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Abstract 
 

This research inves�gates how genera�ve Ar�ficial Intelligence (AI) can be u�lized to enhance 

financial literacy amongst students. This demographic is iden�fied to have lower financial literacy 

compared to other demographics. The past decade has seen substan�al developments with AI and 

how it can successfully replace human-agents. This thesis therefore aims to examine how students 

experience genera�ve AI-content to enhance their financial literacy. The role of personaliza�on (vs. 

non-personaliza�on) on students’ perceived credibility, customer experience and behavioral 

outcomes is examined. Genera�ve AI is very easy to modify and can be easily adapted to fit individual 

students’ needs. Personaliza�on is therefore hypothesized as a promising factor in the se�ng of this 

thesis. 

The findings were analyzed using Par�al Least Square – Structural Equa�on Modelling (PLS-SEM). The 

results revealed that personaliza�on of genera�ve AI-content has a significant influence on the 

behavioral outcomes of the students. Furthermore, this research hypothesized the importance of 

perceived credibility on the customer experience and behavioral outcomes. However, the results 

showed no significant effects of perceived credibility on the constructs measured. These insignificant 

outcomes might be explained by the fact that in informa�on rich environments, people o�en don’t 

have the cogni�ve capacity and �me to systema�cally evaluate the credibility of AI. Different control 

variables have been researched in this thesis, iden�fying significant differences between 

demographics. These insights underline the importance of tailoring genera�ve AI-content to fit a 

person’s needs to enhance engagement and its effec�veness.  

Overall, this research contributes to give a deeper understanding students’ percep�ons of genera�ve 

AI and how this novel technology can be leveraged to enhance financial literacy. 
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1. Introduc�on 

 

Improving financial literacy amongst the population is a crucial concern amongst 

governments and institutions (Knoll & Houts, 2012). Especially amongst college students a 

lot of gains can be made with improving their financial literacy as students often worry about 

their finances (Montalto et al. 2018). Research by the European Union/OECD (2020), shows 

that about 50% of the EU adult population does have an inadequate understanding of basic 

financial concepts. The European Commission has concluded that there is a need, especially 

for younger people, to improve financial education. Financial literacy is fundamental to 

people’s financial well-being and protects individuals from taking unnecessary risks, fraud, 

and helps with the protection of the consumer (European Commission, 2023). This shows the 

urgent need in improving financial literacy, especially for students. Young people, including 

students, score significantly worse on financial literacy and financial attitude scores 

(European Commission, 2023). Addressing this aspect can lead to young people making better 

financial decisions leading to more financial well-being which will ultimately benefit the 

society. 

Research has attributed different definitions to financial literacy. Most researchers define 

financial literacy as the knowledge of fundamental financial concepts. These concepts include 

topics like interest compounding, inflation and percentage calculation (Bajaj & Kaur, 2022). 

Moreover, how well a person can use financial related information is an important concept of 

financial literacy (Huston, 2010). 

Managers are experimenting with artificial intelligence-driven tools to replace human agents 

(Crolic et al. 2021). The past decade has seen substantial developments with artificial 

intelligence (AI) and their applications (Babina et al., 2024). One way to try and improve 

financial literacy is by using generative AI. The use of AI tools to support learning and 

enhance knowledge has seen major growth (AI And Education: Guidance For Policy-makers, 

2021). Research on the educational benefits of AI shows promising results in using AI in an 

educational setting. Leiker et al. (2023) states that using generative AI in educational settings 

has proven to be a viable substitute for learning videos produced via traditional methods. 

These promising results shows us that generative AI might be used to improve financial 

literacy. 
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One benefit of generative AI, in contradiction to regular learning methods, is the adaptability 

of generative AI. Generative AI is very easy to modify, in an educational setting, a prompt can 

be easily changed to fit a person’s individual needs (Leiker et al. 2023). Therefore, 

personalization of generative AI content could be a promising factor in the setting of this 

thesis.  

Montgomery and Smith (2008) state that personalization can be defined as ‘’the adaptation of 

products and services by the producer for the consumer using information that has been 

inferred from the consumers’ behavior or transactions’’. In the context of this thesis, using 

personalized generative AI to improve financial literacy, there will be a focus on delivering 

content tailored to the interests of individual students. Personalization of content has an 

significant impact on decision outcomes. According to Tam & Ho (2006), content that is 

relevant to an individual has significant effects on decision outcomes, where individuals are 

more likely to accept offers when these are self-referent. 

Generative AI has the capability to learn from experience, and thus, automatically provide 

educational content, tailored to individual students. Tailored content can make sure that 

students don’t get information overload but learn topics that are applicable to their personal 

situation. According to the study of Jarodzka et al. 2017, personalizing content can lower the 

cognitive load (extraneous load) of a student. Excessive cognitive load can impair the 

students’ ability to absorb information that is provided, potentially hindering financial literacy 

improvements (Strycharz et al. 2019). It is therefore hypothesized that tailored generative AI 

content will optimize the learning gains of a student, ultimately improving their financial 

literacy.   

To improve financial literacy, students will have to interact with the generative AI and listen 

to the information they receive. The credibility of the source is an important aspect whether 

someone will act on provided information, especially in a context where computers give 

advice (Fogg, 2003). Mainly because the influence of a communicator comes from source 

characteristics, such as credibility (Kruglanski et al. 2005). Furthermore, a study by Wilson & 

Sherrell (1993) shows that a message source that is perceived as having high-credibility is 

more likely to persuade an individual to adopt a behavior, compared to a low-credibility 

message source. This indicates that credibility has a significant impact on behavioral 

outcomes. 
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Credibility is a multi-dimensional construct consisting of expertise and trustworthiness 

(Hovland et al. 1953). Only when a source is perceived as high on both these dimensions, the 

source is deemed as credible (Yoo & Gretzel, 2008). Therefore, this thesis will investigate the 

effects of perceived credibility on the customer experience. The customer experience has a 

critical role in optimizing performance in the costumer journey (Lemon & Verhoef, 2016). 

  

In order to assess the effectiveness of generative AI and the effects on the customer 

experience, this research will examine behavioral outcomes. In the context of this study, 

behavioral outcomes are crucial to evaluate the impact of generative AI on the customer 

experience. Behavioral outcomes can be seen as the expanded effort of the participant, like 

making a decision to act. (Morales et al. 2017). In context of this thesis, participants have the 

decision to collect a flyer after the interaction with the generative AI, this will serve as a 

representation of their interest and engagement with the technology. 

The aim of this research is to provide insights in how generative AI can improve financial 

literacy amongst students. Therefore, this research explores the impact of personalized 

generative AI on the customer experience, investigating the influence of perceived source 

credibility and participants’ decision to act. Exploring these relationships will help researchers 

to understand how to leverage AI technology to ultimately improve financial literacy amongst 

individuals. The findings will provide knowledge on the effectiveness of personalization of 

generative AI on behavioral outcomes and the role of perceived source credibility. Ultimately, 

this research aims to benefit the community by increasing financial literacy amongst the 

population which will lead to more economic well-being. 
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2. Literature review 

2.1 Generative artificial intelligence 

Generative artificial intelligence (AI) is a form of AI that can create a wide range of different 

content, such as text, audio, images, and videos (Lv, 2023). Different than regular AI models, 

generative AI models are typically trained using uncontrolled learning. This means that the 

model learns to identify data characteristics without specific instructions (Abrokwah-Larbi, 

2023). Furthermore, generative AI has the capacity to integrate various customer datasets, 

making it especially useful technology for companies because it can summarize customer-

related trends and make compelling customer profiles for personalization (Abrokwah-Larbi, 

2023). Artificial intelligence technologies, such as deep learning, internet of things and smart 

data, are important instruments that enables generative AI to apply personalization to 

customers (Striuk & Kondratenko, 2021). By leveraging generative AI technology, we can 

offer tailored financial education to students, enhancing their financial literacy. 

2.2 Financial literacy 

In the existing literature there are different definitions attributed to financial literacy. Most of 

the research defines financial literacy as the knowledge of fundamental financial concepts. 

These concepts include topics like interest compounding, inflation, and percentage calculation 

(Bajaj & Kaur, 2022). The research of Bajaj & Kaur (2022) states that financial knowledge, 

financial attitude, and financial behavior should be seen as components of overall financial 

literacy. Servon and Kaestner (2008) stated that financial literacy refers to a person’s ability to 

understand and use financial concepts. However, financial literacy does not guarantee 

predictable behavior or improved financial well-being because of other factors (Huston, 

2010). 

Thorough research on the financial literacy topic has been conducted by different scholars.  

According to the research of Huston (2010), where there have been seventy-one studies 

examined on the topic, the terms financial literacy, financial knowledge and financial 

education are used interchangeably. Huston (2010) conclude that financial literacy could be 

conceptualized having two dimensions. These dimensions are personal finance knowledge 

and personal finance application.  

Scholars agree on the fact that financial literacy is more than financial knowledge, it also 

includes attitude, behavior, and skills (Hisgilov & Silber, 2019).  
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The G20 leaders have adopted a definition of that suggests that financial literacy is ‘’a 

combination of awareness, knowledge, skill, attitude, and behavior necessary to make 

appropriate financial decisions and ultimately achieve individual well-being’’ (Hisgilov & 

Silber, 2019).  The definition used by the G20 leaders, discussed in the paper of Hisgilov & 

Silber (2019) is a good fit in the context of this thesis. This definition fits the scope of this 

thesis topic, where financial literacy and behavioral outcomes are examined.  

Leiker et al. (2023) explored the effectiveness of generative AI videos in an educational 

setting. The promising results of the study suggests that generative AI content is a great 

substitute for traditional educational content. One of the major benefits of generative AI is the 

ability of personalizing educational content. Therefore, we can hypothesize that incorporating 

personalized generative AI to enhance financial literacy will have a positive influence on the 

participants’ decision to act, ultimately resulting in higher financial literacy amongst students.  

2.3 Personalization 

There are different definitions of personalization in the literature. According to Montgomery 

and Smith (2008) personalization can be defined as ‘’the adaptation of products and services 

by the producer for the consumer using information that has been inferred from the 

consumers’ behavior or transactions.’’ In the marketing context personalization is generally 

referred to as delivering the right content, to the right person, at the right time (Aguirre et al., 

2015). However, in this marketing context, personalization is often studied alongside 

customization.  

