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ABSTRACT,  
 
In today's digital age, social media has become not only a central communication tool, 
but also a means of accessing information on various topics, including finance. 
Behavioural finance suggests that personality traits may determine how exposure to 
social media influences investment decisions. While previous research has examined 
this connection, no studies have focused on Dutch investors, and none have examined 
the moderating effects of two variables: tie strength - the degree of connectedness 
between individuals on social media - and the role of financial influencers, individuals 
who specialise in financial content on social platforms. This study seeks to assess the 
influence of social media exposure on investment decisions among Dutch investors, 
considering the moderating role of tie strength and financial influencers. Data was 
collected from 142 respondents through a questionnaire measuring their perceptions of 
the influence of social media exposure on investment behaviour. The results show that 
exposure to social media has a significant impact on investors' propensity to invest and 
the amount they are willing to allocate to investments. Respondents feel that other 
investors are more influenced by social media exposure than themselves, a phenomenon 
known as the third-person effect. This study offers valuable insights for investors and 
financial advisers who want to understand the role of social media in investment 
behaviour. 
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1. Introduction 
This chapter provides background information on the key research areas of this study, social 
media exposure, investment decisions, tie strength and financial influencers. Following this, the 
research objective, and research gaps are highlighted. By highlighting these aspects, the aim is 
to clarify the context and importance of the study within the existing literature. Finally, the 
research question, together with some sub-questions, will be formulated. 
1.1 Background 
In today's world, the influence of social media has become a powerful tool and has influence 
on almost every facet of modern life, changing the way individuals communicate, access 
information and engage with various aspects of their lives (van Dijck & Poell, 2013). What 
began as a means of social contact has now also influenced things like consumer behavior and 
decision-making processes (Eisenbeiss et al., 2023). Social media plays a role in shaping their 
perceptions of investment risks, affecting both their thoughts and emotions (Yang et al., 2022). 
One area where the impact of social media is increasingly evident is the financial market, also 
in relation to individuals' investment decisions.  
From a traditional finance perspective, investors within financial markets behave rationally, 
objective and seek to maximize profits, while they tend to be risk averse. Rationality means that 
investors make decisions based on logical reasoning and the available information. Rational 
decision-makers seek to maximize expected returns while minimizing risk. They aim for the 
highest possible return for a given level of risk or the lowest possible risk for a given return 
(Kamoune & Ibenrissoul, 2022). However, recent scientific research has challenged this 
assumption and exposed the inherent human tendency towards irrationality. This realization led 
to the emergence of the behavioral finance field (Bikas et al., 2013). This field of research 
challenges the idea that individuals consistently make rational decisions, opting instead for a 
more nuanced understanding of investors who may be influenced by psychological traits 
(Niehaus & Shrider, 2014). It also aims to understand how emotions and cognitive biases have 
an impact on investors decisions (Bakar & Yi, 2016). Previous studies have indicated that 
investors' decisions are influenced by their beliefs and preferences, which affect their risk-
taking behavior (Bakar & Yi, 2016). 
In the financial markets, digital platforms, including social media channels, have a significant 
impact on decisions made in investments (Lal et al., 2023). Social media channels such as 
LinkedIn and Twitter have led to new insights regarding company-specific analyst 
recommendations, and analyst price targets among investors (Bollen et al., 2011; Gu & Kurov, 
2020). Given the abundance of financial information, expert opinions and real-time trend 
updates available on social media channels, it is not surprising that potential investors are using 
the rapid expansion of social media to their advantage in recent decades (Nghiem et al., 2021). 
The accessibility of financial knowledge has empowered individuals who were previously 
excluded from traditional channels of financial advice and analysis. As a result, an increasing 
number of people are turning to social media platforms to gain insights into financial market 
and potentially reap financial rewards (Alexander & Gentry, 2013). Through social media, 
individuals can seek for validation, share opinions, and engage in discussions that shape their 
investment decisions. 
Additionally, social media has fostered the rise of influencer marketing within the financial 
sector (Joshi et al., 2023).  Financial influencers, individuals who have both a significant social 
media following and expertise in finance, may influence their followers' investment choices 
through their analysis and recommendations. They use their social media platforms to provide 
valuable insights and advice on financial market investments and manage to attract their 
audiences with their knowledge and engaging personalities (Arora et al., 2019; Lou & Yuan, 
2018). The phenomenon of financial influencers represents a potential moderating factor in the 
relationship between social media exposure and investment decisions.  
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Financial advice provided by financial influencers on social media has the potential to enhance 
the financial literacy of people (Geenen, 2023). Financial behavior within investment decisions 
is further highlighted by the emergence of tie strength as a potential moderating factor in the 
relationship. Tie strength refers to a measure of depth and intimacy within relationships 
(Granovetter, 1973). When individuals encounter financial information shared intimate friends 
or family members or shared by a role model, they may perceive this information as more 
credible, impacting their financial behavior. Tie strength, when emerging via online social 
media platforms, could play a significant role in the relationship between social media exposure 
and investment decisions. 
Examining the influence of social media exposure on investment decisions coupled with the 
moderating variables of tie strength and financial influencers, carries remarkable practical 
implications. In today's digital world, where social media serves as a widely used source of 
information and communication, understanding its influence on investment choices could be 
relevant. The findings of this study can offer practical insights for individual investors, and 
financial advisers. For individual investors, being aware of how exposure to social media can 
influence their investment decisions offers the opportunity to make more informed and strategic 
choices (Naveed et al., 2020). Recognizing the potential impact of the strength of ties - the 
strength of their social connections - and the influence of financial influencers can help 
investors assess the reliability and relevance of the information they encounter on social media 
platforms (Sun et al., 2021). On the other hand, financial advisers can benefit from insights into 
their clients' decision-making process (Pallavi & Kusum, 2024). By understanding how clients' 
social connections and external influencers interact with social media exposure, advisers can 
tailor their advice to potential biases and offer personalized strategies that align with clients' 
financial goals. This not only improves the quality of advice, but also helps reduce biases in 
investment behavior, which can ultimately contribute to better financial outcomes for clients. 
1.2 Research Objective and research gap 
The primary research objective of this thesis is to understand the relationship between social 
media exposure and investment decisions among investors. Specifically, this research focuses 
on whether the degree of exposure to social media platforms affects Dutch investors' investment 
propensities and the amount of resources invested. In addition, this research focuses on the 
possible moderating influence of tie strength and financial influencers on the relationship 
between social media exposure and investment decisions. Through a theorical explanation and 
empirical analysis, this research seeks to shed light on the investment decision making process 
in the social media age and offer implications for both theory and practice in the field of finance, 
behavioral finance, and social media. 
Existing studies have examined the influence of media on various aspects of financial markets. 
Jiao et al., (2020) conducted research in which they studied the effect on stock volatility and 
turnover of coverage by traditional news media and social media. Their findings reveal that 
traditional news media coverage is associated with decreased volatility and turnover in 
subsequent periods, while social media coverage is linked to increased volatility and turnover.  
Also, there are existing studies that have studied the impact of social media on individual 
investors decisions. For example, Khadka and Chapagain (2023) conducted a study exploring 
the relationship between social media and investment decisions within the context of the Nepali 
stock market. Their findings revealed significant positive relationships between social media 
and investment decision-making. The same applies to research conducted by Ismail et al., 
(2018).  In this study, the researchers investigate the impact of online social media on the 
investment decisions of investors in Malaysia. The specific focus is on understanding how 
various aspects of online social media, like information from social media, online community 
behavior, influence investment decisions. Their findings also revealed significant positive 
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relationships between social media and investment decisions.  To investigate the role of 
emotional sentiment in investment decisions, Sul et al. (2016) analyzed the cumulative 
sentiment of 2.5 million tweets about S&P 500 firms. They found that tweets from users with 
fewer than 171 followers significantly affected a firm’s stock returns not only on the following 
trading day but also over the subsequent 10 and 20 days. A study performed by Hasselgren et 
al.,  (2023) explores the use of social media sentiment data for investment decisions. In their 
approach, the authors focused on S&P 500 stocks, which resulted that they could develop a 
system for measuring and visualizing collective sentiment. The results showed that the trend of 
social media sentiment reflected stock market performance for the assets studied, which 
suggested that users could use this sentiment to inform their investment decisions.  
Recent research highlights the role of emotional sentiment in investment decisions, showing 
that sentiment spread through social media affects stock prices. Rapidly spreading sentiment is 
quickly reflected in stock prices, while slower-spreading sentiment predicts future prices. 
Analyzing 2.5 million tweets about S&P 500 firms, we found that sentiment from users with 
fewer than 171 followers significantly impacted stock returns on the next trading day, and over 
the following 10 and 20 days. 
Although the existing literature has extensively investigated the link between social media and 
investment decisions, there remains a research gap in determining if there is any significant 
positive influence of social media exposure on investment propensity or the likelihood of 
investing more resources into assets within the Dutch population. To the best of knowledge, no 
previous studies have delved into this specific aspect, leaving an important gap in research that 
we hope to fill with this study. Gaining a deeper understanding of how exposure to social media 
influences investment decisions among Dutch investors is potentially important for the Dutch 
economic landscape. By clarifying this connection, this research can provide valuable insights 
into investors' incentives for buying or not buying equities, and how much they invest in. In 
addition, existing research has not explored the potential moderating role of tie strength and 
financial influencers in this relationship. While some studies have pointed out the moderating 
role of tie strength and financial influences in other contexts, their specific influence on 
investment decisions remains unexplored. This research aims to fill these gaps by providing 
insight into the influence of the exposure of social media on investment decisions among Dutch 
investors and by exploring the potential moderating effects of tie strength and financial 
influencers, to contribute to a better understanding in the field of social media and finance. 
1.3 Research questions 
In this study, we pose one research question:  

§ How does exposure to social media influence individuals' propensity to invest in 
financial assets such as stocks and bonds and the amount of their investments?  

In addition, two sub-questions are introduced to check whether there is a possible moderating 
effect on this relationship: 

§ Does tie strength affect the relationship between exposure to social media and 
investment decision-making?  

