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Abstract 
 
The rising student debt, especially in the Netherlands, presents significant socio-economic 

challenges. Higher financial literacy can help, however effective financial literacy education 

programs have proven difficult to design. Personalized learning methods are the most effective 

in increasing students’ learning motivation. This thesis therefore explored the potential of a 

novel yet underexplored personalized learning method, namely personalized AI-avatars, to 

enhance financial literacy among students. Personalized AI-avatars are interactive virtual 

characters powered by generative AI, capable of catering to the unique needs, interests, and 

abilities of individual learners. The study aimed to understand how personalized AI-avatars 

affect cognitive load (the mental effort required to learn) and learning motivation of students, 

and whether financial concerns impact this dynamic. 

 

A Wizard of Oz experimental design was employed, where 117 students from Radboud 

University interacted with either a personalized or non-personalized AI-avatar. Cognitive load 

was measured through eye-tracking measurements. The study found that personalized AI-

avatars significantly increase students' motivation to acquire financial literacy skills, this effect 

was stronger for male students. Contrary to previous research, personalized AI-avatars did not 

significantly lower cognitive load. However, the study confirmed that cognitive load, as 

measured by fixations per second, significantly reduces learning motivation. Additionally, 

students' financial concerns did not have a significant impact on perceived cognitive load or 

learning motivation. 

 

These findings suggest that while personalized AI-avatars enhance motivation, they do not 

necessarily lower cognitive load. The implications of this study are significant for the design of 

AI-based educational tools, potentially improving financial literacy and reducing financial 

mismanagement and stress among students. Moreover, the insights gained could extend beyond 

financial education, indicating broader applications for personalized AI in various educational 

contexts. 
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1. Introduction 
At the beginning of 2022, 1.6 million students and former students in the Netherlands 

had a student debt. Just over half had a student debt of less than 10,000 euros. More than 

100,000 (former) students had a debt of at least 50,000 euros, including 1,400 with more than 

100,000 euros of debt (CBS, 2023). Many (former) students are expected to struggle with 

paying back that debt within the 35-year limit, especially as the interest rate for student loans 

has more than quintupled by 2024, rising from 0.46 percent to 2.56 percent (NOS, 2023). This 

increasing financial burden on students can have significant negative implications, including 

reduced household savings, increased likelihood of debt delinquency and bankruptcy, and 

delays in major life decisions such as marriage and having children (Elliott & Nam, 2013; Velez 

et al., 2019). High student debt is also associated with worse physical and mental health 

conditions (Cooke et al., 2004; Dickson et al., 2020; Kim & Chatterjee, 2021).  

Research indicates that higher financial literacy can significantly improve student debt 

management, with financial literacy education showing positive outcomes such as enhancing 

college students' saving behaviors, budgeting, and intentions to avoid credit card pitfalls. For 

instance, students who participated in a financial literacy course saved an average of $719 in 

one semester, suggesting that financial education can promote better financial decision-

making and potentially reduce reliance on student loans (Wann, 2016). However, financial 

literacy education has often been criticized for its lack of long-term effectiveness. For 

example, Fernandes et al. (2014) found that nearly all individuals who participated in a 

financial literacy course failed to retain the knowledge after 20 months. Similarly, Cole et al. 

(2015) showed that mandated personal finance courses for high schoolers made no difference 

in their financial literacy.  

This critique is opposed by Lusardi and Mitchell (2013) who argue that the concept of 

financial literacy education is not flawed, but the programs were not well designed and 

resourced. The classes taught in schools tended to provide one-shot, one-size-fits-all 

instructions, with little or no follow-up (Hirsch, 2023). Therefore, it is to be expected when 

financial literacy education is of higher quality and more personalized, it will increase the 

financial literacy of students.  

Personalized learning tailors educational strategies and practices to the unique needs, 

interests, and abilities of individual learners. It can significantly enhance educational outcomes 

by meeting individual learning preferences and promoting greater engagement (Alamri et al., 

2020; Tetzlaff et al., 2020). One of the newest developments within personalized learning are 

AI-avatars (Rodriguez & Hemachandran, 2023). AI-avatars, short for artificial intelligence 
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avatars, are virtual representations of a character equipped with advanced algorithms and 

machine learning capabilities. These avatars are powered by generative AI agents, like 

OpenAI’s ChatGPT (ChatGPT, 2023). AI-avatars can guide students by tailoring learning 

experiences to their individual needs, analyzing data such as student performance and 

preferences to provide personalized content. This capability includes engaging learners, 

offering real-time feedback, and promoting inclusivity by addressing diverse learning needs 

(Pataranutaporn et al., 2021; Rodriguez & Hemachandran, 2023). 

1.1 Theoretical Relevance 
 This study will give greater insights into the importance of personalized experiences, 

especially within educational context. The role AI-avatars can play to further enrich 

personalized experiences has so far barely been studied (Vallis et al., 2023), with most 

research focusing on other applications of AI for personalization (Rafieian & 

Yoganarasimhan, 2018). Understanding how AI-avatars can tailor to individual preferences, 

needs and emotional states will be of great value to the growing number of studies on the 

value of AI. This study helps bridge the gap between theoretical potential and practical 

application of AI in customer experiences.  

Contemporary research suggests that students should be viewed as customers within 

the educational system, wherefore customer-centric models used in business contexts apply 

for students as well (Guilbault, 2016). Building on this perspective, this study borrows from 

CX research (Lemon & Verhoef, 2016). CX explores how customers interact with their 

surroundings during an interaction, focusing on cognitive, emotional, behavioral, and social 

dimensions of engagement (Brodie et al., 2011). A variable that is of great interest within CX 

research and eye-tracking studies is cognitive load (Wang et al., 2014; Zhang et al., 2020). 

Additionally, cognitive load is also often used in studies on effective e-learning programs, as 

research suggests that e-learning systems should adopt cognitive-based methods to decrease 

students’ cognitive load (e.g. Darejeh et al., 2022). By examining cognitive load, the study 

contributes to a deeper understanding of the cognitive drivers behind motivation. This 

contributes to the call in academic literature for more empirically measured data on CX, 

taking into account its multifaceted nature (Bueno et al., 2019; Lemon & Verhoef, 2016). This 

will provide CX research with a greater understanding of the antecedents and impacts of CX 

(Lemon & Verhoef, 2016). 

This study will also consider the role of financial concerns. Xue et al. (2020) 

confirmed an effect of financial concerns on financial literacy behavior of elderly people. This 

study has not yet been replicated in a financial literacy education context, nor for younger 
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people. Furthermore, a meta-analysis by Almeida et al. (2024) found that financial scarcity 

has a moderating impact on cognitive performance. This study aims to find out whether this 

same effect is also present for financial concerns of students. Understanding the influence of 

financial concerns on financial literacy and cognitive load is critical, as it provides insight into 

how individuals' economic anxieties might impact their decisions and behaviors. 

1.2 Practical Relevance 
This study aims to provide greater insights into the effectiveness of AI-assisted learning 

tools for educational design, more specifically the use of AI-avatars (Rodriguez & 

Hemachandran, 2023). Gaining this knowledge can guide the development of AI applications 

that optimize motivational outcomes. Understanding how learners interact with AI-avatars and 

the effect on their motivation can inform best practices in AI development. These practices can 

then be used by companies to create more effective employee training programs.  

Furthermore, by applying generative AI solutions to financial literacy education, this 

study demonstrates how AI can be positively deployed to solve real-world problems. 

Governments can use these insights to design more effective public education programs that 

improve financial literacy among citizens. This research will add to previous studies which have 

demonstrated how generative AI can be applied to do social good (Pataranutaporn et al., 2021; 

Tomašev et al., 2020). The social impact of this research is significant, as improving financial 

literacy among students can lead to a more financially responsible and economically stable 

population, reducing societal issues related to debt and financial mismanagement.  

Moreover, this study considers the crucial role that (learning) motivation plays when 

talking about effective financial literacy education. Motivation is the driving force that compels 

students to engage with the material (Alamri et al., 2020), to digest complex financial concepts, 

and to apply this knowledge practically in managing their personal finances (Mandell & Klein, 

2009). The introduction of AI-avatars into financial literacy education may hold the key to 

unlocking this motivation. By offering a more personalized learning experience, these avatars 

have the potential to make the learning process not only more interactive but also more 

engaging. 

Furthermore, the study can highlight how personalized AI-avatars might be used in other 

educational contexts beyond financial literacy. Potential applications could include subjects like 

science, history, or professional training scenarios, thereby broadening the study's impact. This 

approach not only enhances educational outcomes but also sets a precedent for future research 

into AI-driven personalized learning environments. This relevance underscores the potential of 
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AI-avatars to revolutionize education by making learning more accessible, effective, and 

personalized. 

Lastly, addressing ethical considerations and data privacy issues related to the use of AI 

in education is crucial. This study also aims to highlight these challenges and propose solutions 

for mitigating potential risks associated with AI avatars, ensuring their responsible and 

equitable implementation in educational settings. 