According to Versanen (2007) there is no consensus on the relationship between 

personalization and customization. Conforming to Imhoff et al (2001) customization is 

considered as a form of personalization. Other scholars, like Kumar et al. (2019) states that 

customization takes place when a customer proactively defines one or more components of 

the marketing mix themselves. When the firm decides what marketing mix is the best fit for 

the customer, they talk about personalization. Furthermore, Aguirre et al (2015) states that 

personalization is in contrast with customization, where the customer chooses the elements of 

the marketing mix themselves. Strycharz et al (2019) states that customization takes place 

when the relevant content is not automated but decided by the consumer, thus the 

personalization is self-driven. These findings suggest that the relationship between 

personalization and customization is nuanced and can vary depending on the context. 
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In the context of this thesis, using personalized generative AI to improve financial literacy, the 

focus will be on tailoring content to individual students.  

This aligns with the definitions of Kumar et al. (2019) and Aguirre et al. (2015) where they 

state that personalization occurs as a customer-oriented marketing strategy that tries to deliver 

the right content, to the right consumer, at the right time. This strategy only requires little 

effort by the student. Personalization can significantly influence the behavior of students, 

making them more engaged and influenced by the content, which will ultimately benefit in 

enhancing their financial literacy.   

According to Tam & Ho (2006), content that is relevant to an individual has significant effects 

on decision outcomes and behavior, where individuals are more likely to accept offers when 

these are self-relevant. Their research also indicates that relevant content is more accurately 

recalled by individuals and that offers are accepted to a larger extent when they are self-

relevant. Therefore, when educational generative AI content is aligned with the students’ 

preferences, personalization can enhance their experience and lead to higher financial literacy. 

Furthermore, individuals can benefit from personalization as it entails better preference 

matching, better products, better communication, and a better experience (Vesanen, 2007). 

Using personalization techniques, we can offer educational content that better aligns with the 

students’ interests which will significantly change their behavior in comparison to non-

personalized content. Based on this knowledge, the following hypothesizes are made: 

H1a: Personalization of generative AI will have a positive effect on the participants’ decision 

to act. 

H1b: ‘Personalization of generative AI will have a positive effect on the participants’ learning 

motivation’ 

2.3.1 Personalization with AI 

AI technology can overcome personalization limitations of traditional physical salespersons. 

By integrating multiple sources of information, AI can generate data-driven and personalized 

offers for customers (Canhoto et al., 2023). For example, generative AI leverages deep 

learning to enable firms to offer targeted marketing experiences and content to their customers 

at a large scale. The deep learning application of generative AI is trained to analyze smart 

data, such as customer behavior data, transaction data and customer information, to predict 

the needs of a customer and provide personalized marketing experiences (Abrokwah-Larbi, 

2023). 
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Kumar et al. (2019) states that the high degree of personalization is a significant factor in the 

popularity of AI. When technology works on a personal level, and marketers can tap in such a 

connection, there is a massive potential for customer value. However, the success of 

personalization is limited by the volume and quality of consumer information available. The 

capacity of a firm to develop insights, and its ability to implement these insights is also a 

limiting factor (Kumar et al. 2019).   

2.3.2 Personalization in learning 

When learning about a subject, there often is an abundance of information which can 

overwhelm the student. A viable option to deal with information overload is to adapt the 

environment to the learner, this is called instructional design (Jarodzka et al. 2017). With 

instructional design we try to make use of the cognitive information processing system in an 

optimal way to make efficient learning gains (Jarodzka et al. 2017). In an educational 

environment, personalization offers multiple advantages, especially in effective learning 

experiences.  

This research focuses on leveraging generative AI to enhance financial literacy, which 

includes educating the participant to ultimately enhance their financial literacy.  

According to Leiker et al. (2023), the usage of generative AI in educational settings has 

proven to be a viable substitute for learning videos, which are considered as traditional 

methods. Especially in terms of costs and time efficiency the generative AI has a high 

advantage in comparison.  

Moreover, Leiker et al. (2023) emphasizes the fact that the adaptability in generative AI 

content is substantially more efficient in comparison to traditional methods. The methods used 

for generative AI allows for simple editing of the used script to create new content. This 

advantage in comparison to traditional methods allows for high-quality educational content 

that is up to date (Leiker et al. 2023).  

The results from the study of Leiker et al. 2023 indicates that there is little to no difference in 

learner perceptions between the generative AI content and traditional produced video content. 

In both the traditional video and the generative AI content, Leiker et al. 2023 concluded that 

there were significant improvements from pre- to post-learning, with no significant 

differences between the two methods. Furthermore, According to Jackson & Farzaneh (2012), 

cognitive load effects decision making and well-being. This might affect the participants’ 

behavioral outcomes, like their decision to take a flyer.  
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Essentially, excessive cognitive load will impair the student’s ability to learn from the 

information provided by the generative AI, thus hindering improvement in financial literacy.  

As stated before, one of the advantages of personalization is that it can be used to address 

information overload (Strycharz et al. 2019). Excessive cognitive load can have a negative 

impact on the participants customer experience and their ability to absorb the provided 

information, potentially hindering improvements in financial literacy. Based on this premise, 

this thesis hypothesizes the following effect of personalization: 

H2: Personalization of generative AI will have a negative effect on the cognitive load of the 

participants. 

2.4 Customer experience 

Customer experience has gained a lot of interest amongst academics and practitioners. This 

concept is defined in diverse ways by different scholars (Chahal & Dutta, 2014). Customer 

Experience is discussed in many different disciplines. Brands have been focusing more on the 

customer experience instead of the functional benefits of their service to create a competitive 

advantage (Sirapracha & Tocquer, 2012). There is an increased importance of customer 

experience as it gives great benefits for firms in today’s society (Lemon & Verhoef, 2016). 

The increased focus of firms on customer experience is due to the fact that customers interact 

with firms on multiple touchpoints, this creates a complex customer journey (Lemon & 

Verhoef, 2016). 

Although there are different views on the definition of customer experience and how to 

measure it, the definitions mainly focus on the service process and its interactions that have an 

influence on the customer’s feelings. It can be considered as an outcome of the interaction 

between the customer and the service provided (Sirapacha & Tocquer, 2012).  

Moreover, there is an agreement that the customer experience is a multidimensional construct, 

and it involves the cognitive, sensorial, emotional, and social components (Lemon & Verhoef, 

2016).  

2.4.1 Cognitive dimension of customer experience 

The customer experience of a person depends on a customers’ cognitive elements (Roy et al., 

2020). The cognitive dimension of customer experience assesses different factors, in a retail 

setting these factors include satisfaction, intrigue, and if the service/product appeals to the 

customer (Roy et al., 2020).  
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These cognitive elements can be measured through a products’ utilitarian value. In this thesis 

the cognitive dimension is seen as a psychological variable, this includes cognitive experience 

measures like the cognitive effort of the participant. 

Research by Roy et al. (2020) indicates that personalizing customer journeys can be both an 

opportunity or a threat to the cognitive customer experience. This depends on the context of 

the personalization. One of these threats, in a retail setting, is cognitive overload and this can 

negatively affect the customer experience (Roy et al. 2020).  

When enhancing financial literacy, the cognitive customer experience is a key factor. The 

cognitive load theory can account for different outcomes in enhancing financial literacy. The 

cognitive load theory is centered around the way in which cognitive resources are used and 

focused during learning (Schrader & Bastiaens, 2012). Enhancing financial literacy, therefore, 

depends on the cognitive capacity of the student. Moreover, Schrader & Bastiaens (2012) 

state that the cognitive load theory is based on the difference between long-term (unlimited) 

and working memory (limited). This limitation of working memory can be seen as ‘’the 

bottleneck of learning’’ (Schrader & Bastiaens, 2012). Thus, a lower cognitive load is 

important in order to successfully educate students to ultimately improve their financial 

literacy.  

Eye-tracking can provide interesting insights regarding the cognitive customer experience of 

the student. Research from Hermes and Riedl (2021) indicates that the cognitive dimension of 

customer experience can have a positive influence on behavioral outcomes, such as level of 

satisfaction, purchase intentions and loyalty. Their research has been done in a retail setting 

but could be applicable to this experiment as well. Furthermore, Hermes and Riedl (2021) 

noted that there is still a research gap on neuromarketing measures, like eye tracking, on 

customer experience outcomes. Based on these insights, the following hypothesis is derived: 

 

H3: The cognitive experience of the student has an influence on a participants’ decision to 

act. Where a low cognitive load will lead to more decisions to act, in comparison to a higher 

cognitive load. 
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2.5 Behavioral outcome: the decision to act 

This thesis focuses on behavioral outcomes of the participant. In this experiment the 

behavioral outcome will be measured as ‘the decision to act’. When an experiment focuses on 

behavior researchers often use choice as their dependent variable. This can be a decision to 

purchase, the decision to search, or the decision to get rid of something (Morales et al, 2017). 

In this thesis the behavioral outcome will be defined as the decision to act, where the decision 

to act refers to a participants’ choice to take home a flyer with more information regarding 

financial topics. This choice will be presented to the participants at the end of the experiment.  

Understanding the factors that influence the decision to act amongst students is crucial when 

we examine how we can leverage AI to improve their financial literacy. One key factor that 

can influence their decision is the perceived source credibility. Credibility is hypothesized to 

have a direct effect on the behavioral outcomes in this research, it plays an important role in 

mediating the relationship between personalization and customer experience. Perceived 

source credibility can offer deeper insights into how generative AI can be used to enhance 

financial literacy.  

2.6 Perceived source credibility 

Research by Hofland and Weiss (1951) has shown that messages ascribed to high credibility 

sources tend to be accepted to a greater extent than messages ascribed to low credibility 

sources. Moreover, the learning theory paradigm of Hovland et al. 1953 suggests that the 

communicators’ influence on the receiver comes from source characteristics such as 

credibility (Kruglanski et al., 2005). According to Fogg (2003), when getting advice, the 

credibility of the source and the information provided are important. Fogg (2003) states that 

source credibility especially matters when computers give advice or provide instructions to 

their users. This indicates that source credibility is an important factor when generative AI 

provides advice, knowledge or instructions to the participants of this experiment. Research by 

Wilson & Sherrell (1993) indicates that a message source that is perceived as having high-

credibility is more likely to persuade an individual to adopt a behavior compared to a low-

credibility message source.  

Yoo and Gretzel (2008) state that source credibility is defined as ‘’judgements made by a 

message receiver concerning the believability of a communicator.’’ They argue that source 

credibility has a positive correlation with the message recipients’ attitudes and behavioral 

intentions as well as behaviors.  
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Credibility is not absolute, it rather depends on the social context in which information 

seeking is pursued and credibility judgements are made (Little & Green, 2021). 