§ Do financial influencers affect the relationship between exposure to social media and 
investment decision-making?   
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2. Literature review 
The evolving field of financial decision-making has undergone a thorough transformation with 
the widespread adoption of social media platforms (Guijarro et al., 2019). As people 
increasingly rely on social media platforms for information, connection and conversation, the 
influence of social media in shaping investment decisions has received much attention in 
research. This paragraph aims to provide a thorough synthesis of existing research, highlighting 
the coherence between social media exposure and the decision-making processes that contribute 
to individuals' investment choices. Furthermore, the objective is to provide a description of tie 
strength and financial influencers, exploring whether the strength of ties and the presence of 
financial influencers play a moderating role in this relationship. 
2.1 Schools of thought 
2.1.1 Traditional finance 
There are two fundamental theories that comprise the financial market, namely the traditional 
finance theory, also known as conventional finance theory, and the emerging field of behavioral 
finance. In principle, traditional finance was based on theories such as the efficient market 
hypothesis (EMH) and portfolio theory, notably developed by Harry Markowitz. Markowitz's 
contributions paved the way for modern portfolio theory, which emphasizes factors such as 
expected return, standard deviation, and correlation within investment portfolios. Within 
finance, research focused on creating a theoretical framework to better understand market 
dynamics. Traditional finance theory, successfully developed formulas, including the well-
known CAPM formula and the Black-Scholes formula (Kamoune & Ibenrissoul, 2022). 
Traditional finance assumes that investors behave rationally and seek to maximize profits while 
being risk averse. Rationality in this context refers to investors making decisions that are 
logically and in line with their financial interests. However, this assumption is challenged by 
market anomalies arising from speculation and unpredictability. These anomalies suggest 
deviations from rational behavior, where investors may make decisions based on factors that 
are not purely rational, such as emotions or imperfect information (Bakshi, 2020). 
As said before the traditional finance theory shares significant relevance with the efficient 
market hypothesis, which gained prominence in the mid-1960s. The efficient market hypothesis 
is built upon three arguments. First and foremost, it is assumed that investors in the market are 
rational and can rationally assess and value securities within the market (Fama, 1970; Tseng, 
2006). Second, the efficient market hypothesis addresses that investors could deviate from 
rationality. If this is the case and investors do not act rationally, the efficient market hypothesis 
states that their trading activities will cancel each other out or will be arbitraged away (Shleifer, 
2000). Lastly, the efficient market hypothesis states that decision-makers consistently prioritize 
their self-interest, highlighting the persistent influence of individual motivations and goals in 
the decision-making process (Fama, 1970; Tseng, 2006). The forms of the Efficient Market 
Hypothesis vary in their assumptions about the incorporation of information in asset prices. The 
weak form of EMH suggests that asset prices move randomly and reflect all historical price 
data. The semi-strong form of EMH states that prices adjust rapidly based on market and public 
information, while the strong form of EMH suggests that prices incorporate all types of 
information, including private information (Khalil & Nilsson, 2021). 
The EMH has implications for financial managers as it emphasizes the importance of 
information in predicting future price movements of financial assets. However, the theory has 
been exposed to criticism, especially with regard to its assumptions on investor rationality and 
market efficiency. Critics claim that EMH does not take into account factors such as excessive 
price volatility and the influence of behavioral biases on market outcomes. In response to these 
criticisms, behavioral finance emerged as an alternative to traditional finance. Behavioral 
finance seeks to understand how psychological factors influence financial decisions and market 
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behavior, challenging the assumptions of rationality and market efficiency inherent in 
traditional finance (Malkiel, 2003). 
2.1.2 Behavioral finance  
Behavioral finance is one of the other fundamental theories within the field of financial markets. 
It is a field of study that integrates principles from both economics and psychology into 
financial theory and practice (Belsky & Gilovich, 2000; Prosad et al., 2015). It seeks to 
understand how psychological factors influence individuals' financial decisions, market 
dynamics and the behavior of financial markets. In essence, it recognizes that human behavior 
in financial contexts is often driven by emotions, cognitive biases and heuristics rather than 
strict rationality (Niehaus & Shrider, 2014).Traditional financial theories, such as the EMH and 
modern portfolio theory, assume that investors are perfectly rational, always act in their best 
interests and have access to all relevant information. Behavioral finance, however, challenges 
these assumptions by pointing out the various ways in which individuals deviate from rational 
behavior when making financial decisions (Statman, 1999). 
Prospect theory, which is an important theory within the behavioral finance field, posits that 
people have a stronger aversion to losses than an equal preference for gains. This means that 
individuals are more likely to take risks to avoid losses than to pursue gains of equal value. It 
serves as a behavioral framework that clarifies how people make decisions when faced with 
uncertainty and risk, such as estimating the probability of potential gains or losses. Originally 
formulated by the experimental research of Daniel Kahneman and Amos Tversky, prospect 
theory emphasizes the presence of consistent biases that shape decision-making under 
conditions of uncertainty, influenced by psychological factors. According to this theory, people 
tend to process information in ways that deviate from strict logic, meaning that people tend to 
process information in ways that differ from purely rational approaches. This deviation from 
strict logic illustrates how human decision-making is influenced by subjective perceptions, 
personal experiences, and emotional responses (Alam, 2022; Kahneman & Tversky, 1988). 
Another important concept in behavioral finance is bounded rationality. Bounded rationality is 
a term used to describe the concept of rational decision making while recognizing the cognitive 
limitations of the decision maker. These limitations include both the amount of knowledge 
available to the decision maker and his ability to process information. This principle underlies 
the behavioral approach to economics, which looks deeply at how the actual decision-making 
process affects the outcomes of decisions. Unlike traditional economic models that assume 
perfect rationality, bounded rationality recognizes that individuals are often unable to fully 
analyze all available information and make optimal decisions. Instead, decision makers rely on 
heuristics, or mental shortcuts, to simplify complex decision-making problems. While these 
heuristics can help decision-making, they can also lead to systematic biases and errors (Simon, 
1997, p. 291; Tseng, 2006). Biases like overconfidence, herding, and anchoring are recognized 
as fundamental biases within behavioral finance. These biases play a role in shaping the 
decision making process of individual investors (Singh & Nag, 2016; Thaler & Shefrin, 1988). 
Overconfidence involves an individual's excessive belief in their ability to predict outcomes 
(Prosad et al., 2018). Herding refers to the tendency to blindly follow the actions of a crowd 
(Mello et al., 2010). Anchoring involves relying too heavily on the first piece of information 
encountered when making decision. This tendency can lead individuals to prioritize this initial 
information, even if it may not be directly relevant to the decision-making context  (Shin & 
Park, 2018). Another important bias, perhaps one of the most intriguing, is known as the 
disposition effect. Within this effect, investors tend to sell winning investments early while 
persistently holding onto losing investments. The underlying goal is to maximize returns and 
delay losses. This bias stands out as one of the most prominent tendencies in investor behavior 
(Syed & Bansal, 2019). 
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In general, behavioral finance offers valuable insights into the complexity of human decision-
making in financial contexts. By understanding the psychological factors that drive financial 
behavior, practitioners and policymakers can develop strategies to reduce the negative effects 
of cognitive biases and improve financial decision-making processes. 
2.2 Independent variable 
2.2.1 Social media exposure 
At the core of social media's influence on investment decisions lies its role as a powerful source 
of financial information (Agarwal et al., 2021). The financial information provided does not 
always meet factual standards but is sometimes also some sort of noise in world of trading, 
identifying a category of investors known as noise traders. These so-called noise traders are 
investors whose decisions are not based on fundamental analysis or rational assessment of 
information. Instead, they may be driven by emotions, market trends or speculative behavior 
(Shleifer & Summers, 1990).  A study performed by Baklaci et al., (2011) studies the behavioral 
aspects and emotions of investors in Turkish stock market. It shows that as volume increases, 
prices move closer together, suggesting that more active traders may be reacting to short-term 
trends rather than long-term factors. This behavior may briefly increase market volatility before 
stabilizing again (Baklaci et al., 2011). Another study conducted by Vamossy (2024) examines 
how investor emotions expressed on social media relate to asset prices. The study finds that 
specific investor emotions, like being happy or anxious can predict daily asset price movements. 
Li et al., (2018) and Allen et al., (2019) highlight that the stock market volatility is closely 
linked to the release, distribution and the reception of information by the public. The increase 
in volume and speed of social media activity contributes to the effects of financial information 
on the stock market.  
The term social media exposure can be divided into two different terms, namely social media, 
and exposure. Social media is interactive and networked (Bechmann & Lomborg, 2013; Park 
et al., 2018). Many individuals are motivated towards participating in virtual communities in 
exchange for rewards in the form of friendship, appreciation, knowledge, financial support, 
collective creation, and many more. Individuals on social media are both producers and 
consumers of information (Grover et al., 2022). Social media gives individuals empowerment 
in the decision-making process (Bulut & Karabulut, 2018; Sadovykh et al., 2015)  
In the existing literature social media can be defined as many things as possible. Social media 
is  as “a technology-centric—but not entirely technological—ecosystem in which a diverse and 
complex set of behaviors, interactions, and exchanges involving various kinds of interconnected 
actors (individuals and firms, organizations, and institutions) can occur” (Appel et al., 2020, p. 
80). More straightforward definitions of social media exist. Kaplan and Haenlein (2010) define 
social media as a group of internet-based applications that build and enable the creation and 
exchange of user-generated content.  This term encompasses various collaborative applications, 
including, blogs/microblogs (e.g. Twitter/X), content communities (e.g. YouTube), and social 
networking sites (e.g. LinkedIn).  
Dellaracas et al., (2010) and Mangold & Faulds (2009) explain social media, also known as 
user-generated media, as online information sources generated, initiated, disseminated and used 
by consumers to inform each other about products, brands, services, personalities and issues. 
Kapoor et al., (2018) explain social media as various user-driven online platforms that enable 
the dissemination of information, the creation of dialogue and communication with each other 
and a wider audience. Basically, it is a digital environment that provides an environment 
conducive to interactions and networking at different levels, including professional, business, 
and personal. Applications like X, LinkedIn, and other specialized forums serve as these online 
platforms where investors engage in discussions, share insights, and access a wide range of 
information (Valle-Cruz et al., 2022).  
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Many researchers have explored areas at the intersection of social media and investing. 
Bukovina (2016)  found that online social platforms offer the benefit of mutual education and 
gathering investment-related opinions in the stock market. Tan and Tan (2012) found that the 
behavior of social media users significantly and positively influences social development and 
the investment decision-making process. Chen et al., (2013) examine how social media affects 
investor sentiment within financial markets, specifically analyzing whether articles posted on 
social media can predict future stock returns and profits. The authors identify three motivations 
for sharing investment insights, including feeling more useful because of attention and 
recognition, getting paid for reviews that led to profits, and expecting market prices to match 
the true values by people because of the information getting exchanged on such platforms (Chen 
et al., 2013). 
Exposure, in principle, is a more straightforward concept. Michael Slater (2004) refers to 
exposure as the degree to which the audience have come across specific messages or categories 
of messages. In the context of this study, exposure relates to the frequency with which 
individuals encounter financial-related messages. In research, exposure on social media is often 
categorized into intentional exposure and incidental exposure (Matthes et al., 2020; Nanz et al., 
2022). An example of intentional exposure related to investment decisions could be an 
individual actively seeking financial information, market updates, or investment strategies on 
social media platforms to make informed decisions. On the other hand, incidental exposure in 
the context of investment decisions might occur when individuals, while casually browsing 
social media, come across financial news, stock market trends, or investment-related content 
without actively seeking it. The extent to which an individual is exposed to financial 
information on social media could influence investment decisions. Recognizing the value of 
this wealth of information on social media, practitioners have developed sentiment analysis 
tools to make effective use of it. These tools automatically distinguish opinions and emotions 
in texts and extract positive or negative sentiments from social media data (Pang & Lee, 2004). 
A study conducted by He et al., (2016) examined the importance of social media sentiment in 
predicting stock prices, especially on platforms such as Twitter/X. The findings suggest that 
negative sentiment is a particularly influential factor in predicting future stock prices. 
Interestingly, the study also shows that tweet volume and positive sentiment have less predictive 
power. This indicates that negative sentiment weighs more heavily in shaping market 
perceptions and investor behavior. 
Based on my understanding of social media and exposure and the aforementioned definitions, 
within the context of this study, I propose the following definition of social media exposure. 

Social media exposure refers to the frequency with which individuals 
engage with financial-related content like information about finance, 

investments, and market trends on social media platforms. It indicates how 
users, who both create and consume financial content, interact with 

information relevant to their investment choices on social media. 

