: The user of a tweet being blue-ticked verified negatively influences the purchase 

intention of XRP. 

 

2.5 Academic Relevance 
 

As aforementioned, Twitter’s role in transferring and reporting cryptocurrency information is 

crucial and thus its focus in this paper as a platform to influence potential investors is 

significant. There are a plethora of papers that focus on Twitter but fixate solely on sentiment 

analysis and how it influences investor sentiment and the price of financial assets, however, 

there seems to be a large gap in research that corresponds to how specific engagement with 

tweets influences purchase intention, as most research with Twitter and Cryptocurrency is 

saturated with sentiment analysis studies (Zimbra et al., 2018; Devi, G. D., & 

Kamalakkannan, S., 2020; Kraaijeveld & de Smedt, 2020; Naeem et al., 2020; Erdogan & 

Canayaz, 2018). More specifically, there is no research on how the properties (e.g, likes, 

retweets, etc.) of tweets influence how tweets impact millennial, first-time investor Twitter 

users’ purchase intention. There exists a gap in understanding how this specific demographic 

is influenced by the previously mentioned twitter properties and how they might affect one’s 
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purchase intention for an altcoin such as XRP. The academic space is saturated with studies 

on sentiment analysis and price. Thus, an approach focusing on the way in-built metrics on 

the platform (Twitter properties) work with users, offers novelty. To reiterate, there is a 

severe lack of research about how Twitter metrics such as the ones focused on in this paper 

(likes, retweets and user blue tick verification) might impact consumer attitudes and thus 

purchase intention for cryptocurrency. On top of this, there is no focus for tweets focused on 

altcoins that incorporate the relevance of these Twitter properties, and hence this paper offers 

the chance to explore a gap in the research around how these properties influence a specific 

demographic of users around the purchase intention of an altcoin – specifically XRP. 

 

Understanding how to use Twitter properties (having more/fewer likes for example) can be a 

significant advantage in the market for entities trying to leverage the platform to appeal to 

potential investors for their new or existing altcoin (Kraaijeveld & de Smedt, 2020). 

Furthermore, using XRP as the central focus of this study is to take a perspective focused on 

how altcoins operate in the space. This is important to mention as the results and conclusions 

from this study will be most relevant in application for companies working with altcoins and 

emerging coins and the focus on XRP thus provides novelty in the research. Particularly, the 

utilization of Choice-Based Conjoint analysis is also quite scarcely applied to social media. 

Lastly, the focus on millennials develops the novelty and specificity of this study, motivated 

by their high average investment ($8,596) in cryptocurrency. They make up the majority of 

the crypto investor market share (76.45%) (Gogol, 2021). These stats motivate the relevance 

of millennials and suggest that existing crypto firms should be targeting this demographic as 

they seem to be.  
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2.6 Hypotheses Formation 

 
Figure 1 

Conceptual Research Model 

 
 

H1: The amount of likes associated with a Tweet will positively influence the purchase 

intention of XRP.  

H2: The amount of retweets associated with a Tweet will positively influence the purchase 

intention of XRP.  

H3: The amount of Quote Tweets associated with a Tweet will negatively influence the 

purchase intention of XRP.  

H4:The  user of a tweet being blue-ticked verified negatively influences the purchase 

intention of XRP. 
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Research Methodology and Data 
 

3.1 Research Method 
In accordance with the paper put forth by Malhotra (2006), a survey is defined as “a formalized 

set of questions for obtaining information from respondents and it enables quantitative data to 

be collected in a standardized way so that the data is internally consistent and coherent for 

analysis”. Additionally, in contrast to observational data, descriptive data collected using a 

survey facilitates a greater understanding of respondent perspectives. Within budget, size and 

time constraints, surveys aid in collecting data that is easy to analyze, code and interpret, as 

well as maintaining high reliability as opposed to longitudinal studies and experiments (Couper 

et al., 2004). This is due to standardization in the survey experience in which identical 

questions, layout and user interface are all utilized for all respondents. Fox et al. (1988) in their 

study suggest that sponsorship from educational institutions increase response rates in surveys. 

Therefore, the online-web survey tool Qualtrics, as mentioned earlier, will be utilized with 

provision from the Erasmus University Rotterdam to create, monitor and export the survey. 

The data obtained from the survey will attempt to quantify how much potential first-time 

millennial investors value the four different properties of a tweet when a tweet with positive 

sentiment is being made about XRP and how different properties contribute to the purchase 

intention of XRP as a result. The choice sets for the conjoint analysis were created using 

Conjointly, which is explained in detail in Section 3.4.1 and the choice sets were implemented 

in a survey that was created and distributed using Qualtrics. The complete questionnaire can 

be found in Appendix B.  
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3.2 Variables 

3.2.1 Dependent Variable - Choice/Purchase intention 

The dependent variable will be a binary variable called Purchase Intention that is calculated 

based on the Choice Based Conjoint model that is further discussed in Section 3.4. The other 

questions will be regarding the tweets that will be shown and their respective properties as well 

as the respondent’s characteristics to gauge what properties of tweets are most important for a 

first-time millennial investor when they are investing in XRP. 

3.2.2 Demographic Variables  

The demographic variables aid in providing context for the sample of the survey being created 

and sent out. They are not included in the logistic regression model as the model fixates on the 

attributes/tweet properties and their respective levels rather than the individual demographic 

factors of the respondents. Thus, while gender and income are not included in the model, they 

are used to describe the sample used for analysis.  

3.2.2.1 Gender of Respondent 

The gender of the respondent has been shown to influence the purchase intention for 

cryptocurrency, in which more men have a higher propensity towards purchasing and using 

cryptocurrency. Hence, including the gender variable was done to account for differences in 

preference based on gender (Nandal & Jora, 2020). It is argued for various reasons that men 

may be more likely to invest in cryptocurrency and altcoins. For example, men may have a 

greater risk appetite as they invest more often than women do and thus are more likely to invest 

in altcoins and cryptocurrency in general, and they also are more financially literate (Xi et al, 

2020). The gender of the respondent was taken as either male or female as there were no third-

gender respondents or respondents who preferred not to say their gender. The options can be 

referred to in Appendix A.  
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3.2.2.2 Income of Respondent  

The income of a respondent can also influence one’s purchase intention for cryptocurrency. 

Specifically, having a higher (disposable) income means that you often can afford to have a 

greater risk appetite and thus newer asset classes such as cryptocurrency and altcoins within 

the space such as XRP become more appealing to invest in (Xi et al, 2020).  

The income options for the respondent were broken down into five categories: 

<€20,000 

€20,000-€39,999 

€40,000-€59,999 

€60,000-€79,999 

€80,000+ 

3.2.3 Constant Variables 

Separate from Control variables, constant variables do not change throughout the entirety of 

an experiment. However, control variables can vary but are deliberately kept constant to isolate 

interrelations between an independent variable and the dependent variable.  