This thesis tries to understand how to leverage generative AI to enhance students’ financial 

literacy. It is therefore important to take the credibility of the source into account. The 

evaluation of a source is determined by how credible that source is. This credibility can be 

gained through perceived expertise and trustworthiness (Smith et al., 2012). 

2.6.1 Source credibility dimensions 

Credibility is a multi-dimensional construct. Literature on credibility has proposed various 

dimensions, these include dynamism, attractiveness, authoritativeness, and character. 

However, these dimensions have been a subject to debate. There is, however, a general 

consensus on the importance of the dimensions trustworthiness and expertise. 

The research from Yoo and Gretzel (2008) insists that a source is only perceived as credible 

when identified high on both trustworthiness and expertise. Furthermore, Yoo and Gretzel 

(2008) claims that a source has to have a positive score on both of these dimensions in order 

to be perceived as credible. The findings from Yoo and Gretzel (2008) are confirmed by the 

early research of Hovland et al. (1953) and Kelman (1961) where they state that the 

dimensions expertise and trustworthiness are the most important regarding source credibility. 

Overall, the research done on credibility aligns in the fact that credibility’s primary 

dimensions are expertise and trustworthiness (Hovland et al., 1953; Wilson, 1983; Yoo & 

Gretzel, 2008; Serman & Sims, 2022).  

This thesis conceptualizes source credibility as two-dimensional construct, consisting of 

expertise and trustworthiness, perceived by the message recipients. According to the 

credibility theory, both dimensions trustworthiness and expertise will influence the credibility 

of AI generative content. 

 

Expertise: 

The first dimension of source credibility is expertise. Expertise can be defined as source 

quality, including the knowledge or skills to make certain claims about a certain subject 

(Ohanian, 1990). 

The dimension expertise entails the ability of a communicator in a specific domain, perceived 

by the recipient (Hovland et al., 1953).  
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Trustworthiness:  

Hovland & Weiss, 1952 state that trust is only a perception in people’s minds. Trust is not 

specified as an empirical reality, but it can be created, managed and cultivated in the mind. 

Trustworthiness is therefore determined by a consumer’s trust in the communicator’s intention 

to make valid arguments (Hovland et al. 1953). Furthermore, a study by Bleier et al. (2018) 

indicated that trustworthiness influenced the relationship between the cognitive experience 

and purchase intention. Based on this premise, the mediating factor of perceived credibility in 

the relationship between personalization and customer experience is hypothesized. 

Specifically, personalization is expected to enhance perceived credibility, which will 

positively affect the cognitive load and behavioral outcomes.  

De Keyzer et al. (2022) suggests that personalization leads to more visual attention, more 

careful processing, and higher behavioral intention because it benefits the perception of 

credibility. Furthermore, the study by Chaiken and Maheswaran (1994) has given insights in 

the relationship between perceived source credibility and influencing peoples’ responses to 

information given. When people process information, the assessment of source credibility is a 

critical factor in ultimately shaping their behavior. 

Based on these insights, the following hypothesis is formulated: 

H4: The relationship between personalization and cognitive load is mediated by perceived 

source credibility, such that personalization influences perceived source credibility, which in 

turn affects cognitive load. 

Understanding how both trustworthiness and expertise can shape the participants’ perceived 

source credibility is important when leveraging generative AI to enhance financial literacy. 

When the generative AI is perceived as both trustworthy and expert this can help to 

effectively engage participants with the content, thus help improving their financial literacy. 

Trustworthiness explains the sincere intentions of the generative AI in the eyes of the receiver 

and expertise gives the generative AI its authority. When prioritizing both these dimensions 

this will positively affect message recipients’ attitudes and behavioral intentions as well as 

behavioral outcomes (Yoo & Gretzel, 2008).  
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2.7 Conceptual model 

The following conceptual model is derived from the hypotheses in the literature review: 
 
 

 
 

3. Method 

The conceptual model and the hypothesis of this thesis are tested with a lab experiment in a 

generative AI context. The choice for an experiment is made because it allows us to observe 

the participant’s behavior in a controlled environment. This ensures that any observed effects 

can be attributed to the manipulation in the experiment. 

 

3.1 Research design 

The experiment of this thesis is using the Wizard of Oz approach (WOZ). The WOZ approach 

allows us to observe the student while they are engaging with the generative AI in the 

experiment. This technique makes the user believe that they are engaging with a fully 

functional system, however, the missing functionality is supplemented by a ‘hidden wizard’ 

(Salber & Coutaz, 1993). This method allows for a realistic interaction between the student 

and the generative AI, without needing a fully functional system.  
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In other words, in this experiment the participant thinks they are interacting with the 

technology, instead they are interacting with one of the researchers. The participant will not be 

informed about the goal of the experiment to make sure that they are unbiased.  

In this experiment, there will be two scenarios for manipulation: Personalized and non-

personalized content. This is realized by having one AI-avatar equipped with a generic 

financial literacy script and a personalized financial literacy script. Each participant will be 

randomly assigned to one of these two conditions. The scripts are based on a prompt designed 

by Mollick and Mollick (2023) and adjusted to fit the context of this experiment. 

 A full script of the prompts can be found in Appendix 1. The script of the AI-avatar can be 

found in Appendix 2. The subjects for each script were determined based on a survey we 

conducted for 43 students. In this survey we’ve asked students several questions regarding 

financial subjects to determine what topics to include in the experiment (Appendix 3).The 

personalized scripts were based on the three most popular topics of financial literacy: loans, 

investing and budgeting. The non-personalized scripts were based on the topics that were the 

least interesting according to the students. The scripts were uploaded to an AI text-to-video 

generator named Vidnoz, they were shown in the experiment using video playlists made with 

VLC Media Player.  

3.2 Pre-test of manipulation 

Prior to the actual experiment, a pre-test has been conducted. This pre-test was conducted to 

determine whether the manipulation (personalized vs non-personalized) were significantly 

different from each other. However, this manipulation failed to show a significant difference 

amongst the two conditions (p = .351). Research shows that perceived personalization drives 

the effectiveness of personalized messages, not actual personalization (Li, 2016). The 

participants did not perceive differences between the personalized and non-personalized 

content. The non-personalized group still perceived the content provided as personalized 

which lead to insignificant differences between the two groups. To overcome this obstacle 

we’ve altered the non-personalized script based on the least relevant financial literacy topic 

from the survey, retirements. This resulted in significant differences between the two groups 

(p < .001) (Appendix 4). 
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3.3 Procedure of the experiment 

Participants are invited to participate in an AI-experiment. Before the experiment, the 

participant is informed that they are going to interact with an AI-avatar while wearing an eye-

tracking device. Upon arrival, the participant is asked to sign a consent form (Appendix 5). 

 

After signing, the participant receives a number between 1 and 200, selected by a random 

number generator. The numbers 1 – 100 will be interacting with the personalized content. The 

numbers 101-200 will receive non-personalized content. After receiving a number, the 

participant will enter the experiment room and gets instructed by one of the researchers. The 

participant is instructed to silence their phones and will receive further information about the 

interaction. The participants are informed that they will interact with an AI avatar and should 

respond verbally to the AI's questions in English. Researchers emphasize that participants 

should behave naturally and are allowed to be critical.  

If the AI is not responding they are instructed to repeat their answer. Next, the participant can 

put on the eye-tracking device and get comfortable. After that the eye-tracker will be 

calibrated using a laptop and the participant is instructed to not touch the device. After 

calibration of the device, the confidence will be checked, this value should be close to 1.00 

but at least > 0.60 (Pupil Labs, n.d.).  

If the confidence value does not meet the criteria the device will be calibrated again to make 

sure that the collected data is useful. Next, the researcher starts the recording and leaves the 

room. The AI avatar will then start playing the script and is controlled by another researcher 

(the wizard) in a different room. The researchers in the other room are collecting the data 

using a Qualtrics survey.  Upon completion of the experiment, the researcher enters the room 

to ask the participant about their experience, and to address any comments or questions. If 

there are no further inquiries, the debriefer thanks the participant for their participation. This 

is the end of the experiment. The researcher then renames the data file to match with the 

participant's assigned number and notes if the participant took a flyer.  
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3.2 Measurement 

As mentioned before, participants are either assigned to personalized or non-personalized 

generative AI content. The behavioral outcomes of these two groups will be measured. From a 

broad perspective, anything that a participant does in an experiment can be considered 

behavior (Morales et al., 2017).  

One way to accurately measure behavior of the participants is to include consequence. For 

example, this means that a researcher does not ask for the likelihood of a participant to 

donate, but actually measure if the participant donates. Behavioral outcomes can therefore be 

seen as expanded efforts of the participant, like making the decision to act (Morales et al. 

2017). 

In context of this research, behavior will be measured by giving participants the opportunity 

to collect a flyer for more information about a financial literacy topic. They can choose 

between loans, investing and budgeting. This opportunity will be given after the interaction, 

so the participant is not distracted by the questions during the experiment. If the flyer is taken, 

this serves as behavioral evidence (Morales et al. 2017). In the context of this thesis, 

behavioral outcomes are measured as ‘the decision to act’. If the participant takes the flyer, 

this is characterized as the decision to act.  

3.2.2 Cognitive load measurement 

Eye-tracking technology will be used to measure the customer experience of the participant. 

This research focuses on the cognitive dimension of customer experience. Using eye-tracking 

technology, effects on the cognitive load of the student will be examined. Hereby cognitive 

load refers to the amount of mental effort being used in the working memory of the 

participant. 

Eye tracking can offer valuable information based on monitoring eye movements (Zagermann 

et al., 2016). This technology is often used to accurately measure behavior during an 

experiment. Eye-tracking can measure the cognitive load in multiple ways, for example by 

measuring the fixations, saccades, and pupil dilations (Zagermann et al. 2016). In this 

research, the customer experience is measured by looking at the average pupil dilations of the 

participants. 

Pupil dilation is an eye measurement where the diameter of the pupil is examined. Research 

has shown that pupils dilate when an increase of cognitive effort is attained (Zagermann et al, 

2016). Furthermore, research of Ashby et al. (2016) states that pupil dilation can be used to 

reflect aspects such as mental effort.  
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However, pupil dilation also occurs when a room gets darker and when a person gets more 

tired, at the end of an experiment for example (Zagermann et al. 2016). Because of this, it is 

important to control the environment. The cognitive load can be measured by looking at the 

differences in pupil dilation, where an increase in dilation indicates a higher cognitive load. 

3.2.3 Perceived credibility measurement 

To measure perceived credibility, the participant will verbally fill in a questionnaire after 

engaging with the generative AI. This questionnaire focuses on the two dimensions of 

credibility, which are expertise and trustworthiness.  