 
2.3 Dependent variable 
2.3.1 Investments decisions 
The study of investment decisions is an ongoing and diverse global subject, characterised by 
continuous exploration of various influencing variables. Investment decisions are a crucial 
aspect of financial markets, where individuals allocate their resources to various assets and 
securities in pursuit of optimal returns. Two prominent theories, as discussed in the schools of 
thought section are the traditional finance theory and behavioral finance theory and offer 
different perspectives on how investors make decisions in the world of finance. While 
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traditional finance theory is based on that investors operate in a rational manner, driven by the 
objective of maximizing profits and usually exhibit risk aversion (Kamoune & Ibenrissoul, 
2022), behavioral finance incorporates principles from both economics and psychology and 
plays a crucial role in understanding the irrational and emotional dimensions of investing 
decisions (Belsky & Gilovich, 2000; Prosad et al., 2015). 
The behavioral traits identified in this context extend to various aspects of financial decision-
making, including investment choices, portfolio composition and the precise timing of 
securities transactions (Barberis & Thaler, 2003; Statman, 2014; Thaler & Ganser, 2015). In 
the field of investment decisions, the principles of behavioral finance are becoming increasingly 
relevant.  Behavioral principles of finance discuss the approaches in which individuals deviate 
from rational decision-making in finance due to psychological and emotional factors and the 
influence of biases. These biases include overconfidence, loss aversion, and herd mentality, 
among others. 
As explained investment decisions are closely linked to both traditional finance and behavioral 
finance. However, the recent literature reveals a variety of definitions for investment decisions. 
Researchers, such as Bakar & Yi (2016), Hamzaçebi & Pekkaya (2011) and Lin (2011), present 
investment decisions as a rational process in line with traditional financial principles. An 
alternative perspective is presented by Masini & Menichetti (2012) , they associate investment 
decisions with the amount of resources invested and see it as a process where individuals make 
choices about the allocation of their financial resources across different assets or securities. 
Kumar & Kishori (2016) argue that investment decisions are made strategically to achieve 
superior returns, with immediate benefits being deliberately weighed. Their perspective 
emphasizes that the essence of investment decisions lies in pursuing future gains, even if this 
requires sacrificing immediate gains in the present. 
Based on my understanding of investment decisions and the aforementioned definitions, within 
the context of this study, I propose the following definition of investment decisions.  

“Investment decisions refer to the choices individuals make about their 
investments. These decisions are influenced by a range of factors, including 

investment propensity and resource allocation. This intricate process 
involves a mix of rational considerations, emotional influences, and various 

biases, which collectively influence the decision-making process.” 

2.4 Moderator variables 
2.4.1 Tie strength 
Not all social relationships are equally strong. Individuals distinguish between friends and best 
friends, and between close friends and casual acquaintances. Researchers have recognized this 
aspect of social relationships and use the term "tie strength" to describe this concept 
(Granovetter, 1973; Marsden & Campbell, 1984).  
Granovetter's (1973) original framework outlined four dimensions that determine the strength 
of ties. The time dimension examines the time aspects of a connection, considering the time of 
the first and last interaction and the frequency of interactions. Intimacy examines factors such 
as emotional closeness, and relationship status (e.g. marriage, close friendship, circle of 
acquaintances), offering insight into the depth of relationships. The intensity dimension 
quantifies the frequency and volume of interactions, including messages, posts, and comments. 
Finally, reciprocal services measure the shared applications and links exchanged between 
individuals, shedding light on the mutual services they interact with (Gilbert & Karahalios, 
2009; Perikos & Michael, 2022). Further research has expanded the range of factors influencing 
the strength of ties. For example, a study by Wellman and Wortley (1990) finds that providing 
emotional support, such as counselling within family issues, produces a stronger tie. Research 
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by Lin et al., (1981) shows that social distance, which includes factors such as, education level, 
political affiliation, ethnicity and gender, plays a crucial role in influencing tie strength. 
In the literature other definitions, yet related, of tie strength are given. Money et al., (1998, p. 
79) explain tie strength as “a multidimensional construct that represents the strength of the 
dyadic interpersonal relationships in the context of social networks”. Gilbert (2012) refer to tie 
strength as a general feeling of intimacy of closeness between individuals.  
However, the existing literature most frequently distinguishes between two types of ties: weak 
and strong ties. Weak ties include connections between individuals without close relationship 
or frequent interaction, often exemplified by relationships with acquaintances or colleagues 
with infrequent involvement. Strong ties, on the other hand, indicate strong social connections 
usually found among close friends or family members who have regular interactions (Bapna et 
al., 2017; Brown & Reingen, 1987). When observing friendships in an offline social network, 
Granovetter (1973) identified that weak ties could serve as sources of information through their 
connections in separate social circles, allowing for better dissemination of new information. 
When Granovetter (1983) revisited this topic a decade later, he identified that individuals with 
strong ties were more likely to be called on and willing to help, even though they might be 
limited in the amount of new information they could provide. 
A study by Samuel-Azran & Hayat (2019) found that the strength of the tie between the person 
sharing the item and its recipient plays a mediating role in the impact of the credibility 
perception toward the news source, the perceived credibility of the item and the propensity to 
seek more information about the presented content. In simple terms, participants with a stronger 
tie with the person believed to have shared the content, tended to rate the credibility of the 
shared content more positively. Although the strength of the ties between the participants and 
the content sharer has nothing to do with the actual credibility of the content, the findings show 
that the strength of the tie biases the participants perception regarding the shared content. 
Putnam (2000) emphasizes, each type of tie involves different forms of information. Weak ties 
serve as valuable channels for exposure to new information and play a crucial role in broadening 
individuals' horizons. On the other hand, strong ties contribute to emotional and social support, 
underlining the importance of information coming from weak ties. 
In the field of social media exposure and its impact on investment decisions, the strength of a 
tie could play a crucial role, also in determining the credibility of the investment-related 
information shared within digital platforms. It is essential to examine the influence of tie 
strength and its potential impact on the relationship between social media exposure and 
investment decisions. Based on my understanding of tie strength and the aforementioned 
definitions, within the context of this study, I propose the following definition of tie strength.  
 
"Tie strength indicates the degree of connection between individuals specifically within social 

media platforms, excluding close offline relationships such as family members and friends 
who frequently meet in person. Within this social platform environment, tie strength 

influences how individuals perceive and trust investment-related information shared by their 
connections. A distinction is made between weak ties, representing less intimate and irregular 
online relationships, and strong ties, which signify deeper social ties and regular engagement 

on the platform." 
2.4.2 Financial influencers 
In the area of investment decisions, individuals use various social media platforms to share and 
get insights and opinions on various financial assets and securities. This practice extends to 
financial influencers who, unlike traditional financial advisers, play a crucial role in providing 
advice on spectrum of topics, such as leaving information on specific investment assets (Chikhi, 
2012). The concept financial influencers, also called 'finfluencers', is a relatively under-
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researched area of research. Research by van Reijmersdal and Hudders (2023) defines 
finfluencers as individuals who provide financial advice online to their followers. These 
finfluencers position themselves as experts on finance and regularly share advice on platforms 
such as Twitter/X, reaching a significant number of followers (van Reijmersdal & Hudders, 
2023). In doing so, finfluencers gain credibility in the financial field, spreading current trends 
and developments to their followers. Their influence appears to have a significant impact on 
their followers' decision-making process. This influence extends to investment decisions, as 
investors can look to the opinions of finfluencers for advice and insights regarding where and 
how much to invest. With their ability to influence opinions and potentially create trends, 
influencers can potentially get investors to allocate more money to specific financial assets or 
investment strategists that they promote. 
While the study of finfluencers remains relatively unexplored, the concept is closely associated 
with social media influencers. More extensive research has been conducted on social media 
influencers, and for the purpose of this study, we will draw insights specifically from research 
that pertains to social media influencers in the context of investment decisions and the financial 
information they share. 
It has been argued by numerous researchers that social media influencers have significant 
persuasive power, shape opinions and influence consumers' decision-making processes 
(Glucksman, 2017). With some influencers having millions of followers, their actions can 
influence a significant proportion of public opinion and trigger shifts in behavior, attitudes and 
even aspects of personal identity (Alves de Castro et al., 2021). Freberg et al., (2011) 
characterize social media influencers as a new category of independent third parties who shape 
public opinion through blogs, tweets and various social media platforms. Lou and Yuan (2018) 
define social media influencers as expert content generators, recognized for their expertise in 
specific domains, with a significant amount of followers cultivated by regularly creating 
valuable content on social media platforms. It's important to note that while influencers may 
operate in diverse sectors beyond finance and investment, this study focuses solely on these 
domains.  They are individuals who have built considerable credibility within a specific sector, 
the financial and investment sector in this instance (Arora et al., 2019).  
A study conducted by Ante (2021) examined the impact of Elon Musk's tweets regarding 
cryptocurrency on both pricing and trading volume. The results show a significant effect of 
Musk's tweets on cryptocurrency, evidenced by changes in both pricing dynamics and trading 
volume. This can be attributed to Elon Musk's status as a well-known and successful 
entrepreneur who consistently communicates with a substantial follower base on Twitter/X. 
Followers tend to associate the cryptocurrencies mentioned in his tweets with similar success 
in terms of financial returns. Musk's tweets and investments in cryptocurrencies, such as 
Bitcoin, automatically generate trust among his followers, which then influences their 
perception of this currency (Ante, 2021; Gupta et al., 2022; Shahzad et al., 2022). A study by 
Liljander et al., (2015) found that people see recommendations from social media influencers 
in the same way as those from friends and family and find them equally reliable and credible.   
Studies by Brans and Scholtens (2020) and Ge et al., (2019) have both investigated the impact 
of individual tweets on financial market return. Ge et al., (2019) found that tweets from Donald 
Trump have the power to influence stock prices, leading to increased trading volume, volatility 
and attention from investors. Brans and Scholtens (2020) found that tweets, especially tweets 
expressing strong negative sentiment, trigger a significant economically negative reaction from 
the investors. Although Elon Musk and Donald Trump are extreme examples of individuals 
with high influence on social media, countless less influential individuals, groups and 
companies also express their opinions on currency through social media, influencing 
investment decisions (Ante, 2021). 
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In terms of social media exposure and its impact on investment decisions, financial influencers 
could play a crucial role in shaping individuals' perceptions and choices regarding investment 
decisions. Within the context of this study, I propose the following definition for financial 
influencers. 

“Financial influencers are content generators with a substantial follower 
amount specialized in the financial field, who use their digital platforms to 
shape their followers' attitudes and decision-making processes regarding 

financial investments.”  