3.2.3.1 The age of the respondent  

To focus on determining the preferences of millennial first-time investors, in line with the 

research goal of this study, the survey will only take responses from respondents that are 

millennials, excluding anyone who is not 26-41 years old.  

 

3.2.3.2 First-time investors  

In accordance with the goals of the research, to understand what preferences are most important 

for first-time cryptocurrency investors, only respondents with no experience in investing in 

cryptocurrency will be taken into consideration in the survey.  
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3.2.3.3 The content/sentiment of the tweets 

As the focus of the study is not to assess the importance with which the sentiment and content 

of a tweet influences user purchase intention, to ensure that these variables do not influence 

measuring preferences for twitter properties, they will be held constant (Devi et al., 2020). 

Hence, every tweet will have the content: “Now is a great time to invest in Ripple (XRP)!”. 

Refer to Figure 2 for an example of a tweet. 

 

3.2.3.4 The user profile posting the tweets 

The user posting a tweet can influence the engagement and its nature between a user and 

content. The username and the public image of users can greatly vary and consequently impact 

a user’s trust in their content (Jaakonmäki et al., 2017). Hence, keeping this variable constant 

by maintaining the same user for every tweet in the survey will ensure that this variable does 

not interfere with the accuracy of identifying the preferences for different tweet properties of 

the respondents of the survey. Thus, the username and user ID are held constant with the user 

ID being “@Crypto_123” and the username being “CryptoAdvisor”. Refer to Figure 2 for an 

example of a tweet.  

 

3.2.3.5 The cryptocurrency being promoted (XRP)  

A large part of this study is maintaining the focal point on an altcoin – specifically XRP. Thus, 

in every tweet, XRP is mentioned and is being promoted. Refer to Figure 2 for an example of 

a tweet. 

 

3.2.3.6 The price of the coin  

The price of the coin influences the purchase intention of investors for any financial asset 

(Gogol, 2021; Harcourt & Kenyon, 1976; Jora & Nandal, 2020; Nandal & Jora, 2020; Zhao & 

Zhang, 2021). Thus, to ensure that this variable does not interfere with gauging the preferences 

of the respondents it is held constant.  

The incorporation of the coin price is to simulate real conditions for a potential investor who 

would have instant access to that information, which is motivated to play a large role in the 

investment decision, however as the price is not the focal point of the study it will be held 

constant along with the sentiment/content of the tweet (Harcourt & Kenyon, 1976). The main 
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justification for price not being selected as an independent variable is that for that business 

application, firms trying to promote cryptocurrencies on Twitter will have no control over the 

price and thus the price is held constant as a control variable. 

Each question has the text “Please use the price of Ripple and Tweets below as reference: 

Price of XRP at time of Tweet: $0.398085. This can be seen in Appendix B. 

3.2.4 Independent Variable/Attribute Levels 
The tweets will have varying levels for the independent variables that will provide sufficient 

variability and realism (e.g, Tweets will not have a level showing 1m likes as it is unheard of). 

Tweepy is an open-sources python library for accessing the Twitter API that was used to access 

the compiled data on 1000 of the most recent tweets that used the hashtag XRP. From the 

resulting dataset, the average number of likes, retweets and quoted tweets per tweet was 

calculated and taken as the base value. The base value was used to construct 2 more values (or 

levels) for each tweet property, one 50% higher and one 50% lower to ensure variability in the 

values across tweets. Using averages based on a sizable sample of recent and relevant tweets 

increases the external validity of the findings as the artificially constructed tweets used in the 

survey would mimic reality as closely as possible while maintaining just enough variance 

between each tweet to conduct the required analysis. The calculations can be found in 

Appendix C. Below in table 1 is the calculated values that will be used as the various levels for 

each attribute/independent variable.  
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Table 1 

Attributes and Levels 

 
 

3.3 Sampling 
Kabadayi et al. (2013), in their paper about the impact of the properties of a car on consumer 

preferences and behaviours, found correlations between demographic information that was 

included in the initial section of the survey and the analysed factors and choices. It, therefore, 

provides a better understanding of the justification behind the choices made by respondents. 

These connections are explored in this study by asking respondents to provide the following 

details: gender, income, and age (only 26 - 41 years old). 

When it comes to sampling size, the numbers in prior studies vary greatly. Studies that use 

convenience sampling rather than commercially-used or institutionalized funded techniques 

usually range from sample sizes between 200 and 300 (McCullough, 2002). Despite receiving 

a sample size of n = 500 through Surveyswap: an online paid service that provides survey 

responses and charges a premium for specific demographic categories, n = 292 were utilized 

for the data analysis. Only 292 responses were analysed after eliminating incomplete responses 

that did not fall into the age range of millennials and respondents that had previous investment 

experience. A sample size above the recommended amount also helped avoid under-

representation of the desired audience. Additionally, a simplified random sampling technique 

was utilized in which Surveyswap distributed the survey and collected responses randomly 

across the millennial population (Majid, 2018).  
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To provide more context, Surveyswap enabled the targeting of millennial respondents for the 

survey at a financial cost which they were delivered quickly. However, there was no guarantee 

that these millennial respondents were first-time investors as the platform did not have 

functionality for segregating this way. Hence, 208 responses were unusable.  

3.4 Designing a Conjoint Experiment 
A Choice-based Conjoint (CBC) Analysis will be employed to determine what properties of a 

Tweet are important to users and to what extent those properties influence their purchase 

intention/propensity for the altcoin XRP, mentioned in the tweet. This method determines how 

much value and importance investors place on different attributes which helps identify the 

features that provide them with the highest utility and therefore have a significant effect on 

their purchase intentions and decisions. This technique is implemented by presenting 

profiles/choices containing different combinations of attributes that the respondents are 

required to either rank (ranking-based conjoint analysis), rate (rating-based conjoint analysis), 

or pick one of the choice profiles that are most appealing to them (choice-based conjoint 

analysis) (Hauber, et al., 2016). Through gathering data of preferences based on choices made 

by respondents, preference scores/utilities are generated and in this case are automatically 

passed as input for a logistic regression model, which is the main data science model of this 

paper. More about this method and its application is discussed in Section 3.6.  

The use of CBC is highly relevant as it has been commonly utilized to help understand how 

and/or why consumers engage with or react to social media (Eggers, F. et al, 2022). The main 

idea behind the CBC analysis is that tweets with varying tweet property (independent variable) 

values will be shown to respondents who will in turn select which tweet motivates them the 

most to invest in XRP. This analysis and data collection framework suit the research needs well 

to determine how important different tweet properties are for millennial first-time investors. 