The attribute of perceived credibility will be measured using a seven-point Likert scale, 

ranging from 1 (strongly disagree) to 7 (strongly agree). The items on this scale are adopted 

from the research of Wu & Wang, (2011) and are adapted to fit the context of this experiment.  

The items have been validated and have shown reliable results in the past using the same 

dimensions of expertise and trustworthiness. However, the item ‘experience – inexperienced’ 

has been removed. The concept of experience is not applicable for AI as it does not possess 

personal experience like a regular person would. Originally the research of Wu & Wang 

(2011) used a 7-point semantic scale, however, because it was more convenient for this 

experiment a 7-point Likert scale has been used. McCroskey & Teven, (1999) conducted a 

comparative study for credibility measures using both a semantic differential and Likert scales 

and both appeared to measure equally. The adapted scale can be found in the 

operationalization table (Appendix 6). 

 

The average scores of the seven-point Likert scales will be used to mark high and low 

perceived credibility scores. Yoo and Gretzel (2008) argue that a source has to receive a 

positive score on both trustworthiness and expertise in order to be perceived as credible. 

Therefore, when there is a positive average score on both these dimensions, the generative AI 

will be seen as credible. In this experiment, the Likert-scale score ‘4’ stands for neither agree 

nor disagree with the statement. Therefore, participants who have an average score greater 

than 4 on both dimensions will be classified as having high perceived credibility of the 

source. 

 

 



22 
 

3.3 Control variables 

In the beginning of the survey, the participants were asked how comfortable they are with the 

English language. This was to make sure they can comprehend the information they receive 

during the interaction and to obtain reliable and accurate responses. The question was ‘Could 

you please indicate on a scale of 1 to 7, how comfortable are you with the English language?’ 

Answers were noted on a 7-point Likert-scale, ranging from 1 (strongly disagree) to 7 

(strongly agree). Moreover, the next control variable that is used in this experiment is earlier 

experience with generative AI in an educational setting. The question stated: ‘Have you ever 

been educated by an AI-avatar before?’.  

The respondent could verbally answer this question and the researcher assigned this answer to 

‘Yes’, ‘No’ or ‘Other’ based on their answer.  Experience with generative AI might influence 

the perceived source credibility. The research of Chan & Hu (2023) indicated that students 

who understand AI well, have less anxiety towards the technology, trust the technology more, 

and are more willing to use it. When participants use the technology themselves, they tend to 

perceive the technology different than participants with no experience. This experience could 

therefore affect the participants’ perceived source credibility. Another control variable used in 

the experiment was the perceived complicatedness.  

This variable tested for the complicatedness of the financial literacy lesson. As stated in the 

research by Schrader & Bastiaens (2012), task complexity can significantly influence the 

cognitive load of the participants. Measuring the complicatedness ensures us that the observed 

effects of personalization are not explained by this variable but are due to the manipulation of 

personalization itself. Complicatedness was measured with an 7-point Likert scale with the 

statement: ‘the financial information I presented to you was complicated’.  

Before the lesson started, some demographic questions were also asked to the participants. 

Gender of the participant was asked with the question: ‘Could you please tell me with which 

gender you identify?’ and their education was included with the question: ‘Can you tell me 

what you are studying?’  

Their educational background was asked because an AI student might evaluate the interaction 

differently than a geography student, based on their familiarity with AI. 
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3.4 Data collection and sample 

As mentioned before, the data during the experiment is collected by the ‘co-wizard’, using an 

online survey in Qualtrics. Participants of the experiment were recruited at the Radboud 

University, Elinor Ostrom building. Specifically, we used the non-probability sampling 

technique where we asked students who are close to the experiment room to participate in this 

research. This method was chosen based on practical considerations that they would fit our 

target group, university students. In total we’ve collected data of 191 participants. However, 

after examining the eye-tracking recordings and eliminating the missing and not usable data, 

117 valid participants were left. On average, the participants were 22 years old and 57% of the 

participants were male. 

 

3.5 Research ethics 

Before joining the experiment, participants are given a consent form they had to fill in 

(Appendix 5). In this form they have to consent to their data being used for research purposes. 

This also includes how the data is collected and how the data will be utilized. Without giving 

consent a participant can’t proceed in the experiment. There will be no use of names during 

the experiment, this ensures that the data cannot be traced to an individual participant. Instead, 

a participant receives a participant ID (1-200), this ensures the privacy of the participant and 

anonymously data collection. Furthermore, participation to the experiment is voluntary, if a 

participant wishes to decline they have the option to do so at any time. This will not have any 

consequences for the participant. The collected data will only be shared with other researchers 

involved in the experiment and the Radboud University. After the research, all the 

participants’ data, like eye-tracking content, will be deleted. The participant is not informed 

about the WOZ approach as this could influence their perceptions. 

The results of this research will be shared on the digital repository of the Radboud University. 

None of these results can be traced back to any of the individual participants. This ethical 

implication is stated in the consent form. If a participant wants to hear about the results of the 

research they can leave their e-mail address, this will not be linked to their participation ID in 

any way. The name and contact details of the researcher will be provided in case the 

participant has any questions or concerns. 

 



24 
 

4. Results 

The collected data of this experiment is analyzed with IBM SPSS Statistics and Smart PLS. 

SPSS was utilized to analyze the descriptive statistics and the manipulation check. Smart PLS 

is used to asses the measurement model and structural model. The structural model is also 

used to test the hypothesis with bootstrapping procedure. 

 
4.1 Missing data and manipulation check 

Before conducting data analysis in SPSS and Smart PLS, the data has to be cleaned. During 

the experiment several problems occurred with the eye-tracking device so unusable data had 

to be removed. The sample of 191 respondents had 74 missing or not usable recordings, this 

left us with a sample of 117 respondents. Reversed variables have been used to overcome 

response biases and improve the reliability of the answers. To check the missing data, Little’s 

MCAR test has been conducted (Appendix 7). This test was not significant at an alpha of .05 

(.227) which indicates that the missing data is Missing Completely At Random. 

 

Manipulation check pre-test  

To verify the manipulation of personalization, a pre-test has been conducted. The pre-test 

comprised of 20 participants divided in two groups of 10. Some of the questions in the survey 

were reversed to overcome response bias. Reversed items were carefully considered during 

analysis so no inconsistencies occurred in interpretation of the data. At first, a confirmatory 

factor analysis was performed to review the reliability of the personalization items. The 

results of the pre-test can be found in Appendix 4. The results of the KMO and Bartlett’s test 

were not satisfactory with a KMO of .483 and a P-value of .474 (Field, 2013).  

 

Additionally, a principal component analysis was conducted. The first two components are 

retained because they collectively explain 79% of the total variance, exceeding the 60% 

benchmark. This indicates that these components capture the underlying structure in the data. 

Furthermore, the communalities and factor loadings were satisfactory, exceeding the .6 

benchmark by Field (2013). This indicates that the components are valid. 

The component matrix reveals that component 1 has a strong association with variable 1 

(.775) and variable 3 (.830) which both relate to relevant financial information. Component 2 

associates with variable 2 (.939) which focused on topics not relevant to participants’ learning 

interests. 
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Based on the data collected and the fact that the personalized items are based on valid scales 

from prior literature (Wong & Guan, 2018; Komiak & Benbasat, 2006), we concluded that the 

personalization manipulation was effective. Participants were able to perceive the 

manipulation as intended. 

 

Manipulation check experiment 

To check the manipulation in the experiment an independent samples T-test is conducted 

using SPSS. The mean for the personalized group is higher in all cases (MANI_LM_1, 

MANI_2_R, MANI_3), suggesting a successful manipulation of personalization (Appendix 

8). The p-value, in all cases is <.001 indicating that the manipulation had a significant effect 

on the outcome variable. To exclude other reasoning for the perceived differences between 

the personalization groups, the manipulation was also checked using the control variable 

"Complicatedness". The non-sig p-value (0.065) indicates that perceived complexity did not 

differ significantly between the personalized and non-personalized group. This outcome is 

preferred, as it confirms that the differences in personalization effects are not explained by the 

perceived complexity of the tasks, thus supporting the validity of the personalization 

manipulation.  

 
4.2 Evaluation of the measurement model 

The evaluation of the measurement model is performed in SmartPLS by conducting a 

confirmatory factor analysis and by examining statistics of factor loadings, construct 

reliability, convergent reliability, and discriminant validity. The factor loadings should ideally 

have a loading of 0.7 or higher, but at least should be above 0.5 (Hair et al., 2019). Looking at 

the measurement model, this threshold is met for all items, where the lowest loading has a 

value of (.529). Furthermore, the values for construct reliability should be above 0.7, this 

threshold is also met for the constructs in this model. Both perceived credibility and learning 

motivation have composite reliability results that exceeds the 0.7 threshold.  

A summary of the constructs and reliability measures can be found in Appendix 9. 

Next, we examine the convergent validity of the constructs, this is measured with the Average 

Variance Explained (AVE), according to Hair et al. (2019) the value of AVE should exceed 

0.50. For perceived credibility, the AVE is slightly below the threshold (0.485), indicating that 

the variance of the indicators is not well explained by the construct.  
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Because of the low loading of PERC_1, the decision was considered to remove this indicator 

to improve the AVE. This resulted in an acceptable AVE of 0.515. However, removing this 

indicator would mean a disproportionate ratio between the items of the two dimensions of 

perceived credibility. Furthermore, the high Cronbach’s alpha (0.868) means that there is 

strong internal consistency between the items, which supports the reliability of the construct. 

Therefore, it is decided to keep PERC_1 in the perceived credibility construct, so that the 

dimension ‘expertise’ is well represented.  

 

Next, the discriminant validity is measured using the Heterotrait-Monotrait (HTMT). The 

HTMT values should be below the threshold of 0.85 (Hair et al., 2019). The HTMT-values are 

all well below the threshold of 0.85 which indicate that there is little overlap between the 

constructs. Finally, we examine the model fit which has a desired threshold of 0.08 (Hair et 

al., 2019). Looking at the SRMR statistic, the saturated model has a SRMR-value of 0.085 

and an estimated value of 0.117. The SRMR-value is slightly above the desired threshold 

which indicates a weak model fit. 

4.3 Evaluation of the structural model 

 

4.3.1 Collinearity and Determination coefficient 

At first, the collinearity is examined using the Variance Inflation Factor values (VIF). 

Examining the collinearity is essential to prevent biases in the path coefficients (Hair et al., 

2019). According to Hair et al. (2019), the threshold of VIF is <3.0. The highest VIF-value 

measured in this model is 2.774 which indicates that there are no collinearity issues present 

(Appendix 9). 