2.5 The link between traditional/behavioral finance, social media exposure and 
investment decisions 
In recent years, social media has had a major impact on various aspects of society, including 
finance. To understand this impact, it is essential to examine the fundamental theories of 
traditional finance and behavioral finance. Traditional finance assumes that investors are 
rational individuals who make decisions based on objective assessments of risk and return. This 
framework emphasizes principles such as market efficiency, where asset prices reflect all 
available information, and portfolio diversification, which aims to minimize risk by spreading 
investments across different assets (Chen et al., 2013; Kamoune & Ibenrissoul, 2022). 
In contrast, behavioral finance challenges investors' notion of rationality by including 
psychological factors in the analysis of financial decision-making. It recognizes that cognitive 
biases and emotional reactions can lead to deviations from optimal investment strategies. 
Behavioral finance identifies several biases, such as herd behavior, overconfidence and 
confirmation bias that can significantly influence investors' actions and market outcomes 
(Almansour et al., 2023; Byrne & Brooks, 2008).  Social media has emerged as a powerful tool 
shaping both traditional and behavioral finance through its role in information dissemination 
and interaction with investors. Platforms such as Twitter and LinkedIn provide a continuous 
flow of real-time data, opinions, and market trends, allowing investors to make timely decisions 
(Agarwal et al., 2021). However, the influence of social media goes beyond just providing 
information; it also influences investor sentiment and behaviour in multiple ways (Ausat, 2023). 
One of the primary biases influenced by social media is herd behavior. Social media reinforces 
this behavior by spreading trends and opinions quickly, making it easy for investors to see what 
others are doing and feel compelled to do the same. For example, if a particular stock becomes 
popular on Twitter, many investors may rush to buy it, causing the stock price to skyrocket. 
This collective movement can inflate asset prices and create market bubbles (Sharma & 
Bikhchandani, 2000). One example is the rise in GameStop's share price in early 2021, when 
buying efforts fueled by social media platforms such as Reddit led to an unsustainable rise in 
the share price, ultimately resulting in a significant correction and financial losses for many 
latecomers (Zhu et al., 2022). 
Confirmation bias is another key factor driven by social media. Investors often use these 
platforms to seek information that supports their existing beliefs, while ignoring contradictory 
evidence. This selective exposure reinforces their biases and can lead to poor investment 
decisions. For example, an investor who is optimistic about the future of stocks might only 
follow accounts that share positive news about it, ignoring negative developments or warnings. 
This behavior can lead to a skewed perception of the market and sub-optimal investment 
choices (Park et al., 2010). 
The fear of missing out (FOMO) is reinforced by social media, where success stories of 
profitable investments are often showcased. This can lead investors to make impulsive 
decisions to join perceived lucrative trends without doing proper research. For example, seeing 
reports of individuals making significant profits from a new cryptocurrency can prompt other 
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investors to rush into it, often without understanding the underlying risks. This behaviour can 
lead to investments in over-hyped assets that may not be fundamentally sound (Güngör et al., 
2022). The rise in popularity of certain meme coins and their subsequent crash illustrate how 
FOMO driven by social media can lead to significant financial losses for uninformed investors 
(Friederich et al., 2023). 
Overconfidence is also common in social media environments, with social media creating echo 
chambers that reinforce investors' belief in their knowledge and decision-making abilities. 
Constant validation from social media groups, for example, can lead investors to overestimate 
their understanding of market dynamics, leading them to make riskier investments without 
adequate risk assessment. This overconfidence can lead investors to overlook the need for 
thorough research and proper risk management, which can lead to significant financial losses 
(Ausat, 2023). 
Understanding these behavioral trends is essential for identifying and mitigating biases, thereby 
improving investment decision-making. By recognizing the key biases that shape investment 
behavior in the context of social media interaction, investors can make more rational and 
informed decisions. By being aware of these biases, investors can implement strategies to 
counter them, such as seeking different opinions, conducting thorough research and maintaining 
a long-term perspective. 
2.6 Research hypothesis 
The theoretical framework presented above explained the concepts of social media exposure, 
investment decisions, tie strength and financial influencers. The framework suggests that social 
media exposure may influence individuals' investment decisions in financial markets. Besides 
that, it is possible that the relationship between social media exposure and investment decisions 
is impacted by the variables of tie strength and financial influencers. Therefore, the primary 
objective of this study is to examine the influence of social media exposure on investment 
decisions and whether tie strength and financial influencers are moderators in this relationship. 
Based on this assumption, the following hypotheses are formulated: 
H0a: Social media exposure has no perceived impact on investors own investors' decisions.  
H1a: Social media exposure has a significant positive perceived impact on investors own 
investors' decisions. 
H0b: Social media exposure has no perceived impact on others investors investment decisions.  
H1b: Social media exposure has a significant positive perceived impact on others investors 
investment decisions 
 
H0a: The perceived impact between social media exposure and investors own investor’s 
decisions is not moderated by tie strength  
H2a: The perceived impact between social media exposure and investors own investor’s 
decisions is moderated by tie strength 
H0b: The perceived impact between social media exposure and others investors investment 
decisions is not moderated by tie strength 
H2b: The perceived impact between social media exposure and others investors investment 
decisions is moderated by tie strength 
 
H0a: The perceived impact between social media exposure and investors own investor’s 
decisions is not moderated by financial influencers 
H3a: The perceived impact between social media exposure and investors own investor’s 
decisions is moderated by financial influencers 
H0b: The perceived impact between social media exposure and others investors investment 
decisions is not moderated by financial influencers 
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H3b: The perceived impact between social media exposure and others investors investment 
decisions is moderated by financial influencers 
These hypotheses are intended to guide empirical research into the connection between social 
media and investor decisions. 
2.7 Conceptual framework 
Considering the independent, dependent, and moderating variables, as well as the hypotheses 
formulated to investigate the impact of social media exposure on investment decisions, the 
following conceptual framework has been developed: 

 
Table 1 Conceptual framework 

2.8 Literature search 
The search for theoretical support in our research included an extensive literature review, 
aiming to find relevant articles to our research topic. This extensive research included several 
important studies that contribute different perspectives to the study. Barberis and Thaler (2003), 
Statman (2014) and Thaler and Ganser (2015) made important contributions to the behavioral 
aspects of investment decisions. These researchers delved into the behavioral traits that may 
influence investment decisions. In parallel, an important contribution was made by a study 
conducted in Malaysia by Ismail et al (2018), which specifically examined the impact of social 
media on investment decisions.  In addition to these studies, the literature review included a 
range of other relevant sources, including academic articles and books. This ensured that a 
comprehensive theorical framework was formed by different perspectives. 
Using databases, including Scopus and ResearchGate, eased the search for relevant articles 
within the scope of the study. Some key concepts of the topic were defined and searched for. 
These concepts covered a wide range, including but not limited to "investment decision", 
"social media” AND “exposure", "social media sentiment", "behavioral finance", "tie strength" 
and "social media influencer". After finding relevant articles while searching for key concepts, 
an additional strategy for seeking worthy information was to search for different citations within 
the paper found. This method, known as citation search, starts by identifying an original article, 
followed by a search for newer articles that were cited by the original article (Linder et al., 
2015). Papaioannou et al., (2010) found citation searches to be an effective addition to 
traditional subject search to provide additional high-quality references. 
The influence of social media on investment decisions, as shown in articles from various 
databases, provides a solid foundation for understanding the concepts explored in this study. 
Moreover, it sheds light on the decisions investors make about their investments. This research 
examines the ways in which information through social media platforms affects investors' 
financial investment choices. 
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3. Research methodology 
In this paragraph, we begin with an explanation of the research methodology that has been 
carefully designed and used in this study. The paragraph outlines key aspects of our research 
methodology. We will discuss sample selection, emphasizing its size. Subsequently, the chosen 
research design will be explained, followed by insights into data collection, literature search, 
survey design and measurements, and data processing. Finally, ethical considerations of the 
survey and study will be addressed. 
3.1 Sample selection 
The sample selection involves a carefully considered process to ensure that the representation 
of participants matches the research objectives. In research, a sample refers to a subset of 
individuals or elements selected from a larger population. Sampling is a crucial methodological 
step that allows researchers to study a smaller group that is representative of the entire 
population, drawing conclusions about the population based on the characteristics of the sample 
(Cohen et al., 2017). The chosen sample includes all individuals who are involved in social 
media platforms. A diverse field of participants in searched for to capture different perspectives 
and behavior, which evidently will contribute to a better understanding of the impact of social 
media exposure on investment decisions.  
3.1.1 Sample size 
During the sample selection process, it is necessary to ensure that the sample size is sufficiently 
large to successfully fulfil the primary purpose of the study, which is to answer the research 
question (Rahman, 2023). Sample size essentially refers to the subset of a population needed to 
ensure that a substantial amount of information is available to draw meaningful conclusions 
(Sekaran & Bougie, 2010). Researchers often struggle with the question of what the right size 
for their research samples is. However, there is no single answer, as the ideal sample size 
depends on the specific objectives of the study and the characteristics of the population being 
studied (Cohen et al., 2017). A larger sample size, all other things being equal, contributes to 
reduced error and higher reliability or precision of survey results. This link with statistical 
power is inherently clear: with more accurate sample results, the probability of identifying 
significancy increases. Conversely, if the sample size is insufficiently small, the probability of 
achieving statistical significance decreases (Cohen, 1988). Various methods exist for 
determining sample size. According to Hair et al., (2019) a sample size of at least 50 is 
recommended for regression analysis, with a preference for 100 or more. Another approach, 
utilized in a study by Suhr (2006), involves the sample-to-item ratio, commonly used for factor 
analysis but other analytical methods as well, including regression analysis. This ratio suggests 
a minimum of 5 respondents per question or statement posed. While some studies advocate for 
a slightly higher ratio, for this study, with 24 questions/statements, a minimum of 120 
respondents would be required. Considering the recommendation for a sample size exceeding 
100, this study targets 150 respondents, to ensure an adequate amount of data for statistical 
testing. The target population for this study consists of Dutch individuals who have some level 
of interest in financial markets and could be exposed to financial content on social media 
platforms. This group includes experienced investors, traders, financial analysts, potential 
investors, students, and others interested in exploring financial opportunities. It is not necessary 
for participants to have prior investment experience, as the study aims to capture a broad range 
of perspectives. Participants are approached via LinkedIn, where the questionnaire has been 
distributed to gather responses. 
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3.1.2 Method 
As said sampling is the process of selecting a sample from a population. The two main types of 
sampling methods are probability sampling and non-probability sampling (Elfil & Negida, 
2017; Shorten & Moorley, 2014). In probability sampling, each sample has an equal chance of 
being selected, ensuring fair representation. Conversely, non-probability sampling methods use 
non-randomized approaches to collect samples, where participants are chosen based on 
accessibility rather than random selection. This study chooses non-probability sampling, using 
convenience sampling and snowball sampling. Convenience sampling involves selecting 
participants based on accessibility, with researchers choosing individuals who are readily 
available. In this method, those closest to them are often selected as respondents (Showkat & 
Parveen, 2017). In the snowball sampling method, participants who are already involved in the 
study actively refer/share the survey to other individuals within their social circles or 
acquaintances. This approach relies on the network created by the initial participants, expanding 
the sample size as the study progresses (Naderifar et al., 2017). 
3.2 Research design 
In this study, the methodology chosen takes the form of a survey. Survey research is the 
collection of information from a sample of individuals by seeking their answers to a series of 
questions (Check & Schutt, 2012, p. 160). Historically, survey research has involved large-
scale, population-based data collection. The primary goal was to quickly obtain information 
about the characteristics of a substantial sample of interesting individuals (Ponto, 2015).  
Survey research allows researchers to study variables scientifically in real-life situations. 
Because surveys often involve people, they help researchers connect with and understand 
relationships between individuals. Put more simply, it allows researchers to examine and learn 
about human behavior in different situations (Akpan & Senam, 2014). Survey research offers 
flexibility in participant recruitment, and data collection (Ponto, 2015). Surveys are not limited 
by geographical boundaries and are cost-effective, making them ideal for in-depth studies with 
minimal resources (Akpan & Senam, 2014). 
When conducting a survey both open-ended as closed-ended can be asked to respondents. 
Open-ended questions allow free expression and offer insights beyond predetermined answers 
They are useful in unfamiliar topics, but require more time and effort, making analysis and 
decision-making more difficult (Salant & Dillman, 1994, pp. 79-81). In contrast, closed-ended 
questions restrict respondents to predetermined answers, with the questions forming sequential 
responses (Reja et al., 2003). In this study, survey research was applied, using mainly closed 
questions structured on a Likert scale. Respondents had to indicate the extent to which they 
agreed (from strongly disagree to strongly agree) with a number of statements related to the 
hypotheses (Joshi et al., 2015). 
This study investigates the influence of social media exposure on investors' decision-making 
process, examining the moderating role of strong ties and financial influencers in this 
relationship. Social media exposure is considered as an independent variable, while investment 
decisions serve as the dependent variable. The dependent variable is measured using two 
different parameters. First, it investigates whether exposure to social media affects the 
investment propensity to invest in specific assets or securities. Second, it examines the influence 
of exposure to social media on the amount of resources invested. Some examples of the 
statements; “I believe, other people can be influenced by the financial information they 
encounter on social media when deciding to invest or not.” or “I am likely to make a decision 
on whether to invest or not based on a recommendation on social media.”. 
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3.3 Data collection 
In survey research, questionnaires and interviews are the most used data collection methods 
(Ponto, 2015). This study will use a self-completed questionnaire, which has both advantages 
and disadvantages. Self-completed questionnaires offer broad coverage within the target 
population, are suitable for sensitive topics and are cost-effective compared to interviews 
(Bowling, 2005; Gwaltney et al., 2008). However, they face quality problems due to lack of 
seriousness or attentiveness among respondents, leading to biased results (Aust et al., 2013; 
Barnette, 1999; Fleischer et al., 2015). Survey fatigue, where respondents lose interest or 
motivation, can further compromise survey accuracy and quality (Brown et al., 2024). 
In addition, the challenges associated with non-response add to the general survey quality 
considerations. Non-response, in which respondents choose not to answer specific questions or 
statements, for whatever reason, hinders obtaining comprehensive data (Kwak & Radler, 2002). 
Surveys with a high degree of item completeness, indicating that respondents answer most, if 
not all, of the questions, are generally considered of higher quality (Schaefer & Dillman, 1998). 
For this study, the self-administered questionnaire was generated using Qualtrics. The 
questionnaire was distributed across various social media platforms, including LinkedIn and 
Instagram, as well as to other individuals within the network. People sharing the questionnaire 
ensured a greater reach among the participants. Upon reaching enough respondents, the 
questionnaire was closed, and the collected data were analyzed using RStudio. 
3.4 Design of the survey and measurements 
As mentioned earlier, this study chose to collect data using a self-administered questionnaire. 
This choice was made to gather valuable insights directly from the participants, allowing them 
to respond independently to a series of statements and questions. The design of the 
questionnaire involved statements and questions borrowed of studies by Luong & Ha (2011) 
and Sarva (2014). 
The questionnaire is structured into four different sections. Firstly, the personal information 
section includes demographic questions aimed at collecting background data of participants. 
Participants are asked about factors such as gender, age, and education level to explore whether 
these variables might influence the relationship between social media exposure and investment 
decisions. In the second section, the focus shifts to examining the influence social media 
exposure in relation to the dependent variable, investment decisions. Here, first, the concept of 
exposure to social media, as formed in the literature review, is explained. Respondents are then 
presented with a series of questions and statements that examine the relationship of this concept 
with investment decisions. The third section focuses on exploring the possible influence of tie 
strength on this relationship. A detailed explanation of the concept of tie strength is introduced 
before a series of questions and statements examining the relationship with social media 
exposure and investment decisions. The last section follows a similar approach, focusing on the 
examination of another potential moderator variable: financial influencers. A structure of the 
questionnaire is displayed below. 
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The statements in this questionnaire are 
measured using Likert Scaling, a 
commonly employed psychometric scale 
in surveys and one of the most prevalent 
measurement tools in research studies. 
When responding to Likert questionnaire 
items, participants indicate their level of 
agreement with specific statements 
(Pimentel, 2010). There was uncertainty 
about whether to use a 5-point Likert 
Scale with a midpoint or a 6-point Likert 
Scale without a midpoint. Questionnaires 
with a midpoint allow respondents to 
express a truly neutral opinion. This 
allows people to neither agree nor 