When designing conjoint experiments, several critical steps are commonly followed or applied 

in previous literature, as mentioned below (Green and Srinivasan 1978; Green & Srinivasan 

1990; Hauser & Rao 2004). 

1. Decomposition of product on product attributes (In this case a Tweet on Tweet 

properties/attributes) 

2. Stimuli representation 

3. Stimuli configuration 
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4. Data collection 

5. Estimation 

 

The first step in designing a CBC takes into account defining the product attributes and the 

levels that each one will be tested at. It also defines the function of each attribute and its levels 

to create a model of preferences for the respondents’ to choose from. These functions are 

preferences that can be vector monotone (approximately linear), ideal point (convex or 

concave) and part-worth (discrete or categorical). In this case, the attributes are categorical 

variables that 

The second step describes the way that the stimuli in the survey will be presented to the target 

audience. In this case, artificially created digital tweets will be displayed, along with an 

introduction and description of instructions. To increase external validity, the stimuli 

representation was created to look as realistic and identical to a tweet as possible. The third 

step in this section relates to the existence of an extensive amount of product profiles that are 

not feasible to be shown to the respondents. To neutralize potential bias, product profiles are 

reduced using an orthogonal design approach. Its use and application will be explained in more 

detail in the coming sections of this chapter. The fourth and fifth steps go hand-in-hand since 

the way the data is collected needs to be exported and fit the model estimation for its format 

and design. For this study, the choice-based conjoint analysis will be used to collect the data 

and this data will be further analysed using logistic regression. The following sections will go 

into depth regarding its relevance, application and interpretation. 

Within the context of this research, choice-based conjoint analysis (CBC) is performed and the 

analysis is done utilizing Conjointly, Qualtrics and Sawtooth software. CBC is chosen because 

this type of conjoint analysis, as compared to rating or ranking-based analysis, is known to be 

more “representative of real-life decision-making” because respondents are asked to make 

trade-offs and make a choice between options, which is the most realistic way of gauging 

purchase intention and preference (Louviere & Islam, 2008). It is therefore constructed to add 

realism to the survey design, thus making the results more externally valid. (Toubia et al., 

2004). 
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3.4.1 Survey Design 

The survey includes the following sections: 

1. A cover page: Includes a brief description of the goal of the study (to evaluate the 

preferences of millennial first-time investors on different tweet properties on their 

likelihood and intention to invest in the cryptocurrency Ripple (XRP)) 

2. Instructions: An explanation of how the survey will be structured and what is expected 

of the respondents’ 

3. Main section (All questions are marked as required) 

a. A few demographic questions in multiple-choice format 

b. A Choice-based Conjoint (CBC) exercise with 12 trade-off tasks, where each 

task consists of three artificial profiles/tweets with different combinations of 

attribute levels from which the respondent has to pick one that motivates them 

to purchase XRP the most  

Rather than a full factorial survey design, an orthogonal array design was used to help lower 

the number of choices or tweets shown to the respondents (Huber et al., 2003). It is not 

necessary to use data collected from all possible combinations since it results in lower 

robustness, and reliability (if the survey was filled out again, results would not be consistent) 

while increasing respondents’ burden. Using an orthogonal array thereby helps reduce 

respondents’ fatigue due to the less-time consuming nature of the survey while allowing the 

main effects of the attributes to be measured. In this design, the extreme combinations of the 

tweets’ features are examined. In other words, “the levels of the features are chosen such that, 

for each pair of features, say a and b, the high level appears equally often in profiles that have 

a high-level b as in profiles that have a low level of b, and vice versa” (Hauser 2007). According 

to Rao (2013), the orthogonal design also results in a prime prediction of the preferred attributes 

despite some unrealistic situations being presented.  

 

This technique has been investigated and implemented by numerous studies. They have a 

common viewpoint of it being a “robust design in the use of metric analysis” (Dahan & Hauser, 

2002; Evgeniou et al., 2005). Egeniou et al. (2005), following the steps of Green & Srinivasan 

(1978) and Nickerson et al. (1990), also state that an individual should not be presented with 

more than 30 choice tasks in a single survey to avoid information overload by using an 

orthogonal factorial design to ensure accurate value estimation. In their paper, an extreme set 

of 1536 (4*3*27) product profiles was reduced to only 16 by applying an orthogonal design to 
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be able to estimate the main effects. However, such simplifications and reductions do come 

with a trade-off. In this case, in accordance with the preference independence assumption, 

estimation of the interactions among the different attributes is disallowed (Keeney, 1971).  

Therefore, to summarize the design of the choice experiment using a questionnaire, the 

function on Conjointly,  a choice-based conjoint modelling software, takes the input values of 

the number of attributes and their respective levels and runs a full factorial design. In 

accordance with the orthogonal design, it decreases the number of alternatives and generates 

the optimal, balanced fractional factorial design. A full factorial design for this study would 

yield 54 combinations (3*3*3*2) of attributes and after the orthogonal array tool is applied, 

then creates 12 choice tasks with a random combination of the 12 conjoint profiles created 

through the orthogonal design, presented to the respondent: each containing three 

profiles/tweets with varying attributes. As seen below, Table 2 displays the result generated by 

Conjointly after using an orthogonal design and the number is reduced to 12 combinations for 

each respondent.  
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Table 2 

Orthogonal Design Results 

 
Figure 2 below is an example of an artificially created tweet that will be displayed next to two 

others (three tweets in total) for each task/choice set that the respondent has to pick from. The 

profiles from Table 2 above will be randomly combined into 12 distinct tasks. It is important 

to note that when 1205 is inputted as the number of likes, it automatically changes the displayed 

number to “1.2K” which mimics the way Twitter, in reality, would show the likes that cross 

the 1000 mark. The full survey can be found in Appendix B.  

 

Figure 2 

Example Tweet of CBC Profile 1 
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3.5 Testing for Bias 
Roberts & Priest (2006) defined validity as the “closeness of what is being measured to what 

the research intends or aims to measure”. It is important to clearly relate the theoretical 

framework and its learnings to the survey constructs while making sure that each independent 

variable is expressed accurately in the survey. The chosen attributes of tweets and their 

respective levels that will be used in the survey are therefore backed up by previous literature 

that has deployed similar methods. 

Bias can be defined as “any tendency which prevents unprejudiced consideration of a question” 

(Pannucci & Wilkins, 2010). It helps eliminate any systematic error that exists in a sample or 

a testing method that hinders the results and consequently interpretation of scientific research. 