1.3 Research Objective 
This study aims to deepen the understanding of the role of personalization in financial 

literacy education, which is of great importance due to the rising student debt. Drawing on the 

existing literature that suggests personalization can significantly enhance educational outcomes 

(Alamri et al., 2020; Tetzlaff et al., 2020), this research will explore the potential of AI-avatars 

in personalized learning (Rodriguez & Hemachandran, 2023). More specifically, it will look at 

how personalized AI-avatars influence cognitive load and learning motivation of students, as 

these are crucial learning factors (Alamri et al., 2020; Darejeh et al., 2022). Furthermore, this 

study will examine how students’ financial concerns affect the cognitive processing and 

learning motivation of students. This leads to the following research question: "How does the 

use of personalized AI-avatars in financial literacy education influence students' cognitive load 

and learning motivation, considering their financial concerns?" The outcomes of this research 

can contribute to refining AI-driven educational tools. Specifically, it will help with gaining a 

nuanced understanding of how personalized AI-avatars, cognitive load and financial concerns 

interact to affect students’ motivation to learn about financial literacy, thereby addressing the 

growing need for good financial education for students considering the growing number of 

students in debt (Mandell & Klein, 2009). This study aims to contribute to the development of 

more AI-based tools that could ensure and improve societal well-being, of which financial 

literacy is one of the most pressing issues (Lusardi & Mitchell, 2013). 

1.4 Outline  
The remainder of the study unfolds as follows: first, the theoretical background of this 

study is presented. After that, the conceptual model and its corresponding hypotheses set for 

examination will be shown. This is followed by the research methodology, consisting of the 

design of the study, data gathering, and the approaches to data analyzation. Then the results of 

the study are presented, followed by the conclusion and discussion. Last, theoretical and 

practical implications, limitations, and recommendations for further research are presented. 



 9 

2. Theoretical Background 
2.1 Personalized Learning 
 In this study, personalized learning refers to educational strategies and practices that 

tailor learning to the unique needs, interests, and abilities of individual learners (Major et al., 

2021). Personalized learning can improve learning motivation by responding to three basic 

psychological needs: autonomy, competence, and relatedness (Alamri et al., 2020). Thereby it 

can maximize learner satisfaction, learning efficiency, and learning effectiveness (Alamri et 

al., 2020; Shemshack & Spector, 2020; Tetzlaff et al., 2020). The rise of the internet has 

amplified interest in personalized learning, as technology can adapt instruction based on real-

time feedback (Major et al., 2021; Shemshack & Spector, 2020). For example, personalized 

systems that provide learning paths adapted to various levels of difficulty and abilities have 

been developed over the years (Chen et al., 2005; Shemshack & Spector, 2020; Zou & Xie, 

2018). 

2.2 Generative AI 
Building on the concept of personalized learning, generative AI represents a significant 

technological advancement that can further personalize educational experiences. Generative AI 

is an umbrella term to describe machine learning solutions trained on massive amounts of data 

in order to produce new unique outputs based on user prompts (Sætra, 2023). The use of 

generative AI tools like OpenAI’s ChatGPT (ChatGPT, 2023) has surged due to its powerful 

and unique capabilities. Various generative AI tools can create a multitude of different outputs 

such as visual arts, music, literature, as well as video and animation (Epstein et al., 2023). Noy 

and Zhang (2023) have shown that ChatGPT significantly boosts productivity and reduces 

inequality among workers.  

However, generative AI also raises consumer concerns. Users worry about personal data 

harvesting and related privacy and security issues (Smuha, 2021). While enhancing productivity, 

generative AI can lead to feelings of redundancy and disempowerment, diminishing human 

skills, job opportunities, and personal autonomy (Puntoni et al., 2020). Additionally, AI use in 

social contexts, like customer service chatbots, often results in impersonal and unsatisfactory 

interactions (Puntoni et al., 2020). 

2.2.1 Generative AI in Education 
 Education is one of the sectors with significant interest in the possibilities and 

opportunities offered by generative AI (Baidoo-Anu & Ansah, 2023; Chiu, 2023; Lim et al., 

2023; Xia et al., 2023). Generative AI tools like ChatGPT (ChatGPT, 2023) have been 

transforming student learning and teaching methods. For instance, Xia et al. (2023) 
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demonstrated that students required less than 30 seconds to generate a 1000-word essay, solve 

a mathematics problem, or compose music using generative AI. This has led many institutions 

to revise their policies (Chiu, 2023). 

 Generative AI customizes learning experiences by creating personalized learning paths 

tailored to individual skills and needs, offering engaging, interactive, and real-time feedback 

(Baidoo-Anu & Ansah, 2023; Xia et al., 2023). Studies show that AI tools improve academic 

performance, enhance learning motivation, and support diverse learning needs through 

personalized learning paths and feedback (Baidoo-Anu & Ansah, 2023; Hmoud et al., 2024; 

Xia et al., 2023).  

However, generative AI also presents challenges. It requires substantial student data, 

raising privacy and security concerns, and is often seen as a 'black box' due to algorithmic 

complexity, reducing trust (Lim et al., 2023; Baidoo-Anu & Ansah, 2023; Xia et al., 2023). 

Socio-economic disparities can limit access to AI technologies, worsening educational 

inequalities (Chiu, 2023; Baidoo-Anu & Ansah, 2023). Additionally, effective AI integration 

demands significant investment in teacher training and ethical use education (Xia et al., 2023). 

2.2.2 AI-Avatars 
 AI-avatars are digital representations of people or entities created and animated using 

artificial intelligence. These avatars can act as stand-ins or surrogates in virtual environments, 

with varying degrees of realism (Seymour et al., 2018; Rodriguez & Hemachandran, 2023). 

Humans are predisposed to respond positively to faces, making AI-avatars promising for 

enhancing human-machine interactions (Seymour et al., 2018). Although studies on AI-

avatars are still limited, various studies have shown that avatars can positively impact 

behaviors, attitudes, and motivation (e.g., Hudson & Hurter, 2016). In an educational context, 

Leiker et al. (2023) found that AI-avatars are viable substitutes for traditionally produced 

instructional videos featuring real humans. Vallis et al. (2023) found that students who were 

lectured by an AI-avatar felt that they were a suitable replacement for human teachers. AI-

avatars aim to make education more accessible and inclusive, supporting multilingual learning 

and offering customizable features tailored to the needs of students with learning disabilities 

(Leiker et al., 2023). Also, subtitles are easily added to AI-avatars, which are shown to 

significantly improve comprehension of learning material (Hayati & Mohmedi, 2009). 

2.2.3 Personalized AI-Avatars 
 One of the unique capabilities of AI-avatars is that they can serve as interactive guides 

by tailoring learning experiences to individual students. AI-avatars can analyze data, 

including student performance and preferences, to provide personalized content. This means 
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that AI-avatars can adapt educational content to fit individual learning preferences and styles 

by analyzing each student's progress (Rodriguez & Hemachandran, 2023). They can adjust the 

difficulty and focus of learning activities to match a student's current level of understanding, 

ensuring that each student faces challenges appropriate to their skills. This makes them 

particularly interesting and useful for personalized adaptive learning (Shemshack & Spector, 

2020). For example, Stanford University saw a 15% improvement in learning outcomes and 

increased engagement with a personalized AI-avatar learning platform (Rodriguez & 

Hemachandran, 2023). However, integrating AI avatars in higher education raises challenges, 

including privacy, data security, and potential biases. The responsible handling of personal 

data is crucial to ensure equitable educational experiences (Vallis et al., 2023). Addressing 

these issues is essential to maximize the benefits of AI-avatars while maintaining ethical 

standards and protecting student privacy (Puntoni et al., 2020). 

2.3 Customer Experience 
 The concept of customer experience (CX) has emerged as a vital component in 

understanding and enhancing the interaction between businesses and their customers. CX 

research addresses the multifaceted nature of customer experiences, focusing on cognitive, 

emotional, behavioral, and social dimensions of engagement (Brodie et al., 2011; Lemon & 

Verhoef, 2016). These categories underscore the holistic engagement of customers with a brand 

or service, ranging from direct sensory impacts, emotional responses, intellectual engagements, 

physical interactions, to the influence on one’s social identity. The digital revolution has notably 

shifted how businesses interact with customers, enabling more personalized and immediate 

experiences through data analytics and AI (Hoyer et al., 2020). Lemon and Verhoef (2016) 

argue for the significance of integrating these diverse experiential dimensions into a cohesive 

strategy to manage customer experience effectively. They highlight that in the current complex 

consumer landscape, acknowledging and designing for these various experiential aspects is 

critical for enhancing customer loyalty, satisfaction, and advocacy. 

 
2.3.1 Student Customer Experience 

There is a growing number of interest in the customer experience of students in higher 

education (HE). HE aims to provide resources for teaching and learning, helping individuals 

succeed in careers and personal lives, and promoting economic stability and quality of life 

(Dropulić et al., 2021). However, HE has been influenced by marketization (Guilbault, 2016). 

Marketization in HE refers to institutions adopting marketing strategies. This shift has been 

prompted by a variety of factors, such as heightened competition, reduced governmental 
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support, and rising educational expenses. Given the multitude of choices available to students, 

HE has been compelled to adopt innovative approaches to attract and retain them (Guilbault, 

2016). This has led to the need for universities to apply marketing concepts normally associated 

with commercial markets to the educational context (Kalafatis & Ledden, 2013). However, this 

approach is criticized by some as the prioritization of service quality might erose academic 

standards in HE (Naidoo & Jamieson, 2005). Guilbalt (2016) refuses this view and posits that 

from a more contemporary view of services marketing, viewing students as customers and co-

producers of learning, a customer focus need not harm academic standards. 

One of the most frequently applied marketing concepts is the customer experience 

approach (Dropulić et al., 2021). The student customer experience focuses on the quality and 

satisfaction of the educational experience of a student, with a specific focus on the cognitive 

and emotional aspects (Dropulić et al., 2021). Koris et al. (2014) found that students expect to 

be approached as customers regarding student feedback, classroom studies, communication 

with staff, individual studies, course design, and teaching methods. Guilbault's (2016) analysis 

suggests that adopting a customer-oriented approach in HE can lead to improved student 

satisfaction and retention rates. Henderson et al. (2015) recommends that the role of digital 

transformation in enhancing the student customer experience through personalized learning 

platforms should also be considered.  