Next, we examine the explanatory power of the model which is determined by the adjusted 

R2. The higher the R2  the greater the explanatory power of the model. We look at the adjusted 

R2  because it takes the sample size and model complexity into account (Hair et al., 2019). The 

values of the adjusted R2 indicate that the model fails to predict the ‘perceived credibility’ (-

.002) and the ‘average pupil dilation’ (-.012). However, the model has an adjusted R2  for ‘the 

decision to act’ (.159) and ‘learning motivation’ (.220) which indicate a moderate to strong 

predictive power on these constructs (Jacobs & Korzilius, 2022). 
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4.3.2 Effect sizes 

The effect sizes represent the change in the R2  value when a specific construct is excluded 

from the model. When an effect size is smaller than 0.02 this means that no effect occurs 

(Hair et al., 2019). When the Cohen f2 is 0.02, this is a small effect, 0.15 indicates a moderate 

effect, and 0.35 indicates that there is a strong effect (Hair et al., 2019).  

The smallest effect size found in the model is ‘perceived credibility’ on ‘pupil dilation’ 

(0.000) and ‘English skill’ on ‘ the decision to act’ (0.000).  

The largest effect size is found in ‘male’ on ‘the decision to act’ (0.100) and ‘personalization’ 

on ‘learning motivation’ (0.093). An overview of all the effect sizes can be found in the table 

of Appendix 9. 

4.3.3 Path coefficients 

The path coefficients represent the relationships between the different constructs in the model, 

they are standardized for easy comparison (Hair et al., 2019). A high β-coefficient indicates a 

strong relationship between the constructs and a low β-coefficient indicates a low relationship, 

assuming they are significant. An overview of the path coefficients can be found in Appendix 

9. The measurement and structural model can be found in Appendix 10. 

A dummy variable was created for ‘personalization’.  Analyzing the model, we see that the 

results indicate a significant positive effect of ‘personalization’, which represents the 

manipulation, on ‘decision to act’ (β=0.182, p=0.023). This means that hypothesis H1a: 

‘Personalization of generative AI will have a positive effect on the participants’ decision to 

act’ is supported according to the structural model.  

Furthermore, there is an insignificant negative effect for ‘personalization’ on ‘avg_pup_dil’ 

which represents the cognitive load of the participant (β=-0.144, p=0.449). Therefore, 

hypothesis H2: ‘Personalization of generative AI will have a negative effect on the cognitive 

load of the participants’ is not supported. Moreover, examining the effect of cognitive load 

(avg_pup_dil) on the decision to act, there is a significant positive effect (β=0.090, p=0.013). 

This indicates that a higher cognitive load leads to more favorable behavior. Therefore, H3: 

‘The cognitive experience of the student has an influence on a participants’ decision to act. 

Where a low cognitive load will lead to more decisions to act, in comparison to a higher 

cognitive load’  is not supported.  

When we look at the mediating effect of perceived source credibility on the customer 

experience we see that the effect is insignificant (β=0.002, p=0.952).  
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Therefore, hypothesis H4: ‘The relationship between personalization and cognitive load is 

mediated by perceived source credibility, such that personalization influences perceived 

source credibility, which in turn affects cognitive load’ is not supported.  

Looking at the mediation effects in the model, none of the mediation paths are significant 

(<.05). An overview of the mediation effects can be found in Appendix 9.  

Moreover, all of the direct effects of perceived source credibility are insignificant in the model 

at the conventional p-value of p=0.05. However, the analysis revealed that there is a direct 

positive effect of ‘perceived source credibility’ on ‘learning motivation’ (β=0.235, p=0.057), 

which is noteworthy as the p-value is very close to the threshold.  

4.3.4 Control variables and additional analysis 

One of the control variables was ‘earlier experience with generative AI’. However, 98,3% of 

the respondents had no prior experience with AI in an educational setting (Appendix 8). The 

lack of variability meant that this control variable couldn’t be used to provide insights into 

differences between experimental outcomes.  

Moving on, a dummy variable was made for gender. Gender had multiple options in the 

survey, however due to the small sample that chose the ‘other’ or ‘prefer not to say’ option, 

the variable has been recoded to either male or non-male. Gender has a significant effect on 

the behavioral outcome (β=0.271, p=0.001). This indicates that males were more likely to 

participate in the decision to take a flyer than ‘non males’. English skill was included as a 

control variable. No significant relationships occurred relating to this variable, this outcome is 

consistent with the observation that participants did not encounter difficulties in 

understanding the content or the questions asked during the experiment. 

Furthermore, the control variable complicatedness was included. Measuring complicatedness 

ensures that the observed effects of personalization are not explained by this variable but are 

due to the manipulation of personalization itself. Perceived complicatedness has a significant, 

negative effect on learning motivation (β=-0.203, p=0.028). Learning motivation was added 

as an extra outcome variable. The significant effect indicates that as the complicatedness 

increases, the learning motivation amongst students decreases. Personalization also has an 

significant effect on learning motivation (β=0.554, p=0.003). Therefore, hypothesis H1b: 

‘Personalization of generative AI will have a positive effect on the participants’ learning 

motivation’ is supported. 
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 Furthermore, a dummy variable was created for study background and included in the 

analysis. The variable categorized participants as either management students or non-

management students. There is a statistically significant negative effect of studying 

management on the decision to act (β=-0.181, p=0.019), indicating that participants with a 

management background are less likely to take a flyer for more information.  

 

Within the structural model, perceived credibility didn’t have a significant direct effect nor a 

mediating effect between the variables. Additionally, using SPSS, credibility scores were 

averaged and divided into a ‘high credibility’ and ‘low credibility’ group. Conducting an 

independent samples t-test, we can conclude that there is no significant effect and that 

credibility is not influenced by personalizing AI-content.   

 

5. Conclusion and discussion 

This research was designed to examine the effect of generative AI in enhancing students’ 

financial literacy. The importance of personalization of generative AI-content is explored in 

combination with the mediating role of credibility on the customer experience. Young adults 

(18 – 29 year olds) appear to have lower financial literacy and financial knowledge than all 

other age groups (European Commission, 2023). Therefore, this research aims to contribute 

novel insights by examining ways to enhance the financial literacy amongst this demographic.  

This study predicted that personalization (vs. no personalization) would have a positive effect 

on the customer experience and behavioral outcomes. The structural model indicates that 

personalization has a significant effect on the behavioral outcomes of the participants. 

Personalizing AI-content based on participants’ preferences increases both their decision to 

act and their learning motivation. These findings are supporting the research by Tam & Ho 

(2006) that stated that individuals are more likely to accept offers when these are self-referent. 

However, personalization had no direct impact on the customer experience of students which 

resulted in not supporting H2.  
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The research of Jackson & Farzaneh (2012) shows that cognitive load affects decision making 

and well-being. Moreover, Hermes and Riedl (2021) indicated that the cognitive customer 

experience can influence behavioral outcomes. The cognitive dimension of customer 

experience (avg_pup_dil) has a significant positive impact on the decision to act of the 

participants (β=0.090, p=0.013).  

This suggests that the cognitive load of students influences the information seeking behavior 

of students. However, based on the cognitive load theory, it was hypothesized that a lower 

cognitive load would result in more decisions to act. This discrepancy might be explained by 

the fact that the mean score of ‘Complicatedness’ is 2.397 on a 7-point Likert scale, which 

indicates that the content was not perceived as complicated. Therefore, an explanation for 

these outcomes might be that the cognitive load did not reach a high enough state to 

negatively impact the decision to act.  

 

Furthermore, regarding the role of perceived credibility, no mediation effects were observed. 

Perceived credibility does not have an significant direct nor indirect relationship to the other 

constructs in the structural model. Based on the study by Chaiken and Maheswaran (1994), 

perceived source credibility was hypothesized to influence behavioral outcomes. However, 

one explanation for the lack of significant credibility effects might be explained by the fact 

that this experiment focused solely on the message source credibility.  

Studies have shown that people often asses credibility based on  source- and information 

credibility. The scale in this study only assessed source credibility. The complexity of 

credibility involves multiple dimensions and the credibility might also be influenced by other 

aspects of credibility (Metzger & Flanagin, 2013).  

Furthermore, a study by Metzger et al. (2010), indicates that in information rich environments 

people often don’t have the cognitive capacity and time to systematically evaluate credibility. 

Based on this information, it is possible that this also happened during the evaluation of 

credibility in this experiment, thus resulting in insignificant outcomes. However, the effect of 

perceived credibility on learning motivation (β=0.235, p=0.057) is very close to the p-value 

threshold, indicating a potential area for further investigation.  

 

Looking at the control variables, males engage in information seeking behavior more often 

than other gender demographics. This could be an opening to examine the influence of 

demographics further in future research, as there are recorded financial literacy imbalances 

amongst genders (European Commission, 2023).  
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The structural model reveals that complicatedness negatively impacts the learning motivation. 

This implies that as the AI-content increases in complexity, the motivation to learn decreases.  

Moreover, the analysis revealed a negative effect of management students on the decision to 

act. Specifically, management students are less likely to take a flyer for more information, 

compared to students from other disciplines.  

This indicates that management students may have different financial literacy levels or greater 

skepticism towards AI-content.  

5.1 Practical implications 

This thesis provides new insights into how generative AI is perceived in an educational setting 

and sheds light on novel ways to improve financial literacy amongst students. The results of 

this experiment demonstrate that personalization positively affects behavioral outcomes. 

Tailoring educational content based on a students’ preferences increases both their decision to 

act and their motivation to learn.  

Organizations and institutions should therefore leverage data on students’ preferences to 

personalize content and thus improve effectiveness of the content.  

Furthermore, differences amongst demographics should be recognized by institutions. For 

instance, males are more likely to take a flyer for more information than other genders. 

Additionally, study background can influence the behavioral outcome of the students. These 

findings show that organizations and institutions should leverage data when designing 

financial literacy content and personalize it accordingly.  

Controlling for complicatedness has provided interesting outcomes for institutions and 

organizations that aim to improve financial literacy. When content is perceived as being more 

complicated, this has an negative effect on the learning motivation of students. Therefore, in 

order to effectively  motivate people to enhance their financial literacy, these insights should 

be integrated in the development of the content and educational strategy.  

Overall, this research contributes to understanding how generative AI and personalized 

content can enhance financial literacy. This thesis emphasizes the importance of tailored 

educational approaches and can provide a foundation for institutions and organizations to 

further develop strategies in enhancing financial literacy. 
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5.2 Limitations and future research 

Like in any research, this study has some limitations. However, these limitations can provide 

opportunities for future research. First, while the results are significant and generally reliable, 

the sample is not representative of all students and therefore this may affect the 

generalizability. The sample has more males than females and consists of only young, highly 

educated participants. Furthermore, the data collection method relied on convenience 

sampling which could lead to a biased sample.  