Some level of bias is said to be nearly always present in a study so it is imperative to look into 

how it might influence the research outcome and how it can be neutralized beforehand (Roberts 

& Priest, 2006). Multiple biases need to be highlighted and considered. First and foremost, 

omitted-variable bias is introduced when there is a discrepancy between an estimator’s 

expected value and the true value that is a result of leaving out one or more relevant variables 

from the analysis (Jargowsky, 2005). To prevent or eliminate this bias, this research will add 

relevant control variables so no external varying factor reduces the validity of the data as 

mentioned in the previous section. Secondly, selection bias is when the sample used is not an 

accurate representation of the target respondent group. Since this survey will only be answered 

by millennials and first-time investors, the age will be asked in the initial demographic section 

of the survey and the ones that do not conform to the target will be eliminated from the sample.  

In addition, using a choice-based conjoint model increases the reliability of the data by 

providing a holistic view of the tweets being shown by analysing the different attributes 

altogether in one tweet in a simulated format rather than questioning the consumers about the 

product attributes separately. 
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3.6 Logistic Regression  
To gain further insight into how the tweet properties influence their choice of which tweet 

motivates them most to invest/purchase XRP, a logit model will be implemented on the results 

of the CBC data. The independent variables - the tweet properties to be focused on in this paper 

- will be evaluated in the logit model to understand which are the main contributors to their 

choice. 

The logit model has been utilized for over three decades as the standard for the analysis of CBC 

data due to its ability to estimate choices accurately (Sawtooth Software, 2022). The logit 

model allows for the calculation of utilities and translates this into choice probabilities for 

different values/levels of tweet properties in tweets and can identify how the tweet properties 

would influence purchase intention for XRP of millennial first-time investors. It is a powerful 

and useful diagnostic data science tool that aids in assessing the quality of the experimental 

design as well as estimating preferences for the sample (Sawtooth Software, 2022).  

Logistic regression is built on the foundation of the estimation of maximum likelihood in 

predicting the probabilities of the two classes of a binary dependent variable Y. The dependent 

variable is nominal, signifying that there is no intrinsic ordering in the different classes. In this 

paper, purchase intention is the dependent variable which takes a value of 1 indicating a 

respondent will invest in XRP and 0 otherwise (Warner, P, 2008). The preferences for different 

levels per attribute are estimated by calculating the utilities of each attribute level. The utility 

of an attribute is the sum of all its levels.  The logit model assumes that the decision maker 

chooses the alternative with the highest utility. The probability that the purchase intention takes 

value 1 is given by the following formula: 

 

Pr(Purchase Intention = 1 | 𝑥) = "#$(&'(&)#)(...(&+#+)
-	(	"#$(&'(&)#)(...(&+#+)

 

 

To illustrate how Logistic Regression works, it is imperative to examine the odds formula for 

the model below. Establishing notation, let Y be the outcome of the binary dependent. The 

interpretation of the weights in logistic regression differs from linear regression as the outcome 

for logistic regression is a probability between 0 and 1. As the weights do not influence the 

probability linearly the formula above is reformulated by taking the logarithm.  
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log(/0(/102345"	678"789:7	;	-	|	#)
/0(/102345"	678"789:7	;	=	|	#)

)  = 𝐵= + 𝐵-𝑥-+. . . +𝐵$𝑥$ 

 

The formula within the log term is known as the odds ratio which becomes the log odds ratio 

when wrapped in the logarithm function. This formula shows that logistic regression is a linear 

model for the log odds value. Using this, we can compare what happens when a feature value 

increases by one unit. This is done by looking at the ratio of two log odds predictions: 

 
:@@5ABC)

:@@5
 = &'(&)#)(.&B(#B(-)	(	...(&+#+

&'(&)#)(&B#B	(	...(&+#+
 

 

Simplifying and removing terms results in the following output: 
:@@5ABC)

:@@5
 = 𝑒𝑥𝑝(𝐵F(𝑥F + 1) 	−	𝐵F𝑥F) 	= 	𝑒𝑥𝑝(𝐵F) 

 

A change in a feature 𝑥F	by one unit changes the odds ratio by a factor 𝑒𝑥𝑝(𝐵F). This can also 

be interpreted as a one-unit change in  𝑥F	 increases the log-odds ratio by 𝐵F. The parameter 

estimates for 𝐵 are obtained using maximum likelihood estimation. The logarithm of the 

maximum likelihood estimation is taken which is then maximized. 

There are several advantages that Logit models possess over other models which makes it 

preferable in many situations. Compared to popular machine learning models, it not only 

provides values for feature importance but also indicates the direction of the effect (positive or 

negative). Additionally, it provides a good accuracy score in cases where the dataset is linearly 

separable. A dataset is said to be linearly separable if different clusters can be separated by a 

linear hyperplane.  

One of the disadvantages of the model, however, is that it assumes there is no multicollinearity 

between the independent variables. Multicollinearity is a common occurrence which poses 

problems in multiple regression models. It is a situation in which an independent variable is 

highly correlated to another. Multicollinearity reduces the performance of the model as it 

reduces the statistical significance of the independent variables.  

To deal with Multicollinearity, Variance Inflation Factor (VIF) values will be incorporated into 

the model to identify the extent of multicollinearity present among the variables. 

Mathematically, VIF for a regression model variable equates to the ratio of the model variance 
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to the model variance with the inclusion of solely a single independent variable. This ratio 

value is computed for each of the independent variables. In other words, this is calculated by 

taking an independent variable and regressing said variable against the other independent 

variable predictors. This provides R2 values that can be plugged into the VIF formula. ‘i’ is the 

independent variable being looked at (e.g x1 or x2)  the formula for this calculation can be seen 

below (Glenn, 2020):  

𝑉𝐼𝐹 =
1

1 − 𝑅9N
 

 

The specific threshold for how large a VIF value can be before the multicollinearity causes 

significant issues is a subject of debate, however, there is a general rule of thumb for 

interpretation (Dodge, 2008; Everitt 2010): 

 

• 1 = Uncorrelated 

• Values between 1 and 5 = Moderate Correlation 

• Greater than 5 = Strong Correlation 

 

Although, what is known is that the higher VIF, the less reliable the output of a regression is 

going to be. For this study, any VIF value greater than 5 that denotes a strong correlation 

between predictor variables will be a sufficient cause for concern and will be removed from 

the model. Along with the application of the logistic regression model, using Sawtooth 

Software, the incorporation of VIF values was also computed. 

3.6.1 Logit Application 

While the CBC profiles were constructed on Conjointly, created in a survey format and 

distributed on Qualtrics, it was analysed with a logit model utilizing Sawtooth Software.  The 

logistic regression model that is run provides both the log odds ratio and odds ratio to determine 

which independent variables/attributes of the tweets were most influential in motivating the 

respondents’ choice of which tweet made them want to invest in XRP the most.  