2.3.2 Cognitive Load 
 Cognitive load is the idea that humans have finite cognitive resources, and if they are 

overloaded, their performance suffers (Khan et al., 2023). Cognitive Load Theory (CLT) 

distinguishes between intrinsic, extraneous, and germane loads (Sweller, 2019). Intrinsic load 

refers to how complex the material is perceived, extraneous load is related to the way 

information is presented, and germane load involves the cognitive effort directed toward the 

construction of knowledge (Sweller, 2019). As a dimension of interest within CX research 

(Lemon & Verhoef, 2016), cognitive load has gotten a lot of attention within this stream of 

literature, making it particularly relevant to this study.   

Effective educational resources facilitate learning by directing cognitive resources 

toward activities relevant to learning, rather than other activities (Sweller, 2019). CLT has been 

very influential in educational studies for providing design guidelines (Schnotz & Kürschner, 

2007). CLT has also been applied in the context of personalized learning. Lange (2021) 

indicates that personalized e-learning platforms lead to lower perceived cognitive load by 

allowing learners to control how they process information, thereby addressing individual 

learning needs. Sun and Yu (2018) showed that personalized learning aids can reduce students’ 
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intrinsic and extraneous cognitive loads, enhancing learning effectiveness. Yacob et al. (2014) 

indicated that personalized learning which matched course material difficulty with student 

ability can enhance learning effectiveness by managing cognitive load. Kleinman (2017) 

indicated that personalized learning environments not only reduces cognitive load, but also 

increase intrinsic motivation for learners. This leads to more efficient learning by utilizing 

learners’ existing knowledge scripts, thereby reducing the cognitive effort required to process 

new information.  

However, applying CLT principles to personalized learning environments presents 

challenges. For example, there is a risk that if extraneous load is reduced too much, the learning 

materials are oversimplified, potentially hindering deep learning (Mayer, 2009). Furthermore, 

the reliance of user data when designing personalized learning environments raises concerns 

about data privacy (Puntoni et al., 2020).  

2.4 Financial Literacy among Students 
The Organisation for Economic Co-operation and Development (2014) defines financial 

literacy the following way: ‘Knowledge and understanding of financial concepts and risks, and 

the skills, motivation and confidence to apply such knowledge and understanding in order to 

make effective decisions across a range of financial contexts, to improve the financial well-

being of individuals and society, and to enable participation in economic life.’ (p. 33). Hastings 

et al. (2013) link low financial literacy to debt accumulation, high-cost borrowing, and poor 

mortgage choices. In a developed economy like the Netherlands, one in six households have 

problematic debts or are at high risk (Amagir et al., 2017). Financial literacy is crucial for 

students facing rising student debts in a complex society. However, university students often 

have low financial literacy (Triveda & Gupta, 2024). Furthermore, students are growing up in 

a society in which the financial landscape is complex and the financial responsibilities of 

citizens are substantial. Therefore, there is a wide call for financial literacy education for 

students.  

Amagir et al. (2017) state that effective financial literacy education must be well-

designed and personalized to specific life events relevant to students. However, most financial 

education fails to have a long-term impact on actual financial behavior (Fernandes et al., 2014). 

It is therefore necessary for educational programs to not only increase financial literacy but also 

cause more positive actual financial behavior (Amagir et al., 2017). For that reason, new 

innovative educational techniques should be studied, like personalized AI avatars, to enhance 

the relevance and applicability of financial literacy education. 
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2.4.1 Students’ Financial Concerns 
 Approximately 36% of adolescents in the Netherlands have financial concerns 

(Nederlands Jeugdinstituut, 2023). For students specifically, this number is not known for the 

Netherlands, but in the USA 73% of students experience financial distress (Mowreader, 2023). 

The effects of financial concerns on students have been extensively studied. Jessop et al. (2019) 

found that financial concerns are linked to deteriorating mental and physical health among 

students. Baker and Montalto (2019) found that high student debts and financial concerns 

correlated with lower academic performance and higher dropout rates. Furthermore, the 

financial worries of students may lower learning motivation as students grapple with the 

psychological burden of their financial state (Dickson et al., 2020; Kim & Chatterjee, 2021). 

 Researchers have also explored how financial concerns impact cognitive load. Rose et 

al. (2004) found that financial concerns increase cognitive load, which impairs decision-making 

and memory processes. Almeida et al.'s meta-analysis (2024) suggests that financial scarcity 

has a detrimental effect on cognitive performance. Mani et al. (2013) state that poverty increases 

cognitive load, which significantly reduces cognitive function. However, such studies have not 

yet been done on students. Given the increasing number of students with financial concerns, it 

is imperative to understand how these concerns impact cognitive load when engaging in 

educational activities.  

2.5 Learning Motivation 
 Learning motivation can be defined as the combination of the internal and external drive 

that propel individuals to acquire knowledge, skills, and competencies through study or 

experience (Buckmaster & Carroll, 2008). Learning motivation consists of both internal, which 

comes from interest or enjoyment in the task itself, and external motivation, which is driven by 

external rewards or pressures (Khawaldeh and Al-Zboun, 2020). The success of learning 

depends on whether learners are motivated, as motivation drives learners in reaching their goals 

(Filgona et al., 2020). Understanding and increasing learning motivation of students involves a 

complex interplay of environmental and emotional factors. Of which cognitive load is one of 

the most important factors. Feldon et al. (2019) state that high cognitive load negatively impacts 

learning motivation. Khawaldeh and Al-Zboun (2020) demonstrate that lower cognitive load 

leads to higher motivation which significantly improves learner performance.  

 Personalized learning environments, which adapt to the learner’s needs can increase 

learning motivation of students by providing autonomy and higher personal relevance (Alamri 

et al., 2020). Digital and online learning environments with interactive and immersive elements 
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can also promote learning motivation (Skulmowski & Xu, 2021). However, the impact of 

generative AI on learning motivation is not yet studied.   

2.6 Hypothesis development 
The relationships between personalized AI avatars, cognitive load, learning motivation 

and students’ financial concerns are depicted in Figure 1. In the following section the 

accompanying hypotheses are presented.  

  

Figure 1: Conceptual Model 
 
2.6.1 Personalized AI Avatars 

Personalized AI avatars provide customized learning paths for each student, potentially 

increasing student engagement and motivation due to the individualized attention and adaptive 

learning opportunities they offer (Pataranutaporn et al., 2021). Personalized AI avatars are 

proposed to increase student interest and engagement (Rodriguez & Hemachandran, 2023), 

which are critical components of learning motivation. Additionally, other personalized e-

learning environments have demonstrated significant improvements in student motivation 

(Alamri et al., 2020; Skulmowski & Xu, 2021). Therefore, a positive effect of personalized AI 

avatars on learning motivation is anticipated, leading to the following hypothesis:  

H1: Personalized AI avatars have a positive effect on the learning motivation of students. 

Personalized AI avatars may influence cognitive load perceived by students when 

learning. The cognitive load theory suggests that learning is facilitated when information is 

presented in a manner that aligns with the human cognitive architecture (Sweller, 1988). By 
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providing tailored feedback and adapting to individual learning preferences, personalized AI-

avatars could potentially reduce the amount of cognitive processing required to understand new 

information, thereby reducing the perceived cognitive load (Lange, 2021). This is particularly 

relevant in complex subjects such as financial literacy, where the density of information can be 

overwhelming (Wann, 2016). The interactive and adaptive nature of AI avatars aims to simplify 

the learning process, making it more accessible and less mentally taxing for students (Rodriguez 

& Hemachandran, 2023). Consequently, the following hypothesis is formulated: 

H2: Personalized AI avatars have a negative effect on cognitive load.  

2.6.2 Cognitive Load 
 Excessive cognitive load can hinder the learning experience, potentially leading to 

decreased motivation among students (Feldon et al., 2019). Khawaldeh and Al-Zboun (2020) 

complement this perspective by demonstrating that as cognitive load increases, students' 

motivation to learn generally decreases. This is in support of the cognitive load theory, which 

suggests that when the demand exceeds an individual's cognitive capacity, it may result in 

diminished motivation due to the increased effort and difficulty associated with learning tasks 

(Sweller, 1988). Therefore, it is believed that heightened cognitive load could negatively affect 

students' motivation to learn, which leads to the following hypothesis: 

H3: Cognitive Load has a negative effect on learning motivation of students. 
 
2.6.3 Students’ Financial Concerns 
 Research indicates that financial concerns can increase perceived cognitive load, 

negatively impacting cognitive functions (Mani et al., 2013; Rose et al., 2004). While studies 

have observed this effect on the general population, the specific impact on students has not 

yet been studied. This is critical as students face unique financial challenges that may 

heighten cognitive load, like student debts and an uncertain financial future (Amagir et al., 

2017). The mental burden associated with financial stress can reduce the benefits of 

personalization, leading to lower cognitive performance and impaired decision-making 

abilities. In light of this, the following hypothesis is proposed:  

H4a: Students’ financial concerns moderates the effect of personalized AI Avatars on 
cognitive load.    
 Concerns about personal financial situations have been shown to be a key factor in worse 

academic performance due to the lower ability to process and retain information (Velez et al., 

2019; Cooke et al., 2004). Other research suggests that financial worries of students may lead 

to a decrease in learning motivation as students grapple with the psychological burden of their 

financial state (Dickson et al., 2020; Kim & Chatterjee, 2021). Furthermore, Xue et al. (2020) 
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confirmed an effect of financial concerns on financial literacy-behavior of elderly people. This 

study seeks to explore this dynamic within the context of financial literacy education. It is 

hypothesized that financial concerns can moderate the effect of cognitive load on learning 

motivation by diverting cognitive resources and increasing stress, which can reduce motivation 

levels in learning about financial literacy: 

H4b: Students’ financial concerns moderates the effect of cognitive load on learning 
motivation.  
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3. Methodology 
This chapter will provide a discussion and explanation of the research methodology this 

study used. Specifically, it will cover the research design, sample information, methods of data 

collection, information about the questionnaire, operationalization of the constructs, and finally 

an in-depth analysis of the construct reliability and validity.  