disagree if they feel uncertain or unsure about the topic. Conversely, questionnaires without a 
midpoint prevent respondents from abusing this option. However, if there is no midpoint, 
respondents are denied the opportunity to take a neutral point of view. As a result, they may 
feel forced to choose a side, which may introduce bias into the data collected (Chyung et al., 
2017). In this questionnaire specifically, the statements were measured with a 5-point Likert 
Scale. This was chosen because it provides enough response options to capture variation in 
attitudes or opinions, while still allowing respondents to express neutrality when unsure about 
a statement. Table 3 gives an overview of the defnition of the variables. 

 
Table 3 Variable definition 

3.5 Data analysis 
The data analysis will be done using RStudio. Initially, the data collected from Qualtrics will 
be imported into RStudio for analysis. After importing the data, a search is performed to identify 
missing values. The values are removed from the dataset to ensure data accuracy. After cleaning 
the data, analysis is performed in two stages. In the first stage, descriptive statistics are used to 
provide an overview of the data. The second stage of analysis uses inferential statistics to 
examine relationships and conclusions about the data. 

Table 2 Questionnaire information 
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3.5.1 Descriptive statistics 
Descriptive statistics are used in summarizing data in a structured manner and can provide first-
ever insights into the relationships between variables within a sample or population. This first 
step in research is important because it lays the foundation for the next step, inferential statistics 
(Yellapu, 2018). In this study, descriptive statistics are used to summarize respondents' personal 
information. This includes, for example, the measurement of frequency, mode, mean of factors 
such as gender and education level. 
3.5.2 Inferential statistics 
Inferential statistics go beyond merely summarizing data, which is the case with descriptive 
statistics. Inferential statistics is concerned with making inferences about entire populations 
based on observations from a small sample. Inferential statistics uses different methodologies 
to assess hypotheses and draw conclusions applicable to a larger population (Gillian, 2007).  
This study uses regression analysis, more specifically, moderated regression analysis in the 
sense of an ordinary least squares (OLS) analysis. This technique is employed to investigate 
whether one or more variables (the independent variable or X) can predict or account for the 
variability in another variable (the dependent variable or Y) (Wooditch et al., 2021). In this 
study, the moderator variables studied are tie strength and financial influencers, which can 
interact with the independent variable to affect the dependent variable. 
3.5.3 Cronbach’s alpha 
In the data analysis process, Cronbach's alpha is used to assess reliability. This metric serves as 
a valuable tool for evaluating the consistency of the questionnaire used in data collection. 
Calculating Cronbach's alpha allows evaluating the reliability of the measurements obtained 
through the questionnaire and ensures that the data accurately represent the constructs being 
studied (Christmann & Van Aelst, 2006). Cronbach’s alpha ranges from zero to one, with higher 
values indicating that response values for each participant across a set of questions are 
consistent (Bujang et al., 2018). A general rule of thumb is that Cronbach's alpha values of 0.7 
or higher indicate acceptable internal consistency  (Taber, 2018). Some researchers argue that 
a Cronbach's alpha exceeding 0.6 can be considered acceptable (Shelby, 2011).  In this study, 
our goal is to achieve a Cronbach’s alpha value that is as high as possible, ideally surpassing 
the 0.7 but certainly not falling below 0.6, considering questions that measure the same variable.  
3.6 Ethics 
Ethical considerations are fundamental in any research, even if it involves collecting data 
through questionnaires. Questionnaires are valuable tools for collecting information, but they 
also pose ethical issues that researchers must deal with carefully. A study by Roberts and Allen  
(2015) and Ng (2006) listed some ethical issues that arise within the use of online 
questionnaires. 
3.6.1 Informed voluntary consent 
Informed consent is a crucial part of ethical and legal requirements for research involving 
human participants. It involves providing participants with information about the study so that 
they can make an informed decision about their involvement. After reviewing all relevant 
details of the study, participants voluntarily indicate their willingness to participate (Nijhawan 
et al., 2013). In this study, the ethical issue of informed consent is addressed by giving 
participants information about the study before they start the questionnaire. In addition, 
emphasis is placed on the voluntary nature of participation, allowing individuals to freely decide 
whether to participate or not. 
3.6.2 Privacy, anonymity, and confidentiality 
Privacy, anonymity, and confidentiality are essential ethical issues in online survey research. It 
is essential to limit any invasion of participants' privacy, anonymity and confidentiality at all 
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stages of the survey (Roberts & Allen, 2015). Insufficient measures to ensure privacy, 
anonymity, and confidentiality by a researcher may not only cause harm to participants, but 
also affect the overall credibility of research findings (Kang & Hwang, 2023). This study 
addresses the ethical issues of privacy, anonymity, and confidentiality by taking measures to 
protect participants' personal information. These measures include maintaining strict 
confidentiality and anonymizing all data collected. Identifying details (names) are not required, 
ensuring participants' privacy throughout the study.  
3.6.3 Conflicts of interest 
A conflict of interest occurs when researchers have undisclosed interests that could influence 
their publication decisions. These conflicts include personal, commercial, political, academic, 
or financial interests. Financial interests in this case, may involve employment, or research 
funding (Ng, 2006). This study is being conducted as part of the master’s program in Business 
Administration. There are no financial gains or conflicts of interest associated with academic 
pursuits or any other form of conflict in this study. Consequently, there is no internal or external 
influence on the analysis of the results. 
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Table 4 Age + Gender 

4. Empirical findings 
In this paragraph, the empirical findings of the study are presented. In the first part of the results, 
descriptive statistics are presented to give a general summary of the data. The second part 
consists of inferential statistics to examine relationships and draw conclusions from the data. 
The questionnaire results are primarily displayed in tables and charts, while statistical tests 
determine whether research hypotheses are rejected or accepted. 
4.1 Descriptive statistics 
 Initially, there were 175 respondents for the questionnaire. After filtering out those who did 
not fully agree to the terms of the survey (1 individual) and those who did not complete the 
survey (32 individuals), we were left with a sample of 142 respondents. The largest age group 
consisted of those aged between 18 and 25 years, a total of 44 respondents. The second largest 
age group consisted of persons between 26 and 35 years, with 31 respondents. This was 
followed by 28 respondents in the 46-55 age group, making it the third-largest group. The 
fourth-largest group consisted of people over 55, with 23 responses. The smallest groups 
consisted of persons aged 36-45, with 16 responses. Among the 142 respondents, 87 identified 
as male, 52 identified as female, 2 chose not to disclose their gender, and 1 identified as a third 
gender. All of which can be seen in the graphs of table 2.  

 

Among all respondents, 9 reported being 
unemployed, while 43 were employed 
part-time and 90 were employed full-
time. In terms of their highest education 
levels: 7 respondents held a Ph.D. or 
higher degree, 33 respondents completed 
a master’s degree, 74 respondents had a 
bachelor’s degree as their highest 
educational attainment, 18 respondents 
had a high school diploma or lower as 
their highest form of education, and 10 
respondents indicated something else as 
their highest level of education. These 
details are visible in table 3. 

 
 
 
 
 

Table 5 Employment status + Education level 
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Table 6 Financial courses + Investment experience 

Out of all respondents, exactly half of them, or 71 individuals, took financial courses either 
during school or for work, while the remaining 71 did not. It's important to note that lack of 
financial course-taking doesn't necessarily imply a lack of investment experience. Among the 
respondents, 40 had no investment experience, 12 had less than 1 year of experience, 45 had 1-
3 years of experience, 16 had 3-5 years of experience, and 21 had over 10 years of experience. 
The above information is visible in table 4.  
The above text mentioned that of the 142 respondents surveyed, 40 indicated that they had no 
experience in investing, leaving 102 respondents who already had some experience in investing. 
As indicated in the table above, the investment preferences of the respondents vary. Most 
respondents, a total of 73, invest in stocks. In addition, 45 respondents invest in 
cryptocurrencies, 35 in index funds, 19 in mutual funds, 15 in exchange-traded funds and 12 in 
bonds. In addition to the predefined choices, respondents had the option to specify other 
investment options. 3 respondents mentioned investing in real estate, 1 in crowdfunding and 1 
in an investment management funds. It is important to note that respondents had the flexibility 
to select multiple investment options.  

 
 

Table 7 Where do people invest in? 
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The questionnaire asked for insights into respondents' exposure to financial information through 
various social media platforms. Out of all social media platforms, LinkedIn emerged as the 
platform where respondents came across financial information the most. Twitter/X emerged as 
the second most influential platform, with 46 respondents being exposed to financial 
information on here.  
Instagram, Facebook, TikTok, Reddit, YouTube, financial forums, and Telegram where the 
other social media platforms where respondents encountered financial information. More 
specifically, 28 respondents reported being exposed to financial information on Instagram, with 
this being the case for 26 respondents on Facebook. TikTok, although less featured in this 
context, was the platform where 6 respondents encountered financial information. Reddit and 
YouTube were also mentioned by 5 and 4 respondents respectively as platforms where they 
came across financial information. This was the case for financial-related forums for 2 
respondents and Telegram was the social media platform for 1 respondent. 