Using CBC in a survey format to gather data and then applying a logit model to extract insights, 

the logit model will be able to predict whether a potential first-time investor is more likely to 

invest in XRP after interacting with a tweet and to what extent each property of a tweet 

influences investment decision (Zhang, J., et al, 2021; Harrell, F. E., 2015). The insights from 
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this study aim to provide entities with the information to optimize their Twitter campaigns (e.g. 

use and allocate resources towards partnerships accounts that are blue tick verified when 

promoting crypto on Twitter) and use of tweets to influence the purchase intention of large 

and/or emerging cryptocurrencies like XRP, based on the importance of various factors. 

To estimate the preferences for the varying levels of each attribute, the respective utility values 

for all the levels are computed. The utility of an attribute is fundamentally the summation of 

all of its associated levels. Put forth in the study by Walker and Ben-Akiva, 2002: “utilities are 

latent variables and are assumed to be a function of a set of explanatory variables X”. 

As the decision maker/respondent will select the choice alternative with the highest utility and 

greatest likelihood to purchase: 

Pr(Purchase Intention = 1 | Likes, Retweets, Quote_Tweets, Blue_Tick_Verification) 

=𝐹(𝐵= + 𝐵-𝐿𝑖𝑘𝑒𝑠 + 𝐵N𝑅𝑒𝑡𝑤𝑒𝑒𝑡𝑠 + 𝐵U𝑄𝑢𝑜𝑡𝑒_𝑇𝑤𝑒𝑒𝑡𝑠 + 𝐵[𝐵𝑙𝑢𝑒_𝑇𝑖𝑐𝑘_𝑉𝑒𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛) 

 

Thus, The formula for the logistic regression in this study - denoting the probability of selecting 

choice alternative i - is: 

 

Pr(Purchase Intention = 1 | 𝐿𝑖𝑘𝑒𝑠, 𝑅𝑒𝑡𝑤𝑒𝑒𝑡𝑠, 𝑄𝑢𝑜𝑡𝑒_𝑇𝑤𝑒𝑒𝑡𝑠, 𝐵𝑙𝑢𝑒_𝑇𝑖𝑐𝑘_𝑉𝑒𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛) = 
"#$(&'(&)c9d"5(&ef"8g""85(&hi1:8"_jg""85(&k&l1"_j92d_m"09n92489:7)

-	(	"#$(&'(&)c9d"5(&ef"8g""85(&hi1:8"_jg""85(&k&l1"_j92d_m"09n92489:7)
 

3.6.3 Prediction and Precision 

While the main purpose of the model is for explanation, further application of the model can 

be relevant in terms of its predictive capability and model validity, in which it may be able to 

predict, to a certain degree, whether a respondent will select a specific tweet.   

To test the choice-model-based logit output validity, a prediction-realization (hit-rate) table 

will be constructed with values computed that reflect, for each observed choice in the data, 

whether the predicted choice from the logit model was correct. The proportion of the predicted 

choices that are correct, known as hits (same as the respective observed choice), of the 

incorrectly predicted choices and the correctly predicted choices is the calculation for the hit-

rate or precision metric (Orme, 2002; Chrzan & Sawtooth Software, Inc., 2015).  
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There will be In-sample predictions and Out-of-sample predictions. In-sample prediction refers 

to having a hit-rate value for observed choices within the training sample utilized to run the 

model in which a hit would be if the model predicted the correct tweet being chosen for a 

respondent. While an out-of-sample hit-rate table will also be calculated based on a training 

set that is set aside for this specific case. A random subset of 70% of the data (n=205)  was 

utilized for the Logit model and the other 30% (n=87) of the total dataset (n=292) was 

purposely left out as a test set. The out-of-sample set is calculated based on the model’s 

estimation of the test set.  

This will be used to create a confusion matrix that will assess the accuracy of the model. How 

this works is that the confusion matrix for each In-sample and Out-of-Sample hit-rate table will 

provide precision values for each respective sample. This will be done by calculating the 

precision of the data provided by the confusion matrix. The confusion matrix will provide only 

True positive (TP) and False Positive (FP) proportions based on the fitting of the model to each 

sample and from there the precision/hit rate can be calculated for each sample (Lee et al, 2018; 

Chrzan & Sawtooth Software, Inc., 2015): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	 (𝑇𝑃)/(𝑇𝑃 + 𝐹𝑃) 

 

It is important to denote that true and false negatives, which are usually included in a confusion 

matrix will not be utilized here as the way that the hit rate is calculated is based on whether the 

model predicts that a respondent has chosen the tweet that is in-line with the prediction based 

on the conjoint task. The way this is calculated is that the model only selects the tweet with the 

highest probability of being chosen based on the likelihood of the tweet being chosen, 

calculated by the marginal probabilities of each attribute measured (e.g. likes, retweets, etc.) 

hence the values in the hit rate table will only either be true positives that are correctly predicted 

or false positives where the tweet to be chosen is incorrectly predicted based on the conjoint 

task at hand. This is due to the model inherently assuming that a respondent will always choose 

to purchase XRP from the tweets being presented. 

Precision establishes how close the measurements are to one another across the in-sample and 

out-of-sample predictions as each measurement in a series holds a portion of random error. 

This causes measurements to vary to a degree even while measuring the same item. Thus, 

precision relates to reproducibility and how repeatable the data is when measuring choice over 
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different samples. Higher precision means measurements being closer together and hence 

greater reproducibility.  

Results 
In total there were 500 responses collected for the survey. However, out of the 500 respondents, 

only 292 were usable for the analysis, hence excluding 208 respondents based on them not 

being first-time investors. Utilizing the service Surveyswap: a platform where you submit 

surveys that are distributed to a tailored audience, the survey was able to target millennial 

investors with a fee charged by Surveyswap, of which only the 292 respondents claimed they 

were first-time investors in cryptocurrency. The platform did not have the functionality to 

provide millennials that are first-time investors without a sizeable premium. Out of the 292 

respondents, 156 were female and 136 were male with proportions similar across both genders. 

In terms of income, (rounded to the nearest hundredth) 14.63% of respondents made an income 

below €20,000, 22.93% had an income between €20,000-€39,999, 26.83%  had an income 

between €40,000-€59,999, 17.56% had an income Between €60,000-€79,999, and 18.05% had 

an income greater than €80,000. 

 As every respondent had 12 conjoint tasks in which the respondent needed to choose between 

three conjoint profiles per task, the dataset contained 292*36=8064 conjoint profile choice 

observations. It is important to note that the train set is composed of 205 responses, of which 

106 are male and 99 are female and the test set is composed of 87 responses, of which 30 are 

male and 57 are female.  