3.1 Research Design 
This study employed the Wizard of Oz experiment, a method where participants interact 

with a system they believe to be autonomous but is actually operated by a human (Green & 

Wei-Haas, 1985). The Wizard of Oz experiment method is a well-established and accepted 

experiment design to evaluate human behavior (Steinfeld et al., 2009). By applying the Wizard 

of Oz methodology, we can gain insights into student behaviors and attitudes within a controlled 

environment without the need for a fully developed AI system. Because we are conducting a 

Wizard of Oz experiment, we are not attempting to recreate complex and real-time interactions 

between the student and the AI-avatar, unlike other studies (Seymour et al., 2018). This study 

will focus on how students perceive and engage with the learning contents delivered by AI 

avatars in a controlled environment. 

Two manipulation scenarios were created: one with a personalized AI avatar and one 

with a non-personalized AI avatar. Participants were randomly assigned to one of the two 

conditions. Unique scripts were written for each condition (Appendix 7.5). The script for the 

personalized AI avatar was based on an elaborate prompt for an AI tutor optimized for 

ChatGPT-4 (ChatGPT, 2023) and adapted from Mollick and Mollick (2023) (Appendix 7.1). 

The non-personalized prompt was created by removing all personalization principles (Alamri 

et al., 2020) (Appendix 7.2). The scripts generated by GPT-4 were uploaded to Vidnoz, an AI 

text-to-video generator (Vidnoz, n.d.) (Appendix 7.6). Subtitles were added to the videos to 

enhance comprehension (Hayati & Mohmedi, 2009). The videos were presented to participants 

via playlists on VLC Media Player (VideoLAN, 2023). 

The topics for each script were determined based on a survey conducted with 46 students, 

who ranked the financial literacy topics most relevant to them (Appendix 7.9) The personalized 

scripts covered the most relevant themes within three major topics of financial literacy (loans, 

investing, and budgeting), while non-personalized scripts covered the least relevant themes 

within these topics. The first pre-test aimed to determine whether the personalized and non-

personalized conditions were significantly different. The two groups did not score significantly 

different on the perceived personalization scale by Wong and Guan (2018) (p = .351).  Research 

suggests that perceived personalization, rather than actual personalization, drives the 
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effectiveness of personalized messages (Li, 2016, 2019). To reduce the chances of perceived 

personalization, a new non-personalized script was developed, based on the least relevant 

financial literacy topic according to the survey (retirement). The second pre-test showed a 

bigger but still non-significant difference between the two conditions (detailed in Chapter 4). 

3.1.1 Procedure of experiment 

During the Wizard of Oz-experiment, participants interacted with an AI-avatar while wearing 

an eye-tracking device. Participants were randomly assigned to either a personalized or non-

personalized AI-avatar group. Participants were invited to a brief, 15-minute study. Before the 

experiment they were asked to sign a consent form. After that they were introduced to the Pupil 

Labs Core eye-tracking equipment. 

During the experiment, participants interacted with the AI-avatar, named Mula, and 

responded verbally to her questions while being monitored via a Teams call. Responses were 

recorded on a 7-point scale and documented in Qualtrics. When the experiment concluded the 

participants could take a flyer if they wanted to learn more about the AI-avatar.  A detailed 

experiment procedure can be found in Appendix 7.3. 

3.2 Sample 

The experiment was conducted at the management faculty of Radboud University. 

Convenience sampling was used due to the easy access to students from Radboud University 

(Kempf-Leonard, 2005). A total of 191 students participated in the experiment, but due to faulty 

equipment, only 117 participants provided valid data. Despite this, the sample size was still 

sufficiently large to meet the requirements of the central limit theorem (Anderson, 2010). Of 

the valid respondents, 57% were male, 54% studied at the management faculty, and the mean 

age was 22.7 years. 

3.3 Measurement 

This study utilized eye-tracking data to gain valuable insights into perception and 

underlying cognitive processes (Ashby et al., 2016; Meißner & Oll, 2017). Eye tracking 

enriches emotion analysis, because it enables to clearly identify which exact visual stimulus 

triggered a certain emotion or mood reaction (Hahn et al., 2020). This approach mirrors 

methodologies employed in customer experience (CX) research, where eye-tracking is 

instrumental in understanding customer interactions with products and marketing efforts 

(Schneider et al., 2023). The eye-tracking is measured with the wearable eye-tracking device 

Core by Pupil Labs (Pupil Core - Open Source Eye Tracking Platform, n.d.).  
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3.3.1 Measurement of Cognitive Load 

Cognitive load was measured using eye-tracking data, specifically pupil diameter 

(Skaramagkas et al., 2023; Haddioui, 2019). This method was chosen due to the call in 

academic literature for more empirically measured data on CX, considering its multifaceted 

nature (Bueno et al., 2019; Lemon & Verhoef, 2016). Mean pupil diameter has been shown to 

correlate positively with cognitive workload in various tasks (Skaramagkas et al., 2023). 

Additionally, during mentally demanding tasks, pupil size appears to increase proportionally to 

the effort required (Skaramagkas et al., 2023). 

3.3.2 Measurement of Students’ Financial Concerns 
 Students' financial concerns were measured using the Financial Stress Scale for 

Undergraduate Students developed by Northern et al. (2010). This scale, designed to measure 

financial stress among college students, has demonstrated good reliability and validity. To 

ensure consistency with other questions, the original scale was adapted to a 7-point Likert scale 

(Appendix 7.7). Given that the questionnaire was presented by the AI avatar, some items from 

the original scale were removed to fit within the time constraints of the experiment. While this 

modification may slightly reduce the scale's reliability, it was necessary for the feasibility of 

the experimental design. Despite these changes, the scale remains suitable for assessing 

financial stress in this study. 

3.3.3 Measurement of Learning Motivation 
Learning motivation was measured using the Motivated Strategies for Learning 

Questionnaire (MSLQ) developed by Pintrich et al. (1993). The MSLQ includes two main 

sections: a motivation section and a learning strategies section, comprising 15 scales and a total 

of 81 items. Due to time constraints, only the task value subscale was utilized, adjusted to a 7-

point Likert scale for consistency (Appendix 7.8). The task value subscale was chosen because 

it effectively measures the intrinsic value students place on learning tasks, crucial for 

understanding their motivation. This subscale has demonstrated strong reliability and validity 

across various educational contexts (Credé & Phillips, 2011), making it a robust tool for this 

study. 

3.4 Control Variables 
Several control variables were included to account for factors that may influence 

cognitive load and learning motivation. The first control variable is age, as older individuals 

are expected to experience higher cognitive load (Ennis et al., 2013) and show higher levels of 

intrinsic learning motivation (Leen & Lang, 2013). The second control variable is gender, 

with research indicating that females show more positive reactions to personalized learning 
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systems (Chen et al., 2013) and are expected to show higher learning motivation. Conversely, 

males exhibited lower cognitive load compared to females when learning with AI robots 

(Chen et al., 2021). The third control variable is English proficiency, as higher proficiency is 

expected to lower cognitive load (Chang et al., 2011) and enhance learning motivation (Hom 

& Murphy, 1983). These variables were assessed using self-reported data from the survey. 

3.5 Data Gathering  
Data on mean pupil diameter was collected using the wearable eye-tracking device 

Core by Pupil Labs, which is an open-source eye-tracking platform known for its precision 

and versatility (Pupil Core - Open Source Eye Tracking Platform, n.d.). The Pupil Core’s 

software can report pupil diameter in millimeters. This is made possible through the 

implementation of the pye3d model, which significantly improves accuracy over traditional 

pixel-based measurements. Unlike pixel measurements, the pye3d model accounts for 

variable eye-camera distances and compensates for perspective distortion, thereby offering a 

more accurate representation of the true pupil size (Core - Best Practices - Pupil Labs Docs, 

n.d.).  

In addition to the eye-tracking data, other data will be gathered through questionnaires 

asked by the AI-avatar at the end of the lesson (Appendix 7.5). The integration of eye-

tracking data with questionnaire responses will enable a comprehensive analysis of the subject 

matter. 

3.6 Data Analysis and Procedure 
This study employed IBM SPSS Statistics (Version 29) to check whether the 

personalization manipulation by means of a confirmatory factor analysis and an independent 

sample t-test. For model assessment, this study utilized SmartPLS 4.1.0.3 software (Ringle et 

al., 2024). Quantitative data is analyzed through the partial least square structural equation 

modeling (PLS-SEM). PLS-SEM is essential for use in business and social science research to 

effectively manage smaller sample sizes and non-normal data (Hair et al., 2019). PLS-SEM 

involves a two-phase analysis process: measurement model specification and structural model 

assessment (Chua, 2022). The measurement model specification ensures that only constructs 

with good indicator loading, convergent validity, composite reliability (CR), and discriminant 

validity are used for further analysis. The structural model assessment evaluates path 

coefficients and tests their significance. Additionally, PLS-SEM is widely applied in 

empirical studies within the management literature (Sahibzada et al., 2020).  
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3.7 Research Ethics 

The research ethics for this study adhere to the Netherlands Code of Conduct for 

Research Integrity (2018), supported by the KNAW, NWO, Netherlands Association of 

Universities of Applied Sciences, NFU, TO2 Federation, and the VSNU. Participants were 

required to sign a consent form before the experiment, granting researchers permission to use 

their data. To ensure anonymity, participants were assigned a participant ID, and names were 

not used before, during, or after the experiment. The consent form, which includes participants' 

names, is not traceable to any participant ID. 