 
 

 
Table 9 Descriptive statistics IV and DVs 

The table above shows the mean, median, standard deviation, minimum and maximum for the 
independent and dependent variables. All values were measured on a 5-point Likert scale, with 
1 being the lowest and 5 the highest. The mean exposure to financial information is 3.049, 
indicating that people on average occasionally encounter financial information on social media. 
The propensity variables have averages of 2.908 and 4.254, suggesting that people generally 
neither agree nor disagree that they are personally influenced by financial information on social 

Table 8 Where are people exposed to financial information 



 26 

media, but do believe that others are. This pattern is similar for the resource variables. The 
standard deviations are about 1, indicating that values tend to be about 1 point above or below 
the mean. The minimum value is 1 for all variables except SM_O_Resources_numeric, which 
has a minimum of 2. This means that no respondent strongly disagrees that others have more 
incentive to invest resources when exposed to financial information on social media. The 
maximum value for all variables is 5, indicating that they strongly agree with the statements. 
 
4.1 Inferential statistics 
In the inferential statistics paragraph, ordinary least squares (OLS) regression analysis is 
conducted. This analysis first examines the relationship between exposure to financial 
information on social media and its influence on investment decisions, particularly investment 
propensity and allocation of more resources to assets. This initial relationship is controlled for 
age and investment experience. Next, the analysis examines the possible moderating effect of 
tie strength on this relationship. Finally, it examines the possible moderating effect of financial 
influencers. The analysis can be split into four parts for each relationship being tested.  
At the beginning, it is tested is whether being exposed to financial information on social media 
affects whether people are more incentivized to buy a certain asset or not personally. 
Afterwards, it examines whether individuals believe that others' willingness to invest is 
influenced by exposure to financial information on social media. Then, the analysis examines 
whether individuals personally allocate more resources to certain assets when being more 
exposed to financial information on social media. Finally, it examines whether individuals think 
others allocate more resources to certain assets when being more exposed to financial 
information on social media.  
This analysis is based on respondents answers to specific statements in the questionnaire. The 
independent variable, the frequency of exposure to financial information on social media, was 
measured on a scale of 1 (never) to 5 (very frequently). For the dependent variables, respondents 
answered four different statements designed to assess different aspects of investment behaviour. 
The first analysis examines whether financial information on social media platforms affects 
respondents willingness to invest. Respondents were asked to rate the extent to which their 
personal investment propensity depends on financial information from social media, ranging 
from 1 (strongly disagree) to 5 (strongly agree). A similar approach was used to measure 
regarding the amount of resources they are willing to invest and whether this is influenced by 
the financial content they are exposed to online. Respondents were also asked whether they 
think others are influenced by financial information on social media and whether this perception 
affects their investment propensity and the amount they are willing to invest, rated on the same 
scale from 1 to 5. 
For the moderator variable tie strength, respondents indicated whether their willingness to 
invest or invest more resources is influenced by their level of connection with a person posting 
financial-related content on social media, with the same scale from 1 to 5. Respondents 
indicated whether they were willing to invest more resources by their tie strength with a person 
posting financially related content on social media. Finally, for the moderator variable related 
to financial influencers, respondents were asked whether their willingness to invest or invest 
more depends on financial information shared on social media by a financial influencer, such 
as Elon Musk, again rated on a scale of 1 (strongly disagree) to 5 (strongly agree). 
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The table on the left shows a regression analysis 
examining the influence of exposure to financial 
information on social media on individuals own 
investment decisions (propensity). The 
intercept, which represents the value of the 
dependent variable when all independent 
variables are zero, is 2.04218 and highly 
significant with a p-value of less than 0.001. The 
coefficient for financial information on social 
media reflects the change peoples willingness to 
invest when individuals are more exposed to 
financial information on social media, estimated 
at 0.24724. Meaning that for every unit increase 
people’s willingness to invest increases by 
0.24724 This coefficient is highly significant 
with a p-value of 0.008, indicating a significant 

impact on investment propensity. The variable age is included in the analysis as a control 
variable, with a coefficient estimated at -0.17256. This suggests that for every one-unit increase 
in age, there is a decrease of 0.17256, meaning that whenever people get older there willingness 
to invest declines when exposed to social media.. Age is also significant with a p-value of 
0.01643, indicating its influence on investment propensity. Investment experience, another 
controlled variable, has a coefficient of 0.11379, meaning that people with more investment 
experience are more tented to invest. With a p-value of 0.04142, this control variable is 
significant, suggesting that investment experience may have a significant influence on 
investment propensity in this analysis. 
The table to the right illustrates a regression 
analysis that examines whether individuals 
perceive that exposure to financial information 
affects others investors investment decisions 
(propensity). The intercept coefficient in this 
analysis is 3.701232, which is higher than what 
was observed in the person-level analysis and is 
highly significant. This indicates that when all 
independent variables are zero, the value of this 
dependent variable is almost twice as large as in 
the previous analysis. Thus, respondents believe 
that exposure to financial information has a 
greater perceived impact on others' willingness 
to invest than their own. The coefficient for 
financial information on social media in this 
context is 0.20555, slightly lower than the 
coefficient at the person level, but still significant with a p-value of 0.00426. The slight decrease 
in coefficient suggests that the perceived impact of financial information on others' investment 
decisions is slightly smaller than the perceived impact on their own investment decisions. The 
coefficients for the control variables, age, and investment experience, are -0.04189 and 0.01254, 
respectively. With p-values of 0.42552 and 0.77510, neither control variable has a significant 
effect on investment propensity in this analysis. Overall, these findings imply that individuals 
perceive others as more influenced by financial information on social media than they perceive 
themselves to be in terms of propensity. 

Table 10 Financial information on SM - Investment 
propensity (Personally) 

Variables Coefficient SE Significance 

Investment 
propensity 
(intercept) 

2.04218 0.48534 <0.001*** 

Financial 
information 

on SM 
0.24724 0.09284 0.00866** 

Age (CV) -0.17256 0.07105 0.01643* 

Investment 
experience 

(CV) 
0.11379 0.05528 0.04142* 

Table 11 Financial information on SM - Investment 
propensity (Other) 

Variables Coefficient SE Significance 

Investment 
propensity 
(intercept) 

3.70123 0.28650 <0.001*** 

Financial 
information 

on SM 
0.20555 0.07072 0.00426** 

Age (CV) -0.04189 0.05241 0.42552 

Investment 
experience 

(CV) 
0.01254 0.04379 0.77510 
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In the table on the left, the regression analysis 
examines whether exposure to financial 
information on social media affects individuals' 
own investment decisions (specifically, the 
amount of resources they invest). The intercept 
of the dependent variable is estimated at 
1.441988 and found to be significant with a p-
value of 0.00626. The coefficient for the 
independent variable, exposure to financial 
information on social media, is 0.279118. This 
means that each unit increase in financial 
information on social media corresponds to a 
change of 0.279118 in people’s own willingness 
to invest more resources. Moreover, the 
independent variable is also significant with a p-
value of 0.00568. In this regression analysis, the 

control variables, age, and investment experience, have coefficients of -0.003363 and 0.036219, 
respectively. Their respective p-values of 0.96478 and 0.54133 indicate that neither control 
variable in this analysis has a significant effect on investing more resources. 
 
The table to the right shows a regression analysis 
that examines whether individuals perceive that 
exposure to financial information influences 
others investors investment decisions 
(specifically, the amount of resources people 
invest). The intercept of the dependent variable 
is estimated at 3.66685 and found to be highly 
significant with a p-value of less than 0.001. 
However, the coefficient for the independent 
variable, financial information on social media, 
is estimated at 0.05497 with a p-value of 0.4295, 
indicating that it is not significant. This suggests 
that individuals do not believe that exposure to 
financial information on social media 
significantly influences the investment decisions 
of others, in terms of the amount of resources 
they invest. The estimated coefficients of the control variables age and investment experience 
are -0.04440 and 0.08650, respectively. While the control variable age is not significant with a 
p-value of 0.4044, the control variable investment experience is significant with a p-value of 
0.0381. This indicates that investment experience has a significant effect on individuals 
investing more resources. In general, individuals recognize the influence of financial 
information on social media on their own investment decisions, but do not believe it has a 
significant influence on the decisions of others. Moreover, investment experience does not 
affect the size of investors' own investments, but it does affect the size of other investors' 
investments. 
 
 
 
 

Table 12 Financial information on SM - Investment 
resources (Personally) 

Variables Coefficient SE Significance 

Investment 
resources 
(intercept) 

1.441988 0.519335 0.00626** 

Financial 
information 

on SM 
0.279118 0.099343 0.00568** 

Age (CV) -0.003363 0.076021 0.96478 

Investment 
experience 

(CV) 
0.036219 0.059151 0.54133 

Variables Coefficient SE Significance 

Investment 
resources 
(intercept) 

3.66685 0.36269 <0.001*** 

Financial 
information 

on SM 
0.05497 0.06938 0.4295 

Age (CV) -0.04440 0.05309 0.4044 

Investment 
experience 

(CV) 
0.08650 0.04131 0.0381* 

Table 13 Financial information on SM - Investment 
resources (Other) 
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A separate moderated regression analysis was 
conducted for the potential moderator’s tie 
strength and financial influencers. The results of 
this regression analysis are shown in the table to 
the right. The relationship tested was the original 
relationship between exposure to financial 
information on social media and its influence on 
investors own investment decisions 
(propensity), moderated by tie strength. The 
intercept of the dependent variable was 
measured at 1.56395 and is significant with a p-
value of 0.0297. The coefficients for both 
financial information on social media and tie 
strength are 0.12428 and 0.30996, respectively, 
but neither is statistically significant. The 
control variable age is significant with a p-value 
of 0.0130, indicating a negative effect on the 
dependent variable. The control variable 
investment experience is not significant, with a 
p-value of 0.0970. The moderated relationship 
in this analysis, indicated by the interaction 
term, is not significant with a p-value of 0.8214, suggesting no significant effect on the 
relationship between financial information on social media and investment propensity. 
 
 

As we saw in all previous analyses, a distinction 
was made between the effect on investors own 
investment decisions and the perception that 
individuals have it can influence the investment 
decisions of others. The same approach is 
applied in the table on the left, where a 
regression analysis is conducted from the 
perspective that individuals have it can influence 
others. In this analysis, the intercept is highly 
significant with a p-value of less than 0.001 and 
has a coefficient of 4.48093. Neither financial 
information on social media nor tie strength 
show significance as both p-values are higher 
than 0.05. The same is true for the control 
variables. The moderated relationship in this 
analysis is not significant, with a p-value of 
0.0639, suggesting that it has no significant 
effect on the relationship between financial 
information on social media and willingness to 
invest. Interestingly, the p-value for this analysis 

is much lower than that of the previous analysis (0.0639 vs. 0.8212), suggesting that 
significance is getting closer in this context, although the threshold of 0.05 is still not reached.  
  

Variables Coefficient SE Significance 

Investment 
propensity 
(intercept) 

1.56395 0.71195 0.0297* 

Financial 
information 

on SM 
0.12428 0.20890 0.5529 

Tie strength 0.30996 0.18573 0.0974 

Age (CV) -0.16514 0.06558 0.0130* 

Investment 
experience 

(CV) 
0.09105 0.05448 0.0970 

Financial * 
TS 0.01356 0.05995 0.8214 

Table 14 Financial information on SM - Investment 
propensity moderated by tie strength (Personally) 

Variables Coefficient SE Significance 

Investment 
propensity 
(intercept) 

4.48093 0.64938 <0.001*** 

Financial 
information 

on SM 
-0.10614 0.16130 0.5116 

Tie strength -0.32678 0.20194 0.1079 

Age (CV) -0.05147 0.05471 0.3485 

Investment 
experience 

(CV) 
0.04745 0.04293 0.2710 

Financial * 
TS 0.09379 0.05020 0.0639 

Table 15 Financial information on SM - Investment 
propensity moderated by tie strength (Other) 
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The moderated analysis conducted for 
investment propensity was similarly applied to 
investment decisions, examining the amount of 
resources investors are willing to invest 
themselves, as shown in the table at left. In this 
analysis, the intercept has a coefficient of 
1.59611 and a p-value of 0.0157, indicating 
statistical significance. However, for all other 
variables, including the control variables and the 
interaction term, no significance was found. 
This suggests that none of the other variables has 
a significant effect on the dependent variable.  
 