4.1 Models and Coefficients 
There are four independent variables in the output of the conjoint analysis results. Three 

variables were taken as categorical (Likes, Retweets, Quote Tweets) with the attribute levels 

for each resembling a high, medium, or low breakdown for their values, which is explained to 

be a suitable means for analysis instead of incorporating these variables into continuous data 

(Roh et al, 2007). It is argued that by keeping them categorical, if done correctly, the 

indifference area between levels (e.g., respondents may have no marginal utility gain from 

interacting with a tweet with 50 retweets versus 55 retweets) will be accounted for to more 
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effectively measure sensitivity to the three variables for purchase intention of XRP. The last 

independent variable: Blue Tick verification is a binary categorical variable.  

 

4.2 Count Analysis 
As specified by Orme, B. (2002), count analysis is an interesting method to quickly and 

efficiently explore the data. In this specific analysis, the amount of times that particular 

attributes were chosen by the respondent, in their choice selection during the conjoint analysis, 

is counted. The count analysis is shown In Figure 2 below. 

 

Figure 3  

Count Analysis Graphs 

 
   

The count analysis provides interesting insights. The Likes_1205 within the Likes attribute was 

shown to be the significantly most popular Likes value in the choice experiment. This seemed 

to be the case for a good majority of the conjoint profiles/tweets shown making up 45.85% of 

all selected tweets, almost half.  
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For the attribute Retweets, there seems to be a propensity for respondents to select the highest 

amount of retweets (Retweets_195)  among the three levels for the attributes. However, the 

difference between the proportion of respondents who selected Retweets_195 and 

Retweets_130 is only 3.9% - a small marginal difference. However, it can be seen that most 

respondents would be more motivated to purchase XRP if the retweet values were at least 130. 

For the attribute Quote_Tweets, similar to Likes, there is one level that was selected the most, 

Quote_Tweets_7. It is interesting to note that this is the only attribute that reflects a negative 

correlation between the proportion of respondents who choose Tweets with the respective 

values and the size of the values, as the lowest value, 7, was the most commonly selected.  

Lastly, for the attribute Blue_Tick_Verification, the largest difference in the proportion of 

respondents can be seen between Blue_Tick_Verification_yes and 

Blue_Tick_Verification_no. Approximately, 3 in 4 respondents selected a Tweet with the user 

being blue tick verified.  

 

4.3 Logistic Regression Output 
The reference category levels for the logistic regression will take the values of the middle 

category of values for Likes, Retweets and Quote Tweets (the values being Likes_803, 

Retweets_130, and Quote_Tweets_13 respectively) as a means of gauging sensitivity to the 

variables from the middle values (Johfre et al., 2021). Furthermore, the Blue Tick Verification 

variable reference category value was taken as ‘no’.          

Below, Table 3 provides information about the direction of the relationship between the 

variables and the choice/purchase intention as well as its significance. As can be seen in Table 

3, all variables incorporated in the logit model above are significant at least to a 5% significance 

level and thus all variables have an explanatory influence on choice. Therefore, all variables 

are interpreted. It is important to note that the Akaike Information Criterion (AIC) is utilized 

to compare the goodness of fit of a model between different models, as a relative measure. 

When the AIC is lower, the model has a better fit. However, as there is no model comparison, 

this measure is informative and irrelevant.  
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Table 3  

Logistic Regression Output 

  
 

Exploring the Odds Ratio is important to provide a clearer way to assess the attribute 

importance of a hypothetical tweet being interacted with to gauge purchase intention. To 

calculate the Odds Ratio from the Log-Odds in the logistic regression, the estimated 

coefficients were used as such: 

 

𝑒qF = 𝑂𝑑𝑑𝑠	𝑅𝑎𝑡𝑖𝑜	𝑉𝑎𝑙𝑢𝑒	𝑓𝑜𝑟	𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

 

The values for the Odds Ratio provide insight into which an attribute level change can make 

the likelihood of a user purchasing XRP 𝑥 times more likely to do so. It is important to note 

that an odds ratio >1 shows a positive association between purchase intention and the attribute 

and the same applies to vice versa.  

To calculate the effect of Odds based on the values below: 

(-1 + Odds Ratio Value)*100=𝛥% in the odds of purchase intention of XRP after interacting 

with a tweet with a specific attribute. 
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Table 4 

Odds Ratio 

 
 

4.4 Assessing Hypotheses  
This section deals with the assessment of all four of the hypotheses as aforementioned in 

Section 4. Each hypothesis has been assessed separately. Referring to Table 3, showing the 

results of the logistic regression model on the CBC analysis results, in line with the formula 

and explanation for the model mentioned in Section 3.6, the coefficients of the logit model will 

be interpreted with a 10% significance level along with the Odds Ratio Table 4, that enables a 

deeper interpretation. The variables are all the properties/attributes of a Tweet and how they 

influence the choice of which Tweet made them most likely to purchase XRP. Additionally, it 

is important to note that the VIF values in the output in Table 3 above represent the extent to 

which each independent variable attribute is correlated to all the others. Across all variables, 

these respective values for each independent variable satisfies that there is a lack of 

multicollinearity in the data as all VIF values < 5 and ensures that the logit model will not 

succumb to its sensitivity to multicollinearity. 

          

H1: The amount of likes associated with a Tweet will positively influence the purchase 

intention of XRP.  

Here, the variables of interest are the Like_1205 and Like_402 variables that denote the 

influence of these different categorical variables on purchase intention. With the reference 

category being selected for the model as Likes_803, the variables dictate how purchase 

intention for XRP is different when the like values vary from Likes_803 for tweets. Referring 

to the Odds Ratio table 4, it is clear that if Likes decrease to Likes_402 there is an estimated 
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8.7% decrease in the odds of purchase intention for XRP after interacting with a tweet. Lastly, 

an increase for the attribute Likes, from Likes_803 (reference category) to Likes_1205 leads 

to a 7.7% increase in the odds of purchase intention for XRP after interacting with a tweet. 

Thus, the hypothesis is confirmed as the likes of a tweet have a positive influence on the 

purchase intention for XRP. 

 

H2: The amount of retweets associated with a Tweet will positively influence the purchase 

intention of XRP.  

Here, the variables of interest are the Retweets_195 and Retweets_65 variables that denote the 

influence of these different categorical variables on purchase intention. With the reference 

category being selected for the model as Retweets_130, the variables dictate how purchase 

intention for XRP is different when the like values vary from Retweets_130 for tweets. 

Referring to the Odds Ratio table 4, it is clear that if Retweets decrease to Retweets_65 there 

is an approximate 8.8% decrease in the odds of purchase intention for XRP after interacting 

with a tweet. Lastly, an increase from Retweets_130 (reference category) to Retweets_195 

leads to a 4.7% increase in the odds of purchase intention for XRP after interacting with a 

tweet. Thus, the hypothesis is confirmed as the number of Retweets has a positive influence on 

the purchase intention for XRP. 