The collected data remains confidential and is shared only with researchers involved in the 

experiment. Data is handled strictly for answering the research question, with no secondary 

purposes. Participants were informed that they could withdraw from the experiment at any time. 

At the end of the experiment, participants could provide their email addresses if they wished to 

receive the research results. This email address is not linked to a participant ID in any way, 

ensuring complete anonymity. 
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4. Results  
In this chapter the results of the study are presented. It includes a pre-test analysis done with 

IBM SPSS Statistics (Version 29) to verify the reliability of the personalization scale, followed 

by an examination of the manipulation check during the main experiment. The measurement 

model is evaluated using SmartPLS 4.1.0.3 software (Ringle et al., 2024), discussing factor 

loadings, construct reliability, and validity. Finally, the structural model is analyzed, exploring 

collinearity, effect sizes, and path coefficients, and additional analyses are done to uncover 

further insights. 

4.1 Manipulation Check Pre-test 
To assess the effectiveness of the personalization manipulation, a pre-test was 

conducted. Confirmatory factor analysis (CFA) in SPSS evaluated the reliability of the items 

(Appendix 7.10). The Kaiser-Meyer-Olkin (KMO) measure was .475, below the recommended 

threshold of >.50 (Field, 2017), and Bartlett's Test of Sphericity was not significant (χ² = 5.544, 

p = .136), indicating insufficient item correlations for factor analysis. Initial communalities 

were all below .50 (Field, 2017). 

Despite these unsatisfactory results, the experiment proceeded due to the small pre-test 

sample size (N=20). Normally, items with high loadings would be tested for reliability using 

Cronbach’s alpha, but low communalities and KMO values suggested this might not be 

meaningful (Field, 2017). 

In conclusion, the initial factor analysis indicated inadequacies. However, due to the 

limited pre-test sample and prior validation of the scale in another study (Wong & Guan, 2018), 

we proceeded with caution. 

4.2 Manipulation Check Experiment 
The personalization manipulation's effectiveness in the main experiment was verified 

through CFA (Appendix 7.11). Both KMO (.664) and Bartlett’s test (<.001) met the criteria 

(Field, 2017). Communalities and factor loadings were satisfactory, being above the threshold 

of >.20 and >.50 (Field, 2017), confirming the decision to proceed despite the unsatisfactory 

pre-test results. The personalization scale's Cronbach’s alpha was .688, slightly below the .70 

threshold (Field, 2017), but still acceptable (Tavakol & Dennick, 2011). 

An independent sample t-test in SPSS (Appendix 7.11) showed a significant difference 

between personalized (M = 5.22, SD = 0.84) and non-personalized (M = 3.34, SD = 1.01) 

groups (p < .001). This significant mean difference (1.87) indicated successful personalization 

manipulation. 
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4.3 Evaluation Measurement Model 
The measurement model's reliability and validity were evaluated using SmartPLS 

(Ringle et al., 2024). This included CFA and assessments of factor loadings, construct 

reliability, convergent validity, and discriminant validity, following guidelines from Hair et al. 

(2019). 

First, factor loadings for each indicator were assessed (Appendix 7.12). One item 

(FINCONC_1_R) had an extremely low loading (.100) and was therefore deleted. The 

remaining factors were above the .50 threshold (Hair et al., 2019),  

The reliability and validity results for the remaining items are presented in Appendix 

7.12. The Cronbach’s alpha for learning motivation was .753, above the .70 threshold, while 

for financial concerns it was slightly below at .689, but still acceptable (Tavakol & Dennick, 

2011). The Average Variance Extracted (AVE) was above .50 (.62 & .557), confirming 

convergent validity (Hair et al., 2019). Discriminant validity was verified as all scores on the 

Heterotrait-Monotrait ratio were below .85 (Hair et al., 2019). 

4.3.1. Model Fit 
 To evaluate the overall fit of the model within PLS-SEM the Standardized Root Mean 

Square Residual (SRMR) could be used (Henseler et al., 2014). The SRMR of the saturated 

model was 0.146 (Appendix 7.12), above the 0.10 threshold, indicating a less than ideal fit. 

However, it's important to note that model fit assessment in PLS models is not well-established 

and some researchers question its usefulness (Dash & Paul, 2021). Thus, while the SRMR 

suggests a need for careful interpretation, it does not undermine the predictive validity of the 

model. 

4.4 Evaluation Structural Model 
4.4.1 Collinearity and Coefficient Determination 

Collinearity among predictor constructs was assessed using Variance Inflation Factor 

(VIF) values, which were all below the threshold of 3.0 (Appendix 7.14), indicating no 

collinearity issues (Hair et al., 2019). The model's predictive power was measured using the 

adjusted R² value. According to Hair and Alamer (2022), R² values indicate weak (0 to .10), 

modest (.10 to .30), moderate (.30 to .50), and strong (> .50) explanatory power. The constructs 

had the following adjusted R² values: Average Pupil Dilation (-.019, weak) and Learning 

Motivation (.108, modest).  

4.4.2 Effect Sizes  
Effect sizes, measured by Cohen's f², represent the change in R² when a specified 

exogenous construct is omitted from the model (Hair et al., 2019). Effect sizes of 0.02, 0.15, 

and 0.35 indicate weak, moderate, and strong effects, respectively. The effect sizes ranged from 
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0.000 to 0.143 (Appendix 7.14). The smallest effect sizes were from Age to Average Pupil 

Dilation and the mediation effect of financial concerns on the relationship between Average 

Pupil Dilation and Learning Motivation (f² = 0.000), indicating no effect. The largest effect size 

was from Personalized to Learning Motivation (f² = 0.153), indicating a moderate effect. 

4.4.3 Path Coefficients 
 Path coefficients represent the relationship between the constructs in the model (Hair et 

al., 2019). In SmartPLS, these path coefficients are standardized for easier comparison (Hair et 

al., 2014). A higher path coefficient (ßeta coefficient) indicates a stronger relationship, provided 

it is statistically significant. 

The results are presented in Appendix 7.14. that personalized AI-avatars have a 

significant positive effect on learning motivation (ß = 0.767; p < 0.001), supporting hypothesis 

H1. Conversely, the effect on cognitive load was not significant (ß = -0.065; p = 0.750), 

rejecting hypothesis H2. Cognitive load had an insignificant negative effect on learning 

motivation (ß = -0.164; p = 0.436), rejecting hypothesis H3. The interaction between financial 

concerns and personalized AI-avatars on cognitive load (ß = -0.173; p = 0.429) and between 

financial concerns and cognitive load on learning motivation (ß = -0.019; p = 0.578) were both 

insignificant, rejecting hypotheses H4a and H4b. The results are summarized in table 1.1 and 

figure 2. 

Table 1.1. Overview of hypothesis testing    
        

Hypothesis Path 
coefficient P-score Result 

H1: Personalized AI-avatars have a positive effect on the learning 
motivation of students.   ,766 <,001 Accepted 

H2: Personalized AI-avatars have a negative effect on cognitive load.  -,065 ,75 Rejected 

H3: Cognitive load has a negative effect on learning motivation of 
students. ,090 ,328 Rejected 

H4a: Students’ financial concerns moderates the effect of personalized 
AI-avatars on cognitive load. -,170 ,430 Rejected 

H4b: Students’ financial concerns moderates the effect of cognitive load 
on learning motivation.  -,010 ,920 Rejected 
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Figure 2: Structural Model Results 

4.4.4 Control Variables 
The study included several control variables to account for potential confounding factors 

(Appendix 7.14). Age showed no significant effect on average pupil dilation (ß = 0.017; p = 

0.862) or learning motivation (ß = -0.085; p = 0.408). Gender showed no significant effect on 

average pupil dilation (ß = -0.107; p = 0.579) and a marginally significant effect on learning 

motivation (ß = -0.385; p = 0.052), suggesting males show better learning motivation than 

females. English proficiency also showed no significant effect on average pupil dilation (ß = -

0.222; p = 0.285) or learning motivation (ß = -0.167; p = 0.433). In conclusion, the inclusion of 

these control variables ensures a more robust analysis by accounting for potential confounding 

factors, though they did not significantly affect the primary outcomes in this study. 

4.5 Additional Analysis 
In this additional analysis, cognitive load was measured by fixations per second, instead 

of mean pupil diameter (Appendix 7.15). There is ample evidence that number of fixations is 

another valid way to measure cognitive load (Skaramagkas et al., 2023). Personalization did 

not significantly affect fixations per second (ß = -0.074, p = 0.707) However, fixations per 

second had a significant negative effect on learning motivation (ß = -0.216, p = 0.013), 

indicating that higher fixation rates are associated with lower learning motivation. Financial 

concerns showed no significant effect on fixations per second (ß = 0.221, p = 0.276). None of 

the control variables significantly affected fixations per second (Appendix 7.15).  
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This additional analysis is valuable as it confirms the hypothesized negative impact on 

learning motivation, by using another valid measure of cognitive load. This strengthens the 

conclusions and provides a more accurate understanding of the perceived cognitive load by 

students during the experiment. The updated results are summarized in table 1.2 and figure 3. 