 
 
 

As done previously, the same analysis was 
conducted for the relationship between exposure 
to financial information on social media and the 
amount of resources people think others are 
willing to invest, moderated by tie strength. 
Interestingly, the results of this analysis showed 
that many variables were significant, unlike in 
the previous analysis where only the intercept 
was significant. Consistent with all other 
analyses conducted, the coefficient for the 
intercept is much higher in this case, indicating 
the belief that individuals believe others are 
more likely to invest more resources or are more 
willing to invest than themselves. The intercept 
coefficient here is 4.82340 and is highly 
significant with a p-value of less than 0.001. 
Both financial information on social media and 
tie strength separately has a negative effect on the dependent variable. The p-values for these 
variables are 0.01203 and 0.02078, respectively, indicating that both have a significant negative 
effect on the dependent variable. The control variable age is not significant, indicating that it 
has no significant effect on the dependent variable. The control variable investment experience 
is significant, however, with a p-value of 0.00693, indicating that it has a positive effect of 
0.11083 on the dependent variable. While the interaction term was not significant in previous 
analyses, it is significant in this analysis, with a p-value of 0.00317. This indicates that tie 
strength moderates the relationship between exposure to social media and the dependent 
variable, suggesting that the negative effect of exposure to financial information on social media 
is weaker when tie strength is higher. 
 
 
 

Variables Coefficient SE Significance 

Investment 
resources 
(intercept) 

1.59611 0.65222 0.0157* 

Financial 
information 

on SM 
-0.01511 0.19445 0.9382 

Tie strength 0.28282 0.19489 0.1490 

Age (CV) -0.04832 0.07050 0.4943 

Investment 
experience 

(CV) 
0.04707 0.05878 0.4247 

Financial * 
TS 0.02524 0.06317 0.6901 

Variables Coefficient SE Significance 

Investment 
resources 
(intercept) 

4.82340 0.54410 <0.001*** 

Financial 
information 

on SM 
-0.34886 0.13705 0.01203* 

Tie strength -0.45592 0.19491 0.02078* 

Age (CV) -0.05221 0.05137 0.31134 

Investment 
experience 

(CV) 
0.11083 0.04042 0.00693** 

Financial * 
TS 0.14106 0.04695 0.00317** 

Table 16 Financial information on SM - Investment 
resources moderated by tie strength (Other) 

Table 17 Financial information on SM - Investment 
resources moderated by tie strength (Personally) 
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The table on the right tested the relationship 
between exposure to financial information on 
social media and its influence on investors own 
investment decisions (propensity) moderated by 
financial influencers. The intercept is significant 
with a p-value of 0.0139 and has a coefficient of 
1.49432. The coefficient for financial 
information on social media is 0.21129; 
however, the p-value of 0.2245 indicates that it 
has no significant influence on the dependent 
variable. In contrast, financial influencers have 
a significant positive effect on the dependent 
variable, with a coefficient of 0.58270 and a p-
value of 0.01. Both control variables are also 
significant: age has a negative effect on the 
dependent variable with a coefficient of -
0.15663 and a p-value of 0.0181,  
while investment experience has a positive 
influence with a coefficient of 0.12034 and a p-
value of 0.0269. The interaction term between 
exposure to financial information and financial 
influencers is not significant, with a p-value of 0.3033, indicating that it has no significant 
influence on the relationship between exposure to financial information and personal 
investment propensity. 

The table on the left retests the same 
relationship, but with investors perceptions that 
they can influence others rather than themselves. 
The coefficient of the intercept is 3.659323, 
which is again higher than the intercept at the 
personal level. The p-value of the intercept is 
also highly significant with a value less than 
0.001, indicating that when all other variables 
remain constant, this represents the value of the 
dependent variable. For all other variables, 
including the independent variables, the control 
variables, and the interaction term, the p-value 
has a value above 0.05, indicating that they have 
no significant effect on the dependent variable. 
  

Variables Coefficient SE Significance 

Investment 
propensity 
(intercept) 

1.49432 0.59967 0.0139* 

Financial 
information 

on SM 
0.21129 0.17316 0.2245 

Financial 
influencers 0.58270 0.22315 0.0100* 

Age (CV) -0.15663 0.06544 0.0181* 

Investment 
experience 

(CV) 
0.12034 0.05380 0.0269* 

Financial * 
TS -0.06838 0.06618 0.3033 

Table 18 Financial information on SM - Investment 
propensity moderated by financial influencers (Personally) 

Variables Coefficient SE Significance 

Investment 
propensity 
(intercept) 

3.659323 0.561320 <0.001*** 

Financial 
information 

on SM 
0.160645 0.130798 0.221 

Financial 
influencers -0.051822 0.245169 0.833 

Age (CV) -0.042702 0.056751 0.453 

Investment 
experience 

(CV) 
0.034777 0.042936 0.419 

Financial * 
TS 0.008593 0.057227 0.881 

Table 19 Financial information on SM - Investment 
propensity moderated by financial influencers (Other) 
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The last relationship tested is that between 
exposure to financial information on social 
media and the amount of resources investors 
themselves are willing to invest, moderated by 
financial influencer. In this analysis, the 
intercept is significant, with a p-value of 0.0306 
and a coefficient of 1.451495. No significance 
was found for all other variables, including the 
interaction term. This means that exposure to 
financial information on social media and the 
moderation effect of financial influencers do not 
significantly affect the amount of resources 
people are willing to invest personally.  
 
 
 
 
 
 

The results in the table on the left represent 
individuals' perspectives on how exposure to 
financial information on social media platforms 
might influence the amount of resources others 
are willing to invest, moderated by financial 
influencers. Again, the dependent variable 
represented by the intercept shows a remarkably 
high coefficient of 4.30283 compared to the 
previous analysis. Moreover, the intercept is 
highly significant, as evidenced by the p-value 
being less than 0.001. For all other variables 
except the control variable investment 
experience, no significance was found, 
indicating no significant effect on the dependent 
variable. However, the control variable 
investment experience was significant, with a p-
value of 0.0382, suggesting that each one unit 
increase in investment experience results in a 
0.08619 increase in the dependent variable. 

Interestingly, as noted earlier, the p-values of this analysis are significantly different from the 
previous one (0.0947 vs. 0.8747). 
  

Variables Coefficient SE Significance 

Investment 
resources 
(intercept) 

1.451495 0.664322 0.0306* 

Financial 
information 

on SM 
0.044570 0.192289 0.8171 

Financial 
influencers 0.474240 0.256969 0.0671 

Age (CV) -0.008899 0.070944 0.9004 

Investment 
experience 

(CV) 
0.052874 0.058115 0.3645 

Financial * 
TS -0.01267 0.078258 0.8747 

Table 20 Financial information on SM - Investment 
resources moderated by financial influencers (Personally) Variables Coefficient SE Significance 

Investment 
resources 
(intercept) 

4.30283 0.54459 <0.001*** 

Financial 
information 

on SM 
-0.12115 0.12509 0.3345 

Financial 
influencers -0.38805 0.24462 0.1150 

Age (CV) -0.03100 0.05424 0.5686 

Investment 
experience 

(CV) 
0.08619 0.04118 0.0382* 

Financial * 
TS 0.09759 0.05799 0.0947 

Table 21 Financial information on SM - Investment 
resources moderated by financial influencers (Other) 
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When using the ordinary least squares (OLS) regression method, several assumptions must be 
satisfied for the results to be valid. These assumptions include linearity, multivariate normality, 

sample size, and no multicollinearity. 
The assumption of linearity requires the 
model to have a linear relationship 
between the independent variables and 
the dependent variable. If this 
assumption is violated, the model is 
incorrectly specified. In this study, we 
confirmed that the relationships in the 
model satisfy the linearity assumption. 
This can be visualized in the scatterplot, 
which explains the relationship 
between exposure to financial 
information and individuals' 
willingness to invest. Interestingly, 
only four values have no residuals in the 
scatterplot (Burton, 2021). 
  
 

Multivariate normality is another crucial 
assumption, which states that the residuals 
(differences between observed and predicted 
values) must be normally distributed. This is 
often visualized using a Q-Q plot, where 
normally distributed data points fall along a 
45-degree reference line. For all relationships 
tested, including the effect of exposure to 
financial information on individuals' 
willingness to invest, there was univariate 
normality of the data (Burton, 2021). Also a 
sufficiently large sample size is needed to 
ensure reliable estimates and valid results.  
 
Our study provides a sample size large 
enough to meet this requirement. 
 
No multicollinearity means that the independent variables should not be too highly correlated. 
This is assessed using Variance Inflation Factors (VIF), where values below 5 indicate no 
multicollinearity problems. This study uses only one independent variable (exposure to 
financial information), we also have two control variables (age and investment experience). 
Testing the VIF for these control variables is relevant because high mutual multicollinearity 
can still affect the stability and interpretability of the regression coefficients. In this study, the 
VIF values are slightly above 1, indicating that multicollinearity is not an issue (Burton, 2021).   

Table 24 VIF values 

 

Table 22 Scatterplot - Exposure financial information - Investment 
propensity 

Table 23 Q-Q plot - Exposure financial information - 
Investment propensity 
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5. Analysis and discussion 
This paragraph aims to discuss and analyze the empirical findings of the study on social media 
exposure on investment decisions presented in the text previous paragraph. There will be shed 
light on whether the hypotheses are supported or rejected. Afterwards practical and theorical 
implications are made based on the findings and resulting in answering the research question 
of this paper, namely, how does exposure to social media influence individuals' investment 
decisions? 
5.1 General discussion 
The main aim of this study is to establish whether there is a relationship between social media 
exposure and investment decisions in the sense of investment propensity and whether they 
invest more resources to certain assets. In addition to that, this study tests whether tie strength 
and financial influencers are moderators on this relationship. This study also aims to investigate 
whether there is a difference between the perspective social media exposure has on their own 
investment decisions and it has on others investment decisions. In the main relationship the 
hypotheses were tested whether the was a relation between the exposure of financial 
information on social media platforms and investment propensity and the allocation of 
resources on yourself and on others.  
In all analysis, a  clear tendency was seen. Namely, investors believe others are more influenced 
by financial information posted on social media than themselves. As a result they perceive 
others as more inclined to invest and allocate greater resources into assets than they would 
personally.. This is known as the phenomenon “third person effect” (Tsay-Vogel, 2020). The 
results of this study in this context align with other studies. For instance with the study of Laskin 
(2018), where he found that respondents believed that respondents social media articles had a 
much stronger influence on others than on themselves (Laskin, 2018). 
The first hypothesis (H1a), a higher level of exposure to social media positively influences 
personal investment decisions, suggests that a higher level of exposure to social media 
influences whether you as a person are willing to invest in an asset or not and whether you are 
willing to invest more resources into certain assets because of being exposed more. The results 
of the linear regression analysis showed a positive significant relation between social media 
exposure and investment propensity (C = 0.24724, P = 0.008**) and investment resources (C 
= 0.27912, P = 0.005**). These results align with other research, such as the findings of Khadka 
and Chapagain (2023), who also demonstrated that social media exposure positively impacts 
investment decisions in the Nepali stock market. Also, the findings are consistent with Ismail 
et al. (2018), where a study of 100 Malaysian investors revealed significant positive 
relationships between social media exposure and individual investment decisions. 
The second hypothesis (H1b) tests the same relationship, but then not if you as a person yourself 
are prone to being more exposed, but whether you think if other people are prone to more social 
media exposure and so they are more likely to invest or to invest more resources. The results of 
this linear regression analysis showed a positive significant relationship between social media 
exposure and investment propensity (C = 0.20555, P = 0.004**), but didn’t show a significant 
relationship on investment resources (C = 0.05497, P = 0,430).  These results align with 
research of Khatik et al., (2021), who observed a significant relationship between social media 
exposure and investment decisions. They noted that as the volume of investment-related 
information on social media increases, there is an increased likelihood of making investments 
on the financial market.  
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The study examined whether tie strength moderates the impact of social media on investment 
decisions. The third hypothesis (H2a), being this test on a personal level, suggests that a person 
who you know closely posting something on social media in terms of financial information 
affects your personal investment propensity and investment resources. Results indicated a 
positive but insignificant moderation effect on both investment propensity (C = 0.01356, P = 
0.821) and resources (C = 0.0254, P = 0.690). The fourth hypothesis (H2b), tests whether tie 
strength moderates the relationship between social media exposure and investment decisions of 
others. showing a positive but insignificant moderation effect on investment propensity (C = 
0.09379, P = 0.064), yet a significant effect on investment resources (C = 0.14106, P = 0.003**).  
The study found no significant evidence supporting tie strength moderating the influence of 
social media on investors own investment decisions. This contrasts with Samuel-Azran & Hayat 
(2019), who found that tie strength mediates perceptions of credibility and the likelihood of 
seeking more information in the context of sharing news. While their study found that stronger 
ties increased perceived credibility, the results in this study suggest that in investment decisions, 
tie strength does not significantly influence the impact of social media exposure. 
However, the findings of this study partially support the idea that investors believe other 
investors may increase their investments when influenced by well-known individuals posting 
investment-related content on social media. As no previous research has specifically examined 
this context, this study offers new insights into how social media influences financial decision-
making. Future research could further explore and validate these findings for different 
demographic groups. 
 