 

H3: The amount of Quote Tweets associated with a Tweet will negatively influence the 

purchase intention of XRP.  

Here, the variables of interest are the Quote_Tweets_7 and Quote_Tweets_20 variables that 

denote the influence of these different categorical variables on purchase intention. With the 

reference category being selected for the model as Quote_Tweets_13, the variables dictate how 

purchase intention for XRP is different when the like values vary from Quote_Tweets_13 for 

tweets. Referring to the Odds Ratio table 4, it is clear that if quote tweets decrease to 

Quote_Tweets_7 there is a 3.1% increase in the odds of purchase intention for XRP after 

interacting with a tweet. Lastly, an increase from Quote_Tweets_13 (reference category) to 

Quote_Tweets_20 leads to a 0.96% decrease in the odds of purchase intention for XRP after 

interacting with a tweet. Thus, the hypothesis is confirmed, although reflecting very small 

increments, as the number of quote tweets has a negative influence on the purchase intention 

for XRP. 
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H4: The user of a tweet being blue-ticked verified negatively influences the purchase intention 

of XRP. 

Here, the binary variable of interest is the Blue_Tick_Verification_Yes which denotes the 

influence of a verified profile on the purchase intention of XRP. With the reference category 

being selected for the model as Blue_Tick_Verification_No, the variable in question dictates 

how purchase intention for XRP differs when there is a presence and absence of a verified blue 

tick on the user profile. Referring to the Odds Ratio table 4, it is clear that if the user is verified, 

there is a 7.4% increase in the odds of purchase intention for XRP after interacting with a tweet. 

Thus, the hypothesis cannot be confirmed as the user of a tweet being blue-ticked verified has 

a positive influence on the purchase intention for XRP. 

 

4.5 Hit-Rate Tables 
Below are the hit-rate tables for both in-sample and out-of-sample predictions, obtained by 

crossing the number of predictions for choice estimations against the observed/actual choices. 

As estimates take values of probabilities, the probability value that is greatest for each choice 

task is predicted as the tweet that is chosen for a respondent.  

For example, there are three tweets for a conjoint task that a respondent in the test set has 

chosen. The model takes into account the preferences and estimated probability derived from 

running the model on the training set and calculates a probability for the respondent selecting 

each of the three tweets. If the tweet with the highest probability of being chosen based on the 

logit model’s predicted parameters is the same as the tweet that was chosen by the respondent 

in the test set, then it counts as a true positive as it was correctly predicted to be a choice.   
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4.5.1 In-Sample  

 

Table 5 

In-Sample Prediction Hit-Rate Table 

  
Precision=0.748 

The in-sample precision value is 0.748 and denotes how often the model is correct in predicting 

the correct choice of a respondent. Hence, approximately 3 in 4 choices are correctly predicted, 

which reflects a moderately high precision. 

 

4.5.2 Out-of-Sample  

To reiterate Section 3.6.2, the Out-of-Sample predictions will be based on the trained model, 

which was trained on 70% of the data (n=205) and its fitting on the other 30% of the data that 

was kept aside as a test set (n=87).  

 

Table 6 

Out-of-Sample Prediction Hit-Rate Table 

 
 Precision = 0.554 

There seems to be overfitting of the model on the training data as the precision value for the 

in-sample hit-rate calculation is approximately 0.194 greater than that of the out-of-sample hit-

rate precision value of 0.554. The out-of-sample precision reflects a moderate capability of the 

model to correctly predict when a respondent chooses a specific tweet with the model 

predicting approximately 55% of all choices correct, and thus reflects moderate reliability in 

the model correctly classifying a choice. 

 

4. Conclusion and Discussion 
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5.1 Discussion 
The central research question of this thesis is: “How do the properties and social media 

engagement of a Twitter ‘Tweet’ influence the purchase intention of first-time millennial 

investors of the Ripple (XRP) coin?”. The findings of this research dictate that the amount of 

likes (H1) and retweets (H2) have a positive influence on the purchase intention of first-time 

millennial investors of the Ripple (XRP) coin. These results were in line with the literature 

used in Chapter 2 of this study. Also in line with the literature, a negative influence was found 

between quote tweets (H3) and purchase intention. Finally, a positive influence on purchase 

intention was also found when the profile supporting the XRP had a blue tick verification (H4), 

which was not in line with the literature used to develop this hypothesis.  

 

5.2 Implications 
 

This paper makes significant contributions in the areas of social media marketing, influencer 

marketing and consumer decision-making behaviour on Twitter. The relevance of this platform 

stems from the rapid rise of active Twitter usage around the world - it is estimated to have 

almost a total of 80 million users. This can be used by brand managers to set benchmarks and 

goals within budget for marketing their altcoins. For example, by understanding that having a 

lower amount of retweets has the greatest dissuasive power for a respondent to invest in XRP 

after seeing a Tweet (based on the lowest Odds Ratio value of 0.9123 in Table 4), brand 

managers can ensure that they allocate sufficient resources to increasing retweets for a tweet 

they are focused on promoting. Alternatively, with the information from this study, the brands 

can work to prevent quote tweets to increase the likelihood of an investor purchasing/investing 

in their altcoin cryptocurrency. A lot of Twitter brands and users employ Twitter bots to 

manipulate their Twitter metrics in which they can set specific values for their tweets thus 

understanding the ideal thresholds and values for tweets is insightful as these brand managers 

can essentially decide on the number of retweets, likes, etc. utilizing Twitter bots (fake 

accounts) (Sayegh, 2022). They can thereby set thresholds for response rates, and deploy better 

data analytics and growth marketing strategies via Twitter that can cause higher results and 

better performance.  
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Since this study also targets first-time inventors, it helps understand how to ease them into the 

realm of cryptocurrency and consequently grow their millennial customer base. As the findings 

of this study pertain solely to this cohort, it is ideal for brands to understand exactly what 

preferences users and potential investors have and how to manipulate tweet properties to tailor 

to them.  

Additionally, the use of the altcoin XRP is a good example as a benchmark for altcoins as the 

way the study was conducted ensured minimal explanation of XRP. This makes for a realistic 

depiction of the tweet for how a user would interact with it, irrespective of whether the user 

would know about the altcoin or not. This reflects the implications that the results of this study 

would apply to other brands that would leverage Twitter to promote their altcoins.  

Furthermore, the research contributes to the emerging stream of literature that investigates the 

effect of social media properties and popularity/following metrics that can influence the 

advertising and persuasion power of users for fin-tech, also a growing and innovative field, 

based information. Since there is a lack of research that amalgamates Twitter and 

cryptocurrency, this paper helps bring to light the importance of this social media platform and 

how its properties have shown quantifiable effects. A choice-based conjoint has not been 

applied in this context before and therefore provides a novel perspective into the factors that 

influence the incentives to invest. 