Future research should consider to include different faculties and university of applied 

sciences as well to get a better representation of students. Moreover, another significant result 

indicated that management students were less likely to take a flyer for more information. This 

phenomenon might occur because of the differences in financial literacy levels or skepticism 

towards AI. Nuances between different educational disciplines could therefore be further 

explored.  

Furthermore, the results indicate that males engage in information-seeking behavior more 

frequently than other gender demographics. This observation might explain why the average 

financial literacy scores worldwide are highest among men (European Commission, 2023). 

Therefore, future research could further explore the influence of demographics on financial 

literacy. This will provide deeper insights into the factors and potential strategies for 

addressing these differences.  

The results indicated a significant effect of cognitive load on the decision to act. This effect 

was in contradiction to the initial hypothesis (H3), which might be explained by a certain 

threshold of engagement that is not met that is necessary to motivate students to take action in 

a certain behavior. Additional research should explore this effect and investigate the 

conditions in which cognitive load could either enhance or diminishes the behavior of 

students. Moreover, this experiment only focused on the cognitive dimension of customer 

experience. As stated by Lemon and Verhoef (2016), the customer experience exists of 

multiple dimensions. Researching other dimensions, like how the emotional and sensorial 

dimension impact the customer experience of the participant, provides a more comprehensive 

understanding of how to influence the customer experience.  

This helps in better understanding this nuanced topic and helps to ultimately enhance the 

behavior of students to improve their financial well-being. 
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Appendix 

Appendix 1: Prompt for manipula�on personalized group 

You are an upbeat, encouraging financial literacy tutor who helps university students 

understand concepts of financial literacy by explaining ideas and asking students questions. 

Start by introducing yourself to the student as their AI tutor named Mula, who is designed by 

students from the Radboud University and who is happy to help them with any questions. 

Only ask one question at a time. Never move on until the student responds. First, ask them 

what they would like to learn about. Wait for the response. Do not respond for the student. 

Then ask them what they know already about the topic they have chosen. You can ask what do 

you already know or you can improvise a question that will give you a sense of what the 

student knows. Wait for a response. Given this information, help students understand the topic 

by providing explanations, examples, analogies. These should be tailored to the student's 

learning level and prior knowledge or what they already know about the topic. Generate 

examples and analogies by thinking through each possible example or analogy and consider: 

does this illustrate the concept? What elements of the concept does this example or analogy 

highlight? Modify these as needed to make them useful to the student and highlight the 

different aspects of the concept or idea. You should guide students in an open-ended way. Do 

not provide immediate answers or solutions to problems but help students generate their own 

answers by asking leading questions. Ask students to explain their thinking. If the student is 

struggling or gets the answer wrong, try giving them additional support or give them a hint. If 

the student improves, then praise them and show excitement. If the student struggles, then be 

encouraging and give them some ideas to think about. When pushing the student for 

information, try to end your responses with a question so that the student has to keep 

generating ideas. Once the student shows some understanding given their learning level, ask 

them to do one or more of the following: explain the concept in their own words; ask them 

questions that push them to articulate the underlying principles of a concept using leading 

phrases like "Why...?""How...?" "What if...?" "What evidence supports..”; ask them for 

examples or give them a new problem or situation and ask them to apply the concept. When 

the student demonstrates that they know the concept, you can move the conversation to a 

close and tell them you’re here to help if they have further questions. Rule: asking students if 

they understand or if they follow is not a good strategy (they may not know if they get it). 

Instead focus on probing their understanding by asking them to explain, give examples, 

connect examples to the concept, compare and contrast examples, or apply their knowledge. 
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Appendix 1: Prompt for manipula�on non-personalized group  

You are an AI created to assist in the subject of financial literacy. Your role is to ask broad 

questions that encourage a general understanding of the topic. Start by asking learners what 

they're interested in learning within financial literacy. After receiving a response, provide a 

foundational explanation of the topic. Use general examples and analogies that broadly apply 

to the concept. Aim to clarify the principles of financial literacy without tailoring the content 

to individual backgrounds or skill levels. Steer the learning process by asking questions that 

promote a basic comprehension of the topic. If learners encounter difficulties, offer general 

hints and support. Encourage exploration of the concept through explanation and application 

in hypothetical situations. Conclude the session by summarizing the key points, without 

soliciting individual feedback on their understanding. 

 

 

Appendix 2: Scripts AI-Avatar  

Introduction (same for personalized and non-personalized)  
Hello! I'm Mula, an AI tutor created by students at Radboud University. My purpose is to 
assist you in understanding financial literacy, helping you grasp complex concepts and apply 
them practically. Whether you're just starting out or looking to deepen your knowledge, I'm 
here to guide you through it all with explanations, examples, and thought-provoking 
questions. I aim to make learning interactive and engaging, so feel free to ask any questions as 
we go along. Please note that I am still in a beta-phase, so I might make some mistakes. But, 
before we start diving into an exciting financial literacy lesson, I would like to get to know 
you better! So, I have a few questions for you. Firstly, what is your age?   

• Answer   
Perfect, thank you. Secondly, could you please tell me with which gender you identify?   

• Answer   
Thank you! Also, can you tell me what you are studying?  

• Answer   
Cool! Could you please indicate on a scale of 1 to 7, how comfortable are you with the 
English language?  

• Answer  
Finally, have you ever been educated by an AI-avatar before?  

• Answer   
Great, thanks for sharing your information! Next, I would like to discuss some financial topics 
with you. Which topic would you like to learn about today?: loans, budgeting or investing?  
  

• Answer  
  
Personalized  
Script 1. Loans (Debt repayment methods of student loans)  
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Fantastic choice! Loans are a crucial part of financial literacy. Because you are a student in 
the Netherlands, I understand how important it is to fully understand debt repayment for 
student loans in the Netherlands. The Dutch student loan system is quite flexible and is 
designed to be manageable based on your financial situation after you graduate.  
  
Let's start with the basics: In the Netherlands, once you finish your studies, you're not 
required to start repaying your loan immediately. There's a grace period of two years, which 
allows you some time to find a job and stabilize financially. Repayments are then based on 
your income, ensuring that the amounts you pay are affordable. The repayment period for you 
is up to 35 years, and if there is an outstanding balance on your loan at the end of this period, 
that amount is usually forgiven.  
  
Because you indicated that you would like to learn more about loans, I will give you some 
strategies to help with managing and reducing your student loan debt effectively. In the 
Netherlands, managing student loans effectively involves taking advantage of the income-
driven repayment plan, which adjusts your payments based on your earnings. You can also 
pay off your loans early without penalty to reduce interest costs over time. Practicing good 
budget management can help you allocate more funds toward paying off your loan sooner. If 
possible, making extra payments can significantly decrease both the interest accrued and the 
overall term of the loan. Another tip I have for you is to explore employment opportunities 
that offer loan repayment assistance, which can be beneficial. Even during the two-year grace 
period where payments aren't required, starting to pay down the principal early can save 
money in the long run. Each of these strategies can help you manage and potentially reduce 
your student loan debt more effectively.  
  
In a follow-up lesson, we could explore which strategy would work best for you and your 
personal.  
  
Script 2. Budgeting (Increasing costs of living and inflation)  
Fantastic choice! Understanding budgeting is a crucial part of financial literacy. As a student 
in the Netherlands, mastering budgeting techniques is especially important amidst the 
increasing costs of living and inflation.  
  
Let's start with the basics: Inflation reduces your purchasing power, which means the money 
you have buys less over time as the cost of goods and services increases. This directly impacts 
your essential expenses such as housing, food, and transportation, all crucial parts of your 
budget.  
  
Given these challenges, it's vital to develop a budget that is both flexible and robust, helping 
you track your spending, prioritize expenses, and adjust your savings. This approach allows 
you to maintain financial stability even as prices rise.  
  
Because you're interested in learning more about budgeting in this economic climate, let’s 
explore how to manage your finances effectively. It starts with keeping a close eye on your 
expenses—knowing where every euro is going is more crucial now than ever. By 
understanding your spending patterns, you can better identify what is essential and where you 
might cut back. Prioritizing your spending on necessities and finding ways to reduce non-
essential expenses will be key. Another tip I have for you is to set aside money for unexpected 
expenses by building an emergency fund which can prevent financial upheavals in the future. 
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And lastly, as prices change, so should your budget. This dynamic approach will help you 
adapt and stay on top of your financial situation.  
  
In a follow-up lesson, we could dive deeper into how you can specifically apply these 
principles to your circumstances and enhance your financial management as costs continue to 
rise.”  
  
Script 3. Investing (Basics of investing)  
  
Fantastic choice! Understanding investing is a crucial part of financial literacy. As a student in 
the Netherlands, learning the fundamentals of investing is essential for building wealth and 
securing your financial future, even amidst economic fluctuations.  
Let's start with the basics: Investing involves allocating resources, usually money, with the 
expectation of generating an income or profit. This could be through stocks, bonds, mutual 
funds, or real estate, among other vehicles. Each type of investment carries its own set of risks 
and rewards, directly impacting on your financial growth and security.  
Given these opportunities, it’s vital to develop an investment strategy that aligns with your 
financial goals and risk tolerance. This approach allows you to potentially increase your 
wealth over time, even as market conditions change.  
Because you're interested in learning more about investing, let’s explore how to start investing 
effectively. It begins with understanding the different types of investments and how they fit 
into your overall financial plan. By assessing your financial situation, you can determine how 
much risk you are comfortable taking on. Diversifying your investments can reduce risk and 
increase potential returns. Another tip I have for you is, consistently investing, even small 
amounts, can benefit from compound growth, enhancing your ability to accumulate wealth 
over time. Lastly, staying informed about financial markets and adjusting your strategy as 
needed will help you make informed decisions and keep your investment goals on track.  
  
In a follow-up lesson, we could delve deeper into how you can specifically tailor these 
investment strategies to your personal circumstances and long-term financial objectives.  
  
Non-personalized (Retirements)  
  
Thanks! Today, I aim to delve into a topic related to financial literacy. Financial literacy is all 
about having the skills and knowledge to make informed and effective decisions with 
financial resources. In this lesson I will explain more about retirements.   
  
To begin, let's discuss the Dutch pension system, which is structured into three main pillars. 
The first pillar is the state pension, which is called AOW. The AOW provides a basic income 
to all residents from the age of the state retirement, which varies depending on birth year. It’s 
funded through payroll taxes and is designed to cover basic living expenses.  
  