 
Table 1.2. Overview of hypothesis testing (with updated measurement 
for cognitive load)    
        

Hypothesis Path 
coefficient P-score Result 

H1: Personalized AI-avatars have a positive effect on the learning 
motivation of students.   ,704 <,001 Accepted 

H2: Personalized AI-avatars have a negative effect on cognitive load.  -,074 ,707 Rejected 

H3: Cognitive load has a negative effect on learning motivation of 
students. -,216 ,013 Accepted 

H4a: Students’ financial concerns moderates the effect of personalized 
AI-avatars on cognitive load. -,069 ,714 Rejected 

H4b: Students’ financial concerns moderates the effect of cognitive load 
on learning motivation.  -,030 ,748 Rejected 

 

 
Figure 3: Structural Model Results (with updated measurement for cognitive load) 
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5. Discussion 
In the reported Wizard of Oz study, participants interacted with an AI-avatar that was either 

personalized or non-personalized. This study aimed to gain greater understanding of the role of 

personalization in financial literacy education, which is important due to the rising student debt. 

The main research question of this study was: "How does the use of personalized AI-avatars in 

financial literacy education influence students' cognitive load and learning motivation, 

considering their financial concerns?" 

The evidence presented in Table 1.1 & 1.2, figures 2 & 3, and Appendix 7.14 & 7.15 

highlights several key findings. First, the results support the positive effect of personalized AI-

avatars on learning motivation. When an AI-avatar caters to the unique needs, interests, and 

abilities of individual learners, it improves their learning motivation. This is in line with existing 

literature that suggests personalization can significantly enhance educational outcomes (Alamri 

et al., 2020; Tetzlaff et al., 2020). In this experiment, students in the personalized condition had 

more autonomy, choosing financial literacy topics that interested them. Autonomy, one of three 

psychological needs that personalized learning can fulfil, was addressed here (Alamri et al., 

2020). Future research should explore the other two psychological needs—relatedness and 

competence—to fully understand how personalized AI-avatars can enhance learning motivation. 

Second, personalized AI-avatars did not lower cognitive load, contrasting with earlier 

research on personalized learning (Lange, 2021). This discrepancy may be due to the short 

duration of personalization (two minutes) within the overall ten-minute experiment, as 

cognitive load was measured throughout. Additionally, pre-test results indicated that 

participants did not perceive a significant difference between the personalized and non-

personalized conditions, which could explain the non-significant effect on cognitive load. 

Another possible explanation is that the financial concepts, even though the content was 

personalized, was still perceived as very complex, which results in a higher cognitive load in 

order to process the information.  

Third, depending on how cognitive load is measured, it may have a significantly negative 

effect on learning motivation, confirming earlier findings by Feldon et al. (2019) and 

Khawaldeh and Al-Zboun (2020). This study found that higher cognitive load, measured using 

fixations per second, significantly reduced learning motivation. This supports cognitive load 

theory, which states that excessive cognitive demands can overwhelm learners, which 

negatively impacts their motivation to learn. The results highlight the importance of 

personalized learning content in managing cognitive load to enhance learning outcomes. 
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However, it is important to note that the eye-tracking measurements used in this 

experimental design may be flawed, as previously mentioned. The eye tracker frequently 

crashed, and often only one eye was properly measured, which could compromise the accuracy 

and reliability of the cognitive load data (Holmqvist et al., 2012). These limitations show that 

further research is needed which uses more robust and reliable eye-tracking methods to validate 

these findings. 

Lastly, students' financial concerns reported in this study, did not seem to impact perceived 

cognitive load or learning motivation. This finding opposes previous studies which suggested 

financial stress negatively affects cognitive performance and academic outcomes (Almeida et 

al., 2024; Baker & Montalto, 2019; Xue et al., 2020). One possible reason for this difference 

could be the short duration of the experiment, which might not capture the long-term effects of 

financial stress on learning outcomes. This implies that short, controlled experiments might not 

fully reflect the real-world complexities of how financial concerns influence students. 

Additionally, as the degree of financial concerns was self-reported, it may have been susceptible 

to self-report bias (Bauhoff, 2011). 

5.1 Theoretical implications 
 Existing research in educational technology and personalized user experiences (Rafieian 

& Yoganarasimhan, 2018; Vallis et al., 2023) highlights the need to understand the possible 

role of AI-avatars in enhancing personalized educational experiences. This study answers this 

call by assessing the effects of personalized AI-avatars on learning motivation and empirically 

assessing the effects of AI-avatars on cognitive load with eye-tracking software. The results 

have important implications for (student) customer experience and cognitive load theory 

research.  

 In particular, this study highlights the effects of personalization on learning motivation. 

The findings show that personalized AI avatars improve the drive of students to gather financial 

literacy skills and knowledge by addressing the unique interests, needs and abilities of 

individual students. This effect is especially strong for male students, indicating a different 

gender-specific response compared to other personalized educational methods (Chen et al., 

2013). This might be due to the fact that men are twice as likely to use generative AI (Koetsier, 

2024), and women are generally more concerned about AI developments (Blazina, 2024), 

however, more research has to be done to make such definitive statements. These insights build 

on the research of Vallis et al. (2023) and contribute to the broader discussion on the role of AI 

in education by emphasizing the largely unexplored potential of AI avatars in improving 

personalized learning experiences.  
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 Contrary to previous research suggesting that personalized learning reduces cognitive 

load (Lange, 2021), this study found that personalized AI-avatars do not significantly lower 

cognitive load. This finding asks for further investigation into the specific conditions under 

which personalization might affect cognitive load in educational settings. Additionally, the 

study confirmed that cognitive load, if measured by fixations per second, significantly lowers 

learning motivation. This is in line with the cognitive load theory and prior findings by Feldon 

et al. (2019) and Khawaldeh and Al-Zboun (2020), reinforcing the importance of managing 

cognitive load to improve learning motivation of students. 

 Moreover, the study contributes to the understanding of the role of financial concerns 

in educational contexts. Despite previous research indicating that financial concerns can impact 

cognitive performance (Almeida et al., 2024), academic performance (Baker & Montalto, 2019) 

and financial literacy behavior (Xue et al., 2020), this study found no significant impact of 

students' financial concerns on neither perceived cognitive load nor learning motivation. This 

suggests the need for further research to explore potential variables or contextual factors that 

might influence these relationships. 

5.2 Practical implications 

This study's findings offer several practical insights for designing and implementing AI-

assisted learning tools, especially personalized AI-avatars, in educational settings. First, the 

positive impact of personalized AI-avatars on learning motivation indicates that schools and 

tech developers should focus on personalization in AI tools. By addressing the unique needs, 

interests, and abilities of individual learners, AI-avatars can greatly boost student engagement. 

This is further boosted by offering a more interactive and engaging learning experience which 

can make learning more effective and enjoyable, thereby enhancing the student customer 

experience in higher education. 

Second, the study opposes the idea that personalization reduces cognitive load. Even 

though personalized AI-avatars increased learning motivation, they did not lower cognitive load. 

Developers should look for additional ways to manage cognitive load. Personalized AI-avatars 

can still play a key role, but their design needs to better address cognitive load. 

Third, the study found that financial concerns do not significantly affect cognitive load 

or learning motivation, contradicting some previous research. This suggests that while financial 

concerns are real for students, they might not directly impact their cognitive load when learning. 

Educators and policymakers should address other factors that hinder students with financial 

concerns and provide the right tools to support them. 
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Furthermore, using generative AI solutions for financial literacy education shows how 

AI can effectively tackle real-world problems. Governments and educational institutions can 

use these insights to design better public education programs that improve financial literacy. 

This research supports previous studies which showcase the social benefits of generative AI 

(Pataranutaporn et al., 2021; Tomašev et al., 2020), highlighting AI's potential to positively 

impact societal issues. Increasing students’ motivation to learn about financial literacy can lead 

to a more financially responsible and stable population, reducing financial problems. 

Lastly, the study underscores the importance of addressing ethical considerations and 

data privacy in AI education. Tech developers and policymakers should consider these ethical 

issues when creating personalized AI solutions to ensure responsible and fair implementation. 

5.3 Future Research Agenda 
 Building on the findings of this study, future research can explore several areas to better 

understand and optimize the use of AI-avatars in education. Personalized learning can improve 

learning motivation by responding to three basic psychological needs: autonomy, competence, 

and relatedness (Alamri et al., 2020). The experimental set-up of this study mainly played into 

increasing the autonomy of students. Future studies could design personalized AI-avatars that 

increase the sense of competence by offering students challenging tasks tailored to their level. 

Additionally, an AI-avatar that gives meaningful feedback to students on their work also 

contributes to the feeling of competence and relatedness.  

Second, future research should delve deeper into gender-specific responses to AI-driven 

personalization. Investigating the reasons behind these differences could help develop more 

inclusive and effective AI-avatars who are more accessible to everyone. Third, future studies 

should explore the conditions under which AI-avatars can effectively reduce cognitive load. 

This could involve experimenting with different levels of personalization or various designs of 

AI-avatars to identify the most effective strategies for minimizing cognitive load and 

maximizing learning motivation. 