5.3 Limitations and Recommendations for Future 

Research 
There are several limitations of this research study that are important to account for and rectify 

in future research. Firstly, to make the choice-based design easier and straightforward for the 

respondents, the alternatives could be lowered to two choices per set instead of three. This 

could take up less decision-making time and decrease fatigue. This also ties in with adding an 

option to the experimental design and following code. This makes the task more realistic and 

helps provide more accurate or truthful data since some of the respondents might, in reality, 

not be incentivized or want to invest in any of the options presented against each other. This 

creates an unrealistic assumption that each respondent’s preferences can be expressed or 

illustrated by the same combination of choice sets (Shan et al, 2017).  
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The issue with replication of real-life purchasing environments or in other words, the 

hypothetical nature of the alternatives deployed in the choice sets is a general concern brought 

up by numerous practitioners when using conjoint methodologies and argue that respondents 

are not motivated while answering the survey due to the discrepancy (Toubia et al., 2012; Ding 

et al., 2005). This is thereby a limitation since external validity is higher in an experimental 

context that better imitates reality. For future studies, this can be rectified by adding incentives 

within the survey to reveal their true preferences. According to Carson and Groves (2007), 

respondents have a higher motivation about being conscientious about their answers in 

hypothetical settings if they think that their answers that if their answers “have an impact on 

decisions made by businesses or governments for outcomes that the agents care about, they 

will respond in such a way as to maximize their payoffs and welfare”. Therefore, having an 

incentive-based survey design that evokes a sense of importance in the respondents, makes 

them believe that their answers have an impact or that they will be rewarded, and external 

reliability can be increased. 

Another limitation pertains to the lack of variation in the attribute levels. While, the data 

scraped from tweets mentioning XRP provided us average values for the attributes: Likes, 

Retweets and Quote Tweets, these values were quite small. Thus, with the proper investment 

from firms promoting altcoins, there could be a significantly greater (or lesser) influence on 

first-time millennial investors and their purchase intention for the respective altcoin being 

mentioned after interacting with a tweet if these attribute values were significantly higher.  

Furthermore, the execution of conjoint analysis with the obtained survey results was difficult 

and time-consuming due to the lack of access and financial resources leading to limited access 

to software that can perform conjoint analysis behind paywalls since these are mainly catered 

to companies (Qualtrics Conjoint Capabilities, Sawtooth Software, etc.). The crux of this 

limitation stems mainly from the limited access to Sawtooth Software, a paid software provided 

specifically to companies. Unfortunately, the Erasmus University Rotterdam license did not 

encompass Qualtrics, hence I has to utilize Qualtrics to build and distribute the survey, 

Conjointly to build the conjoint profiles and Sawtooth Software to analyse the data. The license 

for Sawtooth Software was provided with limited access which posed issues in terms of adding 

specific nuances to the research (such as the “None” Option). 

In future research, additional variables could also be added to test for the influence of attributes 

such as follower count, the addition of hashtags, emojis, etc. Moreover, demographic data such 
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as time spent on Twitter or a measure for a history of gambling could also be included in future 

studies to test for whether more avid users of Twitter have different perspectives on what 

attributes influence them to invest. The same applies to income level - as a first-time investor, 

a higher income level could indicate less hesitation to invest and could thereby have an effect 

on the results. In that case, it could also be added as a controlled variable to see the comparison. 

A good way to improve the model in terms of its predictive capabilities and its application to 

other samples would be to increase the training sample size to account for greater variability 

and would thus make the model more robust to different samples as a result. Furthermore, with 

a larger dataset, the utilization of cross-validation would be beneficial, providing a better 

understanding of how the model would fit on different subsets of data. However, in this case, 

due to the aforementioned smaller sample size, this was unfeasible.  

Lastly, incorporating demographic variables into the analysis as a controlled variable would 

also be extremely insightful, however, when referring to other papers, it was the case where 

demographic variables were either left out or held constant rather than controlled and included 

in the model as the CBC logit model does not incorporate these factors (Soutar et al, 2002; 

Larsen et al, 2021; Jelena et al, 2019; G.B. Dimitrov, 2017; Booij, 2021). A solution for further 

research could be to implement clustering using a Latent Class Clustering analysis for the 

respondents and then post-doc assigning demographic values to see how different demographic 

categories may influence preferences within first-time millennial cryptocurrency investors. 
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Appendices  
 

Appendix A 

 

Cover Page & Demographic Questions 

 

Cover Page:  

Hi! I am Rohan Ghosh, a Data Science and Marketing Analytics student who is majoring at 

Erasmus University Rotterdam. In this survey I am conducting for my Master’s thesis, I explore 

how Tweet properties on Twitter influence consumer purchase/investment intention of 

Millennial first-time investors of the cryptocurrency Ripple (XRP). Please only answer this 

survey if you are between the ages of 26-41 and are a first-time investor in Cryptocurrency. 

There will be 12 Choice Tasks with three tweets that will be displayed. Please choose the tweet 

that you feel motivates you the most to purchase XRP. 

It is important to note that the price of the cryptocurrency being mentioned in the tweets (XRP), 

the content of the Tweets and the username/user of the Tweets are held constant throughout all 

Tweet options in the survey. 

The survey should take no longer than 6 minutes. If you have any remarks, questions or 

concerns please feel free to contact me at my university email at 497188rg@eur.nl. Thank you 

for your time! 

 

 

Demographic Questions: 
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7.2 Appendix B  

Orthogonal Design: 
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Main Section (Survey Screenshots):  
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7.3 Appendix C  
 

When the aforementioned method was applied to the tweet property “likes” the following 

values were found:  

 

Average from dataset (base value/value 2): 803 

1. Value/Level 1 (50% lower)  = (803/100)*50 = 402 (rounded)  

2. Value/Level 3 (50% higher) = (803/100)*1.5 = 1205 (rounded) 

 

When applied to Retweets:  

Average from dataset (base value/value 2): 130 

1. Value/Level 1 (50% lower)  = (803/100)*50 = 65(rounded)  

2. Value/Level 3 (50% higher) = (803/100)*1.5 = 195 (rounded) 

 

When applied to Quote Tweets:  

Average from dataset (base value/value 2): 13 

1. Value/Level 1 (50% lower)  = (803/100)*50 = 7 (rounded)  

2. Value/Level 3 (50% higher) = (803/100)*1.5 = 20 (rounded) 

 

Blue Tick Verification is a binary variable that only has two values: 

1. Yes 

2. No 

 