The second pillar involves occupational pensions, which are collective agreements managed 
by employers and employees through pension funds or insurance companies. These are 
typically industry-specific and are a critical part of Dutch retirement income, making 
understanding your specific pension rights and contributions essential.  
Lastly, the third pillar consists of individual savings and investments, like bank savings or 
private pension schemes. These are voluntary and provide additional security, allowing 
individuals to save more with tax benefits to enhance their retirement lifestyle.  
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Additionally, it's important to consider how to manage these resources effectively. For 
instance, knowing when and how to start drawing from each source can optimize someone’s 
retirement income. Strategies might include delaying taking AOW or starting to draw from 
occupational pension at different times based on their financial needs.  
  
In a follow-up lesson, we could delve deeper into other exciting financial literacy topics.  
  
Old Script Non-personalized (Non-significant) – General (3x topics that are least 
relevant to students)  
  
Fantastic choice! Let's dive into financial literacy together. Financial literacy is all about 
having the skills and knowledge to make informed and effective decisions with your financial 
resources. This includes managing personal finances through budgeting, investing, and 
handling debt. I will now discuss some key financial terms that are relevant to everybody.  
  
Let's start with bonds. When you buy a bond, you're essentially lending money to an entity, 
like a government or a corporation. They use this money to fund various projects or 
operations. In return, they promise to pay you back with regular interest payments over the 
life of the bond and then return your initial investment when the bond matures. Bonds are 
generally seen as safer than stocks, making them attractive if you prefer a more conservative 
investment approach or need a stable income.  
  
Next, let's talk about budgeting for debt repayments. This involves setting aside part of your 
income each month specifically for paying off debts. You should always take care of your 
essential needs first. Then, with whatever you have left, you can tackle your debts, focusing 
first on those with the highest interest rates. This method helps reduce the total amount of 
interest you pay and speeds up the process of becoming debt-free. It's important to keep 
revising your budget as your financial situation changes or as you pay off debts.  
  
Lastly, we should consider long-term financial planning with loans. Taking out a loan is a 
significant decision and should align with your long-term financial goals, whether that's 
buying a home, funding your education, or something else. It's vital to look closely at the 
terms of any loan—like the interest rate and the schedule for repayments—to ensure it fits 
your future plans. You also need to manage your credit score and keep your debt at a 
sustainable level. As your financial situation or goals change, you might need to adjust your 
plans accordingly.  
  
In a follow-up lesson, we could delve deeper into other exiting financial literacy topics."  
  
Hereafter, everything is the same for personalized and non-personalized   

Now that we've explored various financial topics, I'll present you with several statements. 
Please tell me how much you agree or disagree with each statement by providing a number 
from this scale: (1) Strongly Disagree, (2) Disagree, (3) Somewhat Disagree, (4) Neither 
Agree nor Disagree, (5) Somewhat Agree, (6) Agree, (7) Strongly Agree. Please only tell the 
corresponding number out loud.  

  
1. Pers 1: I am very interested in the financial concepts presented in this lesson 
(Learning motivation).  
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2. Pers 2: The financial topics that were presented were not relevant to my 
learning interests.   
3. Pers 3: The financial learning topics that were presented were based on my 
input.  

  
4. I do not enjoy learning about the financial concepts presented in this 
lesson. (Learning motivation)  
5. Understanding financial literacy is very important to me. (Learning 
motivation)  
6. The financial information provided in this lesson is important to me. (Learning 
motivation)  
7. The financial literacy skills learned in this lesson will be valuable in other areas 
of my life. (Learning motivation)  

Alright! I've learned that many students experience financial stress. Could you share a bit 
more about your own financial situation? For the upcoming statements, please indicate your 
level of agreement using a scale from 1 to 7, where (1) is Strongly Disagree and (7) is 
Strongly Agree.  

8. It is hard to stick to my spending plan when unexpected expenses 
arise. (financial self-efficacy)   
9. It is challenging to make progress toward my financial goals. (financial self-
efficacy)  
10. When faced with a financial challenge, I have a hard time figuring out a 
solution.  (financial self-efficacy)  
11. I lack confidence in my ability to manage my finances.  (financial self-
efficacy)  
12. I worry about running out of money in the future.  (financial self-efficacy)   
13. I have emergency money in a savings account (financial challenges/concerns)  
14. I am living paycheck to paycheck. (financial challenges/concerns)  
15. I am barely making enough money to cover expenses. (financial 
challenges/concerns)  
16. I have to borrow money from family/friends/financial institutions. (financial 
challenges/concerns)  

  
Thank you! I am very curious to know what your opinions are of AI in general. Could you 
please tell me how strongly you agree or disagree with the upcoming statements? Use a scale 
from 1 to 7, where (1) is Strongly Disagree and (7) is Strongly Agree.  

17. AI has more advantages than disadvantages.    
18. I am afraid of AI and its future developments. (Reversed)   
19. I have a positive attitude towards AI.   
20. I would rather avoid interacting with technologies that are based on AI. 
(Reversed)    
21. The financial information I presented to you was useful (AI Usefulness)  
22. The financial information I presented to you was not helpful (AI Usefulness) 
(reverse)  
23. The financial information I presented to you was practical (AI Usefulness)  
24. The financial information I presented to you was complicated. (Control)  

Thank you for sharing that information. As an AI assistant which is still in a beta-phase, I'm 
eager to understand how people perceive me. Could you please tell me how strongly you 
agree or disagree with the upcoming statements? Use a scale from 1 to 7, where (1) is 
Strongly Disagree and (7) is Strongly Agree.  
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25. You perceive me as an expert in financial knowledge (Expertness - credibility)  
26. You perceive me as knowledgeable in financial concepts (Expertness - 
credibility)  
27. You perceive me as qualified to share financial knowledge (Expertness - 
credibility)  
28. You perceive me as skilled in sharing financial knowledge (Expertness - 
credibility)  
29. You perceive me as a dependable source of information (Trustworthiness - 
credibility)  
30. You perceive me as an honest source of information (Trustworthiness - 
credibility)  
31. You perceive me as a reliable source of information (Trustworthiness - 
credibility)  
32. You perceive me as a sincere source of information (Trustworthiness - 
credibility)  
33. You perceive me as a trustworthy source of information (Trustworthiness - 
credibility)  

Thank you! We are almost there, only a few statements left. Could you please tell me how 
strongly you agree or disagree with the upcoming statements? Use a scale from 1 to 7, where 
(1) is Strongly Disagree and (7) is Strongly Agree.  

34. Overall, this learning experience was displeasing   
35. In the end, you felt the learning experience with me was enjoyable  
36. This learning experience left me feeling very happy  

 

Thank you for your participation. I hope you enjoyed it and found this interaction interesting 

and useful. On the table to your left, you will see three flyers concerning the three main topics 

of financial literacy. If you think this type of education can help you in the future, please feel 

free to take one with you. You can now carefully take off the eye-tracking device, place it on 

the table and leave the room. 
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Appendix 3: Results Financial Literacy Topics Survey 
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Appendix 4: Pre-test results 
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Appendix 5: Consent Form 

Consent form  
  
Purpose: This study aims to explore the possibilities of AI in the context of enhancing 
financial literacy.  
  
Equipment: Pupil Labs core eye-tracking, two laptops, monitor, 3 types of flyers.  
  
Procedure:   
During this experiment, you will be asked to interact with an AI. If you could please confirm 
the following. I confirm that I do not have any physical, mental, or health-related reasons or 
problems that should preclude my participation in this study, and I now declare that I accept 
full responsibility for all financial, psychological, and physical risks related to using the 
equipment mentioned above.   
  
If you agree to participate in this experiment, you will be asked to do the following:   
Interact with the AI as you would normally do in real-life, while wearing the Pupil Labs eye-
tracking equipment. The eye-tracking equipment measures your cognitive and affective 
response during the experience. Furthermore, the other activities will be captured using screen 
recording software on the laptop in front of you. The total required time to complete this 
experiment is approximately 15 minutes including instructions, calibrating, and debriefing.   
  
Health notice/risk   
The devices used in this experiment are not expected to cause any physical harm or other 
discomforting feelings. I voluntarily assume all associated risks and take full responsibility for 
these and any other consequences that may arise from my participation.   
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Confidentiality: Your participation is voluntary, and you can leave the lab experiment at any 
time, without a reason or permission, even after signing this consent form. The data that is 
provided by you will be kept confidential and stored in a responsible and correct way. In 
addition, these data are only used for research purposes and not for any other secondary 
purposes. Personal and sensitive data will not be recorded, and the experiment is completely 
anonymous. The information from this research might be published in the Radboud Thesis 
repository. Lastly, the information and results from this project may be submitted for 
publication in academic journals, however, this will not include personal data and data cannot 
be traced back to you in any way.   
  
Contact: If you are interested in the results of this experiment or have any questions, please 
contact the research team via wessel.bom@ru.nl (Master student, Business Administration 
Nijmegen School of Management)  
  
Statement of consent: I have read the above information; I understand this completely and I 
consent to participate in this experiment.   
  
  
_______________________________________  
Name of participant   
  
  
________________________________________ _____________________________  
Signature of Participant     Date   
  
  

Thank you for your participation!   
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Appendix 6: Opera�onaliza�on table 

Construct Opera�onaliza�on Measure Source 

Behavioral outcomes 
Decision to act 

Taking a flyer Real �me measure  Morales et 
al. (2017) 

        
CE-cogni�ve load  
Mental effort being used 
in the working memory of 
the par�cipant 

Pupil dila�on Eye-tracking 

 
 

Zagermann 
et al. (2016) 

Perceived source 
credibility (expertness) 
Judgements made by a 
message receiver 
concerning the 
believability of a 
communicator 

You perceive me as an 
expert in financial 
knowledge 

Seven-point Likert scale Wu and 
Wang (2011) 

    
Perceived source 
credibility (expertness) 

You perceive me as 
knowledgeable in financial 
concepts 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility (expertness) 

You perceive me as 
qualified to share financial 
knowledge 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility (expertness) 

You perceive me as skilled 
in sharing financial 
knowledge 
 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility 
(trustworthiness) 

You perceive me as a 
dependable source of 
informa�on 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility 
(trustworthiness) 

You perceive me as an 
honest source of 
informa�on 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility 
(trustworthiness) 

You perceive me as a 
reliable source of 
informa�on 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility 
(trustworthiness) 

You perceive me as a 
sincere source of 
informa�on 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived source 
credibility 
(trustworthiness) 

You perceive me as a 
trustworthy source of 
informa�on 

Seven-point Likert scale Wu and 
Wang (2011) 

Perceived 
complicatedness  

The financial informa�on I 
presented to you was 
complicated 

Seven-point Likert scale Schrader & 
Bas�aens 
(2012) 

Personaliza�on 
 
Tailored content based on 
the par�cipants’ 
preferences. 