Additionally, it is essential to conduct further research with larger sample sizes to 

validate the findings done in this study. Future research could also investigate the potential 

effects of other factors on the relationship between personalization and learning outcomes. The 

low predictive power of the model used in this study indicates that other unexamined factors 

may play a significant role in influencing learning motivation and cognitive load. Future 

research should seek to identify and incorporate these additional variables to improve the 

model's accuracy and predictive capability. 
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Furthermore, future research should explore the application of AI-avatars in different 

educational contexts such as job trainings or language learning. Understanding how AI-avatars 

can be tailored to specific learning environments will provide a broader perspective on its 

effectiveness. Lastly, as AI technologies continue to evolve, examining the ethical implications 

and data privacy concerns associated with AI-avatars in education is crucial. Future research 

should address these challenges and propose frameworks for the responsible use of AI in 

education. 

5.4 Limitations 
 Despite the valuable insights gained from this study, several limitations should be 

acknowledged. First, the study's sample was limited to students from Radboud University, 

primarily from the management faculty, which may restrict the generalizability of the findings. 

Future research should consider larger and more diverse samples to validate and extend the 

results. Second, the sample size was relatively small, partly due to issues with the eye-tracking 

equipment. The eye tracker frequently crashed, and often only one eye was properly measured. 

Although eye-tracking data can be reliable with just one eye, the accuracy and precision are 

slightly reduced compared to binocular tracking (Holmqvist et al., 2012). Additionally, we 

encountered instances where the eye tracker did not accurately track eye movements, even 

though it was calibrated regularly, which compromises the reliability and validity of the eye-

tracking data. 

 Second, the study relied on a Wizard of Oz experimental design where participants 

believed they were interacting with an AI-avatar. While the experimental design was 

convincing, it might not fully replicate real-world interactions with autonomous AI systems. 

This could influence participants' responses and limit the validity of the findings. Furthermore, 

the measurement of learning motivation and financial concerns were based on self-reported 

data, which is susceptible to self-report bias (Bauhoff, 2011).  

 Additionally, the study did not explore the long-term effects of interacting with 

personalized AI-avatars. While the immediate impacts on learning motivation and cognitive 

load were assessed, future research should investigate the sustained effects over a longer period 

to determine whether personalized AI-avatars really can be the solution to the lack of long-term 

effectiveness of financial literacy education. Moreover, the study's focus on financial literacy 

education, while important, limits the scope of the findings. Future research could broaden this 

scope by applying personalized AI-avatars to different educational contexts or subjects.  

 Finally, while this study considered the influence of financial concerns on learning 

outcomes, it did not account for other potential moderating variables, such as prior knowledge 
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or individual differences in technology and AI acceptance. Future research should explore 

these factors to provide a more comprehensive understanding of the conditions under which 

personalized AI-avatars are most effective. By addressing these limitations, future studies can 

build on the findings of this study to develop greater insights into the effective usage of AI-

avatars in education.  
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7. Appendices 
7.1. Prompt for manipulation personalized group 
 
** The authors give permission to use their prompts for personal use, as long as they are 
properly credited. 
 
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. 
 
From: Mollick, E., & Mollick, L. (2023). Assigning AI: Seven Approaches for Students, with 

Prompts. Social Science Research Network. https://doi.org/10.2139/ssrn.4475995 

7.2. Prompt for manipulation 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 
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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. 
 
7.3 Detailed Experiment Procedure 

This experiment utilizes the Wizard of Oz experimental method. Initially, participants 
are invited to participate in a brief, 15-minute study. They will interact with a futuristic AI-
avatar while wearing an eye-tracking device. Participants are informed that the aim of this 
research is to enhance AI-human interactions, with potential applications in fields such as 
education and customer service. The participants are randomly assigned to either the 
personalized or non-personalized group. Additionally, to avoid influencing the results, 
participants will not receive any information beforehand that could lead to biased responses or 
contaminate the data. 

Upon arrival, participants are asked to sign a consent form (Appendix 7.4) which grants 
researchers permission to use the collected data. Participants are then assigned to one of two 
conditions via a random number generator, which selects a number between 1 and 200. Those 
who draw numbers between 1 and 100 will receive personalized content, while those drawing 
numbers between 101 and 200 will receive non-personalized content.  

Next, participants instructed to enter the room where the experiment takes place. They 
are instructed to silence their phones. 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. 

Participants are then introduced to the eye-tracking equipment, specifically the Pupil 
Labs Core. They are guided to put on the eye tracker themselves to ensure comfort and minimal 
interference during the experiment. The eye tracker is calibrated using a laptop, with 
instructions for the participant to move only their eyes during calibration, keep head movements 
minimal, and keep their eyes as wide open as possible. The calibration process is verified for 
accuracy.  

Participants are instructed to keep their eyes on the screen, not to touch the equipment, 
remain seated, and refrain from moving. This process is monitored through a Teams call with 
the ‘wizard’. The wizard, who controls the laptop in the experiment room, ensures the correct 
screen is displayed. Upon receiving the signal that the participant is ready and the eye tracker 
is activated, the host exits the room, and the wizard begins the experiment. The appropriate 
video personalized (1-100) or non-personalized (101-200)—is played. 

The AI-avatar introduces herself and starts with her script. We gave the AI-avatar the 
name Mula. If the participant is expected to respond to the AI-avatar, a "currently listening" 
screen is displayed (see Appendix 7.6). If during the interaction the participant’s response is 
unclear, the AI will prompt with, "Sorry, I couldn't hear you, could you please repeat yourself?" 

After the script has concluded, the AI-avatar will ask the participant to answer a series 
of questions on a 7-point scale, where (1) is strongly disagree and (7) is strongly agree. The 
participants are instructed to only say the corresponding number out loud. The co-wizard 
records the responses in a Qualtrics document. 

Upon completion of the experiment, the debriefer re-enters the room, asks the 
participant about their experience, and addresses any comments or questions. If there are no 
further inquiries, the debriefer thanks the participant for their participation, renames the data 
file to correspond with the participant's assigned number, and ensures the data is correctly 
attributed. 
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Experiment set-up  
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7.4 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.    
   
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 xxx (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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7.5 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)   
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 
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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. 
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 
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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.   
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 
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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).   
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)   
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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.   
   

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)   
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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.  
 
7.6 Mula 
 

  
Mula 
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Mula listening 

  
Mula talking 
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7.7 Measurement Scale for Financial Concerns 
 
Construct Original Item Adapted Item Source 

Financial Concerns Not having any 

emergency money 

(savings accounts, 

investments, etc.) 

I have emergency 

money in a savings 

account. 

(Northern et al., 

2010) 

 living paycheck to 

paycheck 

I am living paycheck to 

paycheck. 

(Northern et al., 

2010) 

 Barely making enough 

money to cover 

expenses 

I am barely making 

enough money to cover 

expenses. 

(Northern et al., 

2010) 

 Having to borrow 

money from 

family/friends/financial 

institutiona 

I have to borrow 

money from 

family/friends/financial 

institutions. 

(Northern et al., 

2010) 

 
7.8 Measurement Scale for Learning Motivation 
Construct Original Item Adapted Item Source 

Learning Motivation I think I will be able 

to use what I learn in 

this course in other 

courses. 

I believe the financial 

literacy skills learned 

in this lesson will be 

valuable in other areas 

of my life. 

(Pintrich et al., 1993) 
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 It is important for me 

to learn the course 

material in this class. 

Learning the financial 

information provided 

in this lesson is 

important to me. 

(Pintrich et al., 1993) 

 I am very interested in 

the content area of 

this course. 

I am very interested in 

the financial concepts 

presented in this 

lesson. 

(Pintrich et al., 1993) 

 I like the subject 

matter of this course 

I do not enjoy 

learning about the 

financial concepts 

presented in this 

lesson. (reversed) 

(Pintrich et al., 1993) 

 Understanding the 

subject matter of this 

course is very 

important to me. 

Understanding 

financial literacy is 

very important to me. 

(Pintrich et al., 1993) 
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7.9 Results Financial Literacy Topics Survey  
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7.10 Results Manipulation Check Pre-test 
 

KMO and Bartlett's Test 
Kaiser-Meyer-Olkin Measure of Sampling 
Adequacy. 

.475 

Bartlett's Test of 
Sphericity 

Approx. Chi-Square 5.544 
df 3 
Sig. .136 

 
 

Communalities 
 Initial 
For this question, please 
focus on the finanical 
information and ignore 
the experience with AI. 
T... - Q2#1 - The AI-
avatar addressed 
financial topics that 
interested me. 

.129 

For this question, please 
focus on the finanical 
information and ignore 
the experience with AI. 
T... - Q2#1 - The financial 
topics the AI-avatar 
presented were NOT 
relevant to my learning 
interests. 

.179 

For this question, please 
focus on the finanical 
information and ignore 
the experience with AI. 
T... - Q2#1 - The AI-
avatar presented 
financial learning topics 
based on my inputs. 

.275 

Extraction Method: Principal Axis 
Factoring. 

 
7.11 Results Manipulation Experiment 
Confirmatory Factor Analysis 
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KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling 
Adequacy. 

.664 

Bartlett's Test of 
Sphericity 

Approx. Chi-Square 65.067 
df 3 
Sig. <.001 

 
 

Communalities 
 Initial Extraction 
MANI_LM_
1 

.239 .346 

MANI_2_R .336 .596 
MANI_3 .287 .430 
Extraction Method: Principal Axis 
Factoring. 

 
 

Total Variance Explained 

Factor 

Initial Eigenvalues Extraction Sums of Squared Loadings 

Total 
% of 

Variance 
Cumulative 

% Total 
% of 

Variance 
Cumulative 

% 
1 1.900 63.320 63.320 1.372 45.748 45.748 
2 .621 20.695 84.015    
3 .480 15.985 100.000    
Extraction Method: Principal Axis Factoring. 