The study tested if financial influencers moderate the relationship between social media 
exposure and investment decisions. The fifth hypothesis (H3a), testing this effect on personal 
level, suggests that financial influencers posting something on social media affect your own 
investment propensity and investment resources. Results indicated a negative but insignificant 
moderation effect on both propensity (C = -0.06838, P = 0.303) and resources (C = -0.01267, 
P = 0.8747). The sixth hypothesis (H3b), tests whether financial influencers moderate the 
relationship between social media exposure and investment decisions of others showing a 
positive but insignificant moderation effect on propensity (C = 0.00859, P = 0.881) and a 
insignificant effect on resources (C = 0.09759, P = 0.094).  Overall, no support was found for 
hypotheses 3a and 3b, suggesting financial influencers do not moderate the relationship 
between social media exposure and personal investment decisions, nor do they significantly 
influence other investors' decisions to invest or increase investment amounts. Lenart Ante 
(2018) demonstrated that financial influencers, such as Elon Musk, significantly influence 
investment decisions through their social media presence. Specifically, Ante found that 
individual’s willingness to invest increased significantly following Musk's tweets, suggesting 
that financial influencers significantly influence the relationship between social media and 
investment decisions. This contrasts with the findings of the present study. Another 
contradiction arises in Baviskar's (2024) study, which underscores the significant influence 
financial influencers on social media have on investment decisions. In his study, Baviskar 
(2024) emphasizes that finfluencers significantly influence investment decisions. However, 
respondents attributed varying levels of credibility to the advice of finfluencers on social media 
and still followed their advice on these platforms. This suggests that, while credibility is 
important, other factors such as relatability and persuasiveness also play a role in shaping 
individuals' decisions. 
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5.2 Practical implications 
Results show that exposure to financial information on social media significantly influences 
individuals' investment decisions. This relates both to the individual's choice whether to invest 
in an asset, but also the amount of its allocation. This ensures that continued attention should 
be paid to investor education initiatives aimed at providing investors with knowledge and tools 
to ensure the reliability and credibility of financial information on social media platforms. These 
initiatives could ensure that investors are able to make better-informed decisions and mitigate 
risks associated with misinformation and biased content found on social media platforms. These 
initiatives could, for instance, take the form of educational campaigns aimed at raising 
awareness of potential dangers of blindly following financial advice on social media platforms. 
Also, the recognition that increased exposure can correlate with increased investment 
propensity and resource allocation underlines the importance of enabling individuals to make 
informed investment choices based on a well-informed source. 
Given the limited significant moderation effects observed among both variable tie strength and 
financial influencers in the relationship between exposure to financial information on social 
media and investment decisions, investors should be cautious and skeptical. Instead of relying 
solely on the approval of financial influencers and well-known individuals, investors should 
conduct thorough research, assess credibility, and seek different opinions before making 
decisions based on information perceived to be true. This more cautious approach can mitigate 
the risks associated with blindly following recommendations from these individuals and ensure 
alignment with investors' best interests and financial objectives. 
5.3 Theoretical implications 
The results of this research show that the financial information people are exposed to on social 
media platforms affects investors' investment decisions. The findings of this research shed light 
on traditional financial theories, and behavioral finance theories combined with social media 
exposure and investment decisions. Fama (1970) argues that in principle it is assumed that 
investors in the market are rational, and that they make decisions on the information reflected 
in asset prices. However, the observed influence of exposure to financial information on social 
media platforms in results could suggest that investors do not always behave rationally or 
process available information efficiently. This trading behavior would be rational if the news 
on social media platforms is new and factual; otherwise, it would indicate irrational behavior. 
As individuals are exposed to a greater volume of financial information, they are more prone to 
encountering misleading or unverified content. Individuals may rely on rumors or unreported 
information shared on social media platforms without proper due diligence, which can lead to 
irrational decisions.  
The findings overlap with insights from the behavioral finance perspective, where 
psychological and cognitive factors make investor behavior presentable. Building on the work 
of Kahneman and Tversky (1979), who did research in behavioral finance, this study 
demonstrates how social media exposure can trigger cognitive biases and influence investor 
behavior. Behavioral biases such as overconfidence and herd behavior can lead individuals to 
rely on information from social media platform, even if it contradicts rational thinking (Thaler 
& Shefrin, 1988). For example, investors who are more exposed to financial content on social 
media could be more likely to follow recommendations without critically evaluating the 
information due to the large amount of data they have to process. This can lead to herd behavior, 
where individuals replicate the actions of others instead of making independent, rational 
decisions. This research highlights the importance of understanding how exposure to social 
media can worsen these biases and influence investment decisions. 
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The results also show that respondents believe other people are more influenced by the financial 
information they encounter on social media platforms rather than themselves. The results 
specifically show that respondents believe other people are more tempted to invest earlier 
because of the financial information they encounter on social media platforms. Also the results 
show that they believe other investors are willing to invest more resources into certain assets.  
This phenomenon, known as the third-person effect, suggests that individuals believe that other 
individuals are more affected by social media content rather than themselves (Tsay-Vogel, 
2020). The findings align with the study of Laskin (2018). This study researches whether 
respondents estimate that others are more strongly influenced by the media messages than they 
are themselves. The study finds that respondents believed that the influence of social media 
messages they were exposed to is much stronger on other people than on themselves (Laskin, 
2018). 

6. Conclusion 
This paragraph presents the overall conclusions of the study. It recaps the main findings 
regarding the influence of social media on investors' decisions, the results of the moderation 
effects and provides answers to the main- and sub research questions. 
6.1 General conclusion 
The primary objective of this study was to discover whether exposure to financial information 
on social media platforms affects investors' investment decisions. To be even more specific, the 
aim was to find out whether increased exposure to financial information causes individuals to 
be more likely to buy certain assets or invest more resources in that asset, and whether they 
perceive others to be similarly influenced. In addition, the study examined whether tie strength 
and financial influencers moderated this relationship. To investigate these relationships, a 
questionnaire was created using Qualtrics and distributed through various platforms such as 
LinkedIn and Facebook. The data collected were analyzed using RStudio, using both 
descriptive and inferential statistics. The analysis generated results that supported or rejected 
the research hypotheses. 
The first chapter introduced several research questions, starting with the main research 
question: ‘How does exposure to social media influence individuals’ investment decisions?’ To 
answer this question, hypotheses H1a and H1b were tested. Hypothesis H1a was fully 
supported, indicating that individuals who are more exposed to financial information on social 
media are more likely to invest in certain assets and allocate more resources to these 
investments. Hypothesis H1b was partially supported, indicating that although individuals 
believe others are more inclined to invest in certain assets because of increased exposure, they 
do not think others are willing to invest more resources because of the same exposure. 
 
Next, the sub-question, ‘Does tie strength affect the relationship between exposure to social 
media and investment decision-making?’ was answered by testing hypotheses H2a and H2b. 
Hypothesis H2a was not supported and H2b was partially supported. This means that 
individuals do not feel more tempted to buy an asset or invest more resources when a well-
known person posts financial information on social media. However, they do believe that others 
are willing to invest more resources when a well-known person shares financial information, 
indicating that tie strength affects the relationship between social media exposure and 
investment decisions in this context. 
The final sub-question, ‘Do financial influencers influence the relationship between exposure 
to social media and investment decision-making?’ was tested using hypotheses H3a and H3b. 
Both hypotheses were not supported, indicating that financial influencers posting information 
on social media do not influence individuals‘ or others’ propensity to invest or willingness to 
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allocate more resources to an asset. Finally, it was interesting to see that all intercepts (all 
significant), representing the value of the dependent variable when all other variables are zero, 
differed between individuals' perceptions of themselves and their perceptions of others. In all 
cases, the intercept value for individuals' perception of others was significantly higher. This 
indicates that respondents believe that other people are more likely to buy certain assets or 
invest more resources in those assets than themselves. 

7. Quality criteria  
This chapter discusses which quality criteria were taken into account when writing this thesis. 
This is done to ensure the credibility of this research. 
7.1 Reliability, validity, and replicability 
Reliability, validity, and replicability are three crucial aspects of research (Alvarez et al., 2018; 
Sürücü & Maslakci, 2020). Cronbach's alpha assesses reliability in data analysis, ensuring 
questionnaire consistency. It evaluates measurement reliability, ensuring accurate 
representation of studied constructs (Christmann & Van Aelst, 2006).  
In the table to the right Cronbach’s alpha is 
measured. In chapter three the goal was set to 
achieve a Cronbach’s alpha value that is as high 
as possible, ideally surpassing the 0.7 but 
certainly not falling below 0.6. In all the cases it 
is not falling below 0.6 and in two of the three 
instances Cronbach’s alpha is measured to be at 
0.83 and 0.91 which indicate that response values 
for each participant across a set of questions are consistent. For investment decisions, four 
statements were used to measure this variable. For tie strength, which is treated as a fluent 
characteristic based on the 5-point Likert scale, two different statements were used. Similarly, 
two different statements were used to measure the influence of financial influencers. This 
detailed approach ensures each variable accurately captures its intended construct, thereby 
producing reliable and valid results. 
Validity refers to whether the measurement instrument effectively captures the intended 
behavior or quality, and demonstrates its ability to accurately meet its purpose (Sürücü & 
Maslakci, 2020). This study builds on relevant theories and draws inspiration from existing 
research in selecting data collection methods and variables examined. By aligning with 
established frameworks and seeking information from related fields, the study aims to increase 
the robustness and validity of the findings.  
Lastly, replicability refers to the ability of a study's procedures and findings to be replicated by 
other researchers using the same or similar methods and data (Alvarez et al., 2018). To ensure 
the replicability of this study, the methodology as well as all other aspects of the study have 
been thoroughly described. This includes a detailed description of the methodology and 
specifying the constructs used to obtain the data. This allows other researchers to replicate this 
study, including the questionnaire, for their own research. 
  

Variables Cronbach’s alpha 

Investment decisions 0.63 

Tie strength 0.83 

Financial influencers 0.91 

Table 25 Cronbach's alpha 
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Appendix 2. Regression analysis Rstudio results 
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Table 55 Regression analysis #6 
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