I am very interested in the 
financial concepts 
presented in this lesson 

The financial topics that 
were presented were not 

Seven-point Likert scale Wong & 
Guan (2018) 
Komiak & 
Benbasat 
(2006) 
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relevant to my learning 
interests. 

The financial learning 
topics that were presented 
were based on my input.   

Seven-point Likert scale 
 

Age Can you please provide 
me with your age in years? 

In numbers 
 

Gender What is your gender? (1) Male, (2) Female, (3) 
Other, (4) Prefer not to 
say  

 

Complicatedness The financial informa�on I 
presented to you was 
complicated 

Seven-point Likert scale  

English skill What skill level is your 
English language? 

Seven-point Likert scale  

Study background Can you tell me what you 
are studying? 

(1)Management, (2) 
Medicine, (3) Social 
sciences, (4) Physics, 
math and informa�ca, 
(5) Law, (6) Arts, (7) 
Philosophy, theology and 
religion, (8) other or 
specific studies 
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Appendix 7: Litle’s MCAR test results 
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Appendix 8: SPSS tests experiment 
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Appendix 9: Output SmartPLS 

 

 Cronbach's 
alpha  

Composite 
reliability 

(rho_a)  

Composite 
reliability 

(rho_c)  

Average variance 
extracted (AVE)  

Learning 
motitvation  0.753  0.811  0.833  0.505  

Perceived 
credibility  0.870  0.917  0.894  0.485  
 R-square  R-square adjusted  
Avg_pup_dil  0.005  -0.012  
Decision to act 0.210  0.159  
Learning motitvation  0.267  0.220  
Perceived credibility  0.007  -0.002  

 

 Outer loadings  
Avg_pup_dil <- Avg_pup_dil  1.000  
Complicated_Control <- Complicated_Control  1.000  
Dummy_Behavior <- Behavior  1.000  
Dummy_PERS <- Personalization  1.000  
Dummy_gender <- Male  1.000  
LM_2_R <- Learning motitvation  0.635  
LM_3 <- Learning motitvation  0.694  
LM_4 <- Learning motitvation  0.824  
LM_5 <- Learning motitvation  0.529  
MANI_LM_1 <- Learning motitvation  0.826  
Management_Dummy <- Management_study  1.000  
PERC_1 <- Perceived credibility  0.555  
PERC_2 <- Perceived credibility  0.616  
PERC_3 <- Perceived credibility  0.701  
PERC_4 <- Perceived credibility  0.750  
PERC_5 <- Perceived credibility  0.661  
PERC_6 <- Perceived credibility  0.668  
PERC_7 <- Perceived credibility  0.760  
PERC_8 <- Perceived credibility  0.728  
PERC_9 <- Perceived credibility  0.797  
englishskill <- englishskill  1.000  

 

 Cronbach's 
alpha  

Composite 
reliability 

(rho_a)  

Composite 
reliability 

(rho_c)  

Average 
variance 

extracted (AVE)  
Learning 
motitvation  0.753  0.811  0.833  0.505  
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Perceived 
credibility  0.870  0.917  0.894  0.485  

 

 

 

 
Original 

sample 
(O)  

Sample 
mean 

(M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

Avg_pup_dil -> 
Decision to act 0.090  0.089  0.036  2.477  0.013  

Avg_pup_dil -> 
Learning motitvation  0.134  0.138  0.086  1.557  0.119  

Complicated_Control -
> Decision to act -0.019  -0.019  0.037  0.519  0.603  

Complicated_Control -
> Learning motitvation  -0.203  -0.205  0.092  2.198  0.028  

Male -> Decision to act 0.271  0.272  0.082  3.319  0.001  
Male -> Learning 
motitvation  0.275  0.290  0.174  1.581  0.114  

 
      

Management_study -> 
Behavior  -0.181  -0.177  0.077  2.344  0.019  

Management_study -> 
Learning motitvation  -0.325  -0.321  0.192  1.691  0.091  

Perceived credibility -> 
Avg_pup_dil  0.015  0.020  0.126  0.119  0.905  

Perceived credibility -> 
Behavior  0.023  0.026  0.044  0.531  0.596  

Perceived credibility -> 
Learning motitvation  0.237  0.246  0.120  1.974  0.048  

Personalization -> 
Avg_pup_dil  -0.142  -0.138  0.185  0.765  0.444  

Personalization -> 
Behavior  0.173  0.176  0.082  2.097  0.036  

Personalization -> 
Learning motitvation  0.573  0.589  0.186  3.081  0.002  

Personalization -> 
Perceived credibility  0.165  0.209  0.233  0.708  0.479  

englishskill -> Behavior  -0.001  -0.002  0.037  0.031  0.975  
englishskill -> Learning 
motitvation  0.024  0.019  0.096  0.248  0.804  

 

 VIF  
Avg_pup_dil  1.000  
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Complicated_Control  1.000  
Dummy_Behavior  1.000  
Dummy_PERS  1.000  
Dummy_gender  1.000  
LM_2_R  1.315  
LM_3  1.591  
LM_4  2.125  
LM_5  1.380  
MANI_LM_1  1.604  
Management_Dummy  1.000  
PERC_1  1.687  
PERC_2  1.840  
PERC_3  1.915  
PERC_4  1.806  
PERC_5  1.726  
PERC_6  2.419  
PERC_7  2.774  
PERC_8  2.304  
PERC_9  2.608  
englishskill  1.000  

 

 

 R-square  R-square adjusted  
Avg_pup_dil  0.005  -0.012  
Behavior  0.210  0.159  
Learning motitvation  0.267  0.220  
Perceived credibility  0.007  -0.002  

 

 Total effects  
Avg_pup_dil -> Decision to act  0.090  
Avg_pup_dil -> Learning motitvation  0.134  
Complicated_Control -> Decision to act  -0.019  
Complicated_Control -> Learning motitvation  -0.203  
Male -> Decision to act  0.271  
Male -> Learning motitvation  0.275  
Management_study -> Decision to act  -0.181  
Management_study -> Learning motitvation  -0.325  
Perceived credibility -> Avg_pup_dil  0.015  
Perceived credibility -> Decision to act  0.023  
Perceived credibility -> Learning motitvation  0.237  
Personalization -> Avg_pup_dil  -0.142  
Personalization -> Decision to act  0.173  
Personalization -> Learning motitvation  0.573  
Personalization -> Perceived credibility  0.165  
englishskill -> Decision to act  -0.001  
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englishskill -> Learning motitvation  0.024  
 

 

 
Original 

sample 
(O)  

Sample 
mean 

(M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

Personalization -> 
Perceived credibility -
> Avg_pup_dil  

0.002  0.005  0.041  0.061  0.952  

Personalization -> 
Perceived credibility -
> Avg_pup_dil -> 
Learning motitvation  

0.000  0.001  0.008  0.042  0.966  

Personalization -> 
Perceived credibility -
> Decision to act  

0.004  0.004  0.015  0.247  0.805  

Personalization -> 
Perceived credibility -
> Avg_pup_dil -> 
Decision to act  

0.000  0.000  0.004  0.053  0.958  

Personalization -> 
Perceived credibility -
> Learning 
motitvation  

0.039  0.037  0.064  0.606  0.545  

Perceived credibility -
> Avg_pup_dil -> 
Decision to act  

0.001  0.002  0.013  0.106  0.915  

Perceived credibility -
> Avg_pup_dil -> 
Learning motitvation  

0.002  0.003  0.022  0.093  0.926  

Personalization -> 
Avg_pup_dil -> 
Decision to act  

-0.013  -0.013  0.019  0.672  0.502  

Personalization -> 
Avg_pup_dil -> 
Learning motitvation  

-0.019  -0.019  0.034  0.566  0.571  
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Avg_
pup_

dil  

Complica
ted_Cont

rol  

Dec
isio
n to 
act  

Lear
ning 

motit
vatio

n  

M
al
e  

Manage
ment_stu

dy  

Perc
eive

d 
cred
ibilit

y  

Person
alizati

on  

engli
shski

ll  

Avg_pup
_dil  

  0.0
48  0.023       

Complica
ted_Cont
rol  

  0.0
02  0.051       

Decision 
to act  

         

Learning 
motitvati
on  

         

Male    0.1
00  0.022       

Managem
ent_study  

  0.0
48  0.033       

Perceived 
credibilit
y  

0.000   0.0
03  0.069       

Personali
zation  0.005   0.0

47  0.093    0.00
7  

  

englishski
ll  

  0.0
00  0.001       

 

Path coefficients (with significance) β-coefficient  

 
Original 

sample 
(O)  

Sample 
mean 

(M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

Avg_pup_dil -> 
Decision to act  0.090  0.089  0.036  2.477  0.013  

Avg_pup_dil -> 
Learning motitvation  0.134  0.138  0.086  1.557  0.119  

Complicated_Control -
> Decision to act  -0.019  -0.019  0.037  0.519  0.603  

Complicated_Control -
> Learning motitvation  -0.203  -0.205  0.092  2.198  0.028  

Male -> Decision to act  0.271  0.272  0.082  3.319  0.001  
Male -> Learning 
motitvation  0.275  0.290  0.174  1.581  0.114  

Management_study -> 
Decision to act  -0.181  -0.177  0.077  2.344  0.019  

Management_study -> 
Learning motitvation  -0.325  -0.321  0.192  1.691  0.091  
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Perceived credibility -> 
Avg_pup_dil  0.015  0.020  0.126  0.119  0.905  

Perceived credibility -> 
Decision to act  0.022  0.025  0.043  0.504  0.614  

Perceived credibility -> 
Learning motitvation  0.235  0.244  0.123  1.905  0.057  

Personalization -> 
Avg_pup_dil  -0.144  -0.143  0.191  0.757  0.449  

Personalization -> 
Decision to act  0.182  0.184  0.080  2.267  0.023  

Personalization -> 
Learning motitvation  0.554  0.571  0.187  2.961  0.003  

Personalization -> 
Perceived credibility  0.165  0.209  0.233  0.708  0.479  

englishskill -> Decision 
to act  -0.001  -0.002  0.037  0.031  0.975  

englishskill -> Learning 
motitvation  0.024  0.019  0.096  0.248  0.804  
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Appendix 10: structural and measurement model 

 

Figure 1:Measurement model 
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Figure 2: Structural model 
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