 
 

Factor Matrixa 

 
Factor 

1 
MANI_LM_
1 

.588 

MANI_2_R .772 
MANI_3 .656 
Extraction Method: 
Principal Axis 
Factoring. 
a. 1 factors extracted. 
14 iterations required. 
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Reliability Statistics 
Cronbach's 

Alpha N of Items 
.688 3 

 
 

Item Statistics 

 Mean 
Std. 

Deviation N 
MANI_LM_
1 

4.09 1.323 117 

MANI_2_R 4.40 1.503 117 
MANI_3 4.33 2.109 117 

 
 

Item-Total Statistics 

 
Scale Mean if 
Item Deleted 

Scale 
Variance if 

Item Deleted 

Corrected 
Item-Total 
Correlation 

Cronbach's 
Alpha if Item 

Deleted 
MANI_LM_
1 

8.74 9.921 .475 .648 

MANI_2_R 8.42 8.349 .578 .515 
MANI_3 8.49 5.821 .527 .622 

 
Independent sample t-test 
 

Group Statistics 
 Personalization_m

ani N Mean 
Std. 

Deviation 
Std. Error 

Mean 
Personalization_
avg 

Personalized 58 5.2184 .83666 .10986 
Non-personalized 59 3.3446 1.00757 .13117 
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7.12 Results measurement model 
 
 

 Outer loadings  
Avg_pup_dil <- Avg_pup_dilation  1.000  
FINCONC_1_R <- FINCONC_  0.110  
FINCONC_2 <- FINCONC_  0.867  
FINCONC_3 <- FINCONC_  0.856  
FINCONC_4 <- FINCONC_  0.585  
LM_2_R <- Learning Motivation  0.689  
LM_3 <- Learning Motivation  0.605  
LM_4 <- Learning Motivation  0.790  
LM_5 <- Learning Motivation  0.490  
MANI_LM_1 <- Learning Motivation  0.866  
Personalization_mani <- Personalization  1.000  

 
**FinConc1_R was removed, due to extremely low loading. Can methodologically be 
justified. Theoretically; apparently does emergency money not impact whether students 
perceive financial concerns or not.  
 

 Outer loadings  
Avg_pup_dil <- Avg_pup_dilation  1.000  
FINCONC_2 <- FINCONC_  0.868  
FINCONC_3 <- FINCONC_  0.881  
FINCONC_4 <- FINCONC_  0.568  
LM_2_R <- Learning Motivation  0.686  
LM_3 <- Learning Motivation  0.599  
LM_4 <- Learning Motivation  0.790  
LM_5 <- Learning Motivation  0.497  
MANI_LM_1 <- Learning Motivation  0.869  
Personalization_mani <- Personalization  1.000  

 

 Cronbach's 
alpha  

Composite 
reliability 

(rho_a)  

Composite 
reliability 

(rho_c)  

Average 
variance 

extracted (AVE)  
FINCONC_  0.689  0.752  0.826  0.620  
Learning 
Motivation  0.749  0.827  0.831  0.557  

 
 

 Heterotrait-monotrait ratio (HTMT)  
FINCONC_ <-> Avg_pup_dilation  0.134  
Learning Motivation <-> Avg_pup_dilation  0.093  
Learning Motivation <-> FINCONC_  0.151  
Personalization <-> Avg_pup_dilation  0.071  
Personalization <-> FINCONC_  0.056  
Personalization <-> Learning Motivation  0.309  
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Model Fit 
 

 Saturated model  Estimated model  
SRMR  0.081  0.146  
d_ULS  0.594  1.936  
d_G  0.193  1.093  
Chi-square  130.348  1935.938  
NFI  0.608  -4.828  

7.13 Structural model 
 

  
 
 
** A dummy variable gender was created where 0 was male and 1 was female. 
** A dummy variable EnglishSkillHigh was created, where 1 meant ‘participant ranked 
themselves with a 6 or 7 out of 7 on English proficiency’, and 0 meant ‘participant 
ranked themselves ≤5 on English proficiency’. 
 
7.14 Results structural model 
 
Collinearity and Coefficient Determination 

 VIF  
Age  1.000  
Avg_pup_dil  1.000  
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EnglishSkillHigh  1.000  
FINCONC_2  1.676  
FINCONC_3  1.624  
FINCONC_4  1.160  
Gender  1.000  
LM_1  1.604  
LM_2_R  1.315  
LM_3  1.591  
LM_4  2.125  
LM_5  1.380  
Personalization_Dummy_1  1.000  
FinancialConcerns x AveragePupilDilation  1.000  
FinancialConcerns x Personalization  1.000  

 
 R-square  R-square adjusted  
AveragePupilDilation  0.034  -0.019  
LearningMotivation  0.161  0.108  

 
Effect Sizes 
 

 f-square  
Age -> AveragePupilDilation  0.000  
Age -> LearningMotivation  0.008  
AveragePupilDilation -> LearningMotivation  0.009  
EnglishSkillHigh -> AveragePupilDilation  0.010  
EnglishSkillHigh -> LearningMotivation  0.007  
FinancialConcerns -> AveragePupilDilation  0.023  
FinancialConcerns -> LearningMotivation  0.006  
Gender -> AveragePupilDilation  0.003  
Gender -> LearningMotivation  0.040  
Personalization -> AveragePupilDilation  0.001  
Personalization -> LearningMotivation  0.153  
FinancialConcerns x AveragePupilDilation -> LearningMotivation  0.000  
FinancialConcerns x Personalization -> AveragePupilDilation  0.007  

 
Direct Results 

 
Original 

sample 
(O)  

Sample 
mean 

(M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

Age -> 
AveragePupilDilation  0.017  0.016  0.099  0.174  0.862  

Age -> 
LearningMotivation  -0.085  -0.085  0.103  0.827  0.408  

AveragePupilDilation -> 
LearningMotivation  0.090  0.088  0.092  0.978  0.328  

EnglishSkillHigh -> 
AveragePupilDilation  -0.222  -0.210  0.208  1.070  0.285  
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EnglishSkillHigh -> 
LearningMotivation  -0.167  -0.169  0.212  0.785  0.433  

FinancialConcerns -> 
AveragePupilDilation  0.230  0.231  0.172  1.340  0.180  

FinancialConcerns -> 
LearningMotivation  0.074  0.078  0.126  0.587  0.557  

Gender -> 
AveragePupilDilation  -0.107  -0.099  0.193  0.555  0.579  

Gender -> 
LearningMotivation  -0.385  -0.385  0.199  1.941  0.052  

Personalization -> 
AveragePupilDilation  -0.065  -0.066  0.203  0.321  0.748  

Personalization -> 
LearningMotivation  0.766  0.761  0.185  4.137  0.000  

FinancialConcerns x 
AveragePupilDilation -> 
LearningMotivation  

-0.010  -0.014  0.100  0.101  0.920  

FinancialConcerns x 
Personalization -> 
AveragePupilDilation  

-0.170  -0.163  0.215  0.790  0.430  

 
 
Mediation results 

 
Original 

sample 
(O)  

Sample 
mean 

(M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

Age -> 
Average_Pupil_Dilation -> 
Learning Motivation  

0.003  0.002  0.012  0.242  0.809  

Financial_Concerns -> 
Average_Pupil_Dilation -> 
Learning Motivation  

0.025  0.025  0.034  0.728  0.467  

Gender -> 
Average_Pupil_Dilation -> 
Learning Motivation  

-0.014  -0.013  0.029  0.490  0.624  

Personalized -> 
Average_Pupil_Dilation -> 
Learning Motivation  

-0.003  -0.001  0.026  0.121  0.903  

englishskill -> 
Average_Pupil_Dilation -> 
Learning Motivation  

-0.018  -0.017  0.022  0.831  0.406  

Financial_Concerns x 
Personalized -> 
Average_Pupil_Dilation -> 
Learning Motivation  

-0.019  -0.019  0.035  0.556  0.578  
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Moderation results (non-significant) 
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7.15 Results structural model additional analysis 

 
Original 

sample 
(O)  

Sample 
mean 

(M)  

Standard 
deviation 
(STDEV)  

T statistics 
(|O/STDEV|)  

P 
values  

Age -> Fix_per_sec  0.111  0.115  0.093  1.198  0.231  
Age -> 
LearningMotivation  -0.082  -0.085  0.110  0.742  0.458  

EnglishSkillHigh -> 
Fix_per_sec  0.116  0.127  0.207  0.559  0.576  

EnglishSkillHigh -> 
LearningMotivation  -0.133  -0.135  0.209  0.634  0.526  

FINCONC_ -> 
Fix_per_sec  0.221  0.197  0.203  1.090  0.276  

FINCONC_ -> 
LearningMotivation  0.059  0.058  0.131  0.451  0.652  

Fix_per_sec -> 
LearningMotivation  -0.216  -0.219  0.087  2.491  0.013  

Gender -> Fix_per_sec  -0.055  -0.062  0.186  0.296  0.767  
Gender -> 
LearningMotivation  -0.374  -0.364  0.199  1.880  0.060  

Personalization -> 
Fix_per_sec  -0.074  -0.082  0.198  0.376  0.707  

Personalization -> 
LearningMotivation  0.720  0.724  0.194  3.708  0.000  

FINCONC_ x 
Personalization -> 
Fix_per_sec  

-0.069  -0.040  0.189  0.366  0.714  

FINCONC_ x 
Personalization -> 
LearningMotivation  

0.015  0.009  0.045  0.334  0.738  

FINCONC_ x 
Fix_per_sec -> 
LearningMotivation  

-0.030  -0.030  0.093  0.321  0.748  